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Abstract
We propose a new approach of integrating a precision grammar
into speech recognition. The approach is based on a novel ro-
bust parsing technique and discriminative reranking. By rerank-
ing 100-best output of the LIMSI German broadcast news tran-
scription system we achieved a significant reduction of the word
error rate by 9.6% relative. To our knowledge, this is the first
significant improvement for a real-world broad-domain speech
recognition task due to a precision grammar.
Index Terms: speech recognition, precision grammar

1. Introduction
It has been recognized for a long time that speech recognition
ought to benefit from sophisticated linguistic information [1].
In fact, language models based on statistical parsers have been
shown to significantly improve speech recognition [2, 3, 4].
However, precision grammars such as head-driven phrase struc-
ture grammars [5] have hardly been utilized for this purpose.
The primary role of precision grammars in the context of speech
recognition is usually that of providing a basis for speech un-
derstanding [6, 7], and the respective systems are typically re-
stricted to rather narrow domains.

This may be surprising considering that precision gram-
mars are designed to accurately distinguish between correct and
incorrect sentences. Unfortunately, precision grammars come
with certain drawbacks. Parsing with precision grammars is
computationally expensive and requires very detailed lexical in-
formation. A more fundamental issue is that of robustness. The
utterances to be processed may not be grammatically correct,
and even if they were, we would still face the problem that the
coverage of precision grammars is rather low due to the large
number of rare grammatical constructions.

In this study, we are interested in how and how much speech
recognition can benefit from a precision grammar, leaving aside
the issues of efficiency and scalability. We propose a robust ap-
proach of integrating a precision grammar into a speech recog-
nition framework and report a significant reduction of the word
error rate for a broad-domain task, namely broadcast news tran-
scription. In contrast to our earlier work [8] we used a discrimi-
native rather than a generative approach and we did not simplify
the recognition task in any way. We also discuss some of the
properties of our approach.

2. Approach
2.1. Architecture Overview

The overall architecture of our approach is shown in Figure 1.
First, a speech signal is processed by a baseline speech recog-
nizer that outputs a word lattice. As the speech signal in general

covers more than one sentence, a segmentation component is
used to guess the sentence boundaries. The word lattice is now
segmented according to these sentence boundaries. This results
in a number of sub-lattices, each corresponding to a sentence-
like unit.

After this preprocessing step, each sub-lattice is processed
as follows. First, the N best hypotheses are extracted together
with their respective recognition scores or likelihoods. Next,
each hypothesis is parsed exhaustively. The potential ambigu-
ities are not resolved at this stage. Instead, all possible deriva-
tions are stored in a packed parse forest representation, which
is disambiguated in the subsequent step. The result of disam-
biguation is a single parse tree for each hypothesis. Finally, the
N hypotheses are compared to each other on the basis of their
recognition scores as well as their respective parse trees. After
this discriminative reranking procedure, the most likely hypoth-
esis is chosen as the actual recognition result.

We have chosen this particular architecture as we did not
want to artificially restrict the precision and complexity of the
linguistic subsystem. Processing single hypotheses in isolation
does not impose any additional constraints on the parser or the
grammar, whereas a tighter coupling with the maximum a pos-
terior (MAP) decoder would have implications with respect to
both the grammar formalism and the resources available for
parsing. In addition, this architecture provides a natural base-
line, namely the word error rate of the first-best hypotheses, to
which the extended system can be compared.

As for the segmentation, it has been shown that accurate
sentence boundaries improve the performance of syntax-based
language models [9]. Shorter segments are also preferrable
from a non-linguistic point of view: as only the N best hypothe-
ses are considered, splitting a long segment into M shorter ones
potentially leads to NM hypotheses to choose from.

Discriminative reranking of speech recognition hypotheses
has been used before [4, 9]. However, these approaches were
based on statistical parsers that produce a complete parse tree
for any word sequence. As precision grammars are designed to
reject incorrect word sequences, we had to deal with robustness
in a completely different way.

2.2. Discriminative Reranking

Parse disambiguation and choosing the most likely hypothesis
are both based on discriminative reranking with log-linear con-
ditional models [10, 11, 12]. Given a set Y of candidates, the
probability of a candidate y ∈ Y being the optimal choice is
modeled as

Pθ(y|Y) =
e

P
j θjfj(y)

X

y′∈Y

e
P

j θjfj(y′)
(1)
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Figure 1: Architecture

In the above equation, θ = (θ1, ..., θn) denotes the vector of
model parameters and fj(y), 1 ≤ j ≤ n are real-valued fea-
tures. To estimate θ, we minimize the loss function L(θ) de-
fined in [11]:

L(θ) = −log
Y

s

Pθ(Y
(s)
+ |Y(s)) + c

X

j

θ
2
j (2)

Pθ(Y+|Y) =
X

y∈Y+

Pθ(y|Y) (3)

The set Y(s) contains the candidates for a given training sample
s, whereas Y

(s)
+ ⊆ Y(s) denotes the set of optimal candidates

for sample s. The parameter c controls the amount of regular-
ization and is used to avoid overfitting.

2.3. Robust Parsing

Precision grammars typically use discriminative reranking for
parse disambiguation. In this context, the candidate set Y con-
tains all parse trees y that can be derived from the given word
sequence. A feature fj(y) counts how often a certain linguis-
tic event (e.g. the presence of a certain grammatical construc-
tion) occurs in the parse tree y. Disambiguation now consists
of choosing the parse tree which maximizes Pθ(y|Y). This is
equivalent to maximizing the expression

P
j
θjfj(y), which we

subsequently refer to as the disambiguation score sd(y).
In real applications, it frequently occurs that the parser fails

to derive a parse tree because the word sequence does not obey
the grammar rules. Similarly, it can happen that the parser can-
not derive the correct parse tree for some word sequence and
therefore assigns it a highly implausible parse tree instead. In
both cases, we would like the parser to identify the most plausi-
ble partial parse trees rather than producing no parse tree at all
or a complete but implausible parse tree. We call this a robust
parsing scheme.

A common approach to robust parsing is to create an arti-
ficial parse tree by choosing a sequence of partial parse trees
(which can trivially be single words) and attaching them to a
common root node. This shifts the problem to determining the
optimal sequence of partial parse trees. Typical heuristics are to
minimize the number of partial parse trees or to maximize the
length of the largest partial parse tree [11, 13]. In the following,
we will suggest a different approach that is tightly integrated
into parse disambiguation.

Let the artificial parse tree y� be composed of the partial
parse trees p1, ..., pk. If we assume that the features fj(y) count
linguistic events that are completely contained within the indi-
vidual partial parse trees, sd(y�) is equal to

P
i
sd(pi). Thus,

the artificial parse tree y� is optimal if and only if
P

i
sd(pi) is

maximal. The optimal artificial parse tree can easily be deter-
mined by means of dynamic programming.

To take the number of partial parse trees into account, we
define a feature fp(y) which simply counts the partial parse
trees in y. Note that the above assumption holds, as the event
of a partial parse tree occurring is trivially contained within the
partial parse trees. Similarly, we can define more specific fea-
tures which count the partial parse trees with a certain type, e.g.
adverbial or nominative noun phrase. Such features can help to
model elliptical speech.

To some extent, it is also possible to handle events that are
not contained within the partial parse trees. For example, we
could define a feature fm(y) which is 1 if and only if y con-
tains two or more partial parse trees. To deal with such features,
additional state information (in this case the number of partial
parse trees) has to be included in the dynamic programming.

To train the disambiguation model, we construct candidate
sets Y(s) containing the optimal (artificial) parse tree together
with a number of randomly sampled parse trees with different
numbers of partial parse trees.

2.4. Features

For disambiguation we used a set of more than 12,000 features
that count specific local configurations in the parse tree. The
vast majority of these features are instances of generic feature
templates and count events such as sequences of consecutive
rule applications. Other features were specifically designed to
count constructions such as certain types of noun phrases. There
is also a set of features that are based on the output of a part-
of-speech tagger. These features count mismatches between the
predicted part-of-speech tags and the ones actually occurring in
the parse tree. Finally, we used features that depend on the num-
ber and type of partial parse trees as introduced in the previous
section.

For hypothesis reranking, we used all of the above disam-
biguation features together with a set of additional features. In
particular, there are features representing the acoustic score, the
weighted language model score as well as the total recognition
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score which is just the sum of the former two. Another feature
represents the disambiguation score of the parse tree. Finally,
there is a set of features counting the number of partial parse
trees that border a prosodic boundary of a certain strength. The
strength of a prosodic boundary is quantified as the posterior
probability of a sentence boundary at the given position. This
information is provided by the segmentation component.

2.5. Miscellaneous Components

We have developed a segmentation system along the lines of
[14]. For every inter-word boundary of the first-best hypothe-
sis, the segmentation system estimates the posterior probability
of a sentence boundary occurring. A segment boundary is set at
every position where this probability is greater than 0.5. Seg-
ments with more than 25 words are split at the position with the
highest sentence boundary probability.

To compute the part-of-speech features, we have developed
a maximum entropy part-of-speech tagger tailored to speech
recognizer output. The tagger was trained on the the German
TIGER corpus [15], which was previously transformed into a
format that resembles the output of the baseline speech recog-
nizer.

The parser was developed for precursory experiments and is
described in [8] and [16]. The discriminative reranking models
were trained with the reranker software presented in [12].

3. Experiments
3.1. Data

Our experiments are based on word lattice output of the LIMSI
German broadcast news transcription system [17]. Three of the
six available news shows were already used in our earlier ex-
periments. We therefore did not consider these data except for
the training of our segmentation system. The remaining three
news shows were automatically segmented into 603 sentence-
like units. For each unit, the 100 best recognition hypotheses
were extracted. All words occurring in the 100-best lists were
collected in a single set. This subset of the speech recognizer
vocabulary was the basis on which the linguistic resources (see
Section 3.2) were developed and refined.

For the training of the disambiguation model, the reference
transcription of each segment was manually annotated with its
syntactic structure. These data were complemented with a tree-
bank of about 440 sentences that was created for earlier experi-
ments.

Inspection of the data reveals that for 94% of the segments
the correct hypothesis is among the 100 best hypotheses. The
word error rate of the first-best hypotheses is 13.27%. By al-
ways choosing the optimal (but not necessarily correct) hypoth-
esis, an oracle word error rate of 6.32% can be achieved.

3.2. Linguistic Resources

The grammar and the lexicon were both developed without any
knowledge of the test data except for the set of the roughly 7000
words occurring in the N-best lists. The difficulties in acquiring
the lexicon were twofold. First, every lexicon entry had to be
annotated with detailed syntactic information which could not
be directly derived from existing resources (e.g. subcategoriza-
tion frames for verbs). Second, lexemes consisting of two or
more words (e.g. “by and large” in English) had to be identi-
fied. We used statistical corpus-based techniques to assist the
lexicon developer in both tasks.

Table 1: Results
approach word error rate
baseline system 13.27%
automatic segmentation 11.98% (-9.6% relative)
manual segmentation 11.67% (-12.2% relative)
100-best oracle 6.32%

The German grammar used in this work is an instance of the
head-driven phrase structure grammar formalism. The greater
part of the grammar was developed for precursory experiments
and is described in [8]. For the present experiment, we system-
atically extended the grammar by parsing newspaper text and
analyzing the parse failures. The coverage of the current gram-
mar is outlined by the collection of test sentences available at
http://www.tik.ee.ethz.ch/∼spr/hpsg0409/. In order
to assess how well the grammar covers the given data, we parsed
the manually segmented reference transcriptions. The correct
parse tree could be derived for 61% of the sentences.

3.3. Setup

In order to make the best use of the available data, we fol-
lowed a 10-fold cross-validation scheme: the hypothesis rerank-
ing model was tested on each fold after being trained on the
remaining 9 folds.

This procedure was complicated by the fact that training
and testing the hypothesis reranking model requires the most
likely parse tree of each hypothesis in the training set and the
test set. The extraction of the most likely parse tree in turn
requires a well-trained disambiguation model. Thus, the disam-
biguation model was trained and applied by means of an em-
bedded cross-validation cycle. To disambiguate the test set, the
disambiguation model was simply trained on the training set.
To disambiguate a fold of the training set, the disambiguation
model was trained on the remaining 8 folds of the training set.
This ensured that no information from the test set was used for
training.

The regularization parameter c was set to 13 for disam-
biguation and 30 for hypothesis reranking. These values were
found to work well in earlier experiments with similar data and
feature sets.

3.4. Results

The results are shown in Table 1. By applying automatic seg-
mentation and 100-best reranking we reduced the word error
rate by 9.6% relative. This improvement is statistically sig-
nificant on a level of less than 0.1% with respect to both the
McNemar test and the Matched Pairs Sentence-Segment Word
Error test [18]. If the same experiment is performed with man-
ual segmentation, the word error rate is reduced by 12.2% rel-
ative. This is in line with the findings of [9] who observe that
syntax-based language models benefit from accurate sentence
boundaries.

For the above experiments, the number of hypotheses N was
fixed to a value of 100. In order to assess the impact of this
parameter on the word error rate, we repeated the experiment
with automatic segmentation for all N in 1..100. We did not try
higher values of N as the lexicon is only guaranteed to cover
the words of the 100 best hypotheses. The results are shown in
Figure 2. The 10 best hypotheses alone account for an improve-
ment of about 1% absolute (7.8% relative). For higher values of
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Figure 2: Influence of the number of hypotheses N on the word
error rate.

N the word error rate starts to level off, but there still seems to
be room for further improvement beyond N=100.

We were also interested in how well our approach performs
for a baseline system with a lower word error rate. We modified
the experiment with automatic segmentation by removing those
97 segments that are part of interviews or sports reports. As a
result, the baseline word error rate dropped to 10.91%. The
extended system achieved an improvement of 1.5% absolute
or 13.7% relative. This confirms the intuition that a language
model which makes extensive use of non-local information is
particularly good at correcting errors within contexts that are
largely correct.

We carried out further investigations on the original exper-
iment with automatic segmentation. We observed that about
37% of the net error corrections were achieved by choosing a
hypothesis with more than one partial parse tree. This indicates
that our approach does exhibit certain robustness properties. As
German is a highly inflected language, we further examined to
what degree our syntax-based approach “simply” corrects in-
flectional endings rather than introducing an uninflected word
or a stem that was not present in the first-best hypothesis. We
found that less than 30% of the net error corrections were due
to changing inflectional endings.

4. Conclusions
We have shown that the constraints encoded in a precision
grammar can significantly improve speech recognition for a
broad-domain task. We have also given evidence that our ap-
proach exhibits certain robustness properties.

The reported results were obtained with relatively little
training data. The hypothesis reranking model was trained on
speech recognizer output for about 550 sentence segments, and
the treebank for training the disambiguation model contained
roughly 1000 sentences or 12000 words. We suppose that this
small amount of training data was sufficient because of the rich
linguistic information encoded in the grammar and the lexicon.
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