Evaluating Context Unification for
Semantic Underspecification.
Extended Abstract

Abstract. Context unification has been proposed as a powerful formalism for the uniform
and underspecified treatment of scope ambiguities and parallelism. The readings of a sentence
are represented as the minimal solutions of tree constraints; eventually, all these solutions are
enumerated by a unification algorithm. Complete unification algorithms have an immense
time complexity and overgenerate strongly, which makes them useless for the linguistic appli-
cation. We develop an algorithm for context unification that alleviates these computational
problems; it is incomplete for full context unification, but finds all linguistically relevant
solutions and essentially solves the overgeneration problem. The new algorithm has been
implemented and used to evaluate context unification as a tool for semantic analysis.

1 Introduction

Among the most important issues of current research in natural-language semantics are the
treatment of (quantifier) scope ambiguities and of parallelism, e.g. of VP ellipses. Recently,
these phenomena have been investigated within the framework of underspecification [16]. The
fundamental idea of this paradigm is to delay the enumeration of readings of an ambiguous
sentence for as long as possible to avoid having to deal with a potentially exponential number
of readings.

There are numerous accounts, underspecified and non-underspecified, that correctly treat one
of these classes alone. An approach that covers both classes must consider their interaction,
for example in “Hirschbiihler sentences” [4] like that in example (1).

(1) Every researcher read some books. Every student did, too.

In this example, the first sentence contains a scope ambiguity of two quantifiers. The structure
of the second sentence is parallel to that of the first; in particular, it contains a similar scope
ambiguity. Although both sentences allow both scope relations, the parallelism also enforces
that their scope relations must be the same. Hence, the example has exactly two readings, one
for each scope relation in the source sentence. Of the formalisms that capture this interaction
(e.g. [14]), only a few [1, 9] have managed to deal with them in terms of a single mechanism.
The approach in [9] allows a particularly transparent treatment of these phenomena. Follow-
ing [12,1] and in contrast to [14], it distinguishes between the actual semantic representation
of a sentence (the object-level term) and its (meta-level) description; only the description
is derived from the syntax. Object-level terms, typically lambda terms, are considered as
trees and are described by so-called context constraints, second-order formulae talking about
trees. The different readings of a sentence are represented by the minimal solutions of such
a constraint. In the spirit of underspecification, the constraints are kept unresolved for as
long as possible. Eventually, the solutions will be enumerated by a unification algorithm;
this process is called context unification.

In this paper, we will evaluate the context unification approach as a formalism for underspec-
ified semantic analysis. Such an evaluation must have two aspects. For one, it must consider
if the formalism yields the linguistically correct results; in particular, we require that the set
of minimal solutions of a context constraint is the same as the set of readings of the sentence



it represents. On the other hand, it must consider computational adequacy. This means that
the unification algorithm we use to enumerate solutions should find exactly the minimal
solutions, and find them efficiently. This is a stronger condition than mere soundness and
completeness of the algorithm, which only relate an algorithm to the set of all solutions. Es-
pecially for this second aspect, an implementation of the considered algorithm is necessary.
In turn, this makes the examination of the first aspect possible for larger examples.

The investigation of the computational aspects of context unification is an active field of
research in theoretical computer science that has spawned several sound and complete al-
gorithms for context unification and various related problems [7, 13, 8]. Unfortunately, each
of these algorithms is either incredibly complex, is not complete for the kind of constraints
that occur in semantic analysis, has an inacceptable runtime, or enumerates large numbers
of non-minimal solutions. This means that we have to come up with an algorithm of our own
that is better suited for our application before we can evaluate context unification fairly.

In the next section, we present the formal foundations for context unification and how it can
be applied in semantics. In Section 3, we describe how a unification algorithm that allows
for a reasonably efficient implementation and is linguistically adequate can be obtained. In
Section 4, we apply the implementation to some examples and evaluate the results. Section
5 summarizes and concludes the paper.

2 Context unification and its application to linguistics

The language of context unification contains first-order variables X, a given set of construc-
tors f, and context variables C. A context constraint is a conjunction of equations between
terms ¢ with the following formal syntax:

to=X | flte,... ta) | C(1).

Semantically, terms are interpreted as ground terms, i.e. variable-free terms. We exploit the
correspondence between ground terms and finite trees; for example, the ground term f(a,b)
is equivalent to a tree whose root is labeled with the binary constructor f and that has
two subtrees, each of which consists of a single node labeled with the nullary constructors
a and b, respectively. Context variables C' denote functions from trees to trees that insert
their arguments into fixed contests, trees with exactly one hole. Context unification is the
problem of solving context constraints. A solution of a context constraint is a mapping of the
variables to trees and context functions, respectively. For example, the context constraint

f(a,b) = C(a)

has exactly one solution: C' must be mapped to the context function AX.f(X,b).

What makes context unification interesting for natural-language semantics is that we can
use it to describe lambda terms. More precisely, we represent lambda terms as first-order
terms with special constructors. Application #1(t2) is written as t1Qt»; @ is a new binary
tree constructor that is pronounced “apply”. Lambda abstraction Az.t is represented by the
tree lam (¢); occurrences of the abstracted variable x are replaced by the nullary constructor
varg.

By way of example, consider Example (1) from above. The semantics X; and X; of the
source and target sentence are described by the context constraint (3).!

! The constraint (3) has an unwanted third minimal solution. In [9], it is excluded by modifying the
constraint (cf. the transition from Example 6 to Example 6’ in that paper). Since the extra solution is



(2) Every researcher read some books. Every student did, too.
(3) X, = Ci(every@res@Qlam, (Cz(read@ var, Qvar,)))
X, = C3(some@Qbook@lam, (C4(read@ var, Qvar,)))
X, = C(everyQres) X; = C(everyQstudent)
(4) X, = every@Qres@lam, (some@Qbook@lam,(read@ var, @Q var,))
X: = everyQstudent@lam, (some@book@lam, (read@ var, @Q var,))
(5) X, = some@book@ lam, (every@resQlam,(read@ var, @Q var,))
X: = some@Qbook@ lamy (every@Qstudent@lam,(read@ var, @Q var,))

The first three equations of (3) describe the scope ambiguity in the source sentence. They
have exactly two minimal solutions, shown in the first lines of the solutions (4) and (5). In
one of these solutions, every@res has scope over some@book; in the other, the relation is
the other way round. These are just the two readings of the source sentence.

The lower two equations of (3) express that the terms X, and X; are almost the same, but X;
has every@student in one location where X has every@res. In particular, these constraints
enforce that however the scope relations between the quantifiers in the source sentence are
chosen, those in the target sentence will be the same. The values for X; can be found in the
second lines of the solutions.

3 An algorithm for context unification

Several algorithms for context unification and various related problems have been proposed.
Unfortunately, each of them has a problem that restricts its usefulness for our purposes. An
algorithm that is complete for the entire language [8, Appendix B] has an enormous com-
plexity; generally, the decidability of full context unification is an open problem. Algorithms
for sublanguages either do not fully cover our domain of application [7] or are simply too
complex [13, 6].

The algorithm we will present here is based on the one from [8, Appendix B] because it is
particularly simple. It is a nondeterministic system of rewriting rules, i.e., in some situations,
there is a choice between different applicable rules. A deterministic implementation has to
make these choices explicitly. The different sequences of choices span a search tree whose
exploration can be easily coded in the concurrent constraint programming language Oz [15,
11] due to its powerful searching primitives.

As outlined above, the original algorithm has two essential drawbacks. Even for a unification
problem as simple as (3), the search space has tens of thousands of nodes and takes very
long to explore. Even worse, the algorithm overgenerates strongly: it enumerates thousands
of solutions, most of which are linguistically unwanted because they are non-minimal.

To make the algorithm more tractable and take care of the overgeneration problem, we
change it in two essential directions.

1. To reduce the size of the search space, we remove the two rules that introduce the most
nondeterminism from the algorithm.

2. To exclude the non-minimal solutions, we add simple types to the object language and
require all produced terms to be well-typed.

The result is shown in Figure 1. We take over the notation of [8]; application of a rule
A — B | C replaces the atomic constraint A by B, binding variables as described in C. The

ruled out by the algorithm we present in the next section and the correct constraint is more difficult to
understand, we ignore this problem here. This looks like a wild hack, but is soundly justified and shows
how well our algorithm matches the linguistic intuition.



(Subst) X=t —true f X gV(t) | X =t

(Decomp) a(ty, ... tn)=a(ty, ... tn) — Ni_; , ti=t; | Id
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(Imit)

t=C(t') — t=t' |C — I\X.X
(L(tl7 veey tn):C’(t’) — ti:C”(t’) | Cw— /\X.a(tl, tica, CH(AX)7 tit1, . tn)

Fig. 1. The modified algorithm for context unification.

algorithm terminates if the constraint has been reduced to true. The rules are, for the most
part, adaptations of the standard rules of the world of higher-order unification; for example,
Decomposition breaks down the unification of two terms with the same (rigid) head to those
of their subterms.

Especially the first change that we made to the algorithm deserves some discussion. The
most problematic rules are the two Flex/Flex rules that are applicable in situations where
the heads of the terms on both sides of an equation are context variables. For now, it must
suffice to say that the removal of the Flex/Flex 1 rule has no effect on the completeness of
the algorithm; applications of this rule can essentially be replaced by sequences of Projec-
tion and Imitation rules. The removal of Flex/Flex 2 renders the algorithm incomplete for
full context unification. However, [10] argues that this rule is never needed for the class of
context constraints occurring in semantic analysis. This means that all linguistically relevant
solutions are still found.

The other change is more straightforward; typing lambda terms has a long tradition in
linguistics. The typing system we have to use here is slightly more sophisticated to account
for the representation of lambda terms via special constructors: we have two varieties of types,
T-types that describe the types of terms and k-types that describe, for each constructor f,
how the 7-type of the term f(¢1,...,t») is related to those of its subterms ¢1,... ,t,. These
types can be of the following forms:

Tu=el|t|n =
Ku= (T1,... ,Tn) ~> T.

4 Results

These two changes make the algorithm computationally much more pleasant. The size of
the search space is reduced drastically, and almost all unwanted solutions are cut away. This
makes a comprehensive evaluation of the linguistic and computational aspects of context
unification in semantic analysis possible. This is facilitated even further because our imple-
mentation has been integrated with an HPSG front-end that produces context constraints
from natural-language input [2]. It turns out that there is both good and bad news.

On one hand, context unification correctly captures scope ambiguities, ellipses, and their
interaction. The algorithm from the previous section enumerates exactly the minimal solu-
tions for almost all examples that we have tested it on and has an acceptable performance
for small examples. Consider our running example (6).

(6) Every researcher read some books. Every student did, too.

If we feed its formalization, (3), to the implemented algorithm, the program explores a search
space of 168 nodes and finds exactly the two solutions (4) and (5). This takes less than two



seconds. The implementation also correctly handles more complex scope ambiguities such as
the well-known benchmark problem (7) from [5]:

(7) Every researcher of a company saw most samples.

This example has three quantifiers, yielding six theoretically possible scope relations. How-
ever, only five of these are linguistically wanted. Our implementation finds exactly these five
readings. It explores a search space of 6.500 nodes, which takes less than half a minute.

On the other hand, by making possible the examination of larger problems, the implementa-
tion shows that the complexity of context unification makes even restricted algorithms very
sensitive towards the size of the problem. Besides, some more fundamental problems remain,
such as the correct treatment of alpha conversion. A promising approach, whose development
has been stimulated by our results, is CLLS [3], which models lambda binding by explicit
binding relations between tree nodes instead of via variable names. CLLS should also allow
for more efficient algorithms.

5 Conclusion

In this paper, we have evaluated the adequacy of context unification as a formalism for
the underspecified treatment of scope ambiguities and parallelism. To this end, we had to
introduce a new algorithm for context unification that is incomplete for the full problem, but
finds all linguistically relevant solutions. It is much better suited for the use in linguistics
because it essentially solves the overgeneration problem that previous algorithms had and
has acceptable computational properties. With this unification algorithm, context unification
is an elegant formalism that offers a broad coverage of semantic phenomena and can be made
to run efficiently for small examples, but is very sensitive to the problem size.
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