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Abstract and other borrowings from English form by far the

most frequent foreign inclusions in German. In spe-
cific domains, up to 6.4% of the tokens of a Ger-
man text can be English inclusions. Even in regular

newspaper text as used for many NLP applications,

Inclusions from other languages can be a
significant source of errors for monolin-
gual parsers. We show this for English in-

clusions, which are sufficiently frequent to
present a problem when parsing German.
We describe an annotation-free approach for
accurately detecting such inclusions, and de-
velop two methods for interfacing this ap-
proach with a state-of-the-art parser for Ger-
man. An evaluation on the TIGER cor-
pus shows that our inclusion entity model

English inclusions can be found in up to 7.4% of all
sentences (see Section 3 for both figures).

Virtually all existing NLP algorithms assume that
the input is monolingual, and does not contain for-
eign inclusions. It is possible that this is a safe
assumption, and inclusions can be dealt with ac-
curately by existing methods, without resorting to
specialized mechanisms. The alternative hypothe-

achieves a performance gain of 4.3 points in
F-score over a baseline of no inclusion de-
tection, and even outperforms a parser with
access to gold standard part-of-speech tags.

sis, however, seems more plausible: foreign inclu-
sions pose a problem for existing approaches, and
sentences containing them are processed less ac-
curately. A parser, for example, is likely to have
problems with inclusions — most of the time, they
are unknown words, and as they originate from
The status of English as a global language meamasother language, standard methods for unknown
that English words and phrases are frequently bowords guessing (suffix stripping, etc.) are unlikely to
rowed by other languages, especially in domainse successful. Furthermore, the fact that inclusions
such as science and technology, commerce, advere often multiword expressions (e.g., named enti-
tising, and current affairs. This is an instancdaf- ties) means that simply part-of-speech (POS) tag-
guage mixing whereby inclusions from other lan- ging them accurately is not sufficient: if the parser
guages appear in an otherwise monolingual texposits a phrase boundary within an inclusion this is
While the processing of foreign inclusions has relikely to severely decrease parsing accuracy.
ceived some attention in the text-to-speech (TTS) lit- In this paper, we focus on the impact of En-
erature (see Section 2), the natural language procesggish inclusions on the parsing of German text. We
ing (NLP) community has paid little attention bothdescribe an annotation-free method that accurately
to the problem of inclusion detection, and to potenrecognizes English inclusions, and demonstrate that
tial applications thereof. Also the extent to whichinclusion detection improves the performance of a
inclusions pose a problem to existing NLP methodstate-of-the-art parser for German. We show that the
has not been investigated. way of interfacing the inclusion detection and the
In this paper, we address this challenge. We focysarser is crucial, and propose a method for modify-
on English inclusions in German text. Anglicismsing the underlying probabilistic grammar in order to

1 Introduction
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enable the parser to process inclusions accurately.prisingly low as no differentiation is made between
This paper is organized as follows. We review refull-word anglicisms and tokens with mixed-lingual

lated work in Section 2, and present the English inmorphemes in the gold standard.

clusion classifier in Section 3. Section 4 describes In the context of parsing, Forst and Kaplan (2006)
our results on interfacing inclusion detection withhave observed that the failure to properly deal with
parsing, and Section 5 presents an error analysi®reign inclusions is detrimental to a parser's accu-
Discussion and conclusion follow in Section 6. racy. However, they do not substantiate this claim

using numeric results.
2 Related Work

3 English Inclusion Detection
Previous work on inclusion detection exists in the

TTS literature. Here, the aim is to design a sysPrevious work reported by Alex (2006; 2005) has
tem that recognizes foreign inclusions on the worflocused on devising a classifier that detects angli-
and sentence level and functions at the front-end ®wsms and other English inclusions in text written in
a polyglot TTS synthesizer. Pfister and Romsdomlther languages, namely German and French. This
fer (2003) propose morpho-syntactic analysis coninclusion classifier is based on a lexicon and search
bined with lexicon lookup to identify foreign words engine lookup as well as a post-processing step.
in mixed-lingual text. While they state that their sys- The lexicon lookup is performed for tokens
tem is precise at detecting the language of tokeriagged as noun\(N), named entity NE), foreign
and determining the sentence structure, it is not evatraterial M) or adjective ADJA/ADJD) using the
uated on real mixed-lingual text. A further approacifGerman and English CELEX lexicons. Tokens only
to inclusion detection is that of Marcadet et. afound in the English lexicon are classified as En-
(2005). They present experiments with a dictionaryglish. Tokens found in neither lexicon are passed
driven transformation-based learning method andt® the search engine module. Tokens found in
corpus-based n-gram approach and show that a cobeth databases are classified by the post-processing
bination of both methods yields the best resultanodule. The search engine module performs lan-
Evaluated on three mixed-lingual test sets in differguage classification based on the maximum nor-
ent languages, the combined approach yields wordhalised score of the number of hits returned for two
based language identification error rates (i.e. the pesearches per token, one for each language (Alex,
centage of tokens for which the language is ident2005). This score is determined by weighting the
fied incorrectly) of 0.78% on the French data, 1.33%wumber of hits, i.e. the “absolute frequency” by the
on the German data and 0.84% on the Spanish datstimated size of the accessible Web corpus for that
Consisting of 50 sentences or less for each languadanguage (Alex, 2006). Finally, the rule-based post-
their test sets are very small and appear to be sprocessing module classifies single-character tokens
lected specifically for evaluation purposes. It wouldand resolves language classification ambiguities for
therefore be interesting to determine the systemisiterlingual homographs, English function words,
performance on random and unseen data and examames of currencies and units of measurement. A
ine how it scales up to larger data sets. further post-processing step relates language infor-
Andersen (2005), noting the importance of recmation between abbreviations or acronyms and their
ognizing anglicisms to lexicographers, tests algodefinitions in combination with an abbreviation ex-
rithms based on lexicon lookup, character n-gramiaction algorithm (Schwartz and Hearst, 2003). Fi-
and regular expressions and a combination thereof t&lly, a set of rules disambiguates English inclusions
automatically extract anglicisms in Norwegian textfrom person names (Alex, 2006).
On a 10,000 word subset of the neologism archive For German, the classifier has been evaluated
(Wangensteen, 2002), the best method of combimmn test sets in three different domains: newspaper
ing character n-grams and regular expression matchrticles, selected from the Frankfurter Allgemeine
ing yields an accuracy of 96.32% and an F-score dfeitung, on internet and telecoms, space travel and
59.4 (P = 75.8%, R = 48.8%). This result is unsurEuropean Union related topics. Table 1 presents an
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| Domain | El tokens| El types| EI TTR | Accuracy | Precision| Recall | F |
Internet 6.4% 5.9% 0.25 98.13% | 91.58% | 78.92% | 84.78
Space 2.8% 3.5% 0.33 98.97% | 84.02% | 85.31% | 84.66
EU 1.1% 2.1% 0.50 99.65% | 82.16% | 87.36% | 84.68

Table 1: English inclusion (EI) token and type statistics, El type-tokensdfidR) as well as accuracy,
precision, recall and F-scores for the unseen German test sets.

overview of the percentages of English inclusion to-

L. . ‘ ‘ étatisticél Taggér — |
kens and types within the gold standard annotation *° English Inclusion Classifier |
of each test set, and illustrates how well the English o e S
inclusion classifier is able to detect them in terms e

of F-score. The figures show that the frequency o%
English inclusions varies considerably depending or
the domain but that the classifier is able to detect: so |,
them equally well with an F-score approaching 85
for each domain.

The recognition of English inclusions bears sim-
ilarity to classification tasks such as named en-
tity recognition, for which various machine learning
(ML) techniques have proved successful. In order to _ .
compare the performance of the English inclusioffi9ure 1: Leaming curve of a ML classifier versus
classifier against a trained ML classifier, we pooled'® English inclusion classifier's performance.
the annotated English inclusion evaluation data for
all three domains. As the English inclusion classifiefXt€ndable to a new language (Alex, 2006).
does not rely on annotated data, it can be tested agfd
evaluated once for the entire corpus. The ML classi-
fier used for this experiment is a conditional MarkovThe primary focus of this paper is to apply the En-
model tagger which is designed for, and proved suajlish inclusion classifier to the German TIGER tree-
cessful in, named entity recognition in newspapédbank (Brants et al., 2002) and to evaluate the clas-
and biomedical text (Klein et al., 2003; Finkel et al. sifier on a standard NLP task, namely parsing. The
2005). It can be trained to perform similar informa-aim is to investigate the occurrence of English in-
tion extraction tasks such as English inclusion deteclusions in more general newspaper text, and to ex-
tion. To determine the tagger’s performance over thamine if the detection of English inclusions can im-
entire set and to investigate the effect of the amouirove parsing performance.
of annotated training data available, a 10-fold cross- The TIGER treebank is a bracketed corpus con-
validation test was conducted whereby increasingisting of 40,020 sentences of newspaper text. The
sub-parts of the training data are provided when tesknglish inclusion classifier was run once over the
ing on each fold. The resulting learning curves irentire TIGER corpus. In total, the system detected
Figure 1 show that the English inclusion classifieEnglish inclusions in 2,948 of 40,020 sentences
has an advantage over the supervised ML approadf7,.4%), 596 of which contained at least one multi-
despite the fact the latter requires expensive handord inclusion. This subset of 596 sentences is the
annotated data. A large training set of 80,000 tokerfecus of the work reported in the remainder of this
is required to yield a performance that approximategaper, and will be referred to as the inclusion set.
that of our annotation-free inclusion classifier. This A gold standard parse tree for a sentence contain-
system has been shown to perform similarly well oiing a typical multi-word English inclusion is illus-
unseen texts in different domains, plus it is easilyrated in Figure 2. The tree is relatively flat, which

10000 20000 30000 40000 50000 60000 70000 80000
Amount of training data (in tokens)

Experiments
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is a trait trait of TIGER treebank annotation (Brantscontaining 40 tokens or less. In the data set used
etal., 2002). The non-terminal nodes of the tree repn this paper, however, sentence length is not lim-
resent the phrase categories, and the edge labels itegl. Moreover, the average sentence length of our
grammatical functions. In the example sentence, thest sets is considerably higher than that of the NE-
English inclusion is contained in a proper nol®N) GRA test set. Consequently, a slightly lower perfor-
phrase with a grammatical function of type noummance and/or coverage is anticipated, albeit the type
kernel element {K). Each terminal node is POS-and domain as well as the annotation of both the NE-
tagged as a named entit)E) with the grammatical GRA and the TIGER treebanks are very similar. The

function ot type proper noun componef\C). minor annotation differences that do exist between
NEGRA and TIGER are explained in Brants et. al
4.1 Data (2002)

Two different data sets are used in the experiments: S
(1) the inclusion set, i.e., the sentences containirfy3 Parser Modifications
multi-word English inclusions recognized by the in-We test several variations of the parser. Blaseline
clusion classifier, and (2) a stratified sample of serparser does not treat foreign inclusions in any spe-
tences randomly extracted from the TIGER corpusgsial way: the parser attempts to guess the POS tag
with strata for different sentence lengths. The stratand grammatical function labels of the word using
were chosen so that the sentence length distributidhe same suffix analysis as for rare or unseen Ger-
of the random set matches that of the inclusion setan words. The additional versions of the parser
The average sentence length of this random set aatk inspired by the hypothesis that inclusions make
the inclusion set is therefore the same at 28.4 tokengarsing difficult, and this difficulty arises primarily
This type of sampling is necessary as the inclusiobecause the parser cannot detect inclusions prop-
set has a higher average sentence length than a ranly. Therefore, a suitable upper bound is to give
dom sample of sentences from TIGER, and becausiee parseperfect tagginginformation. Two further
parsing accuracy is correlated with sentence lengthiersions interface with our inclusion classifier and
Both the inclusion set and the random set consist tfeat words marked as inclusions differently from
596 sentences and do not overlap. native words. The first version does so oward-
by-word basis. In contrast, thiaclusion entity ap-
4.2 Parser proach attempts to group inclusions, even if a group-
The parsing experiments were performed with @ng is not posited by phrase structure rules. We now
state-of-the-art parser trained on the TIGER corpudescribe each version in more detail.
which returns both phrase categories and grammati- In the TIGER annotation, preterminals include
cal functions (Dubey, 2005b). Following Klein andboth POS tags and grammatical function labels.
Manning (2003), the parser uses an unlexicalizeHor example, rather than a preterminal node hav-
probabilistic context-free grammar (PCFG) and reing the categoryPRELS (personal pronoun), it is
lies on treebank transformations to increase parsirgjven the categornPRELS-OA(accusative personal
accuracy. Crucially, these transformations make uggonoun). Due to these grammatical function tags,
of TIGER’s grammatical functions to relay pertinentthe perfect tagging parser may disambiguate more
lexical information from lexical elements up into thesyntactic information than provided with POS tags
tree. alone. Therefore, to make this model more realistic,
The parser also makes use of suffix analysighe parser is required to guess grammatical functions
However, beam search or smoothing are not engallowing it to, for example, mistakenly tag an ac-
ployed. Based upon an evaluation on the NEGRAusative pronoun as nominative, dative or genitive).
treebank (Skut et al., 1998), using a 90%-5%-5% his gives the parser information about the POS tags
training-development-test split, the parser performef English inclusions (along with other words), but
with an accuracy of 73.1 F-score on labelled brackdoes not give any additional hints about the syntax
ets with a coverage of 99.1% (Dubey, 2005b). Thesaf the sentence.
figures were derived on a test set limited to sentencesThe two remaining models both take advantage
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NP-SB VVFIN-HD PP-MO
\

kam
APPR-AC ART-NK NE-NK

ART-NK ADJA-NK PN-NK \ \ |
‘ ‘ aus der Schweiz
Das sctbnste  NE.PNC  NE-PNC
\ |
Road Movie

Figure 2: Example parse tree of a German TIGER sentence containinggéistEinclusion. Translation:
The nicest road movie came from Switzerland.

NE | FM | NN | KON | CARD | ADJD | APPR The word-by-word parser fails to take advantage
1185 | 512 | 44 8 8 il il . . S

of one important trend in the data: that foreign in-

Table 2: POS tags of foreign inclusions. clusion tokens tend to be adjacent, and these adja-
cent words usually refer to the same entity. There
PN is nothing stopping the word-by-word parser from

positing a constituent boundary between two adja-
FOM FOM cent foreign inclusions. The inclusion entity model

\ \ was developed to restrict such spurious bracketing.
e It does so by way of another tree transformation.
(@) Whenever #0M is encoun- The new categonfP (foreign phrase) is added be-

tered.- BN low any node dominating at least one token marked
FOM during training. For example, when encoun-
F‘P tering aFOM sequence dominated BN as in Fig-
P ure 3(a), the tree is modified so that it is thE rule
FOM FOM which generates thEOM tokens. Figure 3(b) shows

| | the modified tree. In all cases, a unary rel&—FP
e e _ is introduced. As this extra rule decreases the proba-
g:()a d'"a newFP category is cre- bility of the entire tree, the parser has a bias to intro-
duce as few of these rules as possible — thus limiting
Figure 3: Tree transformation employed in tine  the number of categories which expandROMs.
clusion entityparser. Once a candidate parse is created during testing, the
inverse operation is applied, removing thE node.

of information from the inclusion detector. To inter-4-4 Method

face the detector with the parser, we simply markor all experiments reported in this paper, the parser
any inclusion with a speciaFOM (foreign mate- is trained on the TIGER treebank. As the inclusion
rial) tag. The word-by-word parser attempts to guesand random sets are drawn from the whole TIGER
POS tags itself, much like the baseline. Howevetreebank, it is necessary to ensure that the data used
whenever it encountersf@OM tag, it restricts itself to train the parser does not overlap with these test
to the set of POS tags observed in inclusions duringentences. The experiments are therefore designed
training (the tags listed in Table 2). WherF®M is as multifold cross-validation tests. Using 5 folds,
detected, these and only these POS tags are guesssbh model is trained on 80% of the data while the
all other aspects of the parser remain the same. remaining 20% are held out. The held out set is then
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| Data | P ] R | F |Dep.| Cov.| AvgCB | OCB | <2CB |
] Baseline model \

Inclusion set|| 56.1 | 62.6 | 59.2 | 74.9 | 99.2 2.1 34.0| 69.0
Random set|| 63.3| 67.3| 65.2| 81.1| 99.2 1.6 404 | 75.1

] Perfect tagging model \
Inclusion set|| 61.3 | 63.0| 62.2| 75.1 | 92.7 1.7 415| 72.6
Random set|| 65.8| 68.9| 67.3| 82.4 | 97.7 14 459 | 77.1
| Word-by-word model |
Inclusion set|| 55.6 | 62.8| 59.0 | 73.1 | 99.2 2.1 342 70.2
Random set|| 63.3| 67.3| 65.2| 81.1| 99.2 1.6 40.4| 75.1
] Inclusion entity model \

Inclusion set|| 61.3| 65.9| 63.5| 78.3 | 99.0 1.7 424\ 77.1
Random set|| 63.4| 67.5| 65.4| 80.8 | 99.2 1.6 40.1| 75.7

Table 3: Baseline and perfect tagging for inclusion and random setseantds for the word-by-word and
the inclusion entity models.

intersected with the inclusion set (or, respectivelyiHowever, scores differ for the bracketing measures.
the random set). The evaluation metrics are calcusing stratified shuffling we performed a-test on
lated on this subset of the inclusion set (or randomrecision and recall, and found both to be signif-
set), using the parser trained on the correspondirigantly worse in the inclusion condition. Overall,
training data. This process ensures that the test sehe harmonic mean (F) of precision and recall was
tences are not contained in the training data. 65.2 on the random set, 6 points better than 59.2
The overall performance metrics of the parser aré observed on the inclusion set. Similarly, depen-
calculated on the aggregated totals of the five heldency and cross-bracketing scores are higher on the
out test sets. For each experiment, we report pargandom test set. This result strongly indicates that
ing performance in terms of the standard PARSEsentences containing English inclusions present dif-
VAL scores (Abney et al., 1991), including cov-ficulty for the parser, compared to length-matched
erage (Cov), labeled precision (P) and recall (R)sentences without inclusions.
F-score, the average number of crossing brackets When providing the parser with perfect tagging
(AvgCB), and the percentage of sentences parsé@tformation, scores improve both for the inclusion
with zero and with two or fewer crossing brack-and the random TIGER samples, resulting in F-
ets (OCB and<2CB). In addition, we also report scores of 62.2 and 67.3, respectively. However, the
dependency accuracy (Dep), calculated using thmverage for the inclusion set decreases to 92.7%
approach described in Lin (1995), using the headvhereas the coverage for the random set is 97.7%.
picking method used by Dubey (2005a). The lain both cases, the lower coverage is caused by the
beled bracketing figures (P, R and F), and the dgsarser being forced to use infrequent tag sequences,
pendency score are calculated on all sentences, withith the much lower coverage of the inclusion set
those which are out-of-coverage getting zero nodekkely due to infrequent tags (notablEM), solely
The crossing bracket scores are calculated only associated with inclusions. While perfect tagging
those sentences which are successfully parsed. increases overall accuracy, a difference of 5.1 in F-
score remains between the random and inclusion test
4.5 Baseline and Perfect Tagging sets. Although smaller than that of the baseline runs,

The baseline, for which the unmodified parser idhis difference shows that even with perfect tagging,

used, achieves a high coverage at over 99% for bo 1This approach to statistical testing is describedtitp:

the inclusion and the random sets (see Table 3J)www.cis.upenn.eduldbikel/software.html
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parsing English inclusions is harder than parsing  o.014

m0n0|ingua| data. 0.012 Stratified random sample -
So far, we have shown that the English inclusion> ‘

classifier is able to detect sentences that are difficul® 00t 1 [ j HM“‘V A /

to parse. We have also shown that perfect tagging o0 | -+ 1/ o4/ wrafIF ORGP

helps to improve parsing performance but is insuffi- . I LY

cient when it comes to parsing sentences containinf, %[ |

English inclusions. In the next section, we will ex- g 0.004 ||

amine how the knowledge provided by the English® 0,002 ‘w‘

inclusion classifier can be exploited to improve pars- Y

ing performance for such sentences. 0

guency
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4.6 Word-by-word Model Sentence Length in Tokens

The word-by-word model achieves the same coveFigure 4: Average relative token frequencies for sen-
age on the inclusion set as the baseline but with tences of equal length.

slightly lower F of 59.0. All other scores, includ-

ing dependency accuracy and cross bracketing re-

sults are similar to those of the baseline (see Tane parsing accuracy of sentences that do not actu-
ble 3). This shows that limiting the parser's choiceyly contain foreign inclusions.

of POS tags to those encountered for English inclu-

sions is not sufficient to deal with such constructions Not only did the inclusion e”“tY parser perform
correctly. In the error analysis presented in secdbove the baseline on every metric for the inclusion

tion 5, we report that the difficulty in parsing multi- set, i_ts performance also exceeds that of th_e_perfect
word English inclusions is recognizing them as cont@99ing model on all measures except precision and

stituents, rather than recognizing their POS tags. W&/€rage crossing brackets, where both models are

attempt to overcome this problem with the inclusioﬁied' These results clearly indicate that the inclusion
entity model entity model is able to leverage the additional infor-

mation about English inclusions provided by our in-
4.7 Inclusion Entity Model clusion classifier. However, it is also important to
Jiote that the performance of this model on the in-

99.0% on the inclusion set. similiar to the coverClusion setis still consistently lower than that of all

age of 99.2% obtained by the baseline model 0Wodels on the random set. This demonstrates that
the same .data On all other measures. the incigentences with inclusions are more difficult to parse

sion entity model exceeds the performance of thﬁgan monolingual sentences, even in the presence of
baseline, with a precision of 61.3% (5.2% highe"Lnformation about the inclusions that the parser can

than the baseline), a recall of 65.9% (3.3% higherfXPIOIt

an F of 63.5 (4.3 higher) and a dependency accu- Comparing the inclusion set to the length-
racy of 78.3% (3.4% higher). The average numbematched random set is arguably not entirely fair as
of crossing brackets is 1.7 (0.4 lower), with 42.4%he latter may not contain as many infrequent tokens
of the parsed sentences having no crossing bracés the inclusion set. Figure 4 shows the average rel-
ets (8.2% higher), and 77.1% having two or feweative token frequencies for sentences of equal length
crossing brackets (8.1% higher). When testing thior both sets. The frequency profiles of the two data
inclusion entity model on the random set, the persets are broadly similar (the difference in means of
formance is very similar to the baseline model orboth groups is only 0.000676), albeit significantly
this data. While coverage is the same, F and crosdiferent according to a pairdetest (p < 0.05). This
brackting scores are marginally improved, and thé& one reason why the inclusion entity model’s per-
dependency score is marginally deteriorated. Thiermance on the inclusion set does not reach the up-
shows that the inclusion entity model does not harrmper limit set by the random sample.

The inclusion entity parser attains a coverage
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| Phrase cat| Frequency| Example \ | Phrase bracket (PB) frequengy BL | IE |

PN 91 | The Independent PBerep > PBcolb 62% | 51%
CH 10 | Made in Germany PBprep < PBsoLbp 11% | 13%
NP 4 | Peace Enforcement PBrrep= PBgoLp 27% | 36%
CNP 2 | Botts and Company ] )
_ 2 | Chief Executives Table 5: Bracket frequency of the predicted baseline

(BL) and inclusion entity (IE) model output com-
Table 4: Gold phrase categories of inclusions. pared to the gold standard.

5 Error Analysis (42.2%) of inclusions, the baseline model makes an
S error with a negative effect on performance. In 39
The error analysis is limited to 100 sentences se- .
lected from the inclusion set parsed with both th cases (35.8%), the phrase bracketing and phrase cat-
ecte . 0 © .C usq s€ pa s¢€ .O Eégory are incorrect, and constituent boundaries oc-
baseline and the inclusion entity model. This sam- o . . . -
| tains 109 Enalish inclusi f. ¢ whi hcurW|th|nthe inclusion, as illustrated in Figure 5(a).
pie contains NGIISN Inclusions, Ve oT WNIChg 1, errors also have a detrimental effect on the

are f_alse posi_ti_ves_, i:e., the output of the_ I_English ing arsing of the remainder of the sentence. Overall,
cluspr] chSS|f|er |s.|r_1correct.. The preC|s_,|on_of th he baseline model predicts the correct phrase brack-
c!assnjer n recognlzmog multl—_word English inclu- eting and phrase category for 63 inclusions (57.8%).
sions is therefore 95.4% for this TIGER sample. Conversely, the inclusion entity model, which is

E Tall.blﬁ 4 |I:usf[rates that th? r_najgr!ty of multi-word Siven information on tag consistency within inclu-
NGUSh Inclusions are contain€d In a Proper Noul, ¢ s theFom tags, is able to determine the

(PN) phrase, mclgdm_g names of companies, IOOIIt"correct phrase bracketing and phrase category for
cal parties, organizations, films, newspapers, etc.

_ ! .9% inclusions (10.1% more), e.g. see Figure 5(b).
less frequent phrasal category is chui) which Both the phrase bracketing and phrase category are

tgnds to be_ used for slogans, QUOt?S or eXpreSSiOBlsedicted incorrectly in only 6 cases (5.5%). The
like Made in Germany Even in this small sam- inclusion entity model’s improved phrase boundary

pIeO,I anP?r:atmt?]s of |ncIES|ons|asd§|trfén\|:I or CH, | rediction for 31 inclusions (28.4% more correct) is
and not tne other, can be misieading. =or examp kely to have an overall positive effect on the pars-

theagrlglanlﬁatloanenttjs of the Earttgs'st ann?tateld ing decisions made for the context which they ap-
as » Whereas another organizationternationa pear in. Nevertheless, the inclusion entity parser still

Urgtl)_ln_forr;the Clgnserv:tlzn o_lf_hl\_latme marke(rj] ashhas difficulty determining the correct phrase cate-
a In the gold standard. IS suggests that t ory in 25 cases (22.9%). The main confusion lies

annotation guidelines on foreign inclusions could b etween assigning the categorfel, CH and NP
improved when differentiating between phrase catgp, . 1ot frequent phrase categor’ies of multi-\’/vord

gones conta|r'1|n'g foreign material. . English inclusions. This is also partially due to the
For the majority of sentences (62%), the baseI'mimbiguity between these phrases in the gold stan-

model predicts more brackets than are present in t'?férd. Finally, few parsing errors (4) are caused by

gold standard parse tree (see Table 5_)' Th.is num_bﬁ{e inclusion entity parser due to the markup of false
decreases by 11% to 51% when parsing with the Ir?5ositive inclusions (mainly boundary errors).
clusion entity model. This suggests that the baseline

parser does not recognize English inclusions as cog- piscussion and Conclusion

stituents, and instead parses their individual tokens

as separate phrases. Provided with additional infofFhis paper has argued that English inclusions in

mation of multi-word English inclusions in the train- German text is an increasingly pervasive instance

ing data, the parser is able to overcome this problerof language mixing. Starting with the hypothesis
We now turn our attention to how accurately thehat such inclusions can be a significant source of

various parsers are at predicting both phrase bracksfrors for monolingual parsers, we found evidence

eting and phrase categories (see Table 6). For 46at an unmodified state-of-the-art parser for Ger-
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|
PN-NK

|
NP-PNC

NE-NK

\
Made
\

In

PP-MNR

APPR-AD NE-NK

Heaven

|
PN-NK

FOM FOM FOM
\ \ \
Made In Heaven

(b) Partial parsing output of the inclusion en-
tity model with the English inclusion parsed cor-
rectly.

(a) Partial parsing output of the baseline model with a con-
stiuent boundary in the English inclusion.

Figure 5: Comparing baseline model output to inclusion entity model output.

Errors

| No. of inclusions (in %) |

Parser: baseline model, data: inclusion set

Incorrect PB and PC
Incorrect PC
Incorrect PB

39 (35.8%)
5 (4.6%)
2 (1.8%)

Correct PB and PC

63 (57.8%)

gain of 4.3 in F-score over a baseline of no inclusion
detection, and even outperforms a model involving
perfect POS tagging of inclusions.

To summarize, we have shown that foreign inclu-
sions present a problem for a monolingual parser.
We also demonstrated that it is insufficient to know

Parser: inclusion entity model, data: inclusion setwhere inclusions are or even what their parts of

Incorrect PB and PG 6 (5.5%) speech are. Parsing performance only improves if
Incorrect PC 25 (22.9%) the parser also has knowledge about the structure of
Incorrect PB 4  (3.7%) the inclusions. It is particularly important to know

when adjacent foreign words are likely to be part of
the same phrase. As our error analysis showed, this
Table 6: Baseline and inclusion entity model errorgrevents cascading errors further up in the parse tree.

for inclusions with respect to their phrase bracketing Finally, our results indicate that future work could

(PB) and phrase category (PC). improve parsing performance for inclusions further:
we found that parsing the inclusion set is still harder

. than parsing a randomly sampled test set, even for
man performs substantially worse on a set of sen-

. o . ur best-performing model. This provides an up-
tences with English inclusions compared to a set oc% P g P P

lenath-matched senten candom mpled fr Pner bound on the performance we can expect from
eng atched sentences randomly sampled ol parser that uses inclusion detection. Future work

the same corpus. The lower performance on the. . . o .
P P Will also involve determining the English inclusion

|chu3|on set persisted even V\(hen the parser Whef‘:rllassifier’s merit when applied to rule-based parsing.
given gold standard POS tags in the input.

To overcome the poor accuracy of parsing inclu-
sions, we developed two methods for interfacing thécknowledgements
parser with an existing annotation-free inclusion de-
tection system. The first method restricts the POShis research is supported by grants from the Scot-
tags for inclusions that the parser can assign to thotish Enterprise Edinburgh-Stanford Link (R36759),
found in the data. The second method applies trdeSRC, and the University of Edinburgh. We would
transformations to ensure that inclusions are treatedso like to thank Claire Grover for her comments
as phrases. An evaluation on the TIGER corpuand feedback.
shows that the second method yields a performance

Correct PB and PC

74 (67.9%)
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