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Abstract
In this paper we explore the use of statistical machine translation techniques and bilingual corpora and how this applies to
coreference resolution for the Swedish language.
The results are compared with the current method of hand annotation of training corpora and probable sources of errors are
discussed.

1. Introduction
Natural Language Processing (NLP) sub-tasks such as
coreference resolution and named entity recognition are
generally trained using supervised machine learning tech-
niques (Rahman and Ng, 2012; Nothman et al., 2013),
though semi-supervised methods achieve comparable re-
sults for many subtasks(Lin and Wu, 2009).
Supervised machine learning techniques require large cor-
pora to achieve good results as well as to quantify and com-
pare the model for its intended application.
Dependent on the specific language and NLP sub-task the
collection of a corpus may require manually annotating
large amounts of texts, which is highly resource inten-
sive(Rahman and Ng, 2012).
Semi-supervised graph based projection is a possible
method for generating annotated data for natural languages
that lacks a sufficiently large corpora to train various NLP
sub-tasks by using a bilingual corpora where the anno-
tated corpora of one language is used to annotate an un-
labeled corpora of a different language. This method yields
good results in POS-tagging (Das and Petrov, 2011), depen-
dency parsing (McDonald et al., 2011) as well as Named
Entity Recognition (Che et al., 2013), among other. In
this article we evaluate the graph projection approach for
pronomial coreference resolution using the Europarl bilin-
gual corpora (Koehn, 2005) to create a Swedish corefer-
ence corpora by projecting from the English corpus anno-
tated by Stanford’s CoreNLP (Manning et al., 2014). An-
notations for Part-of-Speech tagging and dependency pars-
ing for the Swedish corpora uses the commonly available
Stagger (Östling, 2013) and MaltParser (Nivre et al., 2007).
The results are contrasted with Språkbanken’s SUC-Core,
which is a 20 000 word hand annotated corpus for coref-
erence resolution among other uses (Nilsson Björkenstam,
2013).

2. The Alignment
The Europarl corpora consists of 21 language specific
corpora and sentence level alignment from one language
to that of another using tools based on the Church and
Gale algorithm (Gale and Church, 1993). The Swedish
corpus consists of 45 665 947 words arrayed into 2
241 386 sentences. The English corpus consists of 53

974 751 words arrayed into 2 218 201 sentences. The
overlapping English-Swedish alignment consists of 1 862
234 sentences. The corpus consists of both written text and
html. Text containing xml tags were not considered for
modeling. The aligned sentences are roughly 10% of the
total number of sentences after the exclusion of documents
containing xml tags.
The words were aligned using two different algorithms;
Giza++ (Och and Ney, 2003) which uses algorithms
based on the IBM Alignment model 4 (Och and Ney,
2000) and an algorithm partially based on Part-of-Speech
alignment in conjunction with word equivalence, described
in Section 2.1.
The coreference resolvers were trained using a pairwise
classification algorithm (Soon et al., 2001) with a well
balanced lexical feature set (Björkelund and Nugues, 2011)
modelled using logistic regression (Fan et al., 2008).

2.1 Alternative alignment algorithm
The IBM Alignment models have well known deficien-
cies (Knight and Koehn, 2003), which in combination with
the lackluster results from Europarl’s sentence alignment
yielded strange errors in the coreference resolver’s model.
A simple algorithm was therefore implemented that aligned
nouns if there were string equivalence between the two lan-
guages and aligned pronouns in accordance to their ordinal
numbering. This yielded strongly pessimistic training data
for the coreference resolver.

3. Evaluation
Logistic regression were used to create training sets for the
two word alignment methods. Confusion matrices were
calculated using the whole corpora. The method using the
IBM alignment model in Table 3.yielded a F1 score of 55
with a large training corpus, whereas the more pessimistic
model in Table 2 yielded a F1 score of 63, but with a very
limited training size.
Neither method used in this article would compare favor-
able with SUC-Core as the generated corpus would either
contain systematic errors or be smaller than the well estab-
lished hand annotated corpus.



Predicted
Positive Negative Total

Actual Positive 170,009 77,256 247,265
Negative 203,611 1,619,136 1,847,101

Total 373,620 1,813,499 2,094,366

Table 1: IBM alignment model 4 confusion matrix

Predicted
Positive Negative Total

Actual Positive 505 408 993
Negative 110 1175 1285

Total 1680 519 2199

Table 2: Alternative algorithm confusion matrix

4. Conclusions
Using the Europarl corpus resulted in compounded errors
from the Gale-Church algorithm used for sentence align-
ment as well as whichever word alignment method were
used. The solution is to either eliminate the errors from the
Gale-Church algorithm, i.e. use a corpus where the sen-
tences are more aligned such as in a book, or alternatively
use different methods for aligning words and concepts in
the two languages.
This methodology shows great promise, especially for lan-
guages which lacks hand annotated corpora, though the
possible pitfalls and qualitative differences between hand
annotated corpora and machine generated equivalents can-
not be understated.
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