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Abstract

In numerous applications that deal with simi-
larity search, a user may not have an exact idea
of his information need and/or may not be able
to construct a query that exactly captures his
notion of similarity. A promising approach to
mitigate this problem is to enable the user to
submit a rough approximation of the desired
query and use the feedback on the relevance
of the retrieved objects to refine the query. In
this paper, we explore such a refinement strat-
egy for a general class of SQL similarity queries.
Our approach casts the refinement problem as
that of learning concepts using examples. This
is achieved by viewing the tuples on which a
user provides feedback as a labeled training set
for a learner. Under this setup, SQL query re-
finement consists of two learning tasks, namely
learning the structure of the SQL query and
learning the relative importance of the query
components. The paper develops appropriate
machine learning approaches suitable for the two
learning tasks. The primary contribution of the
paper is a general refinement framework that
decides when each learner is invoked in order
to quickly learn the user query. Experimental
analysis over many real life datasets and queries
shows that our strategy outperforms the exist-
ing approaches significantly in terms of retrieval
accuracy and query simplicity.
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1 Introduction

With the proliferation of the web and emergence of appli-
cations requiring flexible search over diverse data types,
effective support for personalized similarity search in
database systems has emerged as an important research
challenge. Similarity based retrieval systems are increas-
ingly used for exploratory data analysis and retrieval
where a user may not initially have a clear mental model
of his exact information need [27].

Although similarity retrieval can be supported using
extensibility features(UDFs and extended data types)
offered by current object-relational systems, many re-
search challenges remain. One such challenge, that
has received a significant research attention recently, is
that of efficient evaluation of similarity search. Many
query processing techniques to optimize progressive re-
trieval of top-k matching answers have been devised
(e.g., [7, 19, 9]).

The other significant challenge (which is the focus of
this paper) is that of mechanisms to formulate and re-
fine similarity queries. As mentioned above, in applica-
tions requiring similarity search (e.g., catalog searches,
exploratory data analysis), users may not be sure of their
specific information need at the beginning of the search.
Such a user may only be able to provide a rough approx-
imation of the desired query. Tools that overcome the
“initial query” problem by interpreting user’s informa-
tion need from his interactions with the data will greatly
benefit the search experience. Another motivation for
such tools is the subjective interpretation of the meaning
of similarity: different users may attach different levels
of importance to the various search criteria of the query.
For example, in a job seeker’s search query, “within 30
miles of Los Angeles” may be less important to a user
than “salary greater than to $65K”. In contrast, the cri-
teria of vicinity of Los Angeles might be very important
to another user. Ideally, the system should be able to
automatically tune the meaning of similarity based on
user interactions.

A promising approach to overcome the “initial query”
and “subjectivity” problems is that of automatic query
refinement via user feedback. In such an approach, a user



starts with an approximate initial query and communi-
cates his preferences to the system by providing feedback
(judgments on the relevance or quality of answers). The
system then modifies the query internally (e.g., changes
the levels of importance of the different search criterias,
and adds/removes search criteria) to better focus on the
distinguishing features of tuples deemed relevant. The
modified query is re-evaluated and the cycle of refine-
ment continues until the user is satisfied with the results.

Query refinement via feedback in the context of sim-
ilarity search has been explored extensively in the con-
text of text document retrieval in the information re-
trieval literature [24, 27, 4, 2]. More recently, its effec-
tiveness in feature-based image and multimedia similar-
ity retrieval [21, 26, 11] as well as similarity search over
metric spaces [28] has also been established. In work [20],
authors considered the problem of refining SQL queries
from user interactions in an object relational database.
The paper explored a limited set of SQL queries and
illustrated that even simple techniques (i.e., mostly ex-
tensions of refinement approaches studied in the IR lit-
erature) can significantly enhance the users’ search ex-
perience.

This paper considers the problem of refining a gen-
eral class of SQL queries. In contrast to the ad-hoc ap-
proaches in [20], we postulate the SQL refinement prob-
lem as that of concept learning from examples to which
many existing machine learning solutions can be applied.
A direct (naive) strategy to modify the query is to view
the records on which the user provides feedback as a
labeled training set and use a classifier (e.g., decision
tree [22]) to learn a new query representation that will
replace the original query. Such a strategy to “learn” a
query from feedback does not perform well in practice.
Reasons for this include that classifiers do not work well
when the training set is very small as is the case in our
setting when a user may provide feedback on only a few
records. Furthermore, the naive strategy largely ignores
the initial query provided by the user; it may get trapped
in a wrong hypothesis simply since the hypothesis fits
the few examples that the user provided input on. In
addition, it is very difficult to incorporate user defined
types and similarity functions into these models. Consis-
tency is also an important issue in the refinement task.
Many existing classifiers are sensitive to the inputs. The
models built from different iterations could differ sub-
stantially. This also makes these strategies less usable in
refinement context.

In our approach, we consider the query refinement
from feedback as consisting of two interrelated learn-
ing tasks — learning the query structure, and learning
the query weights that capture the relative importance
of different query components. The two learning tasks
have different motivations and serve different purposes.
For instance, structural changes to the query are very
useful when the initial user query is incomplete which
may happen if either a user is not familiar with the

database or finds it too laborious to postulate a proper
query and depends upon the system for query formula-
tion. In contrast, weight adjustment serves the purpose
of customizing/tuning the ranking of results to reflect
the subjective importance of the different query compo-
nents to the user. A key issue in refining a query is to
determine when to invoke the structure/weight learner.

We develop a formal basis for making such a decision

based on which an activation procedure is designed.

The major contributions of this paper are summarized
as follows:

(1) We provide a powerful framework for refining a gen-
eral class of SQL similarity queries that combines
a multi-modal refinement activation procedure with
machine learning techniques to adjust both query
predicate weights and query structures.

(2) We suggest and experimentally validate a novel query
structure refinement technique that is based on a de-
cision tree learner.

The remainder of the paper is organized as follows.
Section 2 describes the background concepts that form
the basis of our work. Section 3 discusses our approach
to query refinement. Section 4 presents our experiments.
Section 5 discusses related work. We conclude with Sec-
tion 6.

2 Background

This section introduces our interpretation of similarity
search conditions and corresponding refinement.

2.1 Similarity Search Conditions

We assume an analyst expresses his hypothesis as a sim-
ilarity search condition which takes the form of DNF
Boolean expressions over similarity predicates. That
is, we organize the query as a disjunction of conjunc-
tions of similarity predicates. Formally a query @ =
CiVCyV...VC(C, be a DNF expression where C; =
CiiNCsa ..., Cyy is a conjunction, and each Cj; is a pred-
icate. Note that restricting ourselves to DNF queries
does not limit the generality of our approach, since any
query condition can be mapped to its DNF representa-
tion The DNF formula helps us in structural learning in
the refinement framework as will become evident later.
Similarity search differs from traditional exact-match
search in that it generates domain-dependent scores that
indicate how closely a property of an object (tuple)
matches some target values (the similarity search con-
dition). A ranking function then aggregates the scores
from individual similarity predicates according to the
structure of the DNF search condition and a correspond-
ing set of weights to indicate the importance of each sim-
ilarity predicate. The resulting answers are presented to
the analyst in decreasing similarity score order.
Similarity Predicate: is defined over a domain of a
given data type. It is a function with two inputs: (1) an
input attribute value from a data tuple (¢), (2) a target



value which can be a point or a range. It returns a
similarity score in the range [0,1]. The function has the
form:

Similarity Predicate(input value,target value) — score

We complement the similarity condition (in DNF

form) with a template of weights that matches the struc-
ture of the condition and associates a weight to each
predicate in a conjunction and also to the conjunction
in the overall disjunction.
DNF Ranking Function is a domain-specific function.
It uses the weight template to aggregate the scores for
each tuple. It first uses predicate weights to assign ag-
gregate scores for each conjunction, and it then uses
conjunction weights to assign an overall score for the
query(disjunction). We aggregate the similarity scores
of each predicate of a conjunction with a weighted L;
metric (weighted summation). Using weighted L; met-
ric as a conjunction aggregation function has been widely
used in text IR query models, in which a query is typi-
cally expressed as a single conjunction [24, 27, 4, 2]. For
an overall score of the query(disjunction), we use M AX
on the weighted conjunction scores. M AX function is
one of the most popular aggregation functions on a dis-
junction [7] 1.

All predicate weights in a conjunction add up to 1.
All conjunction weights in a disjunction may not add up
to 1. A conjunction weight is in the range of [0, 1], and
represents the importance of the conjunction in terms of
retrieving relevant tuples. For example, the importance
can be measured as percentage of relevant tuples covered
by this conjunction.

We generically apply this template to aggregate scores
through a function we call RankVal.

Definition 2.1 (RankVal) For a given similarity
query S and a tuple ¢, a RankVal function takes a weight
template and individual similarity scores for each simi-
larity predicate in S as inputs, aggregates the similarity
scores and returns the overall score of ¢.

The aggregated tuple level scores ranked by RankVal
are used for ranking the tuples. The final score of a tuple
is in the range of [0, 1], a similarity query will return
a set of records with score > a (also called a cut or
threshold), and this set of tuples forms the return set of
a similarity query.

Table 1 shows an example data table which we will
use throughout the rest of the paper to illustrate our ap-
proach. It has four attributes pertaining to a contract
database job application: location, salary, duration (Em-
ployment), and Job description. In practice, many more
attributes may be presented. A typical task is to find
jobs that conform to a certain desirable hypothesis. The
hypothesis is expressed as a DNF search condition:

IMany other alternative ranking functions can beused instead.
For example, [19] explores numerous options including a proba-
bilistic and fuzzy interpretation of similarity.

ID [ Loc | Sal | Dur(yr) | Desc |
SN 65K | 1.5
LA 70K | 1

SD | 60K | 1.5
SF | 70K | 1.5

DB Developer
DBA

DB Designer
DB Developer

T W N =

Table 1: Example data table

Example 2.1 (Similarity search condition) An ex-
ample search condition on Table 1 is:?

(LocNear (Loc, “SN”) AND DurClose(Dur, 2))
OR (SalGreater (Sal, 65000) AND DurClose(Dur, 2))

This search condition can be directly implemented on top of
a RMDB that supports UDF. Here is an example of imple-
menting the above similarity search condition using a nested
SQL statement.

SELECT RankVal(

W1, Score.ls, wi1, Score.Dg1, w2,

Wa, Score.Ss, wa1, Score.Ds1, wa2) AS S,

Loc, Sal, Dur, Desc

FROM Job, (SELECT ID,
LocNear (Loc, “SN”) AS [,
DurClose(Dur, 2) AS Dy,
SalGreater (Sal, 65000) AS S;,
FROM Job) AS Score

WHERE Job.ID=Score.ID AND S > «

ORDER BY S DESC

A corresponding weight template may be:

(W1 (wn, w12), W1 (11)21, 11)22)) = (09(04, 0.6), 0.8(0.4, 06))
The RankVal function uses this template to aggregate simi-
larity scores as: M AX[0.9 x (0.4 %1s+0.6 x Ds1),0.8 x (0.4 x
Ss + 0.6 x Dg1)].

This search finds jobs located near SN or that pay
more than 65K and have a duration close to 2 years.
The search has three similarity predicates: LocNear,
SalGreater and DurClose with obvious semantics. For
example, SalGreater may return 1 if salary > 65K.

. |sal—65K]\"
For 30K < salary < 65K, it returns (1 — 7”401( )

where r is an integer. It returns 0 if salary < 30K. Such
functions are application specific and designed by do-
main experts. They can be implemented by database de-
velopers as user-defined functions. Please see Appendix
D for more details in writing similarity functions.

Here the user is more interested in a record that has
duration close to 2 years than one that is close to SN
or pays more than 65K as the weight assigned to the
DurClose predicate is higher. Although tuples with ID
1 and 4 receive same conjunction scores from the first and
second conjunction, the first tuple is ranked higher since
the conjunction weight for the first conjunction is higher.
Therefore, the tuple with ID 1 should be returned as the
top record.

2Note that this search is different from the one used in [20] as
it extends that approach by supporting disjunctive terms. Hence
this formalism is more powerful.



2.2 Similarity Condition Refinement

The exploratory nature of similarity search makes it diffi-
cult for an analyst to properly choose the predicates and
weights that yield the best results. We refine similarity
conditions using relevance feedback to adapt the predi-
cates, condition structure and corresponding weights to
the subjective needs of the analyst. Given a search con-
dition ¢, a set r of top-k records returned, and relevance
feedback f on these records (i.e., a triple {g,r, f}), the
refinement problem is to modify the search condition ¢
in such a way that, when re-executed, it will return more
relevant records. For example, while the condition given
in Example 2.1 may return the best results that satisfy a
user’s information need, he may have started searching
with a different query:

Example 2.2 (Initial search condition) Without a
clear idea of his exact information need, he may start
with the search that approximately captures his informa-
tion needs with the following similarity search condition:

((LocNear(loc, “SN") AND DescClose(Desc, “DBA"))

With a corresponding weight template of: (1(0.5,0.5)).
This example also illustrates that user may not be aware
of the data stored in the database in the beginning, and
therefore he does not know how to formulate the exact
query that returns the data that most interest him. For
example, he uses Description similar to “DBA” as one
of the search condition, but after seeing a few records
with description same as “DBA”, he may be unsatisfied
with other attributes associated with these tuples.
He may change his interests away from this search
condition. Hence, the condition becomes irrelevant to
him in his final query.

In this paper, we deal with the problem of refining
search conditions like the above example through the use
of relevance feedback. Postulated as above, the refine-
ment involves two operations: (1) updating the structure
of the search condition, and (2) updating the template of
weights. These two operations re-order the records and
hence provide different result set to a user. We update
the structure through addition and/or deletion of predi-
cates. We update the weight template that captures the
relative weights of predicates by determining the extent
to which each predicate contributes to the retrieval of
tuples that match users’ needs.

3 Learning Queries from User Feedback
3.1 Problem formulation

The problem of query refinement can be cast as a prob-
lem of learning a classifier if we view the records with rel-
evance feedback as a set of training examples for a clas-
sifier. Hence, theoretically any concept learning method
can be employed for query refinement provided that it
can perform well on a small number of examples.

ID | Loc | Sal | Dur | Desc Feedback
SN 656K | 1.5 DB Developer | OK
LA 70K | 1 DBA NOK

SD | 60K | 1.5 DB Designer OK
SF 70K | 1.5 DB Developer | OK

Table 2: Example feedback table

=W N =

However, it is important to note that query refinement
requires a careful application of learning methods. In
particular, simply replacing the original query with the
newly learned query can have undesirable consequences.
This leads to the important question of how to modify
the original query based on the learned classifier.

In this paper, we consider two different types of learn-
ing algorithms (classifiers). One focuses on the query
weight tuning, and another focuses on the query struc-
ture tuning. We introduce an activation algorithm,
which controls the overall learning process.

3.2 Basic Tables

For each query session we maintain the following two

types of tables:

(1) An Answer Table contains resulting tuples (that are
presented in ranked order) as well as the similarity
scores assigned to each.

(2) A Feedback Table stores the relevance feedback given
by the user on tuples in the answer table. * Table
2 shows an example of such a table.

3.3 Refinement Framework

We introduce a general framework to control the refine-
ment process that consists of two interrelated learning
tasks — updating the weight template and modifying the
structure of the query. The key aspect of the frame-
work is an activation procedure that, given the user feed-
back, decides which learning task to invoke. Structural
changes result in addition (deletion) of a new (old) con-
junction to the DNF query or addition (deletion) of a
new (old) predicate within a conjunction. In contrast
to gradual weight adjustment that results in fine tuning
of the rank order, structural changes can dramatically
modify the return set by bringing objects deemed irrele-
vant to the original query to the top of the retrieved set.
For this reason, structural changes to the query must be
made conservatively since an incorrect change may lead
a refinement along a wrong path causing the result set
to become worse instead of better. The activation proce-
dure we develop in this paper invokes structural modifi-
cations only when feedback provided by the user requires
that such modifications be made and the desired effect
cannot be achieved by reweighting the different query
components. Identifying situations in which structural

3We consider binary relevance judgments for feedback values:
tuples are either “Relevant” or “Not Relevant.” Finer grained
distinctions are possible, but we focus on the above for simplicity
reasons.



ID ConjID=1:LocNear ConjID=2:DescClose | Feed-
(Loc,“SN”) (Desc,“DBA”) back

1 1 0.8 OK

2 0.8 1 NOK

3 0.7 0.6 OK

4 0.5 0.8 OK

Table 3: Example CSS table
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D1: LocNear(Loc, “SN” )
Figure 1: Example CSS in Table 3

modifications are needed requires us to explore the lim-
itations of weight learning in the context of refinement.

We next develop some notation that will allow us to
formally explain our idea. Let us consider a single con-
junction C; = Cj3 ACjs ..., C;y, of a DNF query. Since
each predicate (i.e., Cj;) in the conjunction returns a
similarity value in the range of [0,1], together they form
a Conjunction Similarity Space (CSS). Each dimension
in the CSS represents a predicate. Therefore, a tuple
can be transformed as a point in the CSS. For example,
CSS Table 3 shows an example CSS for the tuples in
the feedback table (i.e., Table 2). We can also visualize
this space in Figure 1. For the conjunction similarity
space corresponding the conjunction, we define a notion
of CSS domination and CSS conflict below.

Definition 3.1 (CSS domination) For a given con-
junction similarity space (CSS), a tuple ¢1 dominates
t2 if t1 is as good or better (that is, t1 has an equal or
higher similarity value) in all dimensions and better in
at least one dimension compared to 2.

For example, in the Figure 1, tuple 2 dominates tuple 3
and 4, but does not dominate tuple 1. Similarly, tuple 1
dominates tuple 3 and 4, but not tuple 2.

Definition 3.2 (CSS conflict) For a given CSS, a
pair of feedback tuples (t1,¢2) conflict to each other if ¢1
receives negative feedback, ¢2 receives positive feedback,
and ¢1 dominates t2. In addition, if ¢t1 and ¢2 have equal
values in all dimensions, it is also a conflict.

The conflicts in the CSS space in Figure 1 are be-
tween tuple 2 and 3, also tuple 2 and 4, but not tuple
2 and 1. Presence of conflicts in the return set of a
query means that the query is ranking an irrelevant tu-
ple higher than a tuple deemed relevant by the user. As a
result, the query does not capture the user’s information
need and must be modified. Unfortunately, simply mod-
ifying weights associated with the predicates would not
resolve the conflict as is stated in the following lemma.

Lemma 3.1 For a given CSS, if there is a conflicting tu-
ple pair (¢1,¢2), there is no monotonic aggregation func-
tion that can resolve this conflict by assigning a larger
score to t2.

Proor. From [8], an aggregation function f is
monotone if f(x1,...,zm) < f(x},...,z,,) whenever
x; < z} for every i. Consider a conflicting tuple pair
(t1,t2), where t1 receives negative and t2 receives posi-
tive feedback. Since ¢1 has as good or better value in all
dimensions, it is not possible to assign a bigger score to ¢2
since any weight assignment (done on predicates) applies
to all tuples. Note that, even without the last condition
(i-e., t1 and ¢2 have equal values in all dimensions) in
CSS conflict definition (i.e., Definition 3.2), Lemma 3.1
is still true. By adding the condition, we potentially
capture more cases that could not be resolved by weight
adjustments. [

Actually, since we are using the Weighted Summation
Model (WSM) for aggregating the score in a conjunction,
the definition of conflict can be expanded as in Appendix
A.

We have, thus far, established the limitation of the
weight learning approach in the context of refinement.
Resolving conflicts requires structural modifications to
the query. The activation procedure we develop utilizes
the above observation to determine when to invoke such
modifications.

Let @ = C; V CyV C, be a DNF query where
C; = Ci NCia...,Cipn is a conjunction. The activa-
tion procedure during refinement attaches feedback to
different conjunctions by assigning each feedback to the
highest scored conjunction.  For each conjunction Cj,
it then determines if the assigned feedback contains any
conflicts with respect to the conjunctions C;. If a conflict
set is identified, structural modification to the query is
invoked based on the conflicting set. For example, in Fig-
ure 1 (i.e., empty circle represents positive feedback), tu-
ple 2 conflicts with tuple 3 and 4. To resolve the conflicts,
the activation procedure invokes the structural learning
using tuples 2, 3, and 4. Specifically, the structure learn-
ing algorithm will attempt to learn a predicate that when
added to the conjunction will resolve the conflict. In the
current example, the structural learning algorithm may
suggest the addition of a predicate Duration > 1.5 to the
conjunction. In general, depending upon the mechanism
used, the conjunction may be augmented by not simply
a single predicate but a logical formula F' comprising of
multiple predicates connected via logical connectives. In
the new formula (i.e., newConj = C; A F), most of (or
all) the conflicts associated with the original conjunction
have been resolved. We temporarily treat F' as a pseudo
predicate, so that the new formula becomes a conjunc-

4Since the aggregation function used on a disjunction is M AX,
assign a feedback tuple to the highest scored conjunction is ap-
propriate. For other aggregation functions, different assignment
schemes should be used.



tion and the weights of predicates in this conjunction are
rebalanced using a predicate weight learning approach.
If a weight of a particular predicate falls below a thresh-
old, the predicate is dropped. We assume the assigned
weight of F' is Wg.

In order to combine the conjunction (i.e., newConj)
into our DNF-formed query, conversions on the pseudo
predicate F are required. Assume F' = F; VFyV---V F},
is itself in DNF. The predicates in C; can be distributed
over the Fj, resulting in a new candidate set of conjunc-
tions (Cz A Fl) V (C, A Fz) V-V (C, A Fk). During
this process, the actual predicate weight of F}, in a con-
junction is assigned to be Wr. We also use the original
conjunction (i.e., C;) weight to initialize the weights of
candidate conjunctions(i.e., C; V Fp).

After all conjunctions are individually modified, their
final conjunction weights need to be determined. Again,
we use the conjunction’s CSS table. Intuitively, non-
conflicting positive cases in the CSS boost the impor-
tance of the conjunction in the query. Given a set of tu-
ples in the CSS, we can measure how well the conjunction
performed in the query after refinement by computing
the ratio of the non-conflicting positive cases captured
by this conjunction over the total number of positive
cases. We use this ratio as an overall conjunction weight
measure. We specify our overall query refinement algo-
rithm in pseudo-code below:

ActivationAlgo()

Input: Query (Q), FeedbackTable (F'T),

Output: New Query (Q’)

1. compute_CSS_tables(Q, FT)

newConjunctions = ()

newConjunctionCount = 0

Foreach conjunction C; in a query @
CSST = get_CSS_table(C;)
Conflicts= computeConflictSet(CSST)
F=0
If |Conflicts| > 1

9. F= learnStructure(C;, Conflicts)

10.  endIf

11.  newConj=C; A\ F

12. predicateWeightLearning (newConj, CSST)

13.  Foreach predicate C;; in newConj

XN oW

14. If Ci;.weight < T

15. newConj.dropConjunct(j)

16. endIf

17.  endFor

18. If (F #0)

19. Foreach conjunction Fp, in F = F; VF,V---V F

20. If(k==1)

21. Ci=C;\NFy

22. Else

23. newConjunctionsnewConjunctionCount + +]
=Ci;A\F,

24. endIf

25. endFor

26. endIf

27. endFor

28.Q' =@

29. Foreach conjunction C; in newConjunctions

30. Q@ =Q VC;

31. endFor

32. compute_CSS_tables(Q’, FT)

32 @' = assignConjunctionWeight (Q')
33. Foreach conjunction C; in Q’

4. IfC;<rt

35. Q' .dropConjunction(i)
36. endIf

37. endFor

The algorithm takes as input the previous query and
the feedback table to generate a refined query. In the
above algorithm, two things have been left unspecified
(1) the algorithm to resolve the conflicting set for a con-
junction (line 9), and (2) algorithm to learn the weight
template for a given conjunction (line 12). In fact, it can
be easily shown that the overall complexity of the acti-
vation procedure is dominated by these two algorithms.
Many different approaches can be used for this purpose
and integrated into the refinement activation framework
described above. We provide specific algorithms we have
developed for this purpose in the following two subsec-
tions.

3.4 Learning Predicate Weights of a Similarity
Conjunction

Learning the predicate weights corresponds to learning
their relative importance in a conjunction. Intuitively,
the smaller the weight for a predicate, the less important
the corresponding predicate. Since each dimension in the
CSS corresponds to the similarity value of a predicate in
the conjunction, we can cast the weight learning problem
to a classification problem over the CSS. Since we use
weighted summation model, we seek a hyper-plane that
separates the relevant tuple set R(i.e., those that receive
a positive feedback) from irrelevant tuple set IR (i.e.,
those that receive a negative feedback). Motivated by
linear optimization approach proposed by [13], we cast
this learning task to satisfy the following requirements:

(1) When set R and IR are linearly separable, we would
like the hyper plane maximize the separation margin
between two sets °.

(2) When set R and IR are linearly inseparable, we
would like to find the hyper plane reasonably good
in separating the two sets.

In appendix E, E.1 and E.2, we present the de-
tails of our solution. In most practical cases, the average
complexity of this optimization process is O(nx | p |),
where n is number of feedback and | p | is number of
predicates in the conjunction.

5By maximizing the separation margin, the hyper plane ob-
tained will have good generalization behavior.



ID Loc Sal Dur Desc FB
“SD” “SF” “DB “DB
Dsger” Dvper”
2 0.8 0.4 70K 1 0.7 0.8 NOK
3 1 0.3 60K 1.5 1 0.7 OK
4 0.3 1 70K 1.5 0.7 1 OK

Table 4: Scores table example

3.5 Learning new Structure of a Similarity Con-
junction

Our objective in modifying a conjunction is to resolve
conflicts present in the result set for the conjunction.
As a result, given a CSS table, we choose only the tuples
that have conflicts, and use them in the structural learn-
ing. For example, tuple 2, 3 and 4 in Figure 1 are used
in this learning. These tuples from feedback table form
a learning set (LSet). Before we can apply our learning
algorithm to this set, we need to convert it to a suitable
format, where we refer to as the scores table.

3.5.1 Data Preparation: The Scores Table Gen-
eration

Conversion to the scores table is necessary for query
structure learning because our query refinement methods
are based on numeric (ordinal) values. Since database
attributes can have complex and non-ordinal attributes,
performing query refinement directly on the LSet is not
always possible. Hence, we generate the scores table
which corresponds to conflicting tuples, and contains
only ordinal values. This table is generated by main-
taining columns for ordinal attributes from the conflict-
ing tuples in the LSet and converting complex and non-
ordinal attributes into similarity measures. This similar-
ity measure is computed by taking every value of each
complex attribute in the LSet and calculating its similar-
ity to all the other values of that attribute in the LSet.
For example, tuple 2, 3 and 4 (i.e., conflicting set) in
Figure 1 form the conjunction scores table (i.e., Table
4). In this example, columns for ordinal attributes like
Salary and Duration are exactly the same as those in the
feedback table. For the remaining non-ordinal attributes
we created a column for each attribute—value pair. Each
entry in these columns is a similarity value between the
value in the heading and the attribute values from the
tuples in the feedback table. For instance, the first entry
under the column Location=“SD” (i.e. 0.8) is the sim-
ilarity value of the value “LA” and the location value
of tuple 3 which is “SD”. We only take the attribute
values from records that are marked “Relevant” in the
feedback table. This makes sense since we want to learn
predicates that focus on relevant tuples. Hence, no col-
umn is created for attributes like “LA” because the tuple
having this value is marked “Not Relevant”.

3.5.2 Learning New Structures from a Scores
Table

Given a conjunction scores table, we can use any DNF
learner (i.e., the ones discussed in Section 5) to extract

a set of hypothesis that explains/classifies the scores ta-
ble. In this paper, we use a modified decision tree (i.e.,
C4.5 [23]) to resolve conflicts of a conjunction. The orig-
inal C4.5 adopts a greedy divide-and-conquer strategy
in building a decision tree for a classification purpose.
Given a labeled data such as a scores table, the algo-
rithm initializes a decision tree with one leaf node that
represents the whole data. It tests each attribute, and
chooses the best attribute(A) and value (v) pair, which
if used to split the data (i.e., into two portions, one with
values in attribute A > v, another has values < v) re-
sults in maximum entropy gain. It also records this split
in the decision tree by splitting the original leaf nodes to
two new leaf nodes (i.e., the old leaf node becomes the
root of the two new leaf nodes). The algorithm recur-
sively tests and splits the leaves until either all points in
the partitions belong to one class (e.g., all marked with
positive feedback or all marked with negative feedback),
or it becomes statistically insignificant to split further.
C4.5 then generates DNF rules/conjunctions from the
decision tree.

The main modification to the C4.5 we made to use
it to resolve conflicts of a conjunctions is to add an ad-
ditional stopping condition. If we allow decision tree
construction algorithm like C4.5 to keep splitting its leaf
nodes that represents a portion of data, the leaf nodes
will get purer and purer towards a class. The modifi-
cation we made is that once a leaf node no longer has
conflicts, we can stop splitting the node. When we fin-
ish constructing this decision tree, based on this tree, we
can generate a set of rules/conjunctions, and filter out
the conjunctions that do not have any relevant feedback
tuples. The remaining conjunctions forms the logical
formula F' used in the activation algorithm. Note that
these conjunctions are also similarity based conjunctions
since they are learned from scores table. For example, if
we have the scores table as Table 4, decision tree gener-
ates a predicate Dur > 1.5, by adding in this predicate,
it removes the original conflicts.

One advantage of choosing C4.5 is that all data points
assigned to a conjunction are disjoint from other con-
junctions. Therefore, if a conflict exists in one learnt
conjunction, the same conflict cannot happen in another
one. Hence, all conjunctions learnt are useful in terms
of conflict resolution.

To improve the efficiency, we push the similarity com-
putations into the tree building process. Therefore,
we do not need to materialize the scores table. Fur-
thermore, we do not need to construct all scores ta-
ble columns if we have already obtained reasonable split
point. The worst case complexity of this algorithm is
O(] R | xd x n x (log(n))?), in which | R | is number
of relevant cases, d is original feedback table dimension,
and n is number of feedback. In practice, distinct rele-
vant attribute values in an attribute (e.g., Loc) is much
less than number of relevant feedback (i.e., | R |). There-
fore, the complexity is close to standard decision tree



complexity O(d x n x (log(n))?)

4 Experiments

In this section, we present the results of our experi-
ments to evaluate the effectiveness of our query refine-
ment method. We first present our experimental setup
including user behavior model, the datasets we used, and
a query generator that embodies the user model and gen-
erates queries appropriately. We then evaluate our new
approach against four well-known algorithms extensively
on the datasets. The goal of the evaluation is to establish
our new algorithm as an accurate, and efficient relevance
feedback refinement algorithm.

4.1 Experimental Setup

We ran all our experiments using a P3-800MHZ PC with
256MB Ram. The similarity retrieval component is im-
plemented using UDF features in IBM DB2. The refine-
ment component is implemented as stored procedures in
IBM DB2. We use IBM OSL package [10] as our linear
problem solver.

4.1.1 User Behavior Model

We simulate the user behavior with these assumptions:

(1) A user provides an initial query to the system.

(2) The user only provides relevance feedback to the top
k tuples from ranked result list.

(3) We assume the user is consistent about his query ob-
jective, that is, the relevance or non-relevance of a
tuple remains constant across iterations.

(4) When a record is presented to a user, he knows if it
is relevant or not.

4.1.2 Datasets and Similarity Functions

We used 12 datasets from the UCI machine learning
repository [15], all of which have class labels (see Ap-
pendix B for the characteristics of the datasets). There
are two types of attributes in the datasets (i.e, continu-
ous and discrete).

These datasets represent different domains of inter-
ests. For example, german dataset is in the financial
domain, and waveform is more of the scientific knowl-
edge discovery purposes.

We have consulted the documentations of each
dataset and also the expert knowledge from the domains.
For a discrete attribute, we analyze each pair of values
for an attribute and decide the similarity value between
them. For a continuous attribute, we use the formula in
Section 2.1 to compute the similarity value for any two
ranges of value.

4.1.3 Query Generator

To explore our query refinement method, we formulate
two related queries, a target query g; which represents
a user’s real information need, and an initial query g;

which represents his initial knowledge when starting the
search. The query ¢; can be more general or specific than
¢; in terms of their DNF structure. We built a query
generator that generates a set of query pairs (qi,q2),
where ¢; is more specific than ¢,. If we set ¢; = ¢
and q; = g2 we evaluate our algorithms on learning a
specific query from a general query (i.e, G2S in our ex-
periements). Conversely, if ¢; = ¢2 and ¢; = ¢1, we eval-
uate our algorithms on learning a general query from a
specific query (i.e, S2G in our experiements).

The real life datasets used in the experiments are nor-
mally used for the classification tasks. The classification
rules generated are often used to verify the existing do-
main knowledge. In our experiments, we use the classi-
fication rules to generate queries.

We chose an association rule [1] based classifier Clas-
sification Based on Association (CBA 2.1) [12] as a clas-
sification rule generator. This classifier has excellent
classification accuracy and also generates all classifica-
tion rules that satisfy minimum support and confidence
thresholds. Our query generator generates 2 disjuncts
for g; where each disjunct corresponds to a different clas-
sification rule generated from CBA. We choose two rules
with high confidence (we use 85% confidence threshold
to select rules). Normally, a high confidence rule corre-
sponds to good domain knowledge. We use such rules to
form the basis of the similarity queries, which normally
are given by users. A rule generated by the classifier is
a crisp rule. We convert the rule to a similarity con-
junction by adding predefined similarity functions, and
assign equal weights to all the condition involved. Once
we have ¢;, we derive gs by using the following generat-
ing rules:

(1) Randomly remove a predicate from each conjunction
in the target query.

(2) Randomly disturb the weights in each conjunction by
+10% of each predicate weight.

(3) Randomly replace the query point in each predicate
by one of its neighbor points. For ordinal attribute,
we randomly choose a point having similarity value
>0.9. For the non-ordinal attribute, we just choose
the most similar value.

The first rule ensures ¢y is more general than ¢; in its
DNF structure. The second rule makes the weights dif-
ferent. The third rule makes ¢; and g2 related to each
other, but not the same. We generate 20 query pairs
(i.e., target and initial query) for each dataset for a total
of 240 query pairs.

4.1.4 Algorithms Tested

We compare our new strategy to four existing ones. The
first method is proposed in [20]. That focuses on learn-
ing conjunctions. We refer it as OCM (from authors’ last
names) in our experiments. OCM is similar to our ap-
proach. It also refines the initial query structure from a
user’s feedback. We also compare our approach to FAL-



CON [28], which does not refine initial query explicitly,
but uses the positive feedback to rank the data. We take
Rocchio’s method [24] as a standard vector based IR ap-
proach. In our experiment, we use attribute-value pairs
as the vectors. Therefore, Rocchio’s method ignores the
query structure and also similarity measures on the at-
tributes. Since our refinement task essentially performs
a classification based on the relevance feedback, one can
directly apply an existing classification package if the
data types can be mapped to the required types. This
can be easily done for the 12 datasets we used, but not
in general. Hence, we compare our approach to a well-
known decision tree classifier C4.5 [23]. C4.5 takes the
feedback data as a training set, and generates a classi-
fier. It ignores the initial query structure, and predefined
similarity measure on the data attributes. System uses
this classifier to assign confidence levels as scores to the
remaining data tuples.

4.1.5 Evaluation Process

We evaluate the above algorithms along the following

metrics:

(1) Efficiency: the time taken to refine a query

(2) Effectiveness: precision and recall measures

(3) Simplicity of a refined query: number of the predi-
cates used in the query

To evaluate effectiveness of a refinement algorithm, we
simulate the desired user concept by executing a target
query, and place top 20 tuples that satisfy the target
query into a set R which we deem to be the relevant
records.

Then, we execute the initial/original query (i.e., iter-
ation 1). We compute the precision level at every 5% of
recall interval until all the relevant tuples are retrieved.
Note that we have 20 relevant points, every 5% recall
interval means every relevant point retrieved. To study
effectiveness of a refinement algorithm, we form the first
learning set L by adding the top retrieved tuples con-
taining two relevant tuples and at least 2 irrelevant tu-
ples from the initial query result. The refinement algo-
rithm uses set L as the feedback table to learn a refined
query. When we execute the refined query, it produces
the second iteration ranked result list. We exclude the
known irrelevant tuples from previous round in L from
the ranked list, and push the known relevant tuples from
previous round in L to the top of the ranked list. Again,
we record the precision levels in every 5% recall inter-
val until all the relevant tuples are retrieved. Similarly,
we update the learning set L by adding top retrieved
tuples containing two relevant tuples from the second
iteration ranked list, and activate the refinement algo-
rithm. In our experiments, we execute the refinement
algorithm four times (i.e., five iterations) to evaluate its
performance in different iterations.

We use set L to simulate the records that received a
user’s feedback. If we take away the top 2 tuples from
the second iteration ranked result list, the ranked list

G2S Avg. S2G Avg.
Refine Time(sec.) Refine Time(sec.)
New OCM C45 | New OCM C(C4.5

0.4 0.8 0.2 0.5 0.8 0.3

Table 5: Average Refinement Time per Query (sec.)
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represents the ranked order of the unseen records to a
user in the second iteration. This is because we exclude
the negative feedback from set L, and the 2 relevant tu-
ples from executing initial query have been pushed to
the top of the ranked result list. If we plot the precision
and recall graph like the one in Figure 2, for the second
iteration, the actual recall starting point is at 10% (i.e.,
discard the first two relevant points), 20% for iteration 3,
30% for iteration 4, and 40% for iteration 5. For a par-
ticular iteration, we use the average precision after the
actual recall starting point as one of the retrieval quality
measures. If a refinement algorithm performs well in the
iteration, the average precision should be high.

4.2 Results

For our technique to be useful in an online setting, it
must be very efficient. As shown in Table 5, average
execution time for a refinement cycle in our algorithm is
around 0.5 seconds over a range of experiments with dif-
ferent datasets and queries. Due to space constraints, we
cannot show the average refinement time in each dataset.
The time is between 0.2 to 0.7 seconds. Note that Fal-
con and Rocchio algorithm do not generate queries ex-
plicitly, and are not included in this table. We notice
that the new method runs more efficiently than OCM.
This is because that OCM always starts structure tests,
and it is more expensive than weight tuning. In our
new approach, the activation procedure does not choose
structure modification if there are no conflicts. Our new
method runs slower than C4.5. This is expected since the
feature space (i.e., scores table) used in our approach is
larger than the original data feature space. In addition,
our system also does weight tuning. Our algorithm can
scale well with the database size. As the dataset adult5 K
scales six times to its full size (i.e., dataset adult), the
query refinement time almost remains the same. This
shows the potentials of our refinement algorithm over
large databases.

In Figure 2, we show the refinement effectiveness of
the new approach and OCM on dataset adult, which is
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the largest dataset in our experiment. In each of the
two graphs, each line represents average precision over
20 similarity queries at every 5% of recall interval. Note
that we only have 20 relevant points, and 5% recall in-
terval means that for every new relevant point what the
corresponding precision is. If a refinement algorithm per-
forms well at a refinement iteration, it should have good
precision level in all recall intervals. In our experiments,
we only run five iterations. It contains four refinement
cycles. We believe it is good enough to evaluate our
approach. From the plots, we can clearly see our new
approach performs much better than OCM in different
iterations.

Due to space constraints, we cannot plot all precision
recall graphs for all the datasets and methods that we
tested. As described in Section 4.1.5, we use the average
precision at each 5% recall interval after recall starting
point as a measure of retrieval quality. If a method does
well in the iteration, this average should be high. For ex-
ample, average precision for the adult data (G2S learn-
ing) at iteration 1 is only 3%, and after one refinement
cycle, our new method is able to achieve 32%. OCM
can achieve 11%. Hence, our new method outperforms
OCM after the first refinement cycle. By using the av-
erage precision measure after the actual recall starting
point, different algorithms can be compared directly in
terms of the precision and recall. Appendix C shows the
detailed results of the general to specific learning (i.e.,
G2S) at the initial iteration (i.e., iteration 1), iteration
2 (i.e., after first refinement cycle), and iteration 5 (i.e,
after last refinement cycle). From the experiments, we
can clearly see that our new method outperforms the
existing methods in almost all the datasets. Note that

dataset adult5K is a sample dataset of adult. Our algo-
rithm performs well even when data size increases nearly
6 times (i.e, from 5K to 32K).

Due to space constraints, we cannot show detailed
results for iteration 3, 4, and S2G part of results. To
further evaluate the learning behaviors of each algorithm
in different iterations, Figure 3 plots the overall average
in the different iterations. Note that, in G2S part of plot,
iteration 1,2,5 results are from the last row of Table 8.
We see our new method has very good learning behaviors
in both learning scenarios (i.e., G2S and S2G), such that
it has much better precision at each iteration. We also
notice that without learning, the initial query performs
badly in general (i.e., iteration 1).

Although OCM attempts to improve the retrieval
quality by modifying initial query concept, it performs
worse than our new method. The main reason is that
the new method focuses directly on resolving the essen-
tial feedback conflicts, but OCM simply tries to fit con-
cepts (i.e., predicates) that match to the feedback. For
some cases, simple weight modification gives the correct
ranking to the relevant tuples, but OCM may wrongly
add in a set of predicates. Our new method outperforms
OCM on average 12% in terms of average precision after
first refinement cycle for the G2S learning. The aver-
age is computed over 240 query pairs, and this shows
significant improvement.

Our new method and OCM outperform the other
three methods in both G2S and S2G learning scenarios.
It clearly shows the advantage of considering the initial
query structure during the refinement process. C4.5 and
Rocchio perform the worst since they ignore the initial
query structure and the predefined attribute level simi-
larity functions during refinement cycles.

Besides the precision and recall measure, another in-
teresting measure of a refinement algorithm is the sim-
plicity /complexity of its refined queries. Ideally, a re-
fined query from a good refinement algorithm should be
simple and effective in terms of retrieving relevant in-
formation. Table 6 shows the average number of predi-
cates over the 240 queries at different iterations. Due to
the space constraints, we only show the results after the
first and the last refinement cycles. The initial queries
for G2S case contain 4.8 predicates on average, and tar-
get queries have 6.7. For the S2G case, the number is
reversed. As we observed, the number of average pred-
icates in our new method at different iterations are in
between of initial and target average. However, OCM
has about twice as many predicates as the target av-
erage. The main reason of this is because that OCM
cannot represent disjunctive concepts explicitly, it uses
additional predicates to simulate the disjuncts. In our al-
gorithm, we directly deal with disjuncts in constructing
C'SSs. This gives us very close number of predicates as
the target query. Since the new algorithm has good pre-
cision measure, this means the predicates are very close
to the target predicates too. This increases the under-



Dataset G2S S2G

Init It2 It  Target | I1t2  Ith

New Method | 4.8 5.1 5.6 6.7 6.9 5.1
OCM 4.8 15.1 159 6.7 153 9.7
Rocchio 4.8 69.6 763 6.7 76.3 97.9
C4.5 4.8 11 1.8 6.7 0.8 1.5

Table 6: Avg. Number of Predicates in Query

standability since the refined query is not far away from
what a user wants. We also report the average number of
vectors used by the Rocchio’s method at different itera-
tions, and the number of vectors used could be 10 times
bigger than the number of target predicates. C4.5 is
at another extreme, since there only very small number
of positive feedback at each iteration, it generates very
small number of rules with only one or two conditions.
It seems very simple to understand, but since it has bad
accuracy, the refined rules are not trustworthy. Falcon is
not included because it does not generate query directly.

5 Related Work

The work most related to this paper is [20], in which
authors proposed a query refinement framework on top
of object-relational databases for learning SQL queries
from user interactions. The refinement algorithms pro-
posed were, however, ad-hoc and limited in the type of
conditions that could be learned - they could only learn
conjunctive queries.

There are two major limitations of the approach pro-
posed in [20]. Firstly, it did not consider the weight and
structure learning separately, and at each iteration both
weight and structure were modified while modification of
only one of the two would have sufficed. This resulted in,
at times, an over aggressive policy that would add/drop
wrong predicates from the query. In contrast, the ap-
proach proposed in this paper, attempts to estimate the
benefit of structure and weight modification. An acti-
vation procedure invokes the appropriate learning algo-
rithms when structure/weight refinement is expected to
improve the query results. Secondly, [20] considered
only learning a limited set of conjunctive queries. It did
not support any mechanism to learn disjuncts. If the op-
timal query the user had in mind and the feedback was
consistent with a disjunctive query (e.g., Salary > 65K
OR Duration > 2 years), the approach would attempt
to simulate a disjunction via a conjunction. That is, it
would attempt to learn the query of Salary > 65K AND
Duration > 2 years. Furthermore, the approach would
get confused and add other extraneous conjuncts that
do not have much importance to the users’ information
need. This results in a suboptimal query with poor re-
trieval performance, as well as, a long query clause that
is difficult to interpret.

Query refinement via feedback has been explored ex-
tensively in the context of text document retrieval in
the information retrieval literature [24, 27, 4, 2]. Gen-

erally, a vector space model is assumed (i.e., Rocchios
method [24]). Refinement tasks focus on how to weight
the elements in the vector space. There is no explicit
query formulation, and attribute similarity measures.
We can convert our refinement task to this model, but
it performs badly in our experiments.

IR models have also been generalized to multimedia
domain. Query refinement techniques have also been ex-
ploited in the multimedia domains, e.g., MARS [25, 14],
Mindreader [11], FALCON [28]. FALCON generalizes
the refinement model to any suitably defined metric dis-
tance function. As long as the distance between two tu-
ples can be properly defined, FALCON can be applied.
It uses the relevant examples as the query, and rank the
database based on the aggregate distance measure. We
can also convert our refinement task to this model, but
since it does not consider the original query formulation,
it performs poorly when the relevant set is very small.

Although not from the point of view of database
queries, there is a considerable body of work on learning
DNF and CNF formulas from examples. Works on DNF
learners are closely related to our work. DNF learn-
ers in the literature can be grouped into two as divide-
and-conquer based (e.g. decision tree learners [22])
and separate-and-conquer based or covering algorithms.
Among the large number of algorithms in the latter cat-
egory, the AQ family of algorithms [16, 17, 3], CN2 [6],
PFOIL [18], and PRISM [5] are popular. In these ap-
proaches, predicates have no similarity semantics (i.e.,
crisp conditions). It is unclear how to incorporate initial
query formulation and the attribute level similarity func-
tion directly into these approaches. Furthermore, these
algorithms normally require large amount of inputs (i.e.,
training and testing ratio) before deriving good hypoth-
esis. In our experiments, we directly use C4.5 in our
refinement task, but it performs badly.

6 Conclusions

In many real life retrieval cases, a user normally has
imprecise knowledge of what he wants. We provide a
system to help him express the knowledge as a similarity
search query, and refine this query continuously from the
relevance feedback. In our new framework, we identified
two tasks in similarity query refinement, namely refining
query structure and determining the relative importance
of predicates and disjuncts. We proposed a new refine-
ment framework which controls the weight and struc-
tural learning. We implemented these algorithms and
the extensive experiments we conducted show that our
algorithm consistently outperforms previously suggested
techniques in terms of retrieval quality and query sim-
plicity.
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Dataset Cases | Classes | #cont attrs #disc attrs
adultb K 5,000 2 6 8
adult 32,561 2 6 8
auto 205 6 15 10
cleve 303 2 6 7
crx 690 2 6 9
german 1,000 2 7 13
glass 214 7 9 0
hepati 155 2 6 13
horse 368 2 15 22
hypo 3,163 2 7 18
sick 2,800 2 7 22
waveform 5,000 3 21 0

Table 7: Dataset Descriptions

A CSS conflict under WSM

Definition A.1 (CSS conflict under WSM) For a
given CSS, a positive feedback point is in a conflicting
situation if under the best conjunction weight template 6,
there is a negative feedback point having as good or better
weighted summation score.

Note that if a relevant point is in CSS conflict, it is also in
CSS conflict under WSM. It is straightforward to observe that
weight learning alone cannot be used to resolve the conflict
based on the expanded definition in case aggregation is done
using WSM.

B Datasets Used

Table 7 shows the characteristics of the datasets.

C Average Precision for G2S Learning

Table 8 shows the detailed results of the general to specific
learning (i.e., G2S) at the initial iteration (i.e., iteration 1),
iteration 2 (i.e., after first refinement cycle), and iteration 5
(i.e, after last refinement cycle).

D Writing Similarity Functions

In many domains, distance/difference measure can be
easily determined. For example, Euclidean distance
between 2 locations, salary difference between 2 en-
tries. Therefore, we define distance function as follows:
Distance Fun(input value, target value) — distance

Given a distance threshold(i.e., MaxDistance), we can
argue that if distance above this threshold, similarity is 0.
In this paper, we use a general formula to convert distance
measure to similarity measure:

Similarity = (1 — grdistance )" where r is an integer.
Distance function can be a fixed distance function (e.g.,
defined on Location attribute). It can also depend on
input value (e.g., Salary, Duration):

0 input > 656K
DstSalGrter(input, 65 K) = { MazDistance input < 30K
| sal — 65K | 30K < input < 65

(With MazDistance = 40K)

0 input < 0.5
DstDurNear(input,2) = ¢ 0 input > 4
| input — 2| 0.5 < input < 4

6in Section 3.4, we give details of searching the best conjunction
weight template

DI#wil+D2%w2 > f
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DI*wl+D2*w2 = 8
'I[w1=0.5, w2=0.5, $=0.78]

Dl*w1+I}2*w2 < f
|

D2: DescClose(Desc, “DBA”)

|
11.0

>

D1: LocNear(Loc, ‘SN” )
Figure 4: Learning weight template

(With MaxDistance = 2)

Sometimes, similarity value can be a similarity table
lookup (e.g., Desc attribute). Such functions are applica-
tion specific and are implemented by the database developer
as user-defined functions.

E Details in Learning Predicate Weights
of a Similarity Conjunction

In CSS, each point corresponds to a row vector (p:) formed
by the feedback tuple’s predicate scores. Therefore, we wish
that for a fixed threshold 3, every positive feedback tuple
t+’s weighted summation score is above 3, that is:

d
Score(t+) = Z w; * et (3) > B

i=1

Furthermore, for every negative feedback tuple t—, that re-
ceived a negative feedback, the score is less than threshold
(i.e., Score(t—) < ). In other word, the weight learner seeks
a hyper plane (p; - W7 = B) that best separates the two sets
in the CSS. To ensure the quality of this hyper plane, we
impose following optimization requirements:

(1) When set R and IR are linearly separable, we would like
the hyper plane maximize the separation margin between
two sets.

(2) When set R and IR are linearly inseparable, we would like
to find the hyper plane reasonably good in separating the
two sets.

The first requirement ensures an optimal separation hy-
per plane in the linearly separable situation. For example,
Figure 4 shows a linearly separable case (i.e., tuple 1 and 2
are relevant, and tuple 3 and 4 are irrelevant). v is the sepa-
ration margin. The hyper plane nicely separates the two sets
when < reaches its maximum value.

The second requirement is important in determining CSS
conflicts under WSM in Definition 3.2. It is obvious that
conflicts can only happen when set R and IR are linearly in-
separable. Therefore, if we can find a reasonably good hyper
plane, we can use it to test the conflicts.

In appendix E.1 and E.2, we show that we can cast the
weight learning problem to a suitable optimization problem,
and by solving the optimization problem, we are able to sat-
isfy the requirements listed above.



Dataset It. 1 Iteration 2 Iteration 5
Init | New OCM Falcon €45 Rocchio | New OCM  Falcon C45 Rocchio
adultbK 4% 12% 12% 10% 7% 3% 63% 33% 23% 10% 13%
adult 3% 32% 11% 7% 1% &% 69%  22% 11% 6% 11%
auto 54% | 8% 4% 75% 2% 50% 100% 100%  100% 100% 100%
cleve 1% | 87% 7% 66% 65% 59% 97% 98% 72% 85% 92%
crx 8% 50% 3™% 26% 16% 13% 8%  91% 56% 25% 19%
german 6% 67% 20% 12% 4% 17% 83% 88% 42% 7% 20%
glass 56% | 94%  92% 78% 79%  39% 100% 100% 79% 100% 100%
hepati 36% | TT% 9% 53% 55% 72% 100% 100%  49% 100% 100%
horse 21% | 66% 47% 39% 3% 1™% 97% 95% 57% 55% 45%
hypo 18% | 38%  30% 22% 21% 15% 72% 52% 34% 26% 27%
sick 22% | 32%  25% 29% 21% 14% 66% 41% 49% 21% 38%
waveform | 8% 23% 19% 16% 11% 0% 83% 68% 28% 17% 0%
Avg. 23% | 55%  43% 36% 32% 26% 85% 74% 50% 46% 47%
Table 8: Average Precision for G2S Learning at Iteration 1,2 and 5
E.1 Casting Weight Learning as an Optimiza- Subject to:
tion Problem
o ) o yi > —Score(t+:) + B+ (6)
We can cast. this weight learning problem to an optimization 2 > Score(t—i) — B+~ )
problem as in [13]:
y; >0,z >0 (8)
L __ ,Error(R) = Error(IR) = _
Minimize : f(W,,7) = (—gr— + —pr—) () Zw =1 (9

|R| and |IR| are the cardinalities of the set R and IR. The
goal of the equation is to minimize the average classification
errors defined by Equation 2 and Equation 3. The intuition
of these two error functions is that when a point falls into its
correct half-space, there is no error. Otherwise, the distance
to the hyper plane is used as an error measure. -y is used to
setup a separation margin.

|R|

Error(R) = Z max(—Score(t+;) + 8 + v, 0) (2)
.

Error(IR) = Z max(Score(t—;) — B+, 0) (3)

From [13], we know in the linearly separable cases (e.g.,
in Figure 4), the minimum value of the objective function is
always zero with some positive 7 values, and the hyper plane
obtained can perfectly separate the two sets.

In the linearly inseparable cases, the meaning of the for-
mulation is to minimize the average errors. We consider a hy-
per plane is of good quality if it minimizes the average errors.
We further convert this formulation to a linear programming
(LP) formulation in the next subsection. By imposing the
right constraints, we are able to satisfy the two requirements
in the beginning of this section.

E.2 Solving the Optimization Problem Using
Linear Programming

Motivated by [13], we rewrite the optimization problem in
Equation 1 as following LP formulation:

Minimize : f(W,8,Y,Z,v) = MgW,8,Y,Z,7)} —v (4)

R IR
Zl.':ll Yi E‘i:l‘ Zi

Where : + (5)
|R| [IR|

g(W,B,Y,Z,~) =

w; € [Oa l]aﬂ € [07 1]’76 [O:\/a] (10)

In this formulation, A is a big constant. The constraints
in Equation 6, Equation 7 and Equation 8 are from linear
formulation proposed by [13]. The constraints in Equation 9
and Equation 10 are specially designed for the weight learn-
ing. The constraint in Equation 9 ensures a non-zero weight
vector. The constraints in Equation 10 bound the limits of
the target variables. In [13], there are no constraints on W
and B, and + is a constant that always equals to one. In our
case, we need to bound the weight vector W and threshold 3
according to CSS definition. We also set v as one of the tar-
get variables, and bound the v by the maximum range (i.e.,
[0,7/d], where d is number of dimensions in CSS).

This formulation has two components. The first one
(i.e., function g(W,pB,Y,Z,v) focuses on the minimizing
the misclassification errors, and the second one focuses on
maximizing the separation margin. In fact, the function
g(W,B,Y, Z,v) is originated from [13] as the objective func-
tion to minimize. Since A acts as a big weight to the first com-
ponent, the intuition is that optimization goal always focuses
on minimizing errors, and only when errors are minimized, it
then maximizes the separation margin (i.e., ). Therefore, in
the linearly separable case, the hyper plane is always able to
perfectly separate the two sets, and have maximum margin.
If we apply the formulation to the CSS shown in Figure 4
(i.e., a linearly separable case), we have a hyper plane with
maximum separation margin (i.e., y=1.2). In the linearly in-
separable cases, the LP formulation is still able to return a
good separation plane since it minimizes the misclassification
€rrors.

We can easily prove by contradiction that the LP formu-
lation can fulfill our weight learning requirements, and we
leave the proof as an exercise to our readers.



