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ABSTRACT 2. The baseline system

It is well known that good language models improve performanc&he project EEDATA was established in order to develop a sys-
of speech recognition. One requirement for the estimation of lariem enabling land register offices of the bilingual region of South
guage models is a sufficient amount of texts of the applicatiofyrol [1] to enter data of the historic master book into electronic
domain. If not all words of the domain occur in the training textsdata bases. One characteristic of this task due to juridical terms is
for language models, a way must be found to model these wordsat data sometimes must be entered in both Italian and German.
adequately. In this paper we report on a new approach of build-he region of South Tyrol is a bilingual region in Italy, where
ing word classes for language modeling in the bilingual (Germarhoth languages are official languages. Speakers with German as
Italian) SPEEDATA project. The main idea is to classify words mother tongue speak Italian with only little accent, whereas ltal-
according to their morphological properties. Therefore we dean native speakers often have only a rudimentary knowledge of
compose words into their morphological units and put the word&erman. For the German language, there is a big variety of di-
with the same prefix or suffix into the same class. Since morph@lects among the villages of the region as well as a high degree in
logical decomposition is error prone for unknown word stemsyariation among and within the speakers between standard Ger-
we also decomposed words by counting beginnings and endingsn and the respective dialect.

of different length and used these subunits like prefixes and suf-

fixes. The advantage of this approach is that it can be carried of©r the data-entry task, data-entry forms have been developed
automatically. We achieved a reduction in error rate from 9.880gether with the users of the system in order to enter data in
% to 5.77 % for morphological decomposition and 5.99 % fothe most efficient way. Starting with a general form, it can be
automatical decomposition which can be performed without an?WitChed to new forms with fields that have to be filled in. De-

morphological knowledge. pending on the data field, language models are either modeled by
a word list, grammar or statistically trained with a training text.
1. Introduction For example, family names are modeled as one of a list of names.

For a date, we model a grammar consisting of numbers between
Language models can be estimated well if the recognition vocaB-and 31, followed by a number between 1 and 12, or the name
ulary is represented in the training texts of language models. Fof the respective month, followed by the year. Descriptions of
the words that cannot be estimated appropriately by the availadg&nd and houses are entered as complete texts as well as rights of
texts ways must be found to get a good estimation, also see [2]owners and relations among owners and neighbors. Different lan-
guage models have been trained for each of those text types. This
For example, words can be put into word classes together witaper will deal with the part of the statistically trained language
similar words that are well represented in the training texts. Theodels.
problem of the 8EeEDATA domain (German and ltalian) is that
only 4100 of 5900 words occur in the training texts for the lan-The texts that are used for the estimation of the language mod-
guage models. One possibility is to model words in word classes have been typed in with the computer interfae&EATA is
in order to obtain a good estimation for the words in the utterancéased on. For each language, texts with 70000 words including
4100 different words were collected. The recognition vocabu-
In the following, we will describe our approach to language modiary for statistically trained language models, however, consists
eling in order to improve performance of the@&EDATA system.  of 5900 words, so nearly one third of the words cannot be mod-
Then, there will be a short introduction into the baseline system @fled with these training texts, and word classes have to be intro-
the SPEEDATA project. In the next section, we will describe theduced in order to model the non-present words.
SPEEDATA baseline system. Section 3 introduces our approach
to building language models that model words which do not apFhe words that are not represented in the training texts of lan-
pear in the training texts. In section 4, we will present resultguage models, are mostly proper names, i. e. names of owners
we have obtained with different approaches of building languagef houses etc. These proper names can be obtained from lists
models, and we will finish with a conclusion of this work. of owners that have been entered to the system until now. An-
other type of words that are not modeled well enough in language



models are domain dependent words like parts of houses or right®rd stem is not known. The length of prefixes and suffixes de-

concerning land. pends on the fineness of the morphological decomposition, thus
in some experiments the endings -er, -erare not considered
3. Building word classes as suffixes butter or even-giiter which is already a word on

its own (=manoy may be considered as suffix. Words with the
One way of language modeling is the use of word classes fauffix -giiterall mean manors with the type of the manor further
language models. In this approach, the transition propabilities @eing specified by the first part of the word. On the other hand,
the language model are estimated among word classes insteadhaids beginning withAnderungs-(=chang can be modeled in
words. The probability of words of one word class are equallyhe same class, since they all describe nouns that have something
distributed in this approach. to do with a change. Thus, for some words, morphological de-

) ) composition is in some way also a semantic classification.
In our experiments, we compare different approaches of model-

ing word classes within language models. There are mainly thraghen applying linguistic tools for decomposing words into their

different ways: morphological units, a minimum length for a part of word is set.
Furthermore, it must be said, that tools for morphological decom-
1. frequency of words, position may produce a wrong decomposition if word kernels,

suffixes or prefixes are not known or if the word is not of German
origin. Thus, a decomposition of words with a beginning of A-,
which may mean a lack of something for Latin derived words,
is for most other words a decomposition error. Similarly, sorting
In the frequency approach, each word that appears more oftgjprds according to their ending of -en or -er may characterise
thann times is modeled as a word class on its own. This meangrbs in their infinitive or, in the second case, nouns describing
that there are almost as many word classes as words. The wogdfale persoBesitzer This decomposition is also error-prone,
appearing less tham times (or not at all) in the training text are since several words (e. fing) show an ending e. gungwithout
modeled altogether in one word class. This approach guaranteegelonging to the respective class (nouns with feminine gender).
precise modeling of words that are well represented in the trairthys, in order to model words more appropriately, the context
ing texts. On the other hand, for words that appear only rarelyyst be enlarged. On the other hand, the context may not be
in the training text, the modeling may not be appropriate sincgo large in order to avoid a too high specialisation of the words
words of all different kinds are put together in the same class. modeled into the same class like only specific types of contract
. ) . (-ungsvertraginstead of-vertrag Also, some prefixes and suf-
A second way of modeling words into word classes is t0 defyaq could not be decomposed for some words, therefore a post-

sign word classes depending on their semantic role in the CoRz,cessing for a consistent decomposition must be carried out.
text of data-entry. Since the missing words are mostly proper

names which are available in terms of 46 lists of first names, |aWe also allowed prefixes and suffixes longer than one character.
names etc., we put first words like proper names into one classgure 1 shows the distribution of prefixes and suffixes for both
with equal distribution and then count the rest of the words qbnguages (5900 words) depending on the necessary minimal oc-
the training texts. 2800 words can be found in word lists, 90@urence of a prefix or suffix in order to become a word class.

of them also appear in the training texts. With these last words

we estimate the distribution of the other words of the word lists
The modeling of word classes like proper names can be realiz
easily this way.

2. semantic word classes,
3. morphological word classes.

Frequency of word subunits (prefix first) for both languages
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Building word classes this way can be more difficult for word
like rights and obligations. It is difficult to extract an appropri-
ate list of words from texts since semantically similar words caig
appear in many contexts. Manually, one new word class was e%’
tracted from the training texts. This class with parts of housez s
like shower bathroomconsists of 350 words for German. How- £
ever, it is impossible to select words that would appear in simila
contexts without an enormous amount of time.
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The third approach of modeling word classes is to model wordz
according to morphological structure. For morphological decom
position we used MALAGA, developped at the department o
Computational Linguistics at the University of Erlangen. For Min. occurence of sufixes o0 Min. occurence of prefixes

these experiments we decided to limit morphological decompo-

sition to prefixes and suffixes for two reasons: firstly, the syntad=igure 1: Occurence of prefixes and suffixes for Italian and Ger-
tical characteristics of a German word are described in the sufaan

fix, whereas German prefixes also describe words in a way e. g.

ge-often indicates perfect tense. Secondly, it is almost impossln the figure there are two planes, for the number of prefixes
ble for morphological tools to decompose a word correctly if theand suffixes, respectively. For example,(aty) = (5,100)




Sum of bilingual word subunits (prefix first)

for minocc(prefix), minocc(suffix))here are 3359 words that are
assigned to a word class according to a prefix and 104 words ¢
cording to the suffix. In this figure, first the words are assigned t
word classes according to their prefix, then the remaining worc
to their suffix, if there are enough occurences of the words for
classification.
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Although the first choice is for prefixes, more words are assigne
to word classes according to suffixes, thus suffixes seem ma
structured.
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ords, that are taken into account by suffixes

The number of assigned words approaches zero near a minimiz

occurence of 80 for prefixes. The decrease in occurence is mug °©
slower for suffixes, i. e. there are few suffixes that occur eve?
200 times in the lexicon. Since prefixes are chosen first in thi
example, their values are constant on the axis of suffixes, where

the plane of suffixes depends on the number of words left by tt Min. occurence of suffixes
choice of prefix.

Min. occurence of prefixes

) . Figure 2: Occurence of prefixes and suffixes for Italian and Ger-
The line where there is the same amount of words clustered agp;n,

cording to the prefix as to the suffix, is roughly at a minimum
occurence of 50 for prefixes and almost independent of the min-

imum occurence of suffixes, although, of course, the number @y setting different thresholds for the minimum occurence of pre-
classified words decreases when a higher minimum occurencefiges and suffixes and different procedures for the handling of the
required. remaining words, we provide different word classes and therefore

. .. different language models for the recognition experiments.
Looking at the languages separately, the rough structure is sim- guag 9 P

ilar for Italian and German, although some differences can bgjnce morphological decomposition sometimes produces wrong
found. For ltalian, in the front left corner of the figure (prefix yecomposition and needs at least some manual corrections for
0-50, suffix 0-150), there are more words classified to suffixegord stems that are not in the lexicon, we have also automati-
than for the German language. This means that for the remaining)ly produced endings and beginnings by cutting off the first
words after prefix classification, in German there are no suffixesaracters and counting if they occur more often thatimes

left that would allow an occurence high enough to classify wordg, the lexicon. In many cases, there is an overlap with the man-
to suf_fi_xes or that_ for the Ita}lian language more words have begpy) categories, in some cases classes are built with a prefix plus a
classified according to prefixes. further character, if this combination appears more often than the
For German, in the opposite corner (prefix 100-200, suffix 10 ;[_rk:rtiséh((:)lgs,seéngn./vs_ome words of the German préfi-is modeled
200), there is still a high number of words that can be modeled, ’
whereas for Italian the number of words classified according to 4. Results
the suffix reaches zero. One reason for that may be that the Ger- ’

man _Ia_mgL_Jage has more characteristic prefixes _and suffixes_i%r recognition we used the Isadora system [4], for language
classification or that the used morphological tool is more SOph'%odels we used bigrams for recognition and performed a poly-

ticated for German than for Italian since mainly it is used for thegram [3] verification for the best scoring sentences. We did ex-

German language. periments on several different sets of parameters, that is language

The sum of words modeled by either prefix or suffixes can bgmdel parameters themselves and for the morphology experi-

seen in Figure 2 (rotated by 18®vith respect to Figure 1). Of ments with different thresholds. For the results, we will only give

course, most words can be classified with a low threshold fotthe best results of each category of experiment.

occurence of prefix and threshold. Furthermore, it can be Seqfq first entry of Table 1 shows our standard way of training lan-
that the_num_ber O_f words is not symmetr_lc between the prefi uage models with the frequency approach. This approach leads
ar_wd suffix axis. With an occurence of suffixes between 100-20F) 5 \yord error rate of 9.83 %. Evaluated according to the lan-
still around 300 words can be modeled, whereas for an occurengga ye it can be seen that recognition is much better for Italian
of prefixes between 100-200 almost the minimum is reached. 4 tor German, which is due to the dialects and accents of the
u§peakers in German and to the fact that German seems to be eas-

ther processed. Optionally, one new class for abbreviations ¢ g/ to recognize. These results are only evaluated for statistically
be created. Then, words can be put into classes according to { %'nﬁd flan?# age m?dteIsF,&Er;d can thleretf_ore nﬁ_t ﬁe fompared 0
frequency approach or, alternatively, two classes will be esta SSults 0(: i f corgpf_e_te tat ATA €valuation which also con-
lished if the word begins with a capital letter (noun, proper name INS Word fists and finite state grammars.

or with a small character.

The remaining words are not assigned any class and will be f

Using word classes available from lists like proper names, recog-
nition improves to 9.25 % word error rate. When using an ad-



| Word error | ltalian + German| Italian | German]

| frequency | 9.83] 7.82] 12.40]
| semantics | 9.25] 8.05] 11.88]
suffix 6.60 | 4.04 9.88
prefix 5.82 4.04 8.09
prefix and suffix 8.47 3.97 14.24
prefix and suffix and abbrev. 5.77 3.74 8.38
prefix and suffix and abbrev. and case 11.42 5.82 18.60
| automatical prefix and suffix | 599| 434] 8.14]

Table 1: Word error rate with different strategies for the design of word classes

ditional word class for the parts of houses, recognition decreaséiges and suffixes for establishing word classes, the error rate was
slightly, but still remains better than with the frequency approachreduced significantly. Since morphological decomposition needs
all word stems in the lexicon and still decomposes incorrectly,
The following five lines in Table 1 show the recognition resultsa semi-automatic correction became necessary for some words.
for the morphological approach. The first two lines refer to usingn order to save correction time we estimated prefixes and suf-
either prefix or suffix for classification. Best results for preﬁxeﬁixes automatically by counting the beginnings and endings of
were achieved with a threshold of 10 occurences for a prefix the words and we achieved almost the same performance. With

become aword class, whereas for suffixes 2 occurences minimupme refinements of the automatic decomposition the result per-
ylelded best results for the suffix Only eXperimentS. haps could be improved even more.

Using both prefixes and suffixes, recognition decreases to 8.47 % 6. REFERENCES
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Most of the words that were morphologically assigned to word SPeech Modelling Network Based on Hidden Markov Mod-
classes are German words, and it is therefore very astonishing €lS-Computer Speech & LanguagE993.

that the performance increased even more for Italian than for Ger-

man. For Italian, the error rate is almost only half compared to

our standard approach for most of the experiments. German, in-

stead worsens in some cases, probably due to wrong classifica-

tion of different words that were merged to the same class. For

the best results on morphology, with a morphological tool and for

automatic detection of prefixes and suffixes, the error decreases

by 4 % absolute.

5. Conclusion

For this special task in BEEEDATA with only two thirds of the

lexicon appearing in the texts used for estimating the language
model we looked for an approach to model these words appropri-
ately. Since some semantic word categories were already known,
we first used them, and recognition improved. Using instead pre-



