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Theissue Consistency of corpus annotation is an essential propertyhé many
uses of annotated corpora in computational and theorditicaiistics. While some
research addresses the detection of inconsistencies #ofpgpeech and other
positional annotation (van Halteren, 2000; Eskin, 200Gkidison and Meurers,
2003a), only recently has there been some work in detectiogsan syntactic and
other structural annotation (Dickinson and Meurers, 20Q@Bé and Simov, 2004).
Spoken language fiiers in many respects from written language, but to the best

of our knowledge the issue of error detection in spoken lagglwcorpora has not
yet been addressed. This is significant since spoken datarisaisingly relevant
for linguistic and computational research—and such cerpoe starting to become
more readily available. We address this issue in this pdgaesed on the variation
n-gram error detection approach developed in Dickinson aadrists (2003a). We
use the German Verbmobil treebank (Hinrichs et al., 2000graexemplar of a
spoken language corpus and discuss properties of suchraomiich are relevant
when adapting the variatiamgram approach to spoken language corpora.

Why detecting annotation errorsisrelevant Annotated corpora have at least
two kinds of uses: firstly, as training material and as “gakhdard” testing ma-
terial for the development of tools in computational lingigs, and secondly, as a
source of data for theoretical linguists searching for wiglly relevant language
patterns. The high quality annotation present in “gold déad” corpora is gener-
ally the result of a manual or semi-manual mark-up proce$® dnnotation thus
can contain annotation errors from automatic preprocesseran post-editing,
or human annotation. The presence of errors creates prselfienboth compu-
tational and theoretical linguistic uses, from unreliatoining and evaluation of

*Alonger version will appear in the Proceedings of the 15thdioConference of Computational
Linguistics (NODALIDA 2005), Special Session on TreebaftksSpoken Language and Discourse.



natural language processing technology (see, e.g., PadrMarquez, 1998; van
Halteren, 2000; Kvéton and Oliva, 2002, and the work nosr&d below) to low
precision and recall of queries for already rare linguipienomena. Investigating
the quality of linguistic annotation and improving it whegressible thus is a key
issue for the use of annotated corpora in computational leewt¢tical linguistics.

In Dickinson and Meurers (2003a,b), we develop the so-daeiationn-gram
approach and show that it can successfully detect a sigmifreamber of errors in
the part-of-speech and syntactic annotation of typicald'ggandard” newspaper
corpora.

The variation n-gram approach to error detection Our approach to error de-
tection is based on the idea that a string occurring more @éhae can occur with
different labels in a corpus, which we refer tovasiation. Variation is caused by
one of two reasons: @mbiguity: there is a type of string with multiple possible
labels, and dferent corpus occurrences of that string realize tftemdint options,
or i) error: the tagging of a string is inconsistent across comparatgeroences.
The more similar the context of a variation, the more likdlg tvariation is an
error. In the simplest case, contexts are composed of wardbjdentity of the
context is required. The tervariation n-gram refers to am-gram (of words) in
a corpus that contains a string annotatefdledently in another occurrence of the
samen-gram in the corpus. The string exhibiting the variationggerred to as the
variation nucleus. As an example, consider figures 1 and 2.

AL

The shaky market received its biggest jolt last month from  Campeau Corp.
DT JJ NN PRP$ JJs NN NNP NNP

Figure 1: An occurrence of “last month” as a constituent

The fragile market received its biggest jolt last month from Campeau Corp. ,
DT JJ NN VBD PRP$ JJS NN JJ NN IN NNP NNP

Figure 2: An occurrence of “last month” as a non-constituent

The stringlast month is a variation nucleus in this 12-gram because in one instanc
in the corpus it is analyzed as a noun phrasg, @s in Figure 1, while in another



it does not form a complete constituent on its own, as showfigare 2, and is
given the special labeliL. An example with two syntactic categories involves the
nucleusnext Tuesday as part of the variation 3-gramaturity next Tuesday, which
appears three times in the WSJ. Twice it is labeled as a now@s@lfr) and once
as a prepositional phraser).

Once the variatiom-grams for a corpus have been computed, heuristics are
employed to classify the variations into errors and amliggli The first heuristic
encodes the basic fact that the label assignment for a raidelependent on the
context: variation nuclei in long-grams are likely to be errors. The second takes
into account that natural languages favor the use of logagnidencies over non-
local ones: nuclei found at the fringe of argram are more likely to be genuine
ambiguities than those occurring with at least one word ofosunding context.
Both of these heuristics are independent of a specific cpgusotation scheme,
or language. Using such heuristics, we have obtained eetection precisions of
97% for pos annotation and approximately 80% for syntactiwogation.

Thisstudy and itsresults As far as we are aware, no systematic error detection
research has been carried out for spoken language corpat#,is an open ques-
tion whether an error detection method such as the variatigrams method is
as dfective for spoken language data as it is for written. To tei, twe used
24,901 sentences (248,922 tokens) of the German Verbmolplus (Hinrichs
et al., 2000). This corpus is domain-specific, consisting of transcriftappoint-
ment negotiation, travel planning, hotel reservation, pesonal computer main-
tenance scenarios. The speech was segmentediadtg turns, in order to take
into account repetitions, hesitations, and false staft$S(egmann et al., 2000).

While many structures annotated using crossing branchahén corpora (e.qg.,
the TIGER corpus Brants et al., 2002) are encoded in the Mabroorpus using
edge labels, the Verbmobil corpus still does contain diSooaus structures, i.e.,
category labels applying to a non-contiguous string. Thwesdeveloped and ran
a version of the variation-grams method for syntactic annotation (Dickinson and
Meurers, 2003b) that is suitable for handling discontiraiconstituents.

Turning to the results we have obtained so far, we first usetgsee boundaries
as stopping points far-gram expansion and obtained 9174 total variation nucsei, a
shown in figure 3. We extracted from this set only the shortesfringe variation
n-gram§ With this method, we obtained 1426 variation nuclei.

It is useful to compare this result to our previous work ontt®n newspaper
corpora. The Verbmobil corpus is roughly one-third the sizthe TIGER corpus,
but we obtained more-grams for the Verbmobil corpus (1426) than for TIGER

IMore specifically, we used the treebank versions of theviotig Verbmobil CDs: CD15, CD20,
CD21, CD22, CD24, CD29, CD30, CD32, CD38, CD39, CD48, and €D4

20Occurrences of the same strings within langgrrams are thereby ignored, so as not to artificially
increase the resulting set ofgrams (cf. Dickinson and Meurers, 2003a).



(500), indicating that the former is more repetitive and trese variation in the
annotation of the repeatedgrams. The variatiom-gram approach thus appears
well-suited for domain-specific spoken language corpanahsas the Verbmobil
corpus.

size | nuclei | nonfringe nuclei| size | nuclei | nonfringe nuclei

1| 1808 897 8 a7 2
2| 2777 252 9 26 1
3| 2493 135| 10 12 1
4| 1223 80| 11 6 0
5 482 35| 12 3 0
6 200 13| 13 1 0
7 95 10| 14 1 0

Figure 3: Number of variation nuclei in the Verbmobil corpus

Taking a closer look at the source of the repetition, theegveo main sources:
one which helps the variatiomgrams method, and one which hurts. The first is
that, because people engaged in a dialogue on a specifictéoido express the
same contents, we encounter the same strings again and adamis the kind
of repetition readily exploited by the variatiangram approach. A dierent kind
of recurrence, however, is that of identical words appgariaxt to each other,
often caused by hesitations and false starts. For exam@djng the unigram
und 'and’ in the middle of the trigramund und Auto. The problem with such
examples is that with the same word being repeated, theusuding context is no
longer informative. However, given that such false stanis laesitations follow a
set pattern, they can be easily identified and filtered oot poi error detection.

In another experiment, we explored the relevance of seesefie., dialog turn
boundaries) for detecting variationgrams. Allowing variatiom-grams to extend
beyond a dialog turn resulted in 1720 cases, i.e., 20% mareftr the case when
variation detection is limited to a single sentence. Reggbaegments frequently
go beyond one dialog turn, and so the increase in detecté@tigaroutweighs the
slight dficiency gain obtained with the use of dialog turns as bouedari

Finally, we investigated the role of punctuation, which waserted into tran-
scribed speech of the Verbmobil corpus. We removed all puaticin from the cor-
pus and reran the error detection code (in the version iggatialog turn bound-
aries). This resulted in 1056 examples, a loss of almost 40%ealetected cases.
It thus seems to be the case that the punctuation insert@eéétk corpora such as
the Verbmobil corpus provides useful context for detectiagationn-grams.

Summing up, given that repetitions are prevalent in donsaeeific speech, the
variation n-gram method seems well-suited for detecting errors in tivettion



of such corpora. At the same time, error detection in spokeguage corpora
requires special attention to the role of segmentatioreried punctuation, and
particularly the nature of repetition and its causes.
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