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Abstract

Building a natural language interface for a database has been an interesting task since t h g
which often requires creating a semantic parser. A study on using an advanced inductive logic
programming (ILP) approach for semantic parser induction that combines different ILP learners to
learn rules for ambiguity resolution is presented. Accuracy of the resulting induced semantic
parser can be significantly improved due to the learning of more descriptive rules than those of
each individual ILP learner. The task of learning semantic parsers in two different real world
domains was attempted and results demonstrated that such an approach is promising.

1. Introduction

Integration of natural language processing (NLP) capabilities (e.g. semantic interpretation of a
sentence) with database technologies (e.g. database management systems) has been an
interesting task to both the artificial intelligence (Al) community and the database (DB) community
since thelate 6 0 6 s a n7O0 éesa r [l 2y6 [EveR nbw, th@rd it ongoing effort in materializing
earlier research goals into practical applications [29, 12, 14, 23, 20]. A central issue is creating
natur al l anguage i nter f asodahat afuger candgadryaabdatabass in &
natural language (e.g. English) [2, 8, 9, 14, 20, 23, 24]. The success of research effort in
construci ng NLI DB®& s h arsficapt intpleatidn ifoa brdadening acgess to information.
For example, one can easily augment an NLIDB with a speech recognizer to make information
accessible to the visually impaired, or to people trying to access database information on the
phone by interactingwithafvi r t ual operatoro.
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Figure 1: Screenshots of a learned online NLIDB about Northern California restaurants
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With the advent of the i i n f o r ma where mformaji@n dvas become available on the Internet,
the need for such applications is even more pronounced as they would definitely widen the
Ainformati ont | ¢ealeicGhiée Watadaset access in natural languages makes
information more accessible to users who do not necessarily possess relevant knowledge of the
underlying database access language such as SQL. One great potential impact of such
technologies would be on the utility of the World Wide Web where information could be delivered
through NLI DB®&s i mpl e Sergenskots ofas onliveNLIDB degetoged for a
real world database is shown in Figure 1.

As natural language sentences are usually ambiguous in their interpretation, a NLIDB needs a

functional unit for semanti c processing given a se

meaning. Semantic processing has traditionally been handled by constructing a semantic parser
for a domain [19]. Semantic parsing refers to the process of mapping a natural language input
(e.g. a sentence) to some structured meaning representation that is suitable for manipulation by a
machine [1]. For example, in building a NLIDB for a commercial database, one may want to map
a user request expressed in a natural language to a corresponding query in the underlying
database access language like SQL. The target query expressed in SQL, in this case, could
serve as the fimeaning representationofor the user request.

Most existing work on computational semantics is based on predicate logic where logical
variables play an important role [35]. Five computational desiderata for (meaning)
representations are outlined in [9]: 1) verifiability, 2) unambiguous representation, 3) canonical
form, 4) inference and variables (i.e. ability to perform inference and use of variables to represent
a class of objects in the representation scheme), and 5) expressiveness. Using first-order logic
for semantic representation allows one to include all of these crucial features in his representation
language.

Traditional (a.k.a. rationalist) approach to constructing a semantic parser for a database involves
hand-crafting parsing rules based on expertise extracted from a linguist [8]. However, such an
approach is usually time-consuming and the hand-crafted parser suffers from problems with
robustness (e.g. it generalizes poorly on novel sentences) and incompleteness (e. g. t he
knowledge might be imperfect). Disenchantment with a cumbersome knowledge-engineering
approach to the task motivated the NLIDB community to employ a machine learning approach in
tackling the problem 7 with some initial success [12, 14]. Using first order logic for meaning
representation led us to employing Inductive Logic Programming (ILP) techniques [13] for the
task of inducing a semantic parser given a set of training sentences [32].

In some cases, learning semantic parsers can involve solving a sequence of induction problems
where each has its own characteristics (e.g. language biasi n t he pr obl emb 9.
Earlier ILP approach used only a single ILP learner in solving a sequence of induction problems
[32, 31]. Using multiple learning strategies has been shown to produce classifiers that are more
accurate than that produced by each individual learning method in other domains [6, 28].
Similarly, one can employ different ILP learners and exploit their complementary strengths to
produce more accurate hypotheses, and, hence, more accurate semantic parsers. The purpose
of the paper is twofold: 1) demonstrate the effectiveness of using different ILP learners on the
task of semantic parsing, and 2) study a particular aspect of integrating Al and DB technologies
by incorporating NLP capabilities into a database system.

The rest of the paper is organized as follows. A system (called CHILL) for learning semantic
parsers from a corpus of training sentences is presented first. A brief background on ILP is then
provided. An overview of two basic ILP learning methods that have been used by CHILL is then
given. Afterward, a learning approach COCKTAIL that can combine a variety of ILP learners into
one coherent learning mechanism is explained. After that, experimental results of applying the
more advanced ILP approach on two real world domains are presented with a discussion of
results. Finally, conclusions and some possible future research directions are discussed.
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2. Learning to Map Questions into Logical Queries

A brief discussion of the system CHILL is presented here to explain the working of the parser
induced by the system, and how contextual information can be learned and utilized in the parsing
operators. The online NLIDB developed for a U.S. Geography database is used as a sample
application here. Further details on the system can be found in [29]. Let us first overview how
database facts are represented for the domain, and then how semantics of database queries is
represented. The parsing operators and the parsing framework are then described. Finally,
induction of control rules for ambiguity resolution used in the course of parsing will be described.

Data Modeling for a Domain: The (syntactic) structure of a sentence is not enough to express
its meaning. For instance, the noun phrase the catch can have different meanings depending on
whether one is talking about a baseball game or a fishing expedition. To talk about different
possible readings of the phrase, one therefore has to define each specific sense of the phrase.
The representation of the context-independent meaning of a sentence is called its logical form [1].

Database items can be ambiguous when the same item is listed under more than one attribute

(i.e. a column in a relational table in the database). For exa mp | e, the ssepmi @ Mi ssi
ambiguous between being a river name or a state name. In other words, there is ambiguity

between the two different logical forms for the same word in our U.S. Geography database. The

two different senses have to be represented distinctly for an interpretation of a user query.

Databases are usually accessed by some well defined structured languages, for instance, SQL.
These languages bear certain characteristics similar to that of logic in that they require the
expression of quantification of variables (the attributes in a database) and the application of
logical operations (e.g. AND and OR in SQL) on predicates using these variables (e.g. equality of
two database attributes in SQL). Although first order logic is our chosen framework for semantic
representation for all the database objects, relations, and any other related information used in
database query formulation, it is important to point out, however, that it is not the case that the
parser used in CHILL can only work with a purely logical representation scheme. The choice of a
representation scheme is flexible. For instance, CHILL is also applied to a database containing
facts about Northern California restaurants and the semantic representation scheme resembles
more to SQL,; facts in the domain are basically represented as rows in a relational table. Some
examples of the semantic representation of database items of the U.S. Geography database are
shown in Table 1.

Database Category Database Facts
City cityid(austin,tx)
State stateid(mississippi)
River riverid(mississippi)
Place pl aceid(6death

Table 1: Sample of database facts and categories and their representation in the U.S. Geography database

Semantic Representation and the Query Language: Due to the need for capturing semantics
of syntactic categories like the adjectives, the query language of CHILL is a special case of
second order logic (such that predicates with variables that can be instantiated to predicates are
not used for the sake of computational efficiency and tractability) despite that the semantic
representation framework itself is basically in first order logic. The most basic constructs of the
semantic representation language are the terms used for describing objects in the database and
the basic relations between them. Some examples of objects of interest in the domain are states,
cities, rivers, and places. Semantic categories are given to these objects. For instance,
stateid(texas) represents the database item texas as an object of the database category
state . Of course, a database item can be a member of multiple categories.



Database objects do bear relationships to each other, or can be related to other objects of
interest to a user who is requesting information about them. In fact, a very large part of accessing
database information is to sort through database tuples that satisfy the constraints imposed by
relationships of database objects in a user query. Fori nst anc e, i n aWhatssehe
capital o f T e xha dafd @f interest is a city that bears a certain relationship to a state called
Texas, or more precisely its capital. The capital/2 relation (essentially a predicate in first
order logic) is, therefore, defined to handle questions that require them. More of these relations
of possible interest to the domain are shown in Table 2.

Predicates Descriptions
city(C) Cis acity
capital(S,C) Cis the capital of state S
density(S,D) Dis the population density of state S
loc(X,Y) Xis located in Y
len(R,L) L is the length of river R
next_to(S1,S2) state S1 borders state S2
traverse(R,S) river R traverses state S

Table 2: Sample of predicates of interest in a database access

Meta-Predicates Descriptions

answer(A,Goal) A is the answer to retrieve in Goal
largest(X, Goal) X is the largest object satisfying Goal
smallest(X, Goal) similar to largest

highest(X,Goal) X is the highest place satisfying Goal

lowest(X,Goal) similar to highest

longest(X,Goal) X'is the longest river satisfying Goal
shortest(X,Goal) similar to longest

count(X,Goal,N) N is the total number of X satisfying Goal

most(X,C,Goal) X satisfies Goal and maximizes C
fewest(X,C,Goal) similar to most

Table 3: Sample of meta-predicates used in database queries

query

Object modifiersin  a wuser qguery ¢ha @fgestas t ff Wh ant Giadd itofbe r n i

represented as well. The object of interest X which belongs to the database category city has
to be the largest one in California and it can be represented as largest(X, (city(X),

loc(X, stateid(california)))). The meaning of an object modifier (e.g. largest)
depends on the type (e.g. city) of its argument. In this case, it means the city X in California that
has the largest population (in the number of citizens). Allowing predicates to describe other
predicates would be a natural extension to the first order framework in handling these kinds of
cases. These -fmethcatesd have t he prthepagunents takesaa
conjunction of one or more predicates. Finally, to explicitly instantiate a variable used in a certain
predicate to a particular constant in the database (e.g. stateid(texas) ), one can make use of
a predicate like const(X, Y) (i.e. the object X is equal to the object Y). The use of const/2
will be further explained in the following section where the working of the parser is discussed. A
list of meta-predicates is shown in Table 3. Some sample database queries for the U.S.
Geography domain are shown in Table 4. As shown in Table 4, a training example is really an
ordered pair i the question paired with its corresponding semantic representation in logic. A set
of training examples constitutes a training dataset for CHILL to learn a semantic parser. Of
course, the accuracy of the learned parser improves as more training examples are provided to
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CHILL 7 a consequence of PAC learning [10]. More samples of training data for the U.S.
Geography domain are shown in the appendix A.

U.S. Geography
What is the capital of the state with the largest population?
answer(C, (capital(S,C), largest(P, (state(S), population(S,P))))).

What state has the most rivers running through it?
answer(S, most(S, R, (state(S), river(R), traverse(R,S)))).

How many people live in lowa?
answer(P, (population(S,P), const(S,stateid(iowa))).

Table 4: Sample of Geography questions in different domains

Parsing Actions: Our semantic parser employs a shift-reduce parsing architecture [33] that
maintains a stack of previously built semantic constituents and a buffer of remaining words in the
input (i.e. the input buffer). The parsing actions are automatically generated from templates given
the training data. The templates are INTRODUCE, COREF_VARS, DROP_CONJ, LIFT_CONJ,
and SHIFT. INTRODUCE pushes a predicate (e.g. len(R, L) ) onto the stack upon seeing a
word (or a noun phrase) that appears in the input buffer and the predicate to which that word (or
noun phrase) is mapped in the lexicon. COREF_VARS binds two arguments of two different
predicates on the stack. DROP_CONJ (or LIFT_CONJ) takes a predicate on the stack and puts it
into one of the arguments of a meta-predicate on the stack. SHIFT simply pushes a word from
the input buffer onto the stack. The parsing actions are tried in exactly this order. The parser also
requires a lexicon that maps phrases in the input buffer to specific predicates (i.e. logical forms).
This lexicon can also be learned automatically from the training data [24].

L estgb through a simple trace of parsing the request i Wh a t i s the c aAdexitoa |

here (06_06 is a Ideaogatyes ke whaabtl®® ) may be mapped
lexicon if necessary. The parser begins with an initial stack and a buffer holding the input
sentence. Each predicate on the parse stack has an attached buffer to hold the context in which
it was introduced; words from the input sentence are shifted onto this buffer during parsing. The
initial parse state is shown below:

Parse Stack: [answer( NI
Input Buffer: [what,is,the,capital,of texas,?]

Since the first three words in the input buffer do not map to any predicates, three SHIFT actions
are performed. The next is an | NTRODUCE as Htbephead of

Parse Stack : [capital(_ ):[], answer(_,_ ):[the,is,what]]
Input Buffer: [capital,of,texas,?]

The next action is a COREF_VARS that binds the argument of capital(_) with the first argument
of answer(_,_).

Parse S tack: [capital(C):[], answer(C,_ ):[the,is,what]]
Input Buffer: [capital,of,texas,?]

The next sequence of steps is a SHIFT followed by an INTRODUCE:

Parse Stack: [loc(_ )0 capital(C):[capital], answer(C,_ ):[the,is,what]]
Input Buffer: [of texas,?]
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The next sequence of steps is a COREF_VARS, a SHIFT, an INTRODUCE, and then a
COREF_VARS:

Parse Stack: [const(S,stateid (texas)):[], loc(C,S):[of],
capital(C):[capita I, answer(C,_ ):[the,is,what]]
Input Buffer: [texas,?]

The last four steps are three DROP_CONJ 6s f ol | owe d, whigh ptoduee th8 fihBlIF T 6 s
parse state. The logical query can be extracted from the stack at this point.

Parse Stack: [answer(C , (cap ital(C),loc(C,S),
const(S,stateid(texas)))):[the,is,what]]
Input Buffer: []

Learning Control Rules: An initial overly general parser can be easily induced from a given set
of training data just by inspecting the sequence of parsing actions necessarily involved in parsing
the sentences in the corpus; all parsing actions used in the process constitute the initial parser.
The initial parser has no constraints on when to apply a parsing action, and is therefore overly
general and generates numerous spurious parses. Positive and negative examples are collected
for each action by parsing each training example and recording the parse states encountered.
Parse states to which an action should be applied (i.e. the action leads to building the correct
semantic representation) are positive examples for that action. Otherwise, a parse state is a
negative example for an action if it is a positive example for another action below the current one
in the ordered list of actions. Control conditions which decide the correct action for a given parse
state are learned for each action from these positive and negative examples using an ILP learner.
Examples of disambiguation rules learned for some parsing actions are provided and explained in
appendix A.

3. Background on Inductive Logic Programming

Inductive Logic Programming (ILP) is a subfield in Al which concerns learning a first order Horn
theory that explains a given set of training data (i.e. observations) and also generalizes to novel
cases; it is at the intersection of machine learning and logic programming. The problem is defined
as follows. Given a set of examples E = E* U E’ consisting of positive and negative examples of
a target concept, and background knowledge B, find a hypothesis H in L (the language of
hypotheses) such that the following conditions hold [18]. This problem setting is also called the
normal semantics of ILP:

e Prior Satisfiability: B does not entail any negative examples in E". If one of the negative
examples can be proven true from the background knowledge, then any hypothesis
induced will cover at least a negative example. Clearly, one cannot find a consistent
hypothesis.

e Prior Necessity: B does not already entail the positive examples in E".

e Posterior Satisfiability: B and H together do not entail any negative example in E.

e Posterior Sufficiency: B and H together entail all positive examples in E”.

In other words, given a set of background knowledge that is consistent with the training examples
(but is insufficient to explain the observations); one wants to learn a hypothesis that is both
complete and consistent with respect to the training data. In practice, one learns a sufficiently
accurate hypothesis instead (one that covers a significantly large subset of positive examples in
E’ but a trivial amount of negative examples). Due to the use of more expressive first-order
formalism, ILP techniques are proven to be more effective in tackling problems that require
learning relational knowledge than traditional propositional approaches [21] despite that there
exists emerging direction in using propositionalization approaches in ILP [34] for improving
efficiency in learning. Readers should refer to [13] for more details.



There are two major approaches in the design of ILP learning algorithms: top-down and bottom-
up. Both approaches can be viewed more generally as a kind of set covering algorithm. They
differ in the way a clause is constructed. In a top-down approach, one builds a clause in a
general to specific order where the search usually starts with the most general clause and it
successively specializes the clause with background predicates according to some search
heuristic. A representative example of this approach would be the FOIL algorithm [21, 4]. In a
bottom-up approach, the search begins at the other end of the space where it starts with the most
specific hypothesis, the set of examples, and constructs clauses in a specific to general order by
generalizing the more specific clauses. A representative example of this approach would be the
GOLEM algorithm [17]. A typical ILP algorithm can be summarized in the following steps:

Begin with the empty theory T =v
Repeat
Learn a sufficiently accurate clause C from training examples E given
background knowledge B
AddCtoT
Ea E1 D where D is the set of positive examples covered by the clause C
Until E=v
Return T

Therefore, a typical ILP algorithm can be viewed as a loop in which a certain clause constructor is
embedded. A clause constructor is formally defined here as a function f: T x B x E A S such that
given the current building theory T, a set of training examples E, and the set of background
knowledge B, it produces a set of clauses S. For example, to construct a clause C using FOIL
[21] given an existing partial theory T, (initially empty) and a set of training examples E'UEFE
(positive and negative), one uses all the positive examples not covered by T, to learn a single
clause C. Therefore, froi(Tp, B, E* U E) = froi(Tp, B, {€ OyE" | T, does not cover e} U E’) = {C}.
Notice that fr,; always produces a singleton set.

Since different constructors create clauses of different characteristics, an ILP learner using clause

constructors from different ILP learners could exploit a variety of inductive biases to produce

more expressive hypotheses. Details of such an advanced ILP approach and its potential benefit

on learning semantic parsers will be presented in Sections 5 and 6 respectively. Let 6 s begin by
reviewing two existing ILP learners.

4. Two ILP Learners Employed in CHILL

An Overview of CHILLIN: CHILLIN [30] was the first ILP algorithm that has been applied to the
task of learning control rules for a semantic parser in a system called CHILL [32]. It has a
compaction outer loop that builds a more general hypothesis with each iteration. In each
iteration, a clause is built by finding the least general generalization (LGG) under &-subsumption
of a random pair of clauses in the building definition DEF and is specialized by adding literals to
its body like FOIL. The clause with the most compaction (i.e. the most number of clauses
subsumed) is returned. The compaction loop is as follows:

DEF & {e& true|e OyE"}
Repeat
PAIRS & a sampling of pairs of clauses from DEF
GS & {G|G=Find_A_Clause(C;, C;, DEF, E*, E') for all (C;, C;) Oy PAIRS}
G a the clause in GS yielding most compaction
DEFa ( DEF 17 (cl auses emp@)yKi{€ally subsumed by
Until no-further-compaction
Return DEF

Once a clause is found, it is added to the current theory DEF. Any other clause empirically
subsumed by it will be removed. A clause C empirically subsumes D if all (finitely many) positive



examples covered by D are covered by C given the same set of background knowledge. If a
clause cannot be refined using the given set of background knowledge, it will attempt to invent a
predicate using a method similar to CHAMP [11]. No w, | e t thesclaubeecoristruetor fep
for CHILLIN. (Strictly speaking, fcqiiun is not a function because of algorithmic randomness. To
make it a function, one has to include an additional argument specifying the state of the system.
For simplicity, it is assumed to behave like a function.) Given a current partial theory T, (initially
empty), background knowledge B, and E* U E” as inputs, fouin takes T, U {e Oy E'| T, does not
cover e} to form the initial DEF. A clause G with the best coverage is then learned by going
through the compaction loop for one step. So, ferun(Tp, B, E' U E) = {G}. However, we are
going to allow fcn v tO return the best n clauses in GS by coverage and use this more relaxed
version of fcy iy instead in our algorithm. This allows the theory evaluation metric of COCKTAIL
(in Section 5) to select the best clause from a pool of candidate clauses.

An Overview of mFOIL: Like FOIL, mFOIL is a top-down ILP algorithm. However, it uses a
more direct accuracy estimate, the m-estimate [5], to measure the expected accuracy of a clause
that is defined as:

S+mxp
n+m

accuracy(C) =

where C is a clause, s is the number of positive examples covered by the clause, n is the total
number of examples covered, pis the prior probability of the class 3; and m is a parameter.

MFOIL was designed with handling imperfect data in mind. It uses a pre-pruning algorithm which
checks if a refinement of a clause can be possibly significant. If so, it is retained in the search.
The significance test is based on the likelihood ratio statistic. Suppose a clause covers n
examples and s of which are positive examples, the value of the statistic is calculated as follows:

(1-9)
(1-p)

S
where p is the prior probability of the class 3, and q =— . This is distributed approximately as X
n

LikelihoodRatio = 2n(q Iog% +(1-q)log )

with 1 degree of freedom. If the estimated value of a clause is above a particular threshold, it is
considered significant. A clause, therefore, cannot be possibly significant if the upper bound -2s
log pis already less than the threshold and will not be further refined. However, since some of
the induction problems in the sequence of problems can have very skewed amounts of training
examples (e.g. some have only one positive example and a few negative examples), the test on
possibly significant refinements will not be employed (as a perfectly correct clause in those cases
would be considered insignificant). Instead, one can rely on the theory evaluation metric of
COCKTAIL to select clauses that produce compression.

The search starts with the most general clause. Literals are added successively to the body of a
clause. A beam of promising clauses are maintained to overcome local minima. The search
stops when no clauses in the beam can be significantly refined and the most significant one is
returned. So, given the current building theory T,, background knowledge B, training examples
E" U E, furow(Tp, B, E" U E) = {C} where C is the most significant clause found in the search
beam. Again, one can use a modified version of f,ro that returns the entire beam of promising
clauses when none of them can be significantly refined so that the theory evaluation metric of
COCKTAIL can be used to select the clause that optimizes the metric if it is added to the building
theory.



5. Using Multiple ILP Learners in COCKTAIL

The use of multi-strategy learning to exploit diversity in hypothesis space and search strategy is
not novel [7]. However, our focus here is applying a similar idea specifically in ILP where different
learning strategies are integrated in a unifying hypothesis evaluation framework.

A set of clause constructors (like that in FOIL or GOLEM) have to be chosen in advance. The
decision of what constitutes a sufficiently rich set of constructors depends on the application one
needs to build. Although an arbitrary number of clause constructors is permitted (in principle), in
practice one should use only a handful of useful constructors to reduce the complexity of the
search as much as possible. The clause constructors of mFOIL and CHILLIN are chosen for our
task primarily because of their inherent differences in language bias; the former learns function
free Horn clauses while the latter learns clauses with function terms.

The COCKTAIL Algorithm: The search of the hypothesis space starts with the empty theory. At
each step, a set of potential clauses is produced by collecting all the clauses constructed using
the different clause constructors available. Each clause found is then used to compact the
current building theory to produce a set of new theories; existing clauses in the theory that are
empirically subsumed by the new clause are removed. The best one is then chosen according to
the given theory evaluation metric and the search stops when the metric score does not improve.
The algorithm is outlined as follows:

Procedure COCKTAIL

Input:

E’, E': the positive and negative examples respectively

F: a set of clause constructors

B: a set of sets of background knowledge for each clause constructor in F
M: the metric for evaluating a theory

Output:

T: the learned theory

Ta {}
Repeat i
Clauses & Ufic F, B, €Bf(T,B,E"UE")
Choose C Oy Clauses such that M(T T {clauses empirically subsumed by C} K {C}, E'UE')
is the best
Ta TT1 {clauses empirically subsumed by C} K {C}
until M(T, E* U E') does not improve
Return T
End Procedure

The Hypothesis Evaluation Metric: As t id e adélation to an induction problem is the
hypothesis that has the minimum size and the most predictive power, some form of bias leading
the search to discover such hypotheses would be desirable. It has been formulated in the
minimum description length (MDL) principle [22] that the most probable hypothesis H given the
evidence (training data) D = E* U E (positive and negative examples) is the one that minimizes
the complexity of H given D which is defined as

K(H|D)=K(H)+K(D|H)-K(D)+c

where K(|| ) is the Kolmogorov complexity function and c is a constant. This is also called the
ideal form of the MDL principle. In practice, one would instead find an H of some set of
hypotheses that minimizes L(H) + L(D | H) where L(x) = 1 J Ry(g) and interpret L(x) as the
corresponding Shannon-Fano (or Huffman) codeword length of x. However, if one is concerned
with just the ordering of hypotheses but not coding or decoding them, it seems reasonable to use
a metric that gives a rough estimate instead of computing the complexity directly using the
encoding itself as it would be computationally more efficient.






