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Abstract

Todays speech recognizers use very lit t le knowledge of what language
really is. They treat a sentenceas if it would be generated by a random
process and pay lit t le or no at tent ion to its linguist ic st ructure. If
recognizers knew about the rules of grammar, they would potent ially
make less recognit ion errors.

Highly linguist ically mot ivated grammars that are able to capture
the deeper st ructure of language have evolved from the natural lan-
guage processingcommunit y during the last few years. However, the
speech recognitio n communit y mainly applies models which disregard
that structure or applies very coarseprobabilistic grammars.

This thesis aims at bridging the gap between stat ist ical language
models and elaborate linguist ic grammars. The Þrst goal is to int ro-
duce precise linguist ic knowledge into a medium vocabulary cont inuous
speech recognizer. Thesecond goal consistsof invest igat ing thecapabil-
it ies and limitat ions of qualitat ive language models to improve medium
vocabulary cont inuous speech recognizers.

Two architecturesarestudied in-depth. The Þrst is a novel architec-
tur e which integrates a non-probabilistic grammar into speech recogni-
t ion based on a word spot ter, an island chart parser for deÞnite clause
grammars and a strategy component . It uses morphological knowledge
to improve performance and is able to properly t reat German noun
compound words.

The second architectureextends a speech recognizer by a rule-based
component in a way such that any improvement can be clearly at -
t ributed to that component and therefore to the linguist ic knowledge.
A speech recognizer createsword lat t ices and at the same t ime provides
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the baseline word error rate. The word lat t ices are subsequent ly pro-
cessedby a natur al language processingmodule. A score derived from
the syntact ic st ructures found by a parser is used to rescore the word
lat t ice such that grammat ical phrases are slight ly favoured. However,
we do not require that the ut terances to be recognized are grammat-
ical. By comparing the word error rate of the enhanced system with
the baseline word error rate we can direct ly quant ify the beneÞt of our
approach. The lat t ice parsing system is based on a linguist ically mot i-
vated HPSG grammar which was developed by Tobias Kaufmann in a
separate project .

We provide evidence for the Þrst t ime that a stat istically signif-
icant improvement of recognit ion accuracy on a medium vocabulary
cont inuous speech recognit ion dictat ion task due to a non-stochast ic
hand-written grammar is possible over a competitiv e baseline recog-
nizer. The baselinerecognizer usescross-word tr iphone hidden Markov
models and a 4-gram language model. The relat ive reduct ion of the
word error rate due to the parser is 27.0% which is stat ist ically signiÞ-
cant at a level of 0.001.

Our results suggest that a sophist icated qualitat ive language model
is complementary to an N -gram model. A grammar is best at modeling
long-distance dependenciesand hierarchical structures, while an N -
gram model captures local and lexical dependencies.

The main limitat ion of the lat t ice parsing approach is the out-of-
vocabulary (OOV) rate. For increasing OOV ratestherelat ive improve-
ment due to parsing decreases. Missing words break up the syntactic
st ructure of a sentence and less const raints can be imposed.



Kurzfassung

Heutige SpracherkennungssystemeverfŸgen Ÿber relat iv wenig Sprach-
wissen.Sie behandeln €usserungen, als ob diesevon einem Zufallspro-
zesserzeugt wordenwŠren und ignorierenweitgehend die linguistischen
Strukturen, die der Sprache zu Grunde liegen. Wenn ein Spracherken-
ner die grammat ikalischen Regeln einer Sprache kennen wŸrde, wŸrde
er womšglich weniger Fehler machen.

Auf dem Gebiet der Computerlinguist ik wurden Fortschrit teerzielt ,
so dass heute Grammatik en zur VerfŸgung stehen, welche die Regeln
von natŸrlicher Sprache und deren Strukturen recht prŠzise abbilden.
In der Spracherkennung werden dieseaber entweder gar nicht oder nur
in stark vereinfachter Form angewendet .

Diese Doktorarbeit verfolgt das Ziel, regelbasiertes grammat ikali-
sches Wissenin den Spracherkennungsprozesseinzubringen, sowie die
Mšglichkeiten und Grenzen aufzuzeigen, dadurch die Erkennungslei-
stung der kontin uierlichen Spracherkennung zu verbessern.

Zwei Architekturen werden genauer bet rachtet . Die erste, neuart i-
ge Architektur integriert regelbasiertes Wissen, indem ein Wordspot ter
mit einem Insel-Chart -Parser fŸr DeÞnite-Klausel-Grammat iken kom-
biniert wird, welche von einer Strategiekomponente gesteuert werden.
Dank der Verwendung morphologischen Wissenskann die E! zienz des
Verfahrens gesteigert werden, und deutsche Komposita kšnnen korrekt
behandelt werden.

Die zweite Architektur erweiter t einen Spracherkenner mit einer
regelbasierten linguistischen Komponente so, dass jede €nder ung der
Erkennungsleistung eindeut ig dieser Komponente und damit dem lin-
guistischen Wissen zugeordnet werden kann. Ein Spracherkenner er-
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zeugt Worthypothesengraphen und liefert gleichzeit ig die Referenzer-
kennungsrate. Die Worthypothesengraphen werden aufgrund der von
einem Parser gefundenen syntaktischen Struktur en neu bewertet, so
dass grammatikalisch korrekte Phrasen leicht bevorzugt werden. Die
linguist ische Komponente basiert auf einer HPSG-Grammat ik und ei-
nem Parser, der in einem separaten Projekt von Tobias Kaufmann ent-
wickelt wurde.

Wir erbringen zum ersten Mal den Nachweis, dass eine signiÞ-
kante Verbesserung der Erkennungsgenauigkeit aufgrund einer hand-
geschriebenen Grammat ik fŸr kont inuierliche Spracherkennung mit
mit telgrossem Vokabular mšglich ist . Das Referenzsystem verwendet
wortŸbergreifende Triphon-Hidden-Markov-Modelle und ein 4-Gram-
Sprachmodel. Die gemessenerelativ e Verbesserung der Wortfehlerrate
betrŠgt 27% und ist stat ist isch signiÞkant (SigniÞkanzniveau 0.001).

Unsere Resultate legen nahe, dass eine fortgeschrit tene Grammat ik
komplementŠres Wissen zum N -Gram-Model enthŠlt . Die StŠrke der
Grammat ik liegt bei der Modellierung von nicht lokalen AbhŠngigkei-
ten und hierarchischenStruktur en,wŠhrend dasN -Gram-Modell lokale
und lexikale AbhŠngigkeiten beschreibt.

Der wicht igste Einßuss auf die Verbesserungsmšglichkeiten ei-
ner Grammat ik auf die Erkennungsleistung ist die out-of-vocabulary
(OOV) Rate. Mit gršsserwerdenderOOV-Ratenimmt die relat iveVer-
besserung aufgrund desParsingsab. Die fehlendenWšrter zerstšrendie
syntaktische Struktur des Satzes, wodurch weniger syntaktische Ein-
schrŠnkungen gemacht werden kšnnen.



Chapter 1

Introduction

1.1 Problem St at ement and A im

TodayÕs speech recognizers use very lit t le knowledge of what language
really is. They treat a sentenceas if it would be generated by a random
process and pay lit t le or no at tent ion to its linguist ic st ructure. If
recognizers knew about the rules of grammar, they would potent ially
make less recognit ion errors.

The predominant ly used N -gram language model assumes that a
word is only inßuenced by a few preceding words, typically one or
two. However, natural language is more precisely described in terms of
hierarchical st ructures and dependencies between const ituents in order
to account for longer-distance const raints [Moo99].

There is clearly a t rend to extend the language models to make
more use of the structure of a language [LST92, Cha97, Ros00, Roa01,
XCJ02, HJ03, WH03, CCP04]. However, these models are st ill based
on very course grammars which are extracted automat ically from syn-
tact ically annotated corpora such as the Penn Treebank [MSM94].

While the speech communit y mainly appliesmodelswhich disregard
the st ructureof languageor applies very coarseprobabilist ic grammars,
highly linguist ically mot ivated grammars that are able to capture the
deeper st ructure of language have evolved from the natural language
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processingcommunit y during the last few years [MŸl99, Net96, Hau00,
Gšr88].

This thesis aims at bridging the gap between stat ist ical speech
recognit ion and elaborate linguist ic grammars. The Þrst goal is to
intr oduce preciselinguistic knowledge into a medium vocabulary con-
t inuous speech recognizer. The second goal consists of invest igat ing the
capability of qualitat ive language models to improve medium vocabu-
lary cont inuous speech recognit ion systems for general texts.

The idea to use grammars for speech recognit ion is not new. In
fact , it was already present in the early recognizers [Low76, EHRLR80].
However, these systems are either rest ricted to simple language and
small vocabulary (e.g. commands or simple quest ions [MAD+95]), are
very domain speciÞc (like scheduling meetings [Wah00]), or they aimed
at improving natural language understanding rather than word accu-
racy [NBKvN97, ZGG+91, CR89].

This thesis goes beyond previous work in that the task is more
general. We allow general language which is not restricted to a certain
domain so that domain speciÞc knowledge cannot be used. So far,
no signiÞcant improvement of recognit ion accuracy was reported due
to using a linguist ically mot ivated grammar for a task comparable to
ours.

1.2 H ypot hesis

Based on the experience that a good language model is important for
high recognit ion accuracy, and the fact that current LMs do not use
all informat ion about language available, we expect that linguist ic so-
phist icat ion leads to an improved recognit ion accuracy. The working
hypothesis is thus as follows:

Adding a rule-based linguistic sub-system to a speech
recognizer which takes the structure of language into con-
siderat ion improves its accuracy.

The cent ral quest ion of this thesis is how rule-based knowledge can
improve recognitio n accuracy. This question can be broken down into
thr ee basic issues.
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1. How can the rule-based knowledge be incorporated into the sta-
t ist ical framework of a speech recognizer?

2. How much can a knowledge based language model improve the
word error rate, and by which factors is it inßuenced?

3. What are the limitat ions of the approach?

1.3 Scient iÞc Cont r ibut ion

Two architectures are invest igated. The Þrst is a novel architecture
which integrates a non-probabilistic grammar based on word spotting
and island chart parsing. It uses morphological knowledge to improve
performance and properly tr eat German noun compound words. It
is di" erent from [Nak89], which also uses word spot t ing and context-
free parsing, in that it allows bi-direct ional interact ion, bi-direct ional
parsing and the applicat ion of morphological knowledge.

The second architecture is based on lat t ice parsing. We provide
evidencefor the Þrst t ime that a stat istically signiÞcant improvement
of recognit ion accuracy on a medium vocabulary CSR dictat ion task
due to a non-stochast ic hand-writ ten grammar and lat t ice parsing is
possible over a compet it ive baseline recognizer.

1.4 Structure of the T hesis

Chapter 2 ident iÞes the weaknesses of the prominent N -gram language
model and mot ivates the incorporat ion of more linguist ic knowledge.
Chapter 3 surveys di" erent architectures that allow to use rule-based
knowledge in ASR. We propose our own architecture based on word-
spot t ing and parsing in Chapter 4. The lat t ice parsing architecture
applied in Chapter 5 is especially suited to provide evidencethat rule-
based knowledge can improve LVCSR accuracy. We measure the gain
of the lat t ice parsing language model in the experiments in Chapter 6.
Chapter 7 concludes the thesis by giving answers to our thr ee main
questions. The appendix contains the test sentencesthat were used
in the experiments and a short overview about the HPSG grammar
formalism, which was used in the lat t ice parsing approach.



Chapter 2

Language Modeling

2.1 Speech Recognit ion

The aim of automat ic speech recognit ion is to enable a machine to rec-
ognize what a human speaker said. A machine that can ÒhearÓcan
be helpful in many ways. The user can control the machine by voice,
which keeps his hands and eyes free for other tasks, it can save the user
from typing vast amounts of text by simply dictact ing it , the recog-
nized speech can be used to index speech such as broadcast news which
allows e! cient document retrieval, or the systemmay even understand
what the user intends to do or answer his questions. Theseexamples
illust rate that speech recognit ion is an important aspect of improving
human-machine interfaces and thus making machines more usable and
user friendly.

Speech recognit ion research has started more than Þve decades ago.
In the late40Õsthe invent ion of the sound spectrograph made it possible
to visualize acoustic signals [Pot45]. It wasbelieved, that as soon as the
spect rum of a speech signal could be computed fast enough, the speech
recognitio n problem could be easily solved. Although thousands of
researchersaround the world worked on the problem for more than half
a centur y, the task must be still considered to be unsolved. In di! cult
acoust ical environments machines perform orders of magnitude worse
than humans [Lip97].
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How wassuch a misinterpretat ion possible? On onehand the speech
recognitio n problem is often largely underestimated because it is so
natural for human beings to listen to others and understand them.
We are not aware of the t remendous amount of variability present in
a speech signal. We can understand people we never met before, we
are able to recognize a huge amount of di" erent words in cont inuous
speech, and we are even able to understand ungrammatical utter ances
or expressions we have never heard before. We are able to perform so
well because we include a wide variety of knowledge sources: we have
prior knowledge about the syntax and semant ics of a language, we can
derive the meaning of new words by analogy, we use situat ional clues
like the course of a dialogue and we have access to all experiences we
made in our live and all knowledge about the world we have. Machines
can not keep up with that .

Therearea lotsof other reasonswhy speech recognit ion is inherent ly
di! cult. The next section discussesa selection of them. They point up
why speech recognit ion must make use of knowledge about a language,
and they mot ivate the approach that was taken in this thesis.

2.1.1 The Ambiguity of Speech

Writ ten language consists of a sequence of discrete symbols, the let ters
of the alphabet . These symbols are uniquely ident iÞable and do not
interact . The boundaries of a word are well deÞned as words are sepa-
rated by spaces. This is st ill t rue for the smallest linguist ic elements of
speech, the phonemes. In written form, these are discrete symbols as
well. However, the situat ion changes dramat ically when we are going
from writ ten form to spoken form, or more speciÞcally if we look at a
speech signal.

A speech signal contains a t remendous amount of variability from
several sources. There is no one-to-one relat ionship between let ters or
phonemes and their physical realisat ion in a speech signal:

• The acoustic realisat ion of a phone largely depends on the indi-
vidual speaker propert ies such as sex, vocal t ract shape, origin,
dialect tone colorat ion, speaking rate, speaking style (normal,
whispering, shout ing), mood and health.
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START

dies

dieser er

sprach spracherkenner

er erkenn

erkenne

erkenner

ist

kenner

kenne

kenn

er

ristriste

ein einfachin

fach

END

Figure 2.1: The e! ect of missing word boundaries. If the spaces in
the German sentence “dieser spracherkenner ist einfach” (engl. “this
speech recognizer is simple”) are removed, the resulting letter sequence
“dieserspracherkenneristeinfach” can be split in 32 ways into a sequence
of German words. The original sequence can only be reconstructed by
means of syntactic and semantic knowledge.
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• The pronunciat ion of a part icular phone is inßuenced by its pho-
netic context (coarticula tion). This inßuencemay span several
phonesand even syllable and word boundaries.

• Allophonic variants and phoneme variat ions. The phones [r] and
[5
Ò
], e.g., are allophonic variants of the phoneme / r/ . A phoneme

variat ion that often occurs in Swiss standard German is the re-
placement of / z/ with / s/ , e.g., / s3ks/ instead of / z3ks/ for the
digit Ò6Ó.

• The signal is altered by the room characterist ics like reverbera-
t ion, the microphone characterist ics, signal coding and compres-
sion, as well as background noise.

Given these facts it is clear that the feature space regions of speech
units like phones do largely overlap and that there is always uncer-
tainty about the presence of such units in a speech signal. Even if
the phone sequence could be recognized perfect ly, its conversion to the
corresponding textual representat ion has to deal with a high amount
of ambiguit ies that arise from unknown word boundaries in cont inuous
speech (cf. Fig. 2.1) and the existence of words that are pronounced
the same way but are di" erent ly spelled (homophones, e.g. / baI/ is the
pronunciat ion of buy, by, and bye).

In order to convert speech to text , a descript ion of the acoust ic
events of speech alone is not su! cient. To resolve ambiguities, knowl-
edge about the language at hand is indispensable and plays a very
important role in speech recognit ion. The claim to use linguist ic knowl-
edge in speech recognit ion is just iÞed from a mathemat ical point of view
as well, as explained in the next section.

2.1.2 MAP Recognizer

From the perspect ive of informat ion theory speech recognit ion can be
considered as decoding problem (cf. Fig. 2.2). A speaker has a mes-
sage W in his mind. He pronounces the message and transforms it by
means of his vocal chord and vocal t ract into a signal s. The signal
is t ransmit ted to the recognizer. The digit ized speech signal is con-
verted by the feature ext ract ion into a sequence of feature vectors X.
The speech product ion and the feature extract ion together form the
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acoustic channel. The acoustic channel is noisy due to inßuencesof
the speaker, the t ransmission channel and the feature ext ract ion. The
task of the linguist ic decoder is to make an opt imal est imate Ŵ of the
ut tered message W given the feature sequenceX.

Message Speech
Producer

Feature
Extraction

Linguistic
Decoder

! ! ! !W s X öW

Speaker
Acoustic Channel

Speech Recognizer

Figure 2.2: Jelinek’s source-channel model of speech recognition, ac-
cording to [Jel98].

How can the opt imal word sequence Ŵ be determined? According
to the Bayesdecision theory the following decision rulemust be applied:

To minimize the error probabilit y choose the word sequence
Ŵ among all possible word sequences V ∗ of a given vocab-
ulary V which has the highest posterior probabilit y given
the feature sequence X:

Ŵ = argmax
W∈V ∗

P (W|X) . (2.1)

This decision rule is known as maximum-a-posterior rule or short
MAP rule.1 The proof of optimalit y of this decision str ategy is given
in [DH73, p. 13]. Using the Bayes rule, the posterior probability can
be writ ten as

P (W|X) =
P (X|W) · P (W)

P (X)
. (2.2)

1T he M AP-rule minimizes the probability that the recognized ut terance is wrong.
An ut terance is not correct ly recognized if a single word or several words are incor-
rect . Hence, the rule does not minimize the number of incorrect words but rather
the number of not fully correct ut terances.
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Since the probability of the feature sequence P (X) is Þxed for a given
utter anceit can be dropped from the decision process.Thus, the MAP-
rule can be writ ten as

Ŵ = argmax
W∈V ∗

P (X|W) · P (W) . (2.3)

Eq. (2.3) reveals two important parts of the speech recognit ion process:

1. P (X|W) is the likelihood that wewill observethefeaturesequence
X given that W was ut tered. The likelihood is est imated by an
acoustic model, e.g. a hidden Markov model (HMM).

2. Theprior probability P (W) is independent of the observed featur e
sequence. It is provided by a language model.

2.2 Language M odels in General

A language model (LM) is a collect ion of prior knowledge about a
language. This knowledge is independent of an ut terance to be recog-
nized. It therefore represents previous knowledge about language and
the expectat ions at ut terances. Knowledge about a language can be
expressed in terms of which words or word sequences are possible or
how frequent ly they occur.

As explained in the last sections, the need for a language model
in a speech recognizer arisesfrom the variabilit y of the speech signal,
missing word boundariesand homographs. It is neededto resolve the
ambiguities which the acoustic model is not able to handle. It is also
mathemat ically just iÞed by the MAP decision rule.

Language models can be divided into two groups. The criter ion is
whether the model is data driven or expert-driven:

• Statistical language models: If the model is based on count-
ing events in a large text corpus, for example how frequent a
certain word or word sequence occurs, the model is called to be
a statistical language model. Such a model describes language as
if ut terances were generated by a random process. It is therefore
also known as stochastic language model.
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• Knowledge based models: If the knowledge comes from a hu-
man expert the model is called knowledge-based language model.
Such linguistic knowledge could for example include syntax, the
conjugat ion of verbs or the declension of adjectives. The basis
of such a model doesnot rely on count ing observable events, but
rather the understanding of the mechanisms,coherencesand reg-
ularit ies of a language. If this knowledge is deÞned by rules, such
models are also called rule-based models.

Sincestatistica l language models are the most commonly usedmodels,
they will be discussed Þrst . The next sect ion describes the key idea,
the advantages and the limitat ions of stat ist ical LMs. The limitat ions
will mot ivate the use of knowledge based models and the approach that
was taken in this thesis.

2.3 St at ist ical Language M odels

A stat ist ical LM aims at providing an est imate of the probability dis-
t ribut ion P (W) over all word sequences W . It must be able to assign
a probabilit y to each possible utter ance. By applying the multiplica -
tion law, the probabilit y of a word sequencecan be decomposed into a
product of probabilities:

P (w1w2 . . . wK) =
K
∏

k=1

P (wk|w1w2 . . . wk−1) (2.4)

P (wk|w1w2 . . . wk−1) is the probability that wk occurs given that the
wordsw1w2 . . . wk−1 wereobserved previously. The preceding wordsof
wk are also referred to as history and denoted as hk = w1w2 . . . wk−1.
Eq. (2.4) states that the probability that W was ut tered is the product
of the probability that w1 was spoken, t imes the probability that w2

follows w1, etc., t imes the probability that wK was ut tered given that
all its preceding words were ut tered.

The condit ional probabilit ies P (wk|hk) must be est imated on large
amounts of texts related to the recognit ion task at hand. The max-
imum likelihood estimate can be computed by the relative frequency
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approach:

P̃ (wk|w1w2 . . . wk−1) =
freq(w1w2 . . . wk)

freq(w1w2 . . . wk−1)
, (2.5)

where freq(e) denotes the frequency of event e in the training corpus.
In order for the est imate to be appropriate, freq(w1w2 . . . wk) must be
su! cient ly large.

The number of frequencies that must be counted and stored for
this model is prohibit ive. The number of di" erent st rings of length
K composed of words of a vocabulary of size |V | is |V |K . Even for a
vocabulary size of |V | = 1000 words and a string length of K = 10
the number of di" erent st rings and thus the number of frequencies
to determine is 100010 = 1030. Besides,the longer the conditio ning
history hk gets, more and more strings w1w2 . . . wk will never occur in
the training data.

An obvious solut ion is to limit the length of the histories by assum-
ing that the probability of each word does not depend on all previous
words, but only on the last N − 1 words:

P (wk|w1w2 . . . wk−1) ≈ P (wk|wk−N+1wk−N+2 . . . wk−1) , (2.6)

which leads to the so called N -gram language model.

2.3.1 N -Gram Language Models

An N -gram language model assumesthat the probabilit y of a word is
not inßuencedby words too far in the past. It considers two histories
to be equivalent , if they have their last N − 1 words in common. The
N − gram probabilit y of a word sequenceis thus deÞned by

PN (W) =
K
∏

k=1

P (wk|wk−N+1wk−N+2 . . . wk−1) (2.7)

The most frequent choices are N = 1 (unigram), N = 2 (bigram) and
N = 3 (t rigram):

P3(W) = P (w1) · P (w2|w1) ·
K
∏

k=3

P (wk|wk−2wk−1) . (2.8)
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With decreasingN the approximat ion gets coarser and the space re-
quirements decrease.

The N -gram is current ly the most widely used language model in
speech recognit ion. Virtually all state-of-the-art large vocabulary con-
t inuous speech recognizersuse purely stat ist ical language models, most
commonly N-gram models [SBB+00, BAHU+02, GLA02, HWEP00].
The simplicity of the model, its easy integrat ion into the decoding pro-
cess and its ability, at least to some extent , to take semant ics into
account , contribute to its success. It is also at t ract ive because it is
completely data driven, which allows engineers to apply it without re-
quiring detailed knowledge about the language at hand.

However, despite of its success, the word N -gram language model
has several ßaws:

• False conditional independence assumption. The N -gram
model assumesthat a word is only inßuencedby its N − 1 pre-
ceding words and that it is independent from other words farther
in the past . It assumes that language is generated by a Markov
processof order N−1, which isobviously not t rue [Ros00, Cho56].

• Saturation. Thequality of N -gram models increased with larger
amountsof data becoming availableonline. However the improve-
ment is limited due to saturat ion [DUHW05]. Bigram models
saturate within several hundred million words, and trigrams are
expected to saturate within a few billion words [Ros00].

• Lack of generalization across domains. N -grams are sensi-
t iveto di" erences in style, topic or genrebetween training and test
data. The quality of an N -gram model tr ained on one text source
can degrade considerably when applied to an other text source,
even if the two sources are very similar. Rosenfeld computed a
t rigram model on Dow-Jones (DJ) newswire texts. He compared
the modelÕsperplexity2 on Associated Press (AP) newswire texts
to the perplexity of DJ texts from the same t ime period. The
perplexity of the AP data was twice that of the DJ data [Ros96,
p. 220].

2T he perplexity denotes the average number of words a speech recognizer has to
choose from. Lower perplexit ies often correlate with lower recognit ion error rates.
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This lossof modeling qualit y is even more pronouncedif the mis-
match between two domains is large. [WMH00] reportsa perplex-
ity of about 100 for the standard DARPA NAB word trigram LM
for Wall St reet Journal texts compared to a perplexity of more
than 1000 for a personal informat ion management domain.

• Lack of extensibility. Given an N -gram model it is di! cult
or even impossible to derive a new model which has addit ional
words. The informat ion contained in the model is not helpful to
derive N -grams containing new words. Grammars, on the other
hand, are able to generalize better becausethey are basedon the
underlying linguistic regularities. Adding a new word basically
requires to know its syntactic class. It should be noted that the
same is t rue for class-based N -grams [BDPd+92], if the classes
are linguist ically mot ivated and deÞned manually.

• Language specific properties. German has a number of prop-
ert ies which pose addit ional di! cult ies to N -grams. German is
a compounding language and has a highly inßect ive nature. A
compound is a complex expression in a single word, such as the
concatenat ion of two or more nouns. Compounding and the high
number of morphological endings result in very largevocabularies,
which in turn aggravatesthe problem of data sparseness[HRB02].

• Data Sparseness. The severit y of the data sparsenessprob-
lem can be illust rated by the following Þndings in the context of
Czech broadcast news transcript ion. Due to the high amount of
inßect ional word formsthevocabulary had a sizeof 300k words. A
bigram languagemodel was est imated on a 400 million wordscor-
pus. When the test sentenceswere added to the language model
tr aining corpus, the word error rate decreased3% absolute.3 This
is remarkable, since the amount of added words (a few hundred
words only) compared to the original corpus size of 400 millio n
words is rather small. If data sparsity was not an issue, we would
not expect such an impact by such a small change.

Grammat icality is not a st rong constraint in the N -gram language
models as the next section explains.

3Personal communicat ion with Jan Nouza (Technical University of L iberec),
April 2006.
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2.3.2 Structured Language Models

N -grams fail on const ruct ions like in the the following example sen-
tence:

The dogs chasing the cat bark.

The trigram probability P (bark|the cat) will be very low because on
one hand cats seldom bark, and on the other hand because a plural
verb (bark) is unexpectedafter a singular noun (cat). Neverthelessthis
sentenceis completely sound. The verb (bark) must agree in number
with the noun (dogs) which is the head of the preceding noun phrase,
and not with the noun that linearly precedes it .

One might be tempted to believe that increasing the length of
the window on which the N -gram probabilities are conditio ned might
increase the modelÕsabilit y to represent grammaticalness. However,
[Cho56] arguesthe converse: With increasing N the model will exclude
an increasing number of grammat ical sentences, since longer histories
are more and more unprobable due to data sparsity. Therefore, we
must take the hierarchical st ructure of the sentence into account (cf.
Fig. 2.3) to properly solve the problem.

Doing so has proven to be helpful. [BFHM98] used humans as
post -processor of an ordered list of the ten most likely hypotheses of
a speech recognizer. Either the test persons were rest ricted to choose
one out of ten hypotheses, or they were allowed to freely edit them.
The part icipants were able to improve the accuracy in both cases and
on di" erent corpora. Many of the gains involved linguist ic proÞcien-
cies such as number agreement and tense agreement . The inclusion
of agreement constraints into a CFG-based language model has been
found to improve performance in therms of both word error rate and
semant ic error rate on di" erent command and control tasks [RGH+01].

Language models which take the hierarchical structure of a sen-
tence into account are called structured language models. They rely on
some sort of parsing. Most often a stat ist ical parser is used which
is t rained on syntact ically annotated text material like the English
Penn Treebank [MSM94]. Indeed, there is clearly a t rend to extend
the N-gram models to make more use of the structure of a language
[LST92, Cha97, Ros00, Roa01, XCJ02, HJ03, WH03, CCP04]. Some of
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Figure 2.3: Syntax tree of the sentence “The dogs chasing the cat
bark”.

these models were applied to speech recognit ion and showed superior
performance compared to an N -gram model.

2.4 K nowledge-Based LM

Undoubtedly, writ ten and spoken language follow certain rules such as
spelling and grammar. In a knowledge-based approach theserules are
collected by experts (linguists) and are represented as a hand-crafted
formal system. This system allows to decide if a sentence belongs to
the language deÞned by the rules, and if that is the case, to derive its
syntact ic st ructure. The knowledge is explicit ly available.

2.4.1 Terminology

The term grammar has a general and a technical meaning, referring
to a natural language or a formal language, respect ively. For clarity
the following terms are deÞned and used consistent ly throughout this
thesis:
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• Grammatical vs. ungrammatical. These terms are used in
conjunct ion with the grammar of a real world natural language.
The grammar of a human language is elusive since it evolves over
t ime and may be regionally di" erent . Although the syntax of a
language may be standardized by reference books, there may be
sentences which cannot clearly be at t ributed to be grammat ical
or ungrammat ical.

• Intra-grammatical vs. extra-grammatical. Theseterms are
used to denote whether a sentence belongs to a formal language
deÞned by an art iÞcial grammar which is only the model of the
grammar underlying a natural language. In contrast to real natu-
ral languages it is always well deÞned whether a sentence is int ra-
grammat ical or ext ra-grammat ical since the language is uniquely
deÞned by a set of rules.

• Non-grammatical and out-of-grammar. These terms are
used for sentences that are ungrammat ical, ext ra-grammat ical or
both. They are used whenever it is not important to dist inguish
between ungrammat icality and ext ra-grammat icality.

• Qualitative LM vs. quantitative LM. A qualitative language
model decideswhether a sentence is int ra-grammatical or extr a-
grammatical. This decision is binary, the model cannot assign
a value or probabilit y to a sentence. A quantitative LM assigns
each conceivable sentence a value, it is therefore also denoted as
numerical LM. If the assigned value sat isÞes the propert ies of a
probabilit y, the model is called probabilistic LM or stochastic LM.

2.4.2 Structured vs. Knowledge-Based LMs

The stat ist ical parsers ment ioned in the last sect ion are somewhere
in betweena pure data-driven and a pure knowledge based approach.
They are data driven because they ÒlearnÓthe rules that are implic-
itly present in a large amount of t raining data. However, the success-
ful approaches require the training data to be syntact ically annotated.
The syntact ical annotat ion of the training corpus requires a signiÞcant
amount of expert knowledge. The annotat ion is done by either hu-
man annotat ion or using a parser with semi-automat ic disambiguat ion

36 Chapter 2. Language Modeling

[BHK+97, BDH+02]. Although the method itself is data-driven, ex-
pert knowledge and human interact ion is st ill required to prepare the
training data. From a linguist ic point of view, the stat ist ical grammars
are still quite coarse.

In contrast to a statistica l LM, no training data is needed for a
knowledge-based system. This can be advantageous if no or only a
small amount of (annotated) data is available from a speciÞc domain.
At the same t ime this means that the lexicon can be easily extended.

The successfulapplicat ions of stat istical parsing as language model
[CCP04, HJ03, XCJ02, Roa01] did not have to deal with domain mis-
match since they are trained on the Penn Treebank and tested on the
DARPA Õ93 HUB-1 corpus, which both consist of sentences taken from
the Wall Str eet Journal. It is not clear, however, how good the models
generalize to other domains. At least for t rigrams a mismatch was re-
ported even on the same domain (newspapers text ) for di" erent sources
(newswires) [Ros96, p. 220].

2.4.3 Challenges

The knowledgebasedapproach facesseveral problems. One is of course
the di! culty to build a formal system which appropriately reßects the
phenomena of a natural language; however, this is not within the scope
of this thesis.

Themain problem that a speech recognizer hasto deal with is thebi-
nary natureof a qualitat ive languagemodel. If no appropriatemeasures
are taken, the system is only capable of recognizing int ra-grammat ical
ut terances. This is quite a st rong limitat ion, since a recognizer should
be able to t ranscribe ext ra-grammat ical ut terances as well.

The lack of frequenciesof a purely rule-based system is disadvan-
tageous if the recognizer has several hypotheses to choose from which
are all int ra-grammat ical. For example, the sentences ÒHow to recog-
nize speech?Óand ÒHow to wreck a nice beach?Óare both syntactically
correct , however the Þrst is a-priori more likely and should be preferred.



Chapter 3

Integration of Linguistics

3.1 A rchitectures

This chapter reviews the architectur es that were applied in the liter -
ature to int roduce more linguist ic knowledge into speech recognit ion.
Two related projects which are similar to the work presented in this
thesis are highlighted as well.

This review is part of the answer of the Þrst question, how rule-
based knowledge can be incorporated to the stat istical framework of
a speech recognizer. In the subsequent chapters, two architectures are
further invest igated. The Þrst one is a novel approach based on word
spot t ing and island chart parsing, the second one is known from natural
language understanding systems and is based on lat t ice parsing.

The chapter starts with a literature review and closes with the mo-
t ivat ion for the choice of the two architectures which are studied more
in-depth.

3.1.1 N -grams Derived from a Statistical Grammar

Stochast ic grammarshave the advantage that they typically have much
less parameters than an N -gram model. Stochast ic grammars can thus
be more reliably est imated from sparse data than N -grams. However,
N -grams can be more easily integrated into the decoder without re-
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quiring a parser. The idea is therefore to combine the advantage of
reliably est imat ing the parameters of a stochast ic grammar with the
ease of integrat ion of N -gram models. This is accomplished by es-
t imat ing N -gram probabilities from a stochastic grammar instead of
using the N -gram counts of sparse data.

[ZGG+91] builds a word-pair grammar by randomly generat ing sen-
tences from a stochast ic context -freegrammar (SCFG). [SS94] describes
an algorithm to compute the dist ribut ion of N -grams for a probabilis-
t ic language given by a SCFG in closed form. [WSH04] converts the
SuperARV LM (a sort of class-basedLM) to a word N -gram in ARPA
LM format .

3.1.2 Parsing and Stack Decoding

[God92] computes word t ransit ion probabilit ies by condit ioning the
probabilit y of the next word wk on the top N grammar symbols on
the stack of a shift -reduce parser after parsing the preceding words
w1w2 . . . wk−1:

P (wk|w1w2 . . . wk−1) ≈ P (wk|GM−N+1, . . . , GM ) (3.1)

where GM is the grammar symbol on the top of the stack. The parser
is integrated into an acoust ic stack decoder. The decoder removes the
top hypothesisfrom the priority queue. The parser analysesthe word
st ring of the current hypothesis and computes the transit ion probabil-
ity for the next -word candidates given by Eq. (3.1). The hypothesis
is extended by each candidate, combined with the acoustic score and
added to the priority queue.

[ZGG+91] uses the predict ion capability of the probabilist ic natu-
ral language processing component TINA [Sen89] to propose words to
extend part ial paths of a stack decoder.

3.1.3 Dynamic Generation of Networks

Including natur al-language constraints into the decoder can be desir-
able for two reasons: First , decoding can be more e! cient due to the
reduced search space, and second, it may improve recognit ion accuracy.
The advantage is that undesired, extra-grammatical sentencescan be
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ruled-out early and that low scored int ra-grammat ical sentences can be
saved from being pruned away. To include a grammar into a Viterbi
decoder it must be possibleto processthe grammar left-to-right as the
Viterbi-algorithm runs t ime-synchronously.

If the grammar is regular, it can be modeled by a Þnite state au-
tomaton and direct ly integrated into the recognit ion network of an
HMM recognizer. Some natural language phenomena can not be de-
scribed in terms of regular grammars or are more elegant ly formulated
by a context-free grammar [SW97, p. 27]. It is not feasible to compile
CFGs into a stat ic, Þnite state t ransit ion network because the number
of states could be unmanageably large or inÞnite.

However, due to pruning only a part of the state t ransit ion network
is act ive at each point in t ime, therefore a CFG can be realized as a
network by dynamically extending the necessary part of the Þnite state
network [MM90, Dup93].

[MPM89] incrementally extendsthe recognitio n network of a Viterbi
decoder by a NL parser and a uniÞcation-based CFG. The recognitio n
network is generated on the ßy, by expanding the state t ransit ions of
an ending word into all words which can follow according to the gram-
mar. It doesso by predicting terminal symbols in a top-down manner;
non-terminal symbols on the right -hand-side of context -free rules are
expanded unt il a terminal is found. Therefore, the grammar must not
be directly or indir ectly left-r ecursive, which can be guaranteed if the
grammar is given in the Greibach normal form1.

The dynamic approach was extendedby a probabilistic component
in [JWS+95]. It uses a SCFG to compute a follow set and word tran-
sit ion probabilit ies for a given preÞx st ring. If the preÞx st ring is
parseable the SCFG is used to compute the probability dist ribut ion
of possible following words. If the str ing cannot be parsed,the system
falls back to bigram probabilit ies instead.

3.1.4 Predict and Verify

The idea behind predict and verify is very similar to the dynamic gen-
erat ion of part ial grammar networks. The main di" erence is that in

1A grammar is in Greibach normal form if it is ε-free and each product ion is of
the form A ! aα, where a is a terminal and α is a st ring of nonterminals, possibly
empty.

40 Chapter 3. Integrat ion of Linguist ics

the dynamic generat ion approach the parser is driven by the HMM
decoder, while in the predict and verify approach the emphasis is put
on the parser which drivesthe recognitio n process.It is basedon pre-
dict ing the next word or the next phone in a top down manner and
is also called analysis by synthesis. A word or a phone is assumedto
be present if itÕsmaximal likelihood over all possible ending points is
larger than a threshold.

In [KTS89] an LR parser and a context-free grammar were used
to predict the next phone, which was veriÞed by a phone HMM. The
algorithm is not t ime synchronous. A t ime synchronous st rategy which
includes a parser and a uniÞcat ion grammar to top-down predict the
next word is described in [HW94].

A far more complex system within this paradigm is Hearsay-I I
[EHRLR80], which applies various knowledge sourcesat di" erent levels
that communicate through a so called blackboard.

3.1.5 Word Spotting and Parsing

The system described in [KS89] uses a word spot ter to detect keywords
as islands in small vocabulary cont inuous speech. From these islands
the system expands the islands by verifying neighboring words which
are predicted by a word pair grammar.

[Nak89] spots words in a speech signal and creates a list of word
hypotheses. A context -free grammar is then used to concatenate the
word hypotheses to part ial sentences. The sentences are related to
elect ronic mail.

3.1.6 N -Best Filtering and N -Best Rescoring

The approaches described so far had in common that the linguistic
knowledge was int roduced into the decoder, which can be problemat ic
when complex knowledge sourcesare applied. For example, a complex
knowledge source might be computat ionally very expensive, or it may
require that a whole sentence is available.

In the N -best filtering approach a speech recognizer enumerates the
N -best recognit ion hypotheses, and the Þrst hypothesis which is fully
accepted by a grammar or a semant ic module is chosen. An example for
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syntact ical Þltering is [ZGG+91] while semant ical Þlter ing was applied
in [CR89].

If a numerical language model is available N -best rescoring can be
applied [OKA+91, God92, XCJ02]. The recognitio n score is combined
with a natural language score and the hypothesis with the best overall
score is selected.

Thecomputat ional demand for the exact enumerat ion of theN -best
recognitio n hypothesesincreases linearly with N for the best-known
method [CS89]. For an approximat ive enumerat ion the computat ional
costs increase only by a small factor independent of N [SA90]. Some
recognizer implementat ions require N to be known in advance [SA90],
others can incrementally generate new hypotheseson demand [Pau89].

The advantage of the N -best approach is its simplicit y. However,
the computat ional demand to linguist ically process the N -best list in-
creaseslinearly with N which is a disadvantage for large values of N .

3.1.7 Word Lattice Parsing

Compared to N -best lists, word graphs are a more compact representa-
t ion [JHJ98]. When comparing two consecut iveut terancesof an N -best
list , they typically di" er in only a few words, i.e. large parts are iden-
t ical. While ident ical word sequences of two ut terances occur in both
entries of the N -best list, they share the same nodes in a word graph.
The word graph representat ion is thus denser.

The advantage of using N -best lists or word lattices as interface
is that natural language processing and speech recognit ion can be de-
coupled and developed independent ly of each other [HJM+94]. The
informat ion ßow is st rict ly feed-forward which simpliÞes the design.

Analogous to N -best processingthere are two approaches to pro-
cess lat t ices: lat t ice Þltering [BCH+89, CR89, HJJ+99, HJ03] which
selects the acoust ically highest scored lat t ice path which is accepted by
the linguist ic module, and lat t ice rescoring [vNBKN99, Kie00, CCP04]
which combines the acoust ic score with a syntact ic score and extracts
the best path with respect to the combined score.

A robust approach being able to combine part ial analyses of a rule-
based grammar was implemented as part of the Verbmobil project in
[K ie00]. The system uses an HPSG parser to Þnd passive edges over
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a cont inuous sequence of words. The system then assigns each passive
edge a score, at which edges with ut terance status (e.g. NPs, PPs)
receive a bet ter score than lexical edges. A shortest -path algorithm
Þnds the optimal sequenceof part ial analysescovering the whole input.
The acoustic score and the probabilistic language model score are not
considered in determining the best analysis. A very similar approach
was taken in OVIS [NBKvN97, vNBK N99], which, however, also takes
the acoust ic score into account .

Most approaches Þrst create a word lat t ice [ON97] and then apply
the parser in a post-processing step. A heurist ic t ime-synchronous gen-
erat ion of word-lattices based on local decisions without backtr acking
is described in [PR96]. The advantage is that the higher level process-
ing can take place at the same t ime as the signal is decoded which
allows to parallelize computat ion. The size of the lat t ice is controlled
by a beam pruning parameter. More e" ect ive pruning methods such as
forward-backward pruning [SO99], however, require the full lat t ice to
be available and can thus not be applied.

3.2 Relat ed Project s

In Chapter 5 we will use an architecture based on lat t ice parsing to give
evidencethat rule-based linguistic knowledge can signiÞcant ly improve
the recognit ion accuracy. This architecture was also used in two large
projects: OVIS and Verbmobil.

3.2.1 OVIS

OVIS isa demonstrator of a Dutch spoken public t ransport informat ion
system over telephone lines [SRVDH+97]. The aim was to automate
the processing of queries which are limited to t ravels between two train
stat ions. Thevocabulary consistsof about 3200 wordswhich aremost ly
names of stat ions and cit ies.

In its Þrst version, an NLP module looked for sequences of semant ic
concepts rather than trying to Þnd a full parse. Later on a grammar in-
spired by HPSG whose rules were compiled into a deÞnite-clause gram-
mar (DCG) wasusedfor analyzing thespeech input. To achieverobust-
ness, the system searched not only for sentences, but also grammat ical
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categories such as noun phrases or prepositio nal phrases, which cor-
respond for example to temporal expressions or locat ive phrases from
that domain.

Given some opt imizat ion criteria the system Þnds an opt imal path
through a word hypothesis graph, for example, minimizing the number
of grammat ically correct phrases and skipped words. In [NBKvN97]
the opt imizat ion criteria Þrst minimizes the number of skips, then the
number of phrases,and then the acoustic scores. In [vNBK N99] the op-
t imizat ion criterion was replaced by a funct ion which is a weighted sum
of log acoust ic likelihood, log language model probability and number
of edges.

3.2.2 Verbmobil

The Verbmobil system recognizes spontaneous cont inuous speech,
t ranslates the ut terance to another language and converts the trans-
lated text to speech [Wah00].

In the Þrst phase the domain was appointment negot iat ion. The
research prototype translated German to English (vocabulary of 2500
words) and Japanese to English (vocabulary of 400 words). The ob-
jective of the second phasewas the bidir ectional t ranslation of sponta-
neously spoken dialogues for German/ English and German/ Japanese
with a vocabulary size of about 10,000 words. The domain was ap-
pointment scheduling, t ravel planning and making hotel reservat ions.

Vermobil makes use of deep syntact ic analysis with HPSG (word
lattice parsing) and is able to select part ial analysesby a shortest-paths
algorithm. From the algorithmic point of view the approach taken
in Chapter 5 is very similar to the approach described in [KKK+99].
However, the limited domain of Verbmobil reduces lexical ambiguity
and excludescertain types of constructions [Usz02].

3.3 Fur t her Invest igat ions

The thesissubsequent ly analysestwo architectur es. In Chapter 4 we
propose our own architecture which is based on word spot t ing and
island chart parsing. We have chosen this approach because of its
ßexibilit y.
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The second approach in Chapter 5 usesa parser to rescore a word
lat t ice. The mot ivat ion for the choice of the second approach lies in its
ability to clearly at t ribute any improvement of the recognit ion accuracy
to the linguist ic component . This property makes it a good choice to
give an answer to quest ion two, how much linguist ical knowledge can
improve recognit ion accuracy.
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Word Spotting Approach

4.1 Int roduct ion

Sincepreciselinguistic knowledge is rule-based, the recognitio n system
gets inhomogeneous: it includesa stat istical and a rule-basedpart that
have to co-operate in some way.

A very simple type of co-operat ion is sequencingthe two subsys-
tems, as can be seenin many so-called speech understanding systems:
The stat ist ical subsystem provides some hypotheses, e.g. an N -best
word lattice which is subsequent ly processedby the knowledge-based
subsystem. In part icular, there is no feedback from the knowledge-
basedsubsystem to the stat istical one.

This sequencingcan be considered to be inappropriate because it
is impossible to determine the number of best hypothesesthat have
to be provided by the stat ist ical subsystem in advance. It can al-
ways happen that a necessary hypothesis is missing and therefore the
knowledge-basedsubsystem cannot Þnd the correct sentence. Increas-
ing the number of hypotheses does not eliminate but only decrease this
problem at the costs of a new one, namely the workload of the parser
of the knowledge-based subsystem (combinatorial explosion).

A further issue arises from the fact that not all partsof an ut terance
are equally intellig ible. Emphasizedsyllablesare more preciselyarticu-
lated, whereas others might be pronounced rather carelessly. Addit ion-
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Figure 4.1: Fundamental architecture of a speech recognition system
that combines statistical speech units recognition and linguistic knowl-
edge processing (bidirectional interaction)

ally, there are coart iculat ion, pronunciat ion variat ions and noise. This
mot ivates to start the recognit ion at those points where we consider
the hypothesesto be reliable using some sort of conÞdencemeasure.

4.2 Syst em A rchit ect ure

Based on the above considerat ions, we propose a speech recognit ion
system architecture which includes a stat ist ical speech units recognizer
and a rule-based linguistic processor [BP03]. It has to be emphasized
that these two subsystems work t ight ly together. The speech unit rec-
ognizer providesan initia l set of hypothesesto the linguistic processor,
that in turn can request addit ional hypotheses. Such a request can
be very speciÞc, e.g. with respect to locat ion or syntact ic informat ion.
This requires an incremental processing and a bidirect ional interact ion
betweenthesetwo components, as illustr ated in Fig. 4.1.
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On top of thesetwo subsystems,an operational systemneedssome
control module. Consequent ly, the proposed system is composed of the
following three sub-systems:

• A stat ist ical speech units recognizer which i) provides initia l hy-
potheses, ii) is ready to produce addit ional hypotheses on de-
mand at designated locat ions and iii) is able to score hypotheses
proposed by the linguist ic processor.

• A rule-based linguistic processor that concatenates small hy-
potheses to larger ones according to a grammar without any re-
st rict ion of the parsing direct ion.

• A control module which includes among other things a st rategy
component that decideswhich of the current ly possible actions
the parser has to execute in order to opt imally make progress
towards the Þnal solut ion.

This architecture speciÞes a broad class of recognizers that can be in-
stant iated in di" erent ways. For our prototype we have chosen some
sort of word spot ter as speech units recognizer and an island chart
parser as linguist ic processor.

This prototype has been implemented primarily as a proof of con-
cept . Therefore, the main focus was on exploring principles rather than
achieving e! ciency.

4.3 Speech Unit s Recognizer

As out lined in Sec. 4.2, the speech units recognizer has to provide ei-
ther hypotheses or has to compute the score of a suggested hypothesis.
In both casessome sort of word spotting is used. The speech units
recognizer is basedon phonemesand is able to provide hypothesesfor
phoneme sequences of arbit rary length, ranging from single phones to
morphemes,words, phrasesand sentences.

4.3.1 Benefits of Word Spotting

A word spot ter is able to Þnd the best match of a keyword in a signal.
For a given keyword, it computes both the locat ion in the signal and a
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a22

a23

S1 S3S2

a12

Figure 4.2: Single state HMM with non-emitting entry and exit states.
The stay state transition probability is denoted as a22, the state change
probability is a23 = 1 − a22, and a12 = 1.

corresponding acoust ic score. Note that the spot t ing algorithm is not
rest ricted to ent ire words, but can also be used for sub-word units (e.g.
morphemes), mult i-word expressions or even whole sentences. This has
beenexploited threefold:

1. By spotting every word of the recognizer lexicon and sendingthe
best scored words as init ial hypotheses to the linguist ic processor.

2. The linguist ic processor can request addit ional hypotheses at a
speciÞc locat ion in the signal.

3. When the linguist ic processor concatenates two hypotheses into
a single one, the joined hypothesis can be scored by spot t ing it in
the vicinit y of the original ones. Scoring the joint hypothesis is
important as its const itut ing hypotheses often overlap or have a
gap in between, as will be explained in more detail in Sec. 4.4.2.

4.3.2 Word Spotter

The word spot ter is based on the Viterbi decoding algorithm and op-
erates on phoneme models. Phonemesare represented by 40 context-
independent monophone HMM/ ANN models with a single state, as
depicted in Fig. 4.2.

As Þller model a variant of the online garbage model in [BDB94]
is used. It computes the average of the N best local phoneme scores,
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whereby the top-value itself is not considered. Thus, the garbagemodel
is never the best one, but is always one of the top candidates.

Duration Model

The geometric durat ion model of standard HMMs based on stat ic state
tr ansition probabilities has been replaced by a more adequate para-
metric model following a Gamma dist ribut ion. Explicit modeling of
the state dist ribut ion was shown to improve recognit ion in [Rab89] and
Gamma dist ribut ions are reported to Þt empirical dist ribut ions su! -
cient ly well in [Bur95].

Our durat ion model replaces the stat ic state t ransit ion probabilit ies
by dynamic ones which depend on the durat ion d spent so far in the
current state. Thestatechangetransit ion probability a23(d) in funct ion
of this durat ion d is computed such that the dist ribut ion of the phone
durat ion follows a Gamma dist ribut ion [MP02]. The free parameters
of the Gamma dist ribut ions have been est imated from the mean µ and
variance σ2 of the durat ion of HMM states from a standard Viterbi
segmentat ion of the training set .1

In order to apply thedurat ion model in theword spot ter, theViterbi
recursion has beenchanged slight ly by replacing the constant aij by the
funct ion aij(d):

δt(j) =
[

max
i

δt−1(i) aij(d)
]

· bj(xt) (4.1)

where δt(j) is the score for observing the feature vectors x1 to xt and
being in state Sj at t ime t; and bj(xt) is the probability to observe the
feature vector xt in state Sj .

Double Normalized Scores

The speech units hypotheses are scored with a double normalizat ion
technique which takes into account the number of frames in each phone
and the number of phonesin each word (phone-based normalized pos-
terior conÞdence measure, [BB98]). According to our experience this
measure signiÞcant ly improves the accuracy of the word spot ter score.

1Shape parameter α = µ2/ σ2 and inverse scale parameter β = µ/ σ2 .
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4.4 Linguist ic Processor

The linguist ic processor is realized as an act ive island chart parser.
This section outlines our mot ivat ion for this choiceand explains further
details.

4.4.1 Island Chart Parsing

The chart parsing framework [Kap73, Kay82] is very powerful for pars-
ing natural language. Hypotheses are represented by edges which are
stored in a data str ucture called chart. The chart represents all syntac-
t ic st ructures that have been found or t ried so far. Thus, it shows also
the parsing state and it prevents any work from being repeated. Act ive
chart parsing uses an agenda to keep track of the grammar rules st ill to
be applied. Depending on the implementat ion of the agenda di" erent
rule invocat ion strategies (top-down, bot tom-up or mixed) and di" er-
ent search st rategies (depth-Þrst , breadth-Þrst , best -Þrst etc.) can be
adopted. This is at t ract ive as it provides a ßexible framework that can
be controlled by a st rategy component .

An extension of standard chart parsing is island parsing, which en-
ables the recognizer to start at Òtrust ilyÓrecognized const ituents and
proceed bidirect ionally [SDR87, SFI88]. There are two ext remes in
choosing the number of islands, either only a single one is selected or
every word hypothesis is regarded as an island. Our implementat ion
does the lat ter. Only hypotheses which belong to an island can be
expanded. Since we do not know which words belong to the correct
solutio n, and since we want to be able to Þnd grammatically correct
phrases anywhere in the ut terance, our implementat ion regards every
word hypothesis as an island.

The propert ies of island chart parsing conform to the requirements
discussed in Sec. 4.1 and Sec. 4.2.

4.4.2 Parsing Text vs. Speech

Chart parsing is commonly used for parsing writ ten text . In this case
there is always a unique unambiguous boundary between two consec-
utiv e words. Theseboundaries are the vert ices to which the edges in
the chart are anchored. Only adjoined edges can be combined.
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the cat

the cat

the cat

the cat

Figure 4.3: When parsing text, the vertices of the chart are unique
word boundaries (left) and it is thus always clear which words are neigh-
bours and consequently can be concatenated to a larger hypothesis. This
contrasts to acoustic hypotheses from a word spotter: generally such hy-
potheses do not fit; there is often an overlap or a gap (right). Therefore,
when parsing speech, the vertices are acoustic frames and words can be
connected when they meet some adjacency criterion.

In contrast to that , the word boundariesof hypothesescreated by a
word spot ter are not const rained to be adjoined (typically they overlap
or have gaps in between), so chart parsing is not direct ly applicable.
This di" erence is illust rated in Fig. 4.3.

The simplest solut ion is to redeÞne the term of adjacency of two
edges. Instead of saying two edges e1 and e2 are adjacent if e1.end =
e2.start we deÞne them to be st ill adjacent as long as the mismatch of
the concerned boundaries is lessthan τ :

adjacent(e1, e2) =

{

true if |e1.end − e2.start| < τ

false else

4.4.3 Morphological Knowledge

Most German words are composed of a stem, an ending and opt ional
preÞxes. From one stem typically dozens of correct word forms can be
derived and thus the number of full word forms is much higher than
the number of stems. Using morphological knowledge has a number of
advantages. The lexicon can be more compact ly represented2, the use

2T he system was extended after the experiments and was able to derive 30Õ000
word forms from 5Õ000 morpheme stems and 750 endings.
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Figure 4.4: Block-diagram of the recognizer.

of rules improves consistency and in our architecture it can be used to
improve performance.

In order to reduce the workload of the word spot ter, we spot the
stemsinstead of the full word forms. Only if the control module decides
that a stem hypothesishas to be considered for further processing, this
stem is expanded to full word forms which are again supplied to the
spot ter for scoring.

Some words are not subject to this opt imizat ion, namely unin-
ßectable words and irregular forms. They are treated as full word
forms and are spot ted direct ly.

Consequent ly, the recognizer shown in Fig. 4.4 has got three lexica
that contain full word forms, stems and endings, resp. The full word
forms lexicon mainly contains grammat ical words, but also some irreg-
ular forms. The stem lexicon also informs for each stem which preÞxes
it can take. Addit ionally, there is a word grammar that tells the inßec-
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t ion module which stems can be combined with which endings to full
word forms. The implementat ion represents the morphological knowl-
edge in terms of definite-clause-grammar (DCG) rules and finite state
transducers (FSTs) and is largely based on [Tra95].

4.5 Cont rol M odule

This section demonstrates the recognitio n processby showing how the
stat istical subsystem and the linguistic processor operate under the
coordinat ion of the control module.

4.5.1 The Recognition Process

The recognizer depicted in Fig. 4.4 processes an input speech signal
as follows: First and independent ly of the subsequent processing, the
utter ance boundaries are detected by computing the best alignment
of the model sequence silence - filler model - silence using dynamic
programming.

Afterwards, all ent ries of the full form lexicon and the stem lexicon
are spot ted and the result ing hypotheses are stored in a list . Then the
following steps are repeated:

1. Select the best scored hypothesis and remove it from the list .

2. Since a word or a stem can appear more than once in one and the
same ut terance, it has to be spot ted again in the areas it has not
already been found. The resulting hypothesesare added to the
list. If the hypothesisselectedin step 1 is a word, skip step 3.

3. For the stem selected in step 1, all possible full word forms are
generated and spot ted in the signal (near the found stem). The
resulting hypothesesare added to the list. Go back to step 1.

4. The full word form is passedto the island chart parser that adds
an edge representing the word hypothesis to the agenda. Then
a full parseis executed,i.e., the rule invocat ion is repeated unt il
the agenda is empty. In other words, all syntact ic st ructures
derivable from the word hypothesesknown so far (i.e. that have
been passedto the parser) are computed. Note that whenever
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Figure 4.5: Screenshot of the continuous speech recognizer based on
word spotting. The upper part shows the word hypotheses provided by
the word spotter, which are concatenated to larger ones according to a
grammar. The recognized utterance is shown at the bottom (“we were
talking about a TV movie.”)

two edges are combined to a single one, the combined edge has
to be rescored by spot t ing the corresponding word sequence (cf.
Sec. 4.4.2).

5. If no stop criterion is met , cont inue with step 1.

6. The best scored sentence hypothesis is printed out . Sentence hy-
potheses that span the ut terance boundaries are always preferred
from shorter ones and are compared using the double normaliza-
t ion technique from Sec. 4.3.2. If no sentencehypothesisspansthe
ut terance boundaries, the sum of the log phoneme probabilit ies
is used for comparison instead of the normalized score.

The stop criterion current ly used is a t imeout proport ional to the
ut terance length.
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Pruning

Unpromising edges are conservat ively pruned. Before an edge is added
to the agenda its score is compared to all edges spanning approximately
the same part of the ut terance. If the score of the edge in quest ion is
not among the N best , it is pruned. N depends on the number of words
spanned by the edge (cf. Table 4.1 for exact values). The values were
chosen ad hoc.

k 1 2 3 4 5 6 >6

N 100 10 5 4 3 3 2

Table 4.1: An edge spanning k words is added to the agenda if its
score is within the N best competing edge scores found in the chart,
otherwise it is pruned.

4.6 Exper iment s

The aim of the experiment was in a Þrst attempt to explore the pro-
posed concept and test the prototype. Since the ent ire system was
designed and implemented from scratch, the task had to meet some
constraints. The ut terances should be of a manageable complexity,
which restricts the size of the vocabulary and the range of grammat ical
phenomenain the test sentences. Another simpliÞcation was achieved
by allowing the system to be speaker dependent .

In order to t rain acoustic models and test the system,a corpus was
required which has enough data of a single speaker to t rain a speaker
dependent model and containssuitable sentencesfor testing. Therewas
no German corpus available which satisÞed these constraints. There-
fore the recording of the test and training data was done by ourselves.
To prevent an oversimpliÞcat ion of the task, the test sentences were
not deÞned by ourselves, but taken from a dictat ion book for pupils
(cf. Appendix A). The sentences used to t rain the acoust ic models are
taken from newspaper text . Thus, the training and test data can be
assumed to be disjoint .
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The ut terances of both the training and test set were spoken by a
single male speaker in an o! ceenvironment with low background noise
using a head-set microphone sampled at 16 kHz. The feature vector
ext racted at each frame consisted of 14 standard MFCCs plus the log-
energy [Eur00]. These vectors were ext racted from 25ms windows at a
frame rate of 100 Hz.

4.6.1 Training

40 context -independent monophone HMM/ ANN models with a single
state were trained. The neural network is a three layer percept ron with
120 and 80 neurons in the Þrst and second hidden layer, respectively.
The input iscomposed by thefeaturesof thecurrent frameplus8 frames
context. Thus, the input layer has 15 · 9 = 135 neurons. The input
of each input neuron is t ransformed to have zero mean and standard
deviat ion on the t raining data. There are 40 neurons in the output
layer, one for each phoneme. The network was trained for 10 epochs
on 887 newspaper sentences containing 51937 phonemes, corresponding
to 101 minutes speech. The samples were chosen randomly such that
the phonemes were trained uniformly. The weights were updated after
each sample (stochast ic learning) using standard back-propagat ion.

4.6.2 Testing

The test data consists of 72 sentences taken from a dictat ion book for
pupils.3 The sentencesused for t raining the HMM/ANN models and
the test sentences are disjoint . The ut terances contain 3, 6.8 and 11
words in minimum, mean and maximum respect ively. The total num-
ber of words in the test sentences is 489. Out of the 4067 di" erent word
forms that can be recognized, 232 word forms appear in the test sen-
tences. The full form lexicon contains 1418 entries and the morpheme
stem lexicon consists of 492 stems. The pronunciat ion of a lexicon en-
t ry follows the citat ion form given in [Dud90], pronunciat ion variat ions

3Of the set of test sentences (cf. Appendix A) the Þrst 72 parseable sentences
were used. T hese are: 0, 1, 2, 3, 4, 5, 7, 8, 11, 12, 13, 14, 15, 16, 17, 19, 20, 21, 22,
23, 24, 26, 29, 30, 32, 33, 35, 36, 38, 39, 40, 41, 42, 46, 47, 48, 52, 55, 58, 59, 61,
68, 70, 75, 79, 83, 84, 86, 90, 92, 93, 96, 99, 100, 102, 103, 104, 106, 107, 110, 111,
113, 115, 116, 117, 118, 119, 120, 133, 134, 135, 136
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werenot taken into account . Thereareneither out -of-vocabulary words
nor out-of-grammar sentences.

The 130 Definite Clause Grammar (DCG, [PW80]) rules of the
sentence grammar cover the following aspects of the German language.
Verb tenses: present tense (PrŠsens), simple past tense (PrŠteritum),
present perfect tense (Perfekt ), past perfect tense (Plusquamperfekt ),
moods: indicat iveand subjunct ive, main sentenceswith freeword order
(a! rmat ive and negat ive statements) and quest ions. The morphologi-
cal knowledge was expressed in terms of 27 word grammar rules.

The experiments have beenconducted for di" erent neural networks
(size of hidden layers, number of epochs trained etc.), garbage model
parameter values N , and gap tolerances. Only the best result is re-
ported here. These parameters were thus opt imized to the test data.
The parameters were chosen as follows. The online garbage model was
computed by the top 15 phone probabilit iesand two parsing edges were
considered to be adjacent if the gap was smaller than τ = 10 frames
(100ms). The recognit ion process was stopped when it ran 10 t imes as
long as the durat ion of the signal.

The best scored hypothesis is compared against the reference in
terms of subst itut ions, insert ions and delet ions.

4.6.3 Results

A word error rate (WER) of 6.5% wasachieved. Therecognit ion results
on the word and sentencelevels are given in Table 4.2. The detailed
results are: 461 correct words (C), 4 insert ions (I), 7 deletions(D) and
21 subst itut ions (S) on a total number of 489 words (N ).

4.7 Compound Words

Several advantagesof using morphological knowledgehavealready been
pointed out in Sec. 4.4.3. Another advantage is the e! cient t reatment
of compound words. This sect ion describes an extension to the system
which allows to handle compound words and preÞxing of verbs. This
extension was not part of the experiment described in the last section.
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words correct 94.3%
word accuracy 93.5%
sentences correct 66.7%

word error rate (WER) 6.54%

Table 4.2: Recognition results in terms of words correct (C/N), word
accuracy (C − I)/N , word error rate (I + D + S)/N and number of
sentences without any error on a speaker dependent recognition task
with a 4k words dictionary.

4.7.1 The Importance of Compound Words

Compound words are an important aspect of GermanÕs rich morphol-
ogy: it means that new words can be created by concatenat ing words
and/ or morphemes. This kind of word format ion can produce correct
words which are easily understandable, but cannot be found in any
dict ionary. A famous example is the word Donaudampfschi! fahrts-
gesellschaftskapitän (Danube steamboat navigat ion company captain),
which is a single word formed by six nouns (Donau, Dampf, Schi" ,
Fahrt , Gesellschaft and KapitŠn) and two Þller morphemes (s).

Compounds are widely used both in written and spoken language.
The vocabulary of the German language has therefore to be consid-
ered of virtually inÞnite size. Although this problem can be mit igated
by using a large recognizer vocabulary with several hundred thousand
words [MAD03], a large vocabulary does not really solve the problem.

A speech recognizer for German deÞnitely needs mechanisms to
cope with this phenomenon in order to reduce the problem of out-of-
vocabulary errors. Since the proposed recognizer is morpheme-based
anyway, it can be extended easily to handle compounds as well by
adding word compound rules. Theserules deÞne how morphemescan
be combined to wordsand allow to derive the syntactic propert iesof the
new word. In German, a noun compound word inherits the syntact ic
propert ies of the last noun. The semant ic propert ies however cannot
be derived.
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Rule Example

noun → noun + noun Baumstamm
noun → noun + ÕsÕ+ noun Staatst re" en
noun → verb stem + noun Gehstock
noun → verb stem + ÕeÕ+ noun Haltestelle
noun → adjective stem + noun Schnellstrasse

Table 4.3: Most often used compound rules for German noun com-
pounds.

4.7.2 Regularities

Although compounds can be created with virtually no rest rict ion, there
are a few rules that cover a fair amount of compounds. The rules de-
scribed in Table 4.3 cover the most frequent German noun compounds
(approximately 90%). There are other possibilit ies as well, e.g. noun →
part icle + noun, but they occur much lessfrequent and are not consid-
ered for the sake of performance. As theserulesare recursively deÞned,
compound words of arbit rary length can be handled. In addit ion to the
rules above, adject ive compounds and the preÞxing of verbs (ÕbeÕ, ÕverÕ,
ÕumÕ,ÕweiterÕ,ÕwiederÕ, etc.) were also implemented. The number of
rules of the compound grammar is 9.

4.7.3 Search Strategy

The number of hypotheses which a speech recognizer has to process
increasestremendously when compound rules are added. Words then
not only interact on the level of the sentence grammar, but also on
the level of the compound grammar. Each addit ional word hypothesis
originat ing from compounding results in an addit ional work load for
the sentence parser. Restrictive pruning must be applied in order to
deal with the exceedingly product ive compound rules.

The recognizer described in Sec. 4.5.1 spots word stems, predicts
possible word endings and creates the corresponding full form words,
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which are spot ted again. The top-down predict ion of endings like ÕeÕ,
ÕesÕand ÕtÕis appropriate because endings are very short. Short key-
words are di! cult to spot since they i) match in many places because
they are not so speciÞc, and ii) can be easily missedif there is a slight
mismatch. For the same reason, the two compound Þller morphemes
ÕsÕand ÕeÕ(cf. Table 4.3) are predicted and tested for their presence in
a top-down manner. For example, when two nouns are close to each
other, a compound word is hypothesizedbotto m-up and theexistenceof
the morpheme ÕsÕis veriÞed top-down, which results in two compound
nouns hypotheses, one with Þller and one without . The existence of
a compound Þller morpheme cannot be predicted by rules since it is
arbit rary to some extent and must therefore be detected in the signal.

A similar bot tom-up / top-down strategy was used to process verb
preÞxes. PreÞxes which are too short to be detected reliably in the
speech signal bot tom-up are predicted top-down (e.g. ÕgeÕ, ÕbeÕ, ÕumÕ,
ÕabÕ). All the others are processed bot tom-up (e.g. ÕfortÕ, ÕherausÕ,
ÕunterÕ).

4.7.4 Results

The extended system is able to handle noun and verb compounds in
roughly the same amount of processing t ime as before, due to the opt i-
mization described above. Allowing compounds is equivalent to a very
large vocabulary. As a result , the word error rate increased to 27%.
To improve, bet ter acoust ic models and a stat ist ical language model
or a stat ist ical compound model would be required. Due to the limi-
tations discussedin the next section, further work on the architectur e
was discont inued.

4.8 D iscussion

The aim of the work described in this chapter was to provide an ar-
chitecture which allows to apply rule-based linguist ic knowledge within
the stat ist ical framework of a speech recognizer. As out lined in the
previous chapter, a variety of approaches can be taken. In the follow-
ing, the advantages and drawbacks of the proposed architecture are
discussed.
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4.8.1 Advantages

Flexibilit y is thearchitectur eÕsmain advantage. Theuseof a word spot-
ter allows to use any kind of search strategy (depth-Þrst , breadth-Þrst ,
best-Þrst , left -to-right etc.) and any kind of rule invocat ion strategy
(top-down, bot tom-up, mixed).

The ßexibilit y was not exhaustively usedin the experiments. When
two hypothesesare combined, the joint hypothesisis rescored by spot-
t ing it in the vicinity of the original ones. The rescoring could be done
more accurate, e.g. by taking cross-word pronunciat ion variat ions at
the joint into account .

Sincethe systemis not restricted to processthe utter ance from left
to right it can skip unintelligible parts. Skipping is not done intention-
ally but is a side-e" ect of word spotting and island parsing. Depending
on the applicat ion, it may be preferable to mark the parts of the signal
where recognit ion was not possible rather than to count on a transcrip-
tion which is very unreliable.

4.8.2 Problems

The control module is a complex part . This became clear when the
system was extended to handle compound words. The problem is to
decide when to take which act ion. For example, one has to t rade ex-
plorat ion versus exploita t ion, i.e. when does is make senseto provide
addit ional hypotheses by spot t ing addit ional stems and thus broaden
the search, when should the compound grammar be used, and when
and how long should the sentence parser run? In the current system
all derivable syntact ic st ructures are computed. For longer sentences
or under more di! cult acoust ic condit ions this approach could render
to be computat ionally prohibit ive due to combinatorial explosion.

The detect ion of short stems or short words (like grammar words)
is di! cult for a word spot ter. If these words are carelessly pronounced,
they receive a low score. It may happen, that they are either pruned
away or the t imeout occurs before they are processed. This problem
was not pronounced so much in the experiments described here since
the word spot ter was speaker dependent , however, it may aggravate for
a speaker independent system.
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The e" ect of allowing compounds is comparable to having a very
large dict ionary. With increasing dict ionary size the confusability in-
creases, which leads to lower recognit ion accuracy. Therefore, adding
the possibility of recognizing almost arbitr ary compound words comes
at the cost of a lower recognit ion rate. In order to compensate the
increasedconfusabilit y a stat istical compound model would have to be
used.

4.8.3 Further Work

Apart from the acoust ic score, the described system treats each word
sequence to be equally likely. The performance could be improved by
adding a stochast ic language model, which would allow the control
module to useprior knowledge to guide the system. The acoustic score
of each hypothesis (consist ing of at least a full form word) could be
mult iplied by a language model score. This would allow to reorder the
agenda and reßect the fact that some ut terances occur more frequent ly
than others. A stochast ic compound languagemodel would be required
as well when the compound grammar is enabled.

The search space is rest ricted by the grammar to the language it
deÞnes. Thus, the current systemcan only recognize int ra-grammatical
sentences. This limitat ion could be overcome by taking advantage of
the island parser. The fragments (islands) found by the parser could
be combined if no solut ion is found which spans the whole signal. For
example, a minimum number of adjacent fragments could be chosen
by means of dynamic programming. In order to be robust , several de-
composit ions of the signal into fragments would have to be considered.
Each would have to be scored by the word spot ter and the highest
scored solut ion would be chosen.

4.9 Conclusions

A novel speech recognizer architecture which integrates both stat ist ical
acoustic knowledge and rule-based linguistic knowledge was proposed.
It appliesmorphological knowledge for e! cient processingand can han-
dle compound words of arbit rary length in a straight forward way. As
a proof of concept a prototype was implemented and a recognit ion ex-
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periment was carried out . This prototype achieves a word recognit ion
accuracy of 93.5% on a speaker dependent cont inuous speech recog-
nit ion task consist ing of grammat ical sentences with a vocabulary of
4k words. To apply the system on a more complex task, a stat ist ical
language model and an extension to recognize non-grammat ical ut ter-
ancesas well would have to be added. From the experiencesmade it
can be concluded that rule-based knowledge should not be seen as a
replacement for an N -gram, but rather as complementary informat ion.



Chapter 5

Lattice Parsing Approach

The architecture int roduced in the previous chapter was mainly an an-
swer to the Þrst question of this thesis,how non-probabilistic knowledge
can be integrated into a stochast ic speech recognizer. The architecture
described in this chapter is lessversat ile, however, it is better suited to
compare a linguist ically enhanced system with a standard system.

The architecture is frequent ly used in natural language understand-
ing systems: a word lat t ice serves as an interface between an acoust ic
recognizer and a natural language processing module. In our approach
a scorederived from the syntactic str uctures found by the parseris used
to rescore the word lat t ice such that grammat ical phrases are slight ly
favoured.

5.1 A rchitecture

The aim is to provide evidencethat rule-basedknowledge can improve
LVCSR accuracy. To do so, a speech recognizer must be extended
by a rule-based component in a way such that any improvement of
recognit ion accuracy can be clearly at t ributed to that component and
thereforeto the linguist ic knowledge. Thearchitectureshown in Fig. 5.1
fulÞlls this requirement : a speech recognizer creates word lat t ices and
at the same t ime provides a baseline word error rate. The word lat t ices
are subsequent ly rescored by a natural language processingmodule.
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Figure 5.1: A speech recognizer is used to measure the baseline recog-
nition accuracy for a given task. We aim at outperforming this baseline
system by rescoring the word lattice created by the recognizer by means
of linguistic knowledge. The N-best list is used to drive the parser to
work on the most promising hypotheses first.

By comparing the word error rate of the enhanced system with the
baseline word error rate we can direct ly quant ify the beneÞt of the
linguistic component .

Initia lly, a word lattice is produced by the baseline speech recog-
nizer. Due to the uncertainty of word boundariesin cont inuous speech,
the same word sequence may be represented by several lat t ice paths
with di" erent acoustic scores. The parser only considers the word se-
quenceof a path but not its score. Consequent ly, there is no use in
parsing several paths that di" er in score only. By ignoring acoustic
scores and t iming informat ion we create a word graph which repre-
sents all word sequences of the lat t ice in compact form and thus can
be processed more e! cient ly by the parser.

Ideally, the parser processeseach path in the word graph, produc-
ing all phraseswhich can be derived from the corresponding word se-
quences. As the number of paths in a word graph may be huge, one
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has to focus on the most promising hypotheses. For this reason only
the paths in the baseline systemÕsN-best list are parsed, start ing with
the best hypothesis. If the parsing t ime exceeds some predeÞned limit ,
the parsing procedure is terminated. Parsing can potent ially lead to
a combinatorial explosion of hypothesesresulting in large processing
t imes. The parsing t ime limit guarantees a worst -case running t ime of
the experiments.

The phrasesderived by the parser are usedto rescore the recognizer
lat t ices. However, theÞnal solut ion isnot rest ricted to the N-best paths
but can rather be any path in the lat t ice. The rescoring step will be
described in the next section.

5.2 Scoring Synt actic Structures

A speech recognizerÕs aim is to Þnd the word sequence which was most
likely ut tered given an acoust ic observat ion X. The maximum a pos-
teriori (MAP) criterion chooses the word sequence W such that the
product of the acoust ic likelihood P (X|W) and the language model
probability P (W) is maximized (cf. Eq. (2.3)).

In pract ical applicat ions the acoust ic likelihood and the language
model probabilit y have to be balanced to optimize performance. Also,
adding a word insertion penalt y has proven to be advisable to get op-
t imal results:

Ŵ = arg max
W∈V ∗

P (X|W) · P (W)λ · ip|W| . (5.1)

λ denotes the language model weight , the norm | · | measures the length
of a sequenceand ip is the word insert ion penalty.

5.2.1 Extending the MAP Criterion

We extend the MAP criterion with an addit ional parsing score f(W)
which allows us to favour grammat ical ut terances:

Ŵ+ = argmax
W∈V ∗

P (X|W) · P (W)λ · ip|W| · f(W) (5.2)
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As we usea non-probabilistic rule-basedgrammar the parser doesnot
provide a score but only syntactic str uctures. In the remainder of this
section we explain how the parsing score f(W) can be computed from
syntact ic st ructures.

Let W be a word sequence in the lat t ice spanning the whole ut -
terance. W can be decomposed into a sequence U = 〈u1, u2, . . . , un〉
of so-called parsing units ui. A parsing unit ui represents a word se-
quence w(ui) which the parser identiÞed as being grammatically cor-
rect . The decomposit ion is such that the concatenat ion w(u1)◦w(u2)◦
· · · ◦ w(un) = W. Note that for a given W there may exist several
di" erent decomposit ions.

Thr ee types of parsing units are distinguished. The smallest unit
represents a single word. Units which are larger than one word but do
not span a whole ut terance are called fragment units. A unit spanning
the whole ut terance is called an ut terance unit . We Þrst deÞne the
parsing score s(·) for a single parsing unit to depend on its unit type:

s(u) =











cα if w(u) = W,

cβ if 1 < |w(u)| < |W|,
cγ else

(5.3)

where cα, cβ , and cγ denote the scores for ut terance units, fragment
units and single word units, respect ively. The score of a decomposit ion
of W is

g (〈u1, . . . , un〉) =
n

∏

i=1

s(ui) . (5.4)

The score of word sequence W is the maximal score of all its valid
decompositio ns:

f(W) = max
U

g(U) . (5.5)

Note that f(W) is always deÞned, even if the utter ance is not fully
parsable, becauseW can always be decomposed into single word units.
Therefore a fall-back mechanism for unparsable sentencesis superßu-
ous. Table 5.1 illustr ates how parsing scores are computed.
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sentence parsing score

(Anna and Bob go to school)
| {z }

cα

f (W ) = cα

(Anna and Bob)
| {z }

cβ

(so)
|{z}

cγ

(to school)
| {z }

cβ

f (W ) = c2
β · cγ

(Anna)
| {z }

cγ

(and)
| {z }

cγ

(bobbed)
| {z }

cγ

(go)
|{z}

cγ

(two)
| {z }

cγ

(school)
| {z }

cγ

f (W ) = c6
γ

Table 5.1: Three examples illustrating how the parsing score is com-
puted.

5.2.2 Parameter Optimization

The parameters λ, ip, cα, cβ , and cγ are optimized on development
data to minimize the empirical word error rate.

Experience suggests that the error surface is not smooth and has a
large number of local minima [KOR92]. Because the word error rate
is not a cont inuous objective function gradient descent methods can
not be applied. One possibility would be to opt imize the weights by
PowellÕsMethod [PTVF0 2], as described in [OKA+91].

In this work, however, the downhill simplex method known as
amoeba search (a multidimensional unconstrained nonlinear mini-
mizat ion algorithm, [NM65]) is applied, since it was already suc-
cessfully used for di" erent weighting problems in speech recognitio n
[VTB00, Ver00, GVN+01].

5.3 A lgorithms and Data Structures

The preceding sect ion contains a high-level overview of the lat t ice pars-
ing approach. This section explains in detail how the word sequence
Ŵ+ can be ext racted from a given lat t ice according to the extended
MAP criterion of Eq. (5.2).
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The main data st ructures on which the algorithms operate are word
lat t ices and word graphs. Since in literature the terms word lat t ice and
word graph are used di" erent ly, the sect ion starts with a deÞnit ion of
these terms.

5.3.1 Definition of Word Lattice and Word Graph

All descriptio ns of algorithms are basedon the deÞnitio ns given here.

Word lattice. Words are represented by weighted edges, where the
edge weight corresponds to the acoustic score. Nodes deÞne the start
and end of a word and stand for a point of t ime in the signal. An
example of such a lat t ice is given in Fig. 5.2.

Word graph. Words are represented by nodesand the node weight
corresponds to the acoustic score. The edgesdeÞne the word sequences.

Formal Definition of Word Lattices

A word lattice is a directed acyclic graph (DAG) consist ing of a tuple
G = (N, E) of a set of nodes N = {n1, n2, . . . , n|N|} and a set of directed
edges E = {e1, e2, . . . , e|E|}.

Each node ni ∈ N is associated with a ßoat ing point value time(ni)
which denotes a point of t ime in the signal in seconds, and an integer
identiÞer id(ni).

Each directed edge ei = (nstart, nend) ∈ E is deÞned by a start
node nstart = start(ei), an end node nend = end(ei), a st ring word(ei),
an acoust ic score scoreac(ei), a language model score scorelm(ei) and
an opt ional parsing score scoreparse(ei). Each node ni has a set of
predecessor edges pred_ edges(ni) = {ej | end(ej) = ni} and a set of
successor edges succ_ edges(ni) = {ej | start(ej) = ni} , as well as
a set of predecessor nodes pred_ nodes(ni) = {nj | (nj , ni) ∈ E} and
a set of successor nodes succ_ nodes(ni) = {nj | (ni, nj) ∈ E}. All
incoming edges of a node belong to the same word.

Each lat t ice has a unique start node start(G) and a unique end
node end(G). Thesenodescan be assumedto be unique without lossof
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if

-800
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!NULL
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Figure 5.2: Example of a word lattice. Edge weights correspond
to the log-likelihood of the respective acoustic HMM word model. The
language model score is not shown.
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generalit y becausesuch a graph can alwaysbeconstructed. For any pair
of two nodes (ni, nj) there is exact ly zero or one edge ek = (ni, nj) ∈ E.

A partial path is deÞned to be a sequence of edges 〈e1, e2, . . . , en〉
whereend(ei) = start(ei+1). Becausethereisat most oneedgebetween
two nodes it is also possible to equivalent ly deÞne a path to be a se-
quence of adjacent nodes 〈n1, n2, . . . , nn〉 with ni ∈ pred_ nodes(ni+1).
A full path is a path with the rest rict ion that start(e1) = start(G)
and end(en) = end(G) respect ively n1 = start(G) and nn = end(G).
paths(G) is the set of all full paths in graph G. The score of a path is
the sum of scores along the path

score(e1, . . . , en) =
n

∑

i=1

score(ei)

assumingthat the scores are log likelihoods or log probabilities.

5.3.2 Overview

There are basically two approaches to choose from. The simpler one
usesthe parsing score to re-rank the N -best list and can treat each
N -best solution independent ly of the others. The Þnal solution is re-
st ricted to an ut terance present in the N -best list. The more compli-
cated solut ion operatesdirect ly on the lat t ice. It takesadvantageof the
fact that the N -best solut ions largely overlap which prevents it from
repeatedly parsing common word sequences. The decision fell on the
lat t ice approach. It was expected to be more powerful since the Þnal
solutio n is not restricted to the N -best paths but can rather be any
path in the lat t ice.

The key idea is to add new edges to the lat t ice, one for each phrase
found by the parser. The acoust ic score of a new edge is computed
by summing the acoustic scores of the edges subsumedby the parsing
edge. The same applies to the language model score. The parsing score
is set according to the parsing unit type (word unit , fragment unit or
ut terance unit ). The best scored ut terance can then be extracted in
the usual way by dynamic programming.

As a lat t ice can be very large and parsing is an expensive operat ion,
the lat t ice is not parsed direct ly. Instead, several measures are taken
to keep the computat ional complexity within reasonable bounds. In
short , the processing consists of the following steps:
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1. Pruning. During decoding the size of the word lat t ice can be
controlled by appropriately set t ing the beam search parameters.
Once the decoding is complete the lattice size is reducedfurther
by forward-backward posterior pruning.

2. Non-word removal. Word lat t ices can contain non-words which
the parser might not be able to handle, e.g. denoting silenceor
speaker noise. The nodes and edges belonging to non-words are
removed from the lat t ice. The scores of the removed edges are
pushed to the remaining edges so that the total score remains
constant .

3. N -best extraction. A stack decoder ext racts the N -best paths
from the word lat t ice. The N -best paths are used to guide the
parser to processthe most promising hypothesesÞrst.

4. Lossy compression. In a lat t ice, the same word sequence can be
represented by mult iplepathswith di" erent acoust ic scoresdue to
the uncertainty of word boundariesin cont inuous speech. From a
syntact ical point of view t iming is irrelevant . By ignoring acoust ic
scores and t iming informat ion a word graph which represents all
word sequences of the lat t ice in compact form is created.

5. Word graph parsing. The N -best paths of the word lat t ice are
mapped to the word graph and processed step by step. In each
step a bot tom-up chart parser produces all phrases which can be
derived from the words of the current step.

6. Creation of annotated lattices. A new edge is created in the un-
compressed word lat t ice for each phrasetheparser hasfound. The
word lat t ice enriched with the results of the parser is called anno-
tated lattice. Annotated lat t ices are used to compute the acoust ic
and language model score of a phrase, since that informat ion was
removed during the lossy compression.

7. First best extraction. The best scored solut ion of the annotated
lattice according to Eq. (5.2) isextr acted usingdynamic program-
ming.

Although some of these or similar algorithms are already known
from various works, they are restated here under a common notat ion
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for the sake of clarity and reproducibility. The N -best ext ract ion by
the stack decoder and the Þrst best ext ract ion are excluded from the
description since they are considered to be standard techniques.

5.3.3 Forward-Backward Posterior Pruning

Pruning applied during t ime-synchronous decoding (e.g. Viterbi beam
search, [HAH01, p. 625]) is forced to cometo a decision based on part ial
informat ion, namely all observat ions up to the current point in t ime.
Forward-backward pruning, however, operates on the ent ire ut terance
and is therefore more e" ect ive.

The pruning algorithm of the SRI Language Modeling Toolkit
[Sto02] was applied. The algorithm is described below since it is not
documented in the manual and no reference is given.

A full path was deÞned in Sec. 5.3.1 to be a cont iguous sequence of
edges or nodes from the designated graph start node to the designated
graph end node, and paths(G) stands for the set of all full paths in
graph G. Now we addit ionally deÞne paths(ni) to be the set of all full
paths through nodeni. Thescoreor log likelihood of a path wasdeÞned
to be the sum of scores along the edges, assuming that all scores are
log likelihoods or log probabilities. To explain how posterior pruning
works let usassume in thissect ion that the scoresarenot in log domain,
but rather likelihoods or probabilit ies. This will simplify the formulas
considerably, but the concept remains the same. The score of a path is
then

score(path) =
∏

ei∈path

score(ei)

The scaled posterior probabilit y γ(ni) of nodeni is deÞned to be the
sum of probabilit ies of all full paths going through that node divided
by the sum of probabilit ies of all full paths in the graph:

γ(ni) =

∑

p∈paths(ni)

score(p)
∑

q∈paths(G)

score(q)
. (5.6)

Using the forward-backward algorithm the posterior probabilit ies can
be e! ciently computed [SO99]. Note that γ(ni) = 1 if all full paths go
through node ni.
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A node is pruned if its posterior probabilit y lies below a given
thr eshold. The threshold can be either absolute or relat ive. The dis-
advantage of absolute thresholds is that if the threshold is too high
the pruned lat t ice will be empty. In order to have a more meaningful
pruning parameter, we do not choose an absolute threshold direct ly
but derive it from a pruning factor η instead. If η is chosen to be zero
no pruning will occur. If it is set to one the lat t ice will be maximally
pruned, but it is guaranteed that at a least one full path will remain.

This can be accomplished as follows: First the minimum posterior
probabilit y along the nodesof a path is determined for every path. The
result is a list of minima, one minimum for each path. Then we Þnd
the maximum of these minima and use this value as absolute threshold
corresponding to pruning factor one:

θ(G) = max
p∈paths(G)

(

min
ni∈p

γ(ni)
)

. (5.7)

There is at least one path in the graph whose minimum node posterior
equals θ(G). Thus if only nodes with a posterior st rict ly less than θ(G)
are pruned at least one path will survive the pruning. Using a relat ive
pruning factor η, a node ni is pruned if

γ(ni) < η · θ(G), 0 ≤ η ≤ 1 . (5.8)

An example of posterior pruning is given in Fig. 5.3.

5.3.4 Non-Word Removal

Lattices can contain non-word symbols denot ing silence,noiseor Þllers,
which not necessarily show up in the Þnal t ranscriptio n and which the
parser cannot handle. The corresponding nodesand edges are removed
from the lat t ice such that the total score of any word sequence remains
the same by pushing the score of any removed edge into the remaining
edges.

A node ni is removed from the word lat t ice by Þrst adding by-pass
edges to the graph to preserve exist ing paths and then removing the
node and all its edges from the graph. More formally, for any pair
(ep, es) of predecessor edges ep ∈ pred_ edges(ni) and successor edges
es ∈ succ_ edges(ni) a new edge enew = (start(ep), end(es)) is added
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Figure 5.3: Illustration of posterior pruning as described in Sec. 5.3.3
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to the graph with score(enew) = score(ep) + score(es). Thus if a node
has n incoming edgesand m outgoing edges, n · m by-pass edges will
be added to the graph. Node ni and all its appendant edges are then
removed. An example of non-word removal is given in Fig. 5.4 on the
left .

5.3.5 Lossy Compression

As parsing is a t ime consuming process, the lat t ice fed into the parser
must be as small as possible. The lat t ice must thus be minimized
with respect to the number of nodes and edges. The lat t ice size was
already controlled during the decoding by the beam-search parameters
and later by the posterior pruning factor. While theseparametersa" ect
the lat t ice word error rate, the compression described here does not .
Becausethe parser doesnot know about scoresand points of t ime in a
signal we can remove these propert ies of the lat t ice and concentrate on
word sequences. The transformat ion described in the next paragraph
reduces the size of the lat t ice but preserves all word sequences. It is a
simpliÞed version of the algorithm described in [JH99].

Two nodes ni and nj can be merged into a single node nij

if either pred_ nodes(ni) = pred_ nodes(nj) or succ_ nodes(ni) =
succ_ nodes(nj). The merged node nij has the following propert ies:
pred_ edges(nij) = pred_ edges(ni)∪ pred_ edges(nj) and analogously
succ_ edges(nij) = succ_ edges(ni) ∪ succ_ edges(nj).

Lossy compression is illustr ated in Fig. 5.4. The word ÒheÓwhich
occurred twice in the original lat t ice was merged into a single node
while all word sequences are preserved. This compression is called
lossy becausescores are no longer available in the compressedlattice.

Expansion of Compressed Paths

At a later step (Sec. 5.3.7) it will become necessary to map the
parserÕspaths given by a sequenceof nodes of the compressedlattice
LC = G(NC , EC) back to the corresponding paths in the uncompressed
lat t ice LU = G(NU , EU ) in order to compute their acoust ic and lan-
guage model scores. To do so we must be able to map each compressed
node c to its set of uncompressednodes U. We deÞne the biject ive
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as descr ibed in Sec. 5.3.5

Figure 5.4: Example of two lattice operations: (a) non-word removal
and (b) lossy compression.
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funct ion
U = map(c) : c → U c ∈ NC , U ⊆ NU . (5.9)

Such a mapping can be computed by adding a node equivalence
set to each node of the uncompressedlattice. Before compression, this
set is init ialized to contain the node it is at tached to. Whenever two
nodes are merged their equivalence sets are uniÞed. After compression
the nodes are serially renumbered. A mapping table from nodes in the
compressedlattice to nodesin the uncompressedlattice can be derived
by listing the renumbered nodesand their setof equivalent nodes(which
are kept Þx during renumbering). The mapping table corresponding to
the example given in Fig. 5.4 is shown in Table 5.2.

compressed node c 0 1 2 3 4 5

set of uncompressed nodes U { 0} { 1} { 2,3} { 4} { 5} { 6}

Table 5.2: Mapping function corresponding to the example lattices in
Fig. 5.4 .

5.3.6 Lattice Parsing

As each word to be parsed will result in one or more lexical entr ies in
the parser chart , it is desirable to keep the number of words small. In
a lat t ice, the words are stored in the edges, so the parser has to create
an ent ry for each edge. We deÞned that a word lat t ice has the property
that all incoming edges of a node belong to the same word. Thus it
is more e! cient to convert the lat t ice to a word graph and parse the
word graph nodesinstead. The number of word graph nodesis usually
smaller than the number of lattice edges, as illustr ated in Fig. 5.5.

Parsing is the most complex and computat ionally demanding op-
erat ion with regard to lat t ice processing. It is therefore important to
guide the parser to work on promising hypotheses Þrst , even more if we
have to expect the parser not to be able to parse the full word graph
due to t ime or memory constraints.
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0 !NULL

1 if

2 he 3 who

4 reads

5 !NULL

Figure 5.5: The parser operates on word graphs. The word graph
of this illustration corresponds to the the word lattice in Fig. 5.4(b).
While the lattice representation would give rise to six lexical entries in
the parsers chart (one for each non-null edge), the graph representation
causes only four (one for each non-null node).
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Driving the Parser

In order to drive the parser to process promising hypotheses Þrst , the
N-best paths are incrementally extracted from the uncompressedword
lat t ice using a stack decoder (A∗-search). These uncompressed word
lat t ice paths (Fig. 5.4(a)) are t ranslated to compressed word graph
paths (Fig. 5.5) by invert ing the mapping funct ion of Sec. 5.3.5. Null
nodes are ignored. Only the paths in the baseline systemÕs N -best list
are processed, start ing with the best hypothesis.

Processing means the parser builds all derivable syntact ic st ruc-
tur es. The phraseswhich have already beenderived in previous steps
are reused for e! ciency reasons. This is repeated unt il all N paths are
processedor a stop criter ion, e.g. a t ime limit, is met. An example of
N -best path extr action is given in Table 5.3. The parsing processcan
be stopped any t ime because the recognized ut terance does not need to
be fully parsed as it can be composed of part ial parses which can even
consist of a sequence of single words.

step score utter ance lattice edges word graph nodes

1 -8550 he reads 〈0, 3, 5, 6〉 〈2, 4〉
2 -8700 if he reads 〈0, 1, 2, 5, 6〉 〈1, 2, 4〉
3 -8800 who reads 〈0, 4, 5, 6〉 〈3, 4〉

Table 5.3: N-best paths extracted from the uncompressed word lattice
given in Fig. 5.4(a). The word graph nodes refer to the word graph in
Fig. 5.5.

Parser Output

The parser returns a parsing path for any word sequence in the word
graph which is part of the language described by a grammar. Such
a parsing path is deÞned by a sequenceof word graph nodes eparse =
〈n1, . . . , nn〉.

An example of parsing paths which cont inues the example from
Table 5.3 is given in Table 5.4.
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step word sequence path

he 〈2〉
1 reads 〈4〉

he reads 〈2, 4〉

2
if 〈1〉
if he reads 〈1, 2, 4〉

who 〈3〉
3 who reads 〈3, 4〉

who reads 〈3, 4〉

Table 5.4: Parsing paths. The step number in the leftmost column
corresponds to the N-best path extraction step as given in Table 5.3.
The node identifiers in the third column refer to the word graph shown
in Fig. 5.5.

5.3.7 Annotated Lattices

The aim of this section is to explain how the parsing paths can be used
to intr oduce new edges into the uncompressedword lattice. The word
lat t ice enriched with the results of the parser is called annotated lat-
tice [vNBKN99]. As ment ioned in Sec. 5.3.5, the parsing paths have
no acoust ic or language model scores. The lossy compression has re-
moved them. To compute the scores of the parsing paths they must be
mapped to their corresponding paths in the incompressedlattice. The
conversion is performed in four steps.

1. The Þrst step converts the word graph node sequence to a se-
quenceof compressedlattice nodes. This step is tr ivial, sincethe
node numbering is of the compressedword lattice and the word
graph is the same.

2. The sequenceof compressedlattice nodes is not yet complete.
A parsing path represent ing a single word consist of a sin-
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gle word graph node. In a word lat t ice however, a path
needs at least two nodes to be properly deÞned, namely a
node where it starts and a node where it ends. Therefore we
have to prepend the node sequence〈n1, . . . , nn〉 of compressed
lattice nodes with all possible predecessor nodes of the Þrst
node, which results in a new set of compressed lattice paths
{pi | pi = 〈np, n1, . . . , nn〉, np ∈ pred_ nodes(n1)}.

3. Since a node c in the compressed lat t ice is related to a set of nodes
U = map(c) in the uncompressedlattice, uncompressinga path
results in a set of paths pU , which is the cartesian product of the
mapped node sets intersected with the uncompressedlattice:

pU = (map(n0) × map(n1) × . . . × map(nn)) ∩ paths(LC)
(5.10)

where map is the mapping funct ion deÞned in Eq. (5.9). These
paths can be e! cient ly computed by using a recursive depth Þrst
search without comput ing the full Cartesian product .

4. In the last step a new annotated edge e must be added to the lat-
tice for every uncompressedpath p = (n1, . . . , nn) which is longer
than a single word with the following propert ies: start(e) = n1,
end(e) = nn, scoreac(e) =

∑n−1
i=1 scoreac(ni, ni+1), the language

model score is set analogous, and word(e) is set to the word se-
quence along the parsing path. The parsing score scoreparse(e)
of each edge is set to cα, cβ or cγ according to Eq. (5.3).

Example. Consider the utter ance Òhe readsÓ which is found
by the parser in step 1 (see Table 5.4). The parsing path
pparse = 〈2, 4〉 (Fig. 5.5) corresponds to the compressed lat t ice
path pLC = 〈2, 4〉 (Fig. 5.4(b)). By prepending the predecessor
nodes pred_ nodes(2) = {0, 1} to path pLC we get two lat t ice paths
pLC1 = 〈0, 2, 4〉 and pLC2 = 〈1, 2, 4〉. Now we compute the Cartesian
product of the mapped nodes using the mapping from Table 5.2 for
both paths:

pLC1 : {0}× {2, 3}× {5} = {〈0, 2, 5〉, 〈0, 3, 5〉}

pLC2 : {1}× {2, 3}× {5} = {〈1, 2, 5〉, 〈1, 3, 5〉}
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Figure 5.6: Annotated word lattice.

By intersect ing the result ing four paths

{〈0, 2, 5〉, 〈0, 3, 5〉, 〈1, 2, 5〉, 〈1, 3, 5〉}

with the lat t ice we Þnd that two of them are valid, namely 〈0, 3, 5〉 and
〈1, 2, 5〉. So the uncompressed word lat t ice is annotated with two new
edges: (0, 5, Óhe readsÒ,−7050) and (1, 5, Òhe readsÓ,−5000). The full
annotated lat t ice is given in Fig. 5.6.
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5.4 Grammar Formalism

So far, the grammar was assumed to be given. The architecture de-
scribed in the last sections is independent of the grammar formalism
used. However, for a real implementat ion, a few aspects deserve con-
siderat ion.

A good grammar should accept as many grammat ical word se-
quences as possible and at the same t ime reject as many ungrammat i-
cal word sequences as possible. Precision is the main requirement of a
grammar to be used in our architecture: it only makes sense to favour
the parsable word sequences if they are very likely to be correct . Note
that sinceour approach can deal with unparsable word sequences,there
isno need to art iÞcially weaken thegrammar rules, as issomet imesdone
to achieve a higher robustness.

However, it is also important that the grammar covers a wide range
of syntact ic construct ions. It is necessary that the syntact ically analyz-
able parts of the utter anceare as large as possible,sinceonly the words
within an analyzable unit can be constrained. For instance, knowing
a German verbÕsvalency structure allows to constrain the inßectional
endings of its objects (case, agreement of subject and Þnite verb). The
disambiguat ion of inßect ional endings is important since such endings
are easily confused by the recognizer. In order to favour a given word
sequencefor obeying the valency constraint , the parser has to be able
to derive a unit which contains the verb and all its objects. This in
tur n requiresthat each individua l object is fully parsable.

The grammar formalism must not only be powerful enough to de-
scribe most of the linguistic phenomena, but must alsoallow the gram-
mar writer to realize the phenomena in an elegant and outright way
such that the system is clearly laid out [SW97, p. 33]. The most
widely used formalisms in speech recognitio n, CFGs and DCGs, are
not opt imal choices [SW97, p. 45]. Di" erent grammar formalisms were
evaluated and discussed by Kaufmann in [Kau05b] in a project related
to this thesis. As a grammar formalism, we have chosen Head-Driven
Phrase Structure Grammar (HPSG) [PS87].

HPSG is a framework for linguistic theories. It useslinguistically
mot ivated abstract ions which substant ially simplify the task of writ ing
precise large-scale grammars. In additio n to its linguistic adequacy,
HPSG is well-suited for natural language processing applicat ions. Ex-
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isting systemslike [MŸl96] demonstrate that parsing e! ciency can be
reasonably high, even for largeHPSG grammarswhich cover a substan-
t ial fragment of a natural language. A more detailed overview about
this formalism and the reasons why we have chosen it is given in Ap-
pendix B.

5.5 Summary

This chapter describes an architectur e which allows to compare a lin-
guist ically enhanced system with a standard speech recognizer. Any
improvement of the word error rate can be clearly at t ributed to the
linguistic component . The architectur e is frequently used in spoken
language understanding systems: a word lattice servesas an interface
between an acoust ic recognizer and a natural languageprocessing mod-
ule.

The word lat t ice is rescored such that grammat ical phrases are
slight ly favoured by extending the MAP criterion by a parsing score.
The parsing score is derived from the syntact ic st ructures the parser
found in the lat t ice. It relies on a few parameters which are opt imized
empirically on held-out data to minimize the word error rate.

This chapter describes the principles and implementat ion details of
the post-processingapproach. The next chapter concerns itself with
the experiments and the data it was applied to.



Chapter 6

Lattice Parsing
Experiments

The main goal of the experiments is to verify whether adding a general
rule-based linguist ic sub-system to a speech recognizer improves its
accuracy.

This goal is divided into three sub-goals. First , we want to Þnd ev-
idencewhich supports the hypothesisthat it is possibleto signiÞcant ly
improveLVCSR accuracy by using a non-stochast ic hand-writ ten gram-
mar and a parser in addit ion to a stochast ic language model. Second,
we want to Þnd out which factors inßuence these improvements, and
third, we are interested in ident ifying the limitat ions of the approach.

6.1 Int roduct ion

The architecture described in the previous chapter was chosen because
it allows to compare the output Ŵ of a standard recognizer with the
output Ŵ+ of a linguist ically enhanced recognizer (cf. Fig. 5.1). By
comparing the word error rate WERparse of the enhanced systemwith
the baseline word error rate WERbaseline we can direct ly quant ify the
beneÞt of the linguist ic component .
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The measure used to evaluate the beneÞt of the parser throughout
the experiments is the relat ive reduct ion of the baseline word error rate:

∆WER =
WERparse − WERbaseline

WERbaseline
. (6.1)

We also report the stat ist ical signiÞcance for the Matched Pairs
Sentence-Segment Word Error Test (MAPSSWE) and the McNemar
Test on sentence level [GC89].

The Þrst experiment compares the performance for speaker depen-
dent monophone and triphone models with di" erent number of mix-
tur es and a trigram LM. The second experiment usesspeaker adapted
models and a 4-gram LM. The inßuenceof the size of the N -best list
is investigated in the third experiment , while the fourth experiment
invest igates the inßuence of out -of-vocabulary words.

6.1.1 Task

To init iate our work we looked for a task with a manageable complex-
ity. We ident iÞed dictat ion texts for pupils as a suitable recognit ion
task. We recorded the Þrst 300 sentences (1892 words) from an exer-
cise book for pupils in their third year of educat ion (cf. Appendix A).
The sentences were read aloud by a single male speaker and recorded
with a headset microphone sampled at 16 kHz in an o! ce environment
with low background noise.

Although these sentences are rather simple, they comprise a wide
variety of grammatical constructions, including verbal complexeswith
up to thr ee verbs, preÞx verbs, coordinat ion of nominal and verbal
project ions, ext raposit ion and genit iveat t ributes. Thesentence lengths
range from a single word up to 14 words (cf. Fig. 6.1). Note that these
sentences occur neither in the acoust ic t raining corpus nor in the text
corpus used for the est imat ion of the stat ist ical language models.

6.1.2 The Linguistic Component

In a separate project an HPSG bot tom-up chart parser and a German
HPSG grammar were developed by Tobias Kaufmann [Kau05a].

The parser was especially designed for the applicat ion on word
graphs. Typically, there is much overlap between the paths in a word
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Figure 6.1: Distribution of sentence lengths for dictation task.

graph. To prevent ident ical word sequences from being analyzed several
times, hypothesesfrom previously parsed paths are reused.

The grammar is largely based on the one proposed by [MŸl99]. The
semant ic component of HPSG was not taken into account as we are
only concerned with the grammaticalit y of utter ances. We added some
const ruct ions which were observed in the experimental data and which
occur frequent ly in language use. Among them are prenominal and
postnominal genitives, expressions of quant it y (2 dollars, 3 liter s) and
forms of address(Mr . and Mr s.). Theseconstructions are very general
and not speciÞc to our task.

The current grammar covers many more phenomena than those
which actually occur in the task. A list of test sentenceswhich illus-
t rates the abilit ies of the system is found in [Kau06].

Out of the 300 sentences in our task 278 (93%) are accepted by
the grammar. In all experiments the parsing lexicon contains a basic
set of closed-class words and those open-class words occurring the test
sentences, which amounts to about 7Õ000 full word forms in total. The
recognit ion dict ionary is created from the parsing lexicon and contains
exact ly the same words. The pronunciat ion of a word follows the ci-
tat ion form given in [Dud90], pronunciat ion variat ions were not taken
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into account . The open-class words include about 200 verbs, 340 nouns
and 90 adject ives. For each verb, the possible valency st ructures (800
in total) have been determined using several sources independent of
test set and development set [Dud99, ES76].

6.2 Speaker Dependent D ict at ion

The aim of the Þrst experiment is to test our approach under opti-
mal condit ions. Opt imal condit ions means that the baseline word error
rate should be low and the correct solut ion should be part of the lat t ice.
These condit ions allow the parser to choose the correct sentence among
several alternativ es. The best recognitio n results are achieved with
speaker dependent models and no out-of-vocabulary (OOV) words.
The inßuence of OOV words on the performance of our approach is
scrut inized in a later experiment . We compare the performance for
monophone and triphone models [BKP05b].

6.2.1 Data and Models

Cont inuous density HMMs have been tr ained by means of
HTK [Cam02] with 7 hours of cont inuous German speech of a single
male speaker sampled at 16 kHz in an o! ceenvironment with low back-
ground noiseusing a headsetmicrophone. The recording of the tr aining
data and the test data was performed by the same speaker as in Chap-
ter 4. The 39-dimensional featur e vector consists of 13 Mel-frequency
cepstral coe! cients (MFCCs) including the 0th coe! cient, the delta
and the delta-delta coe! cients. The HMMs are three state left -to-right
models with 8 or 32 Gaussian mixtures per state. For each of the 40
phonemes a context -independent monophone model was trained (called
mono_ 8 and mono_ 32). Context-dependent cross-word triphone mod-
els were trained as well (t ri_ 8 and tri_ 32). The states have been t ied
using a decision-t ree based clustering according to yes/ no quest ions
regarding phonet ic context , result ing in 3355 triphone models.

Bigrams and trigrams serve as stat ist ical language models. The
N-gram probabilit ies were est imated with the SRI language modeling
toolkit [Sto02] on a 50 millio n words text corpus (German newspaper
text and literature) using Good-Turing discount ing for smoothing. The
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N-gramswere est imated for a recognizer vocabulary of 7k words. There
are no out-of-vocabulary words.

On the test data, the task perplexity is 339.5 for the bigram LM
and 274.9 for the trigram LM. The sentences in the test set do neither
occur in the acoust ic t raining corpus nor in the text corpus used for
the est imat ion of the language models.

6.2.2 Experimental Setup

The test sentences were part it ioned into a development set (200 sen-
tences, 1255 words) and a test set (100 sentences, 637 words). The
parameters λ, ip, cα, cβ and cγ int roduced in Sec. 5.2.1 were opt imized
on the development set to minimize the empirical word error rate.

The development set was also used to manually choose the beam
search and posterior pruning parameters. The parameters were set to
valueswhich substant ially reducedthe lattice sizesand at thesametime
yielded a reasonably high lat t ice accuracy. All opt imizat ions were done
for each HMM set (mono_ 8, mono_ 32, t ri_ 8, t ri_ 32) individually.

The HTK decoder performed a t ime synchronous Viterbi beam
search storing the 5 best tokens per HMM state. The recognit ion net-
work was a back-o" bigram word-loop. The resulting lattices were
rescored with the trigram language model and posterior pruning was
applied (η = 10−6). The 100 best scored recognizer lat t ice paths were
processed by the incremental lat t ice parser. The parsing t imeout was
set to one minute on a 1 GHz Ult raSPARC II I i processor. Finally, the
opt imal word sequence was extracted by combining acoust ic, language
model and parsing scores.

6.2.3 Results

The resultsin Table 6.1 show that the linguistic component consistent ly
decreased the word error rate for all acoust ic models. The relat ive
reduct ion of the word error rate using the parser in addit ion to the
trigram language model was 48.6% in the best case and 28.9% in the
worst case, as shown in Table 6.2.

The improvement using the parser is signiÞcant for the mono_ 32
model on a 0.001 level for the MAPSSWE test and at a level of 0.05
for the McNemar test . The other results are not signiÞcant .
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WER mono_ 8 mono_ 32 tri_ 8 t ri_ 32

no LM 19.94 13.97 10.68 8.79
+ bigram 7.22 5.65 3.61 2.35
+ trigram 5.97 5.81 2.35 1.88
+ parsing 4.24 2.98 1.57 1.26

Table 6.1: Word error rates in percent measured for di! erent acoustic
models and language models.

model ∆WER

mono_ 8 -28.9%
mono_ 32 -48.6%
tri_ 8 -33.3%
tri_ 32 -33.3%

Table 6.2: Relative reduction of the word error rate on the test set
due to extending the MAP criterion with a parsing score.

6.2.4 Discussion

We have given evidencethat rule-basedknowledge captur ing the struc-
ture of natural language can be a valuable informat ion source comple-
mentary to N-grams. The addit ional score derived from the syntact ic
st ructures considerably decreased the word error for all acoust ic mod-
els. To our knowledge, a comparable reduct ion of the word error rate
due to applying a parser has not yet beenreported for a similar task.

Our basic assumpt ion was that the ut terances to be recognized have
to be grammat ical to a su! cient degree. This assumpt ion holds well
for our experiment since most sentences in the test and development
sets are covered by our grammar. Yet there is st ill room for improv-
ing recognit ion performance: the parser somet imes does not arrive at
processingthe correct utter ance because parsing is stopped due to a
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timeout. Timeouts are quite frequent , as parsing e! ciency is still a
major problem. We expect to decrease the word error rate further by
improving the performance of the linguist ic subsystem.

However, somet imes the criterion of grammat ical correctness is not
discriminat ive enough. Word lat t ices often contain several grammat i-
cally sound ut terances. If a grammat ically correct ut terance is ranked
before the correct ut terance, the lat ter can not be chosen. For example,
the acoust ic recognizer somet imes confuses di" erent verb tenses, which
usually does not a" ect grammat icality.

6.3 Speaker Adapt ed Dict at ion

Most speech recognit ion systems today are either speaker independent
or can be adapted to a given speaker. Therefore an experiment with
a speaker adapted system was performed to evaluate the performance
on a more realistic scenario [BK P05a]. Additio nally, the baseline sys-
tem was made more compet it ive by using an interpolated 4-gram LM
instead of a 3-gram LM and by increasing the language model corpus
size as well. Addit ionally, the LM was adapted to the task as well. The
LM perplexit ies were thereby reduced by 27% on average.

6.3.1 Data and Models

Speaker-independent cont inuous density HMMs have been tr ained by
means of HTK on the PhonDat 1 corpus [Pho90] which contains about
21 hours of clean cont inuous German speech of 200 speakers. The sam-
pling rate was 16 kHz. The feature extract ion was the same as in the
speaker dependent experiment : the 39-dimensional featur e vector con-
sisted of 13 Mel-frequencycepstral coe! cients (MFCCs) including the
0th coe! cient , the delta and the delta-delta coe! cients. In order to
compensate linear channel distort ionsspeaker-basedcepstral mean sub-
t ract ion was applied. The HMMs were three-state left -to-right models.
For each of the 40 phones a context -independent monophone model
with 32 Gaussian mixtures was trained. Context -dependent cross-
word t riphone models with 16 Gaussians were trained as well. The
states have been t ied using a decision-t ree-based clustering according
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to yes/no questions regarding phonetic context, resulting in 875 unique
states and 2540 triphone models.

Addit ionally, 30 minutes of speech were recorded from the same
speaker and the same recording conditio ns as in the speaker-dependent
experiment . This data was used to adapt the speaker-independent
acoustic models. We applied maximum likelihood linear regression
(MLLR) and the maximum a posterior approach (MAP) in a super-
vised manner.

Interpolated back-o" N-grams serve as stat ist ical language models.
Two text corpora were used: a 70 millio n words corpus (German news-
paper text and liter ature) and a 30 thousand words corpus (texts from
various dictation exercise books). The Þrst one allows smoother esti-
mates but the lat ter is closer to our task. The interpolat ion weights
and the discount ing strategy were opt imized for low perplexity on the
test data in order to get a compet it ive LM as our baseline.1 The N-
gram probabilit ies were est imated for a vocabulary of 7k words with
the SRI language modeling toolkit [Sto02] using modiÞed Kneser-Ney
discount ing for smoothing. The word classes of the class-based 2-gram
were induced so as to minimize the perplexity of the model. There are
no out-of-vocabulary words. The perplexit ies for the di" erent LMs are
given in Table 6.3.

The decoder of the baseline system performed two passes. In the
Þrst pass speaker-adapted monophone models and a bigram language
model were used. The HTK [Cam02] decoder was used to create word
lat t ices by t ime-synchronousViterbi beam search. At each HMM state,
the 5 best tokens were taken into account . In the second pass, the
result ing lat t ices were rescored with cross-word triphones and a 4-gram
language model and posterior pruning was applied (η = 10−7).

The 20 best scored recognizer hypotheses were processed by the
parser as described in Sect. 5.3. The parsing t imeout was set to one
minute on a 1 GHz Ult raSPARC II I i processor. Finally, the opt imal
word sequence was ext racted by combining acoust ic, language model
and parsing scores as deÞned in Eq. (5.1) and Eq. (5.2).

1T his is valid because the parameters opt imized on the test data are part of the
baseline system and not of our extension.
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basic models data PPL

class-based 2-gram (500 classes) 70M 566
2-gram30k 30k 389
2-gram70M 70M 291
4-gram70M 70M 222

interpolated models PPL

decoding:
2-gram70M + 2-gram30k + class-2-gram 251

rescoring:
4-gram70M + 2-gram30k + class-2-gram 198

Table 6.3: Perplexities (PPL) measured on the test data.

6.3.2 Results

The relat ive reduct ion of the word error rate due to the parser is 27.0%.
We tested the stat ist ical signiÞcance of our results with the Matched
Pairs Sentence-Segment Word Error Test (MAPSSWE) and the McNe-
mar Test on sentence level [GC89]. The improvement over the baseline
is signiÞcant on a 0.001 level for both tests. The detailed results are
given in Table 6.4.

We have carried out further experiments (not shown in Table 6.4)
to explore the inßuence of the baseline word error rate on the rela-
t ive improvement . The results indicate that the relat ive improvement
increaseswith the qualit y of the input word lattices: The lower the
baseline word error rate, the higher the relat ive improvement . For a
setup with only 30 seconds of adaptat ion data the baseline word error
rate of 17.3% could be reduced by 20.2% relat ive.
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WER ∆WER

baseline without 4-gram 7.24
baseline 5.87 −19.0%

baseline 5.87
baseline+ parsing 4.28 −27.0%

Table 6.4: Word error rates in percent for di! erent language models:
baseline system (2-gram during decoding and 4-gram lattice rescoring),
baseline without 4-gram rescoring and enhanced system.

6.4 Inßuence of Size of N -Best List

In theexperiment of Sec. 6.3, thesizeof theN -best list wasset arbit rar-
ily to 20. The aim of this experiment is to invest igate how the choice
of N inßuencesthe word error rate of the enhanced system. To mea-
sure the inßuenceof N on the word error rate, recognit ion experiments
were carried out for di" erent values of N , while the lat t ice remained
the same. The parameters λ, ip, cα, cβ and cγ intr oduced in Sec.5.2.1
were opt imized for each N separately.

Results and Discussion

The results are presented in Fig. 6.2. It is observed that the word
error rate does not change much for values beyond N = 20. The curve
exhibits some peculiarities that deserve a more detailed analysis.

The curve is quite noisy, and for N= 1 and N= 3 the parsing system
performsworsethan the baseline. The main reason for this behaviour is
a mismatch betweenthe development setand the testset. To verify this
statement , the experiment was run again, but that t ime all parameters
were opt imized on the test data. As can be seen in Fig. 6.3, without
mismatch the parsing system performed alwaysbet ter than thebaseline
system and the curve is smoother.
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Figure 6.2: Word error rate of the enhanced system vs. the size of
the N-best list processed by the parser. The parameters were optimized
on development data.
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Figure 6.3: Word error rate of the enhanced system vs. the size
of the N-best list processed by the parser as in Fig. 6.2, but with the
parameters optimized on the test data.
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The word error rate does not st rict ly decrease for increasing val-
ues of N . One reason for this behaviour is the stochast ic nature of
the opt imizat ion process (the parameters were opt imized for each N
independent ly). Another reason is the following. If N is increased,the
parser is presented an addit ional word sequence. This word sequence
may be wrong but nonethelessgrammatical to a high degree. In order
to prevent this wrong word sequence from being strongly favoured, the
parsing scores must be lowered, which in turn may result in a decreased
overall word error rate.

The word error rate for N = 20 in Fig. 6.2 is not the same as
in Table 6.4, although both experiments were conducted on the same
data and in the same manner. The di" erence is explained by the fact
that the parser runs for at most one minute, which means that it can
produce a di" erent amount of parsing edges depending on the load of
the machine. The lesson is that the timeout should have beenreplaced
by a limit which is not basedon t ime directly.

At a Þrst glance it might be surprising that the parsing system
performs bet ter than the baseline system for N = 1 in Fig. 6.3, which
means that best path in the annotated lat t ice is di" erent from the
baselinesolution. The reason is that the word sequencesof N -best lists
overlap, and the syntact ic st ructures found for the Þrst best solut ion
are valid for the overlapping part of all other N -best solutions as well.
The parsing score allows to st ick to the ÒcorrectÓparts of the Þrst best
solut ion and allows to increase the language model weight , which in
turn corrects some errors. Indeed, the opt imal language model weight
for the baseline is 10.7 and 22.3 for the parsing system with N = 1.

6.5 Inßuence of OOV

This experiment aims at invest igat ing the inßuence of the out-of-
vocabulary (OOV) rate to the relat ive improvement due to the lin-
guist ic component .

In contrast to the experiments in Sec. 6.2 through Sec. 6.4, the OOV
rate in a real dictat ion scenario is greater than zero. If an OOV word
occurs, the recognizer will make at least one error. Due to the inßuence
of theN -gram one OOV word often results in more than one error. The
correct solutio n cannot be found by the parser in the lattice, and the
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syntact ic st ructure of the ut terance breaks apart , which weakens the
capabilit ies of the linguist ic component . The quest ion is how much the
improvement deteriorates with an increasing OOV rate.

The experimental setup is the same as in the speaker adapted dic-
tat ion experiment from Sec. 6.3 with the except ion that the vocabulary
size was decreased to di" erent sizes to simulate di" erent OOV rates.
The original vocabulary was reduced by removing the least frequent
words. The word frequencieswere measured on the same 70 millio n
words corpus that was used to est imate the N -gram models.

6.5.1 Results

The relat ionship betweenthe OOV rate and the relativ e improvement
is shown in Table 6.5. As expected, the number of errors that can be
corrected by the linguist ic module decreases with increasing OOV rate.

OOV rate Ð4-gram baseline + parsing oracle ∆WER

0.00% 7.24 5.87 4.28 1.00 -27.0%
0.32% 7.29 6.77 5.23 1.64 -22.7%
0.69% 7.77 6.98 6.13 2.01 -12.1%
1.16% 10.10 8.93 8.46 4.18 -5.33%
1.64% 10.89 9.78 9.25 5.02 -5.41%
2.11% 11.42 10.52 9.83 5.60 -6.53%
2.54% 11.58 10.62 10.04 5.76 -5.47%
3.07% 12.63 11.26 10.62 6.29 -5.63%
4.70% 15.33 14.32 13.53 8.77 -5.54%
8.35% 21.35 20.56 20.56 14.69 0.0%

Table 6.5: Influence of OOV rate to di! erent word error rates: the
baseline without 4-gram rescoring, the baseline, the parsing system and
oracle. ∆WER denotes the relative improvement of the parser to the
baseline.
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6.5.2 Discussion

The results indicate that the OOV rate is a limit ing factor for the
given approach. To achieve a stat ist ically signiÞcant improvement the
OOV rate must be below 1% for the given task. If this is also t rue
for other tasks, then a German broadcast news transcript ion system
would require a vocabulary of about half a million to one million words
to reach that rate [GLA02].

When the OOV rate increases, both the baseline WER and the
oracle WER increase. The di" erence between the baseline WER and
the oracle WER is the maximum possible improvement for any post-
processing method. At an OOV rate of 8.35% the baseline WER of
20.56% could be theoret ically reduced by 28.6% relat ive to the oracle
WER of 14.69%. Although there would be room for improvement , the
linguist ic system cannot take advantage of it .

The interpretat ion of the results is that missing words break up the
syntactic str ucture of a sentence. The long distance dependenciesare
lost and less constraints can be imposed on the individual phrases. In
the extr eme case, the phrases consist of a single word or a few words
only, where an N -gram is more compet it ive.



Chapter 7

Discussion

7.1 Int egrat ion of L inguist ic K nowledge

The Þrst question of this thesiswas how rule-basedknowledge can be
incorporated into the stat ist ical framework of a speech recognizer. Two
architectur es were usedin this thesisto integrate linguistic knowledge.
The Þrst one integrated the linguist ic knowledge into the speech recog-
nizer, while the second one post -processed the recognizer output .

The advantage of the word spot t ing approach is its ßexibility. It
allows to apply morphological and syntact ical knowledge at an early
stage of speech recognit ion and allows to properly handle compound
words. Since island processingis used, any kind of knowledge and
strategy can be applied. This ßexibilit y, however, comesat the cost of
an increased complexity for thecontrol module. Thecontrol modulehas
to decide when to provide addit ional hypotheses by spot t ing new words
and when to apply which knowledge to combine smaller fragments to
larger ones. It is questionable whether the system would scale well for
a more complex task than the one at hand.

In the second architecture, the use of lat t ices as intermediate data
st ructure between a speech recognizer and a parsing component allows
to tr eat thespeech recognizer and theparsing component independent ly
of each other. This modularizat ion great ly simpliÞes the development
of the whole system. The parsing component is no longer integrated
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into the decoder. The lat t ice can be pruned and compressed e" ec-
t ively which leads to less computat ional load for the parser, which in
tur n allows to usea complex and linguistically sophisticated grammar
formalism, such as HPSG.

The implementat ion of theword spot t ing approach wasonly capable
of recognizing int ra-grammat ical ut terances since it completely relied
on a qualitat ive (st rict ly rule-based) language model. Robustness was
achieved in the lat t ice parsing approach by scoring syntact ic st ructures
and allowing the recognized ut terance to be composed of parseablefrag-
ments. The lat t iceparsing system favoursint ra-grammat ical ut terances
but can recognize ext ra-grammat ical ut terances as well.

7.2 Inßuencing Factors

This section discussesthe various aspects which inßuencethe perfor-
mance improvements gained by a linguistic processor, which was the
second main question of this thesis. As a preliminary remark, it must
be stated that it is di! cult or even impossible to compare the results
of di" erent works that are based on di" erent data and di" erent condi-
tions. Nevertheless,doing so might give us insight into why applying
linguistic knowledge has beensuccessfulfor some applicat ions and why
it failed in other cases. Some parts of the discussion are therefore of
speculat ive character.

7.2.1 Influence of Baseline

In the OOV experiment of the lat t ice parsing approach (Sec. 6.5) we
observed that with an increasing OOV rate not only the baseline WER
got worse. The relat ive improvement due to parsing decreased as well.
This would suggest that we can expect a larger gain by using a parser
when the baseline performance increases. Our interpretat ion was that
missing words break up the syntact ic st ructure of a sentence and less
constraints can be imposed.

The same was observed in the experiments conducted by Brill, who
invest igated whether humansareable to improvethe output of a speech
recognizer [BFHM98]. There were two scenarios: either they were re-
st ricted to select one of the 10-best recognizer hypotheses or they were
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allowed to freely edit the output . The test was performed for three
di" erent corpora (Switchboard, Broadcast News and Wall Street Jour-
nal). Humans were able to consistent ly improve the output across all
corpora in both scenarios. They used linguist ic knowledge such as
tense agreement , preposit ion choice, determiner choice and complete
sentence vs. not complete sentence, as well as semant ic and pragmat ic
knowledge. When the accuracy of the recognizer increased, the relat ive
human improvement increasedas well. Br ill concluded that the better
the transcriptio n of the recognizer is, the more reliable contextual cues
exist to determine the correct solut ion.

It has been repeatedly observed in the past that natur al language
knowledge can improve speech recognit ion, however, the improvement
often disappeared when the baseline performance increased [MAD+95].

[NBKvN97] concluded that grammat ical analysis does not give a
clear advantage to improve recognit ion accuracy. The word accuracy
was increased by parsing by 30.3% relativ e to a system which usedno
language model as baseline, but only 1.45% when the baseline used a
bigram language model. Their Þndings are in contrast to ours, where
a relat ive reduct ion of the word error rate of 27% was achieved relat ive
to a 4-gram baseline.

Adding a linguistic component can only be successfulif the knowl-
edge it has is somehow complementary to the stat ist ical knowledge of
the N -gram language model.

7.2.2 Complementary Information

Our results suggest that a sophist icated qualitat ive language model is
complementary to an N -gram model. The qualitat ive language model
provides addit ional informat ion not present in the tradit ional N -gram
model. The same Þnding is reported in [WLH02] where interpolat ing
a word N -gram with a parser LM led to a consistent improvement of
word and sentence error rates. The intuit ive reason is that a gram-
mar is best at modeling long-distance dependenciesand hierarchical
st ructures, while an N -gram captures local and lexical dependencies.
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7.2.3 Scoring

In the 1993 DARPA benchmark speech recognit ion evaluat ion on the
ATIS task, SRI used a scoring scheme similar to ours [MAD +95]. A
natural languagescorewascomputed asa combinat ion of thenumber of
phrases found needed to cover a hypothesis, a bonus for a full sentence
and penalt ies for grammar rules which were dispreferred. The natural
language score was scaled and added to the recognit ion score, and the
combined score was used to rescore an N -best list . Even though their
scoring was slight ly more sophist icated than ours, the word error rate
was only reducedby about 5%. Only when a kind of multi- level N -
gram wasused, which takes the fragment types found by the parser and
semi-automat ically chosen word classes into account , an improvement
of 14.6% was achieved.

It seems that the number of fragments found by the parser is a more
reliable indicator for the correctness of a hypothesis for our task than
for ATIS. A consistent Þnding is that a fragment insertion penalt y is
advantageous [MAD+95, KKK+99].

Opt imizing the parameters of our parsing score computat ion
(Sec. 5.2.2) on development data was found to be very important .
Without adjust ing the parsing score on some held-out data, no im-
provement was observed on the test data.

7.3 Limit at ions

The third main quest ion of the thesis was what the limitat ions of the
linguist ic approach are.

The wordspotting approach requires reasonable acoustic conditio ns
in order to reliably detect short words, and it requires the utter ances
to be recognized to be int ra-grammat ical. Using a stat ist ical language
model addit ionally to the rule-based grammar would be beneÞcial.

The post-processingapproach is more robust and can deal with
ext ra-grammat ical ut terances as well. However, since it assumes that
grammat ical ut terances should be favoured, the domain at hand should
reßect that fact . A domain where this approach can be expected to
work well is for example the dictat ion of business let ters, reports or
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manuals, where the text preferably consists of grammat ically sound
sentences.

It remains an open quest ion how well the approach would work on
conversat ional speech, since conversat ional speech often contains non-
grammatical sentencesand abounds with disßuencieslike repetitio ns,
restarts and part ial words. It is not clear how well a rule-based system
can cope with the phenomena of spontaneous speech. One has to note,
however, that spontaneous speech is also challenging for N -grams due
to the lack of large amounts of stylist ically matching training data
[DLW04].

The main limita t ion of the post-processingapproach is the OOV
rate. With increasing OOV rate the relat ive improvement of the parser
degraded quickly, so that therecognizer lat t iceshould beof a reasonable
qualit y to make the approach work. While this requirement may be a
limitat ion, it is at the same an advantage. It is often di! cult to further
improve an already well performing system, but such a system seems
to be the best prerequisite for the parsing approach to perform well.
Thus, the lat t ice parsing approach may become more interest ing the
bet ter the recognizers get .

7.4 Out look

Our resultswereproduced for a task which is rather forthcoming in that
it consists of grammat ical sentences most of which are accepted by our
grammar. As the presented results areconvincing, a moredi! cult real-
world task should be addressed,such as broadcast news tr anscription
or the dictat ion of more complicated texts.

Also, wrong hypotheses are somet imes grammat ical. Some sen-
tences are grammat ically completely sound, although a human would
never analyse the sentence in the same way, so some sort of stat ist ical
informat ion for disambiguat ion will be needed in future.
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Test Sentences

The test set consists of the Þrst 300 sentences taken from a dictat ion
book for pupils [MŸl01]. Punctuat ion markswereomit ted and all words
were translated to lowercase.

000 i ch bi n neu i n di eser schul e
001 di e kl asse kenne i ch auch noch ni cht
002 mei n nachbar hei sst kevi n
003 unser e l ehr er i n i st f r au kl ei n
004 si e sagt zu mi r st ef f i
005 aber i ch hei sse st ephani e
006 i ch kann schon mehr schr ei ben al s di e ander en
007 i n der pause bl ei bt anna bei mi r
008 si e zei gt mi r al l es
009 bal d kann i ch das al l ei n
010 heut e kam der bus wi eder zu spŠt
011 al l e war en schon i n der kl asse
012 i ch habe f r au kl ei n al l es er zŠhl t
013 si e hat mi ch get r šst et
014 kevi n hat mi r gehol f en
015 dann habe i ch di e r i cht i ge sei t e i n mei nem buch gef unden
016 mor gen geht er mi t mi r zur hal t est el l e
017 dann bekomme i ch auch ei nen si t zpl at z
018 das hat kevi n mi r ver spr ochen
019 i ch f r eue mi ch schon dar auf
020 unser schul bus i st of t ganz vol l
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021 al l e si nd dann sehr l aut
022 di e gr ossen ki nder dr Šngel n i mmer
023 si e hel f en uns ni cht
024 der f ahr er sagt ni e et was
025 manchmal ni mmt er ni cht al l e mi t
026 di e mŸssen dann ei ne st unde war t en
027 i m sommer i st das ni cht so schl i mm
028 aber i m wi nt er wi r d es kal t
029 bal d si nd f er i en
030 i ch f r eue mi ch schon sehr
031 dann kann i ch den schul bus f Ÿr ei ni ge zei t ver gessen
032 heut e i st der pl at z neben anna l eer
033 denni s f ehl t
034 ob er kr ank i st
035 kei ner wei ss es
036 nach der pause i st denni s da
037 er geht an den l ehr er t i sch und spr i cht mi t her r n bŠr
038 dann kommt er auf den pl at z neben mi r
039 da wi r d er ganz r ot
040 nach der st unde er zŠhl t denni s mi r al l es
041 er hat ver schl af en
042 i m bet t war es noch so schšn
043 aber dann musst e er si ch beei l en
044 das kann j edem mal passi er en oder
045 am f r ei t ag war i ch zu f r Ÿh i n der schul e
046 i ch habe auf dem f l ur gewar t et
047 dor t t r af i ch anna
048 wi r unt er hi el t en uns Ÿber ei nen f er nsehf i l m
049 das war wohl zu l aut
050 denn pl št zl i ch gi ng ei ne kl assent Ÿr auf
051 f r au br aun kam her aus und schi mpf t e
052 dann hat si e uns i n ei nen gr uppenr aum gest eckt
053 aber j ede i n ei nen ander en
054 wi r sol l t en l esen Ÿben
055 mei ne gr osse schwest er hat ei n mobi l t el ef on
056 anna und i ch haben l ei der noch kei ns
057 sonst hŠt t en wi r uns unt er hal t en kšnnen
058 ei nmal l i ef ei n hund dur ch ei nen bach
059 er t r ug i n sei nem maul ei n st Ÿck f l ei sch
060 das wasser war wi e ei n spi egel
061 da sah der hund pl št zl i ch das f l ei sch dar i n
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062 gi er i g schnappt e er danach
063 aber es war j a nur das spi egel bi l d
064 so ver l or er dur ch sei ne dummhei t sei nen gut en br at en
065 es war ei nmal mi t t en i m wi nt er
066 di e schneef l ocken f i el en wi e f eder n vom hi mmel
067 da sass ei ne kšni gi n am f enst er und nŠht e
068 das f enst er hat t e ei nen r ahmen von schwar zem ebenhol z
069 wi e si e so nŠht e st ach si e si ch i n den f i nger
070 da f i el en dr ei t r opf en bl ut i n den schnee
071 das r ot sah i m schnee so schšn aus
072 da wŸnscht e si ch di e kšni gi n ei n t šcht er chen
073 es sol l t e so schšn sei n wi e bl ut schnee und ebenhol z
074 das t šcht er chen wur de gebor en und hi ess schneewi t t chen
075 doch bal d st ar b di e kšni gi n
076 und der vat er war mi t schneewi t t chen al l ei n
077 schneewi t t chen l ebt e mi t dem vat er al l ei n i m schl oss
078 aber nach ei nem j ahr hei r at et e der kšni g wi eder
079 di e neue f r au konnt e schneewi t t chen ni cht l ei den
080 das mŠdchen war nŠml i ch vi el schšner al s si e
081 di e kšni gi n f r agt e j eden t ag i hr en spi egel
082 mi t der ant wor t aber war si e ni e zuf r i eden
083 dar um sol l t e der j Šger schneewi t t chen i n den wal d br i ngen
084 dor t f and es bei den si eben zwer gen ei n zuhause
085 ei nes t ages aber t aucht e di e bšse st i ef mut t er auf
086 si e war ver kl ei det
087 schneewi t t chen kauf t e von i hr ei nen ver gi f t et en apf el
088 da konnt en i hr auch di e zwer ge ni cht mehr hel f en
089 der ver gi f t et e apf el hat t e schneewi t t chen get št et
090 dar um war en di e si eben zwer ge sehr t r aur i g
091 si e l egt en das schšne mŠdchen i n ei nen sar g aus gl as
092 pl št zl i ch kam ei n kšni gssohn i n den wal d
093 er f and schneewi t t chen i n dem gl Šser nen sar g
094 al s er es f or t t r ug st ol per t e er
095 dadur ch f i el dem mŠdchen das gi f t i ge apf el st Ÿck aus dem

mund
096 da er wacht e schneewi t t chen
097 der kšni gssohn war von her zen f r oh und nahm es mi t auf

sei n schl oss
098 dor t hei r at et en si e und l ebt en gl Ÿckl i ch bi s an i hr ende
099 ei nes t ages kam besuch
100 es war onkel ber t aus amer i ka
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101 kei ns der ki nder kannt e i hn
102 dar um war en al l e besonder s neugi er i g
103 onkel ber t i st mei n br uder
104 er i st vor zwšl f j ahr en ausgewander t
105 i ch habe i hn sei t dem auch ni cht mehr gesehen
106 ei gent l i ch hei sst er huber t us
107 onkel ber t war l ust i g angezogen
108 er t r ug ei n bunt es hemd und ei nen br ei t en hut
109 papas br uder kann spannend er zŠhl en
110 und er hat uns t ol l e sachen mi t gebr acht
111 onkel ber t i st f Ÿr dr ei wochen zu besuch gekommen
112 er si eht papa Šhnl i ch
113 si e si nd j a auch br Ÿder
114 sabr i na und i ch sol l en den kl ei nen kof f er her br i ngen
115 onkel ber t l Šchel t gehei mni svol l
116 wi r mŸssen di e augen schl i essen
117 danach šf f net er den kof f er
118 wi r si nd sehr gespannt
119 dann dŸr f en wi r wi eder gucken
120 da l i egen zwei bunt e paket e auf dem t i sch
121 was da wohl dr i n i st
122 wi r si nd ganz auf ger egt und packen ei n paket aus
123 ei n komi sches st of f t i er
124 zwei comput er spi el e
125 ei ne schwar ze j eans
126 zwei becher f Ÿr col adosen
127 t ur nschuhe
128 vi er všgel f Ÿr den wei hnacht sbaum
129 ei ne l ei ne f Ÿr ner o
130 zwei mŸt zen und zwei sonnenbr i l l en mi t spi egel gl as
131 i nzwi schen hat si ch ner o ei n kuchenst Ÿck gest ohl en
132 das haben wi r i n der auf r egung ni cht gemer kt
133 vor den her bst f er i en hat t en wi r ei ne besonder e pr Ÿf ung
134 al l e haben i hr f ahr r ad dazu mi t gebr acht
135 am di enst ag st and ei n pol i zi st auf dem schul hof
136 er hat al l e f ahr r Šder gepr Ÿf t
137 aber das hat t en wi r schon mi t f r au wi nt er geŸbt
138 f ast al l es war i n or dnung
139 nun hat t en wi r dr ei wochen zei t
140 wi r sol l t en das f ahr en Ÿben
141 di e r Šder musst en geput zt wer den und dann al l e i n or dnung

sei n
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142 am f r ei t ag nach den her bst f er i en haben wi r uns auf dem
schul hof get r of f en

143 al l e hat t en das f ahr r ad wi eder dabei
144 auch der pol i zi st war da
145 er hat t e her r n sandmann mi t gebr acht
146 das i st ei n f ahr l ehr er
147 di e bei den haben uns di e f ahr r adpr Ÿf ung abgenommen
148 dabei gi ng es l ust i g zu
149 t i na musst e dur ch ei ne auf gemal t e gasse f ahr en
150 aber si e l enkt e ganz schi ef
151 dann kam ei n kr ei s mi t ei ner schl angenl i ni e dr an
152 auf ei ner ander en st r ecke sol l t e man mšgl i chst l angsam

f ahr en
153 dabei i st l ar s umgeki ppt
154 t i na hat ganz l aut gel acht
155 das war heut e nur ei ne pr obe sagt e her r sandmann
156 i n der nŠchst en woche wi r d es er nst
157 i m wal d bl Ÿht es schon
158 der wi nt er i st vor Ÿber
159 i m wal d i m gebŸsch an den hecken und gr Šben bl Ÿht es schon
160 es si nd di e er st en f r Ÿhl i ngsbl umen
161 wi r f r euen uns dar Ÿber
162 di ese bl umen haben unt er der er de zwi ebel n oder ver di ckt e

wur zel n
163 dar i n spei cher n si e nahr ung f Ÿr den f r Ÿhl i ng
164 dar um kšnnen si e schon so f r Ÿh bl Ÿhen
165 wenn man si e pf l Ÿckt wel ken si e bal d
166 auch i n der vase i m wasser hal t en si e ni cht l ange
167 man sol l t e di e bl umen l i eber dr aussen bl Ÿhen l assen
168 dann kšnnen si ch al l e dar Ÿber f r euen
169 der zi r kus kommt
170 gest er n r ol l t en sechs gr osse wagen dur ch den or t
171 j et zt st ehen si e auf dem f est pl at z
172 si e bi l den ei nen gr ossen kr ei s
173 zehn mŠnner bauen ei n bunt es zel t auf
174 i n ei ner ecke kann man gr osse kŠf i ge sehen
175 zwei ki nder pr obi er en ei ne Ÿbung auf ei nem pf er d
176 wi r dŸr f en zuschauen
177 i n unser er kl asse haben wi r j et zt ei nen neuen schŸl er
178 er gehšr t zu den zi r kusl eut en
179 benny besucht st Šndi g ei ne ander e schul e
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180 am nachmi t t ag begi nnt di e t i er schau
181 das kost et ni cht s
182 mor gen sol l di e er st e vor st el l ung sei n
183 der l šwe und di e maus
184 der l šwe l ag vor sei ner hšhl e und schl i ef
185 auf dem f el sen dar Ÿber spi el t e ei ne kl ei ne maus
186 pl št zl i ch f i el si e auf den l šwen und weckt e i hn
187 der l šwe war Šr ger l i ch aber er l i ess di e maus l auf en
188 ei nes t ages war der kšni g der t i er e i n not
189 er hat t e si ch i n ei nem net z ver f angen
190 da kam das mŠusl ei n und nagt e das net z ent zwei
191 j et zt musst e si ch der l šwe bedanken
192 und er war f r oh dass er der maus damal s ni cht s get an hat t e
193 unser e kat ze i st wi eder da
194 am f r ei t ag war unser e kat ze ver schwunden
195 i ch habe si e mi t mei nen f r eundi nnen Ÿber al l gesucht
196 ni emand hat t e unser e ki t t y gesehen
197 si e i st gr auschwar z get i ger t
198 mei ne mut t er hat i m t i er hei m anger uf en
199 aber dor t war si e auch ni cht
200 abends hat papa zuf Šl l i g den besenschr ank gešf f net
201 da kam i hm ki t t y ent gegengespr ungen
202 mŸl l i n der nat ur
203 di e ganze kl asse hat mŸl l gesammel t
204 zwei st unden l ang si nd wi r auf den spor t pl at z und i n das

kl ei ne wŠl dchen gegangen
205 ei ni ge el t er n war en auch dabei
206 f r au har t mann hat t e zehn gr osse mŸl l sŠcke mi t genommen
207 was wi r al l es gef unden haben
208 auch ei n f ahr r ad war dabei
209 t ommy ent deckt e sogar ei ne l eer e gel dbšr se
210 wi r haben sechs mŸl l sŠcke gef Ÿl l t
211 unser e kat ze bel l t wi e ei n kani nchen
212 das kani nchen si ngt wi e ei n wel l ensi t t i ch
213 der schwi mmt und t aucht wi e ei ne r obbe
214 unser huhn l egt ei nen apf el
215 di e banane hat r ot e bŠckchen
216 zwei t omat en spi el en f ussbal l
217 abends geht di e sonne auf
218 das schwei n Ÿber hol t den hund
219 auf der st r asse f Šhr t ei n schi f f
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220 das f l ugzeug geht zu f uss
221 di e st r assenbahn f l i egt Ÿber di e aut obahn
222 i m gr as r ei t et ei ne amei se
223 der st or ch t el ef oni er t mi t dem f i sch
224 mi chael und mona ver gessen ni e i hr e hausauf gaben
225 der i gel schl Šf t auf dem baum
226 f r au mei er f i ndet kei ne f ehl er i m di kt at
227 j ens hat i n di esem j ahr zwei mal gebur t st ag
228 ber l i n l i egt i n j apan
229 di e t ur nst unde
230 am anf ang der t ur nst unde wŠr men si ch al l e auf
231 anne hŸpf t i m kr ei s
232 st ef f i und kr i st i n t anzen
233 denni s j agt vanessa
234 zwei ki nder machen ei ne schi ebekar r e
235 ol i ver kl et t er t am sei l hoch
236 ol af Ÿber hol t i hn am sei l nebenan
237 andr ea mal t sebast i an
238 andr ea ni mmt ei n bl at t papi er und st i f t e
239 si e si eht sebast i an genau an
240 der muss l achen
241 den kopf mal t si e zunŠchst wi e ei n ei
242 dann set zt si e di e augen ei n
243 si e wer den ganz bl au
244 ohr en und nase mal t andr ea hel l r ot
245 der mund l acht
246 man kann di e zŠhne sehen
247 dann si eht sebast i an das bi l d an
248 er l acht wi eder
249 j et zt wi l l er andr ea mal en
250 i ch st ehe j eden mor gen f r Ÿh auf
251 mei ne mut t er weckt mi ch
252 dann gehe i ch i ns badezi mmer
253 i ch wasche mi ch und put ze di e zŠhne
254 dann zi ehe i ch mi ch an
255 f Ÿr das f r Ÿhst Ÿck l asse i ch mi r zei t
256 dann f Ÿhl e i ch mi ch auch besser i n der schul e
257 spŠt er br i ngt mi ch mei ne mut t er zum schul bus
258 der i st l ei der of t sehr vol l
259 und di e gr ossen dr Šngel n i mmer
260 i n der schul e t r ef f e i ch al l e mei ne f r eunde
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261 am mei st en f r eue i ch mi ch aber auf andr ea
262 ei gent l i ch i st di e er dnuss gar kei ne r i cht i ge nuss
263 si e i st ei ne hŸl senf r ucht
264 wi r essen si e ger n mal zwi schendur ch oder bei m f er nsehen
265 am best en schmecken si e wenn si e ger šst et si nd
266 er dnŸsse ent hal t en vi el e vi t ami ne und ander e wi cht i ge

st of f e
267 f l eder mŠuse si nd i n der nacht unt er wegs
268 si e haben Ÿbr i gens mi t mŠusen oder všgel n ni cht s zu t un
269 si e wohnen unt er l eer en dŠcher n i n t Ÿr men und hšhl en
270 am t ag schl af en si e
271 dabei hal t en si e si ch mi t den f Ÿssen an der decke f est
272 der kopf hŠngt nach unt en
273 manche l eut e haben vor f l eder mŠusen angst
274 aber si e t un uns ni cht s
275 si e f r essen kŠf er f l i egen spi nnen und ander e kr abbel t i er e
276 wi r sol l t en di e f l eder mŠuse schŸt zen
277 unser hund hei sst wi l l i
278 er i st ei n l abr ador mi t f ast ganz schwar zem f el l
279 sei ne augen si nd wunder schšn br aun
280 wi l l i haben wi r sei t f Ÿnf j ahr en
281 papa sagt dass er j et zt i m best en hundeal t er i st
282 mi t wi l l i wi r d es ni e l angwei l i g
283 er hŠl t uns i mmer auf t r ab
284 denn er kann al l es gebr auchen
285 mal ni mmt er mei ne schuhe mal den handf eger
286 sogar spi el sachen hol t er si ch
287 wi l l i t r Šgt al l es zu sei nem schl af pl at z
288 wenn mal ei ner et was sucht guckt er dor t nach
289 mei st hat man dami t auch gl Ÿck
290 ei nmal f and i ch es aber ni cht mehr l ust i g
291 da hat t e er mei n kuschel t i er und mei n schul hef t gemopst
292 i m mai und j uni wer den bei uns vi el e t i er ki nder gebor en
293 t r ot zdem si eht man si e nur sel t en
294 di e j ungen wer den von i hr en el t er n gut ver st eckt
295 das kl ei ne r eh hei sst r ehki t z
296 es wi r d i m hohen gr as ver bor gen
297 von dor t l Šuf t es er st weg wenn es schnel l genug i st
298 j unge hŠschen wer den i m f r ei en gebor en
299 si e haben gl ei ch f el l
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HPSG

Remark

The purpose of this appendix is to give the interested reader a more
detailed overview about HPSG, since it plays an important role in our
lattice parsing approach.

Sections B.1 to B.7, and only these sections, were written by Tobias
Kaufmann, who implemented the German HPSG grammar and parser
used in this thesis. His work has not yet been published in English.

B.1 Int ro duction

Our approach to speech recognit ion requires a grammar which reliably
accepts correct sentences (or phrases) and rejects incorrect ones. De-
veloping a precise grammar makes speciÞc demands on the grammar
formalism to be used. Our German grammar is based on the Head-
driven Phrase Structure Grammar (HPSG, [PS94]) formalism. In this
section, it will Þrst be explained why we preferred HPSG to more re-
st ricted formal grammars such as regular and context-free grammars.
Next , we will int roduce some of the more challenging language-speciÞc
and general phenomena which have to be modelled by a precisegram-
mar. Finally, we will discuss some of the fundamental concepts on
which HPSG is based and give a short characterizat ion of our German
grammar.
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B.2 W hy not Regular Grammars?

Regular grammars are the most rest ricted formal grammars deÞned in
the Chomsky hierarchy (Chomsky type 3). For reasons to be explained
below, regular grammars are obviously not suited for preciselymodel-
ing natural language. However, due to their simplicity they lend them-
selves to illustr ating the consequencesof a wrong choice of grammar
formalism.

Regular grammars cannot model natural languages as they are un-
able to properly describe recursive structures. Recursive structures are
omnipresent in natural language. An example for the English language
are nested relat ive clauses:

(1) the cat i hidesi

(2) the cat i the dogj chasesj hidesi

(3) the cat i the dogj the mank hitsk chasesj hidesi

The subscripts indicate that each verb has a unique subject. A precise
grammar needs to account for these dependencies in order to exclude
the following ungrammat ical sentences:

(4) * the cat the dog chases hides hides

(5) * the cat the dog chases hide

In example (4), the last verb has no subject , and in (5) the verb hide
and its subject the cat do not agree.

One could argue that deeply nested sentences like (3) are very di! -
cult to understand even for human listeners, and therefore a grammar
for pract ical applicat ions does not need to cover them. If the nest ing
level is limited, a regular grammar can simply enumerate all possible
conÞgurat ions. However, this technique substant ially complicates the
work of the grammar developer. To make things worse, there will gen-
erally be several interacting phenomena (e.g. nested relat ive clauses
and agreement), such that the joint e" ects of these phenomena have
to be enumerated. In the end, grammar writ ing will resemble more to
enumerat ing the set of correct sentences than to describing the rules of
a natural language.
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Generally, if a grammar formalism does not provide the proper
means to express the rules underlying a natural language, the task
of writing precise large-coverage grammars will become vir tually in-
t ractable.

B .3 W hy not Cont ext -Free Grammars?

The descriptiv e power of context-free grammars (CFG, Chomsky type
2) appears to be su! cient for modelling most natural languages. There
are only a few known linguist ic phenomena which are not context -free,
for example the so-called cross-serial dependenciesin Dutch and Swiss-
German. But still CFGs are not very well suited for describing natural
language. While they can naturally account for the recursive st ructure
inherent to natural language, they do not lend themselves to modelling
dependenciesbetween constituents which do not appear on the right-
hand sideof the same production rule. Examplesfor such dependencies
are given in the following section.

B .4 Some Phenomena t o be M odelled

The following paragraphs present some of the linguist ic phenomena
which have to be described by a precise large-coverage grammar for
German. For the purposeof illustr ation, English exampleswere chosen
whenever possible.

Subcategorization refers to the phenomenon that a given verb re-
quires speciÞc syntactic arguments. For example, sleep requires a
single noun phrase in nominat ive case (its subject ). However, there is
no usage of sleep which requires or allows a directional argument:

(6) the cat sleeps

(7) * the cat sleeps into the garden

The German language has a relatively free word order. In part icular,
the syntact ic arguments may appear in almost any order:
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(8) dass
that

[die
[the

frau]
woman]

[dem
[the

mann]
man]

[ein
[a

buch]
book]

gab
gave

Õthat the woman gave a book to the manÕ

(9) dass
that

[ein
[a

buch]
book]

[dem
[the

mann]
man]

[die
[the

frau]
woman]

gab
gave

Õthat the woman gave a book to the manÕ

In German clauses, several verbs form a verbal complex. Each verb
contributes its own syntact ic arguments to the verbal complex, and
these arguments can again be freely permuted:

(10) dass
that

ihr
her

der
the

mann
man

dieses
this

buch
book

zu
to

lesen
read

empfahl
recommended

Õthat the man recommended her to read this bookÕ

(11) dass
that

dieses
this

buch
book

ihr
her

der
the

mann
man

zu
to

lesen
read

empfahl
recommended

Õthat the man recommended her to read this bookÕ

The verbal complex itself can be discontinuous. In the following exam-
ple, the parts of the verbal complex aremarked by subscripts indicat ing
their posit ion in the dependency hierarchy:

(12) zu essen3

to eat3
hat1
has1

er
he

den
the

apfel
apple

versucht2
t ried2

Õhe has tried to eat the appleÕ

Another source of discont inuit y is called extraposition. An extraposed
phrase is separated from the phrase on which it depends and moved to
the right . In the following example the relat ive clause that climbed up
the tree is separated from a cat :

(13) a cat was saved [that climbed up the tree]

Finally, extraction refers to the phenomenon that something can be
moved out of a phrase to the left , even across sentence boundaries. As
an example we can look at the relat ive clause in (14). The word whose
cat can be thought of having beenmoved from the position after about
to the posit ion before wonder :

(14) I wonder [whose cat ] she was talking about
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B.5 Head-driv en Phrase Structure Gram-
mar

There are many extensions of CFGs which were designed to bet ter
model natural language phenomena. Head-driven Phrase Structure
Grammar can be considered as such an extension. HPSG employs
context -free product ion rules, but is in fact an unrestricted grammar
(Chomsky type 0). Typical HPSG grammars do not make full use
of the Turing power o" ered by the formalism. Rather, they use
HPSGÕs formal devices to express general rules underlying natural
languages. Some of theseformal deviceswill be presented subsequent ly.

Instead of non-terminal symbols, HPSG grammars use typed hi-
erarchical data st ructures, so-called attribute-value matrices (AVMs).
Fig. B.1 shows an AVM for the German verb schläft (sleeps). An
AVM precisely describes the syntactic propert ies of a phrase or word.
For instance, the value embedded under the subcat at t ribute is a
list containing all syntact ic arguments of some word or phrase. For
the AVM in Fig. B.1 this list contains a single element , which is a
descript ion of the verbÕs subject . To use such data structures rather
than atomic non-terminal symbols has the following consequences:

• Grammar rules can access the informat ion contained in the AVM
selectively, i.e. they can operate on the informat ion which is rel-
evant to them and ignore all other informat ion. This allows to
write rules which are dedicated to very general linguist ic phe-
nomena. For example, there typically is a subcategorizat ion rule
which combinesa phrasewith another phraseif the lat ter matches
some element of the formerÕs subcat list. This rule then can ap-
ply to verbs, adjectives,nouns, prepositions etc...

• AVMs allow HPSG to overcome the locality of a product ion rule,
which is one of the problems of CFGs (cf. Sec. B.3). Informa-
t ion about a missing (i.e. moved) phrase can be int roduced at
some point into an AVM and propagated along several subse-
quent rule applicat ions. Eventually, one of the derived phrases
can be combined with a phrase matching the propagated descrip-
t ion. A typical HPSG grammar employs several lists to handle
phenomena like ext ract ion and extraposit ion.
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Figure B.1: An AVM for the German verb “schläft” (“sleeps”).
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• A substant ial part of the grammar is not expressed in terms of
rulesbut coded into the AVMs of the lexicon entr ies. For this rea-
son, HPSG is called a lexicalized grammar. On the one hand this
makes the st ructuring and maintaining of a lexicon a challenging
task (see below), but on the other, it o" ers a convenient way to
handle idiosyncrasies and exceptions. If some word behaves ex-
cept ionally in some way, it is often not necessary to change any
grammar rules. Rather, one can just modify its AVM without
a" ect ing the rest of the grammar.

HPSG o" ers many addit ional formal devices. Many HPSG systems
dist inguish between immediate dominance rules which combinephrases
and linear precedence rules which specify the relat ive order of the
combined phrases. Some systems can direct ly represent discontinuous
constituents [MŸl96] which can be used to elegant ly deal with some
of the phenomena discussed in Sec. B.4. Some systems allow to
impose relational constraints on AVMs. Such constraints typically are
something like PROLOG predicates operat ing on AVM arguments.
They are often used to deÞne list operat ions such as concatenat ing
lists and choosing or deleting list elements.

As ment ioned above, by coding syntact ic informat ion in the rep-
resentat ions of words, much of the grammarÕs complexity is t ransferred
into the lexicon. HPSG o" ers several techniques to avoid redundancy
in the lexicon. In particular, AVMs are organized in inheritance
hierarchies: a part ial descriptio n of an AVM with a speciÞc linguistic
interpretation is encapsulated in a macro-like construct. The speciÞca-
t ion of the AVM may itself be expressed in terms of macros. Another
technique makes use of lexical rules to derive lexical entries from
others. Among others, lexical rules are usedto describe inßection and
derivat ion.

B .6 Our German Grammar

The German grammar developed for this work is largely based on
[MŸl99]. It employs relat ional constraints and discont inuous con-
st ituents. Even though it consists of only 16 immediate dominance
rules and 25 linear precedence rules it both covers a large fragment
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of the German language and reliably rejects ungrammat ical sentences.
Table B.1 shows a classiÞcat ion of the immediate dominance rules.

5 general rules

11 construction-speciÞc rules:

verbal complex (3 rules)
coordination (2 rules)
prenominal and postnominal genit ives (2 rules)
relat ive clause (1 rule)
interrogat ive clause (1 rule)
opt ional determiners (1 rule)
nominalizat ion of adject ives (1 rule)

Table B.1: Classification of the immediate dominance rules in our
German grammar.

B.7 Pro cessing Issues

In the preceding sect ions we havemost ly argued from a grammar devel-
operÕs point of view. However, one could think of deÞning a grammar
formalism tailored to the descript ion of natural language which can be
compiled into a formally simpler grammar, e.g. CFG. This has ac-
tually been done: A precursor of HPSG,Generalized Phrase Structure
Grammar (GPSG, [GKPS82]) was designed as a context-free formal-
ism which o" ers formal means to elegant ly describe certain linguist ic
phenomena. A GPSG can directly be converted to a set of context- free
production rules.

HPSG grammarsarenot context -freeand thereforecannot generally
be compiled into equivalent CFGs. However, an HPSG grammar can be
approximated with a CFG [KK00]. This approximat ion usually results
in a large set of context -free product ion rules. For example, [KKS00]
reports to have approximated a Japanese HPSG consist ing of 43 rule
schemata by means of almost 20 millions of context -free product ion
rules.
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