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Abstract

A generative probability model for unification-
based grammars is presented in which rule prob-
abilities depend on the feature structure of the
expanded constituent. The presented model is
the first model which requires no normalization
and allows the application of dynamic program-
ming algorithms for disambiguation (Viterbi)
and training (Inside-Outside). Another advan-
tage is the small number of parameters.

1 Introduction

A number of probability models for unification-
based grammar (UG) formalisms have been pro-
posed in the past. Some models use PCFG ap-
proximations (Eisele, 1994; Brew, 1995; Kiefer
et al., 2002), others are based on Random Fields
(Abney, 1997) or the closely related log-linear
models (Johnson et al., 1999; Riezler et al.,
2000; Stefan Riezler and Johnson, 2002). All
these models require a normalization of the
parse probabilities in order to obtain a distri-
bution over all parses which sums to 1. How-
ever, the computation of the normalization con-
stant seems only tractable for conditional mod-
els (Johnson et al., 1999) which define the prob-
ability of parses given their yields. Such models
are useful for syntactic disambiguation, but not
e.g. for language modeling.

This paper presents a generative probability
model which models a stochastic generator for
UGs. The probability of a parse tree is decom-
posed into a product of rule probabilities which
depend on the previously instantiated features
of the expanded constituents. Parse probabili-
ties will sum to 1 unless dead end derivations ex-
ist. So, normalization is not required. The well-
known algorithms for PCFGs (Viterbi, Inside-
Outside) are applicable which facilitates efficient
implementations of the model.

2 Background
2.1 PCFG Approximation Models

PCFG approximation approaches (Eisele, 1994;
Brew, 1995; Kiefer et al., 2002) generalize UGs
to context-free grammars which generate a su-
perset of the parses of the UG. In the simplest
case (Eisele, 1994), the UG rules are generalized
by dropping the feature constraints. The CFG
is turned into a PCFG and trained (e.g. on a
treebank). The trained PCFG is used to assign
probabilities to the analyses of the UG and to
disambiguate between them.

The PCFG defines a probability distribution
over the CFG parses. Since the UG generates
fewer parses than the CFG, the probabilities of
the UG parses will sum to less than 1. In order
to get a probability distribution over UG parses,
the parse probabilities are normalized by divid-
ing by the sum of the probabilities of all UG
parses. However, this sum is not computable for
UGs generating an infinite number of parses.

The PCFG approximation approach faces an-
other problem. Estimation of rule probabilities
with relative frequency estimates is not a con-
sistent training method for renormalized PCFG
approximation models as the following example!
shows. Consider the grammar? in figure 1 whose
context-free backbone is trained on the treebank
in figure 2. The relative frequency estimates of
the probabilities for rules 1 through 5 are 1, 2/3,
1/3, 2/3 and 1/3, respectively. The probability
assigned to the first parse tree in the treebank is
1%2/3%2/3 =4/9 and the probability assigned
to the second parse tree is 1x1/3%1/3 = 1/9. So,

! A similar example was presented in (Abney, 1997).

2This grammar is written in the YAP formalism
(Schmid, 2000). On the right-hand side of feature equa-
tions, capitalized names are variables and lower-case
names are values. The head of a rule is marked with
a backquote.



the first parse tree is four times more likely than
the second according to the probability model,
although its frequency in the treebank is only
twice as high. If parse probabilities are normal-

NP{} -> DT{Number=N;} ‘N{Number=N;}; (1)

"this" : DT {Number=sg;}; (2)
"these" : DT {Number=pl;}; (3)
"man" : N {Number=sg;}; (4)
"men" : N {Number=pl;}; (5)

Figure 1: a simple constraint grammar

ized, the estimated parameters are not even op-
timal: The sum of the probabilities of all valid
parses in the above example is 5/9. The renor-
malized probabilities of the two valid parses are
therefore 1/5 and 4/5 and the probability of the
training corpus is 4/5*4/5*%1/5=16/125=0.128.
If we set e.g. the probability of rules 2 and 4 to
0.6 and the probability of rules 3 and 5 to 0.4,
the normalized probabilities of the two parses
are approx. 0.69 and 0.31 and the likelihood of
the treebank is 0.147, which is higher than the
likelihood with relative frequency estimates.
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this man these men this man

Figure 2: parse trees labeled with rules numbers

2.2 Log-Linear Models

The parameter estimation problem can be
solved by turning the PCFG into a log-linear
model. The features of the log-linear model are
the grammar rules and the feature weights corre-
spond to the logs of the rule probabilities. Equa-
tion 1 shows the relation between the models3.

1
P(T) = EHp('r)f(r’T) (PCFQ)
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3Z is the normalization constant and f(r,T) is the
frequency of rule r in parse T'.

Log-linear models are more general, however.
They allow other properties than grammar rules
and impose no restrictions on the weights.
(Johnson et al., 1999) presented a computation-
ally tractable gradient ascent training algorithm
which maximizes the conditional probability of a
parse given its yield. They also proposed a sim-
ulated annealing training algorithm which max-
imizes correct disambiguation rather than con-
ditional probabilities.

Log-Linear models face an efficiency problem
if the features are not locally defined. Gram-
mar rules are local features, whereas features
like right-branching structure or parallel
structure and some other features used with
log-linear models are not (see e.g. (Riezler et al.,
2000)). Non-local features prevent the applica-
tion of efficient dynamic programming methods
for the computation of the most probable parses.
Enumerating all analyses and scoring them in-
dividually, on the other hand, has a worst-case
complexity which is exponential in the size of
the parse forest and is therefore impractical
for broad-coverage parsing of unrestricted text
where sentences often have thousands of differ-
ent analyses.

3 A Generative Probability Model

This section describes a new approach to proba-
bilistic unification-based parsing which directly
models a stochastic generator for UGs. The rule
probabilities depend on the feature structure of
the expanded constituent.

3.1 Generation with UGs

The generation of a parse tree consists of a se-
quence of rule applications. Each rule depends
on the preceding rules. If e.g. the phrase this
man is produced with the grammar given in
fig. 1, the generator starts with an NP node and
expands it to DT N using rule 1. According to
the feature constraints, the Number features of
the two daughter nodes are unified. DT is now
expanded to this and the value of the Number
feature becomes sg. Simultaneously, the Number
feature of the N node gets the same value. In the
next step, the generator can only choose a sin-
gular noun to expand the N node. So, the last
action of the generator depends on the value of
the Number feature. By assigning probabilities
to the possible actions (i.e. grammar rules) of
the generator, a probability model for parses is
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