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high performance, but manual annotation of training data is a
very time-consuming and expensive process

Unsupervised dependency parsing

low performance and high complexity

Cross-lingual dependency projection methods

outperform unsupervised methods of dependency parsing
(McDonald et al., 2011)
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Cross-lingual dependency projection

@ is a method of annotating sentences with dependency
trees in less researched languages,

Cross-lingual dependency projection

@ builds on the assumption that a dependency tree encoding
the predicate-argument structure of a sentence largely
carries over to its translation.

4

Idea behind the dependency projection

@ parsing of source sentences in a parallel corpus,

@ projecting acquired dependency trees to equivalent target
sentences via word alignment links,

@ projected dependencies constitute valid dependency
structures of target sentences (the ideal case),

@ some additional smoothing techniques and aggressive
filtering methods are necessary (the practical case).
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Weighted induction method (1)

Method of annotating Polish sentences with dependency trees

@ this method is set within the mainstream of the study on
dependency projection,

@ it builds on the idea of weighted projection (Wréblewska
and Przepiorkowski, 2012),

@ a weighting factor is involved not only in projecting

dependency relations but also in acquiring dependency
structures from projected sets of dependency relations.

4

Weighted induction method

@ weighted projection of dependency relations,

@ induction of unlabelled dependency trees from projected
directed graphs (digraphs).

N,
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Weighted induction method (2) .

Weighted projection

@ using a parallel corpus, its English side is automatically
annotated with a syntactic parser,

@ resulting dependency relations are transferred to
equivalent Polish sentences via an extended set of word
alignment links — complete bipartite alignment graph (BG),

e projected relations constitute digraphs with initially
weighted arcs.

v

Weighted induction

@ initial weights are recalculated with the EM selection
algorithm,

@ maximum spanning trees fulfilling properties of
well-formed dependency structures are selected from
EM-scored directed graphs.




Complete bipartite alignment graph (BG) SN

@ BG consists of links from different automatic word
alignments and some additional links,
@ vertices in BG are decomposed into two disjoint sets:
o a set of English tokens with the rooT node,
o a set of Polish tokens with the rRooT node,
@ every pair of vertices from these sets is adjacent,
@ bipartite edges are weighted,

@ an edge weight corresponds to the number of occurrences
of the edge in automatic alignment sets,
e word alignment sets:

e two unidirectional word alignments,
e a set of bidirectional alignment links symmetrised with the
grow-diag-final-and heuristic (Koehn, 2010),

o the edge between root nodes is scored with 1.




Weighted projection
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Projection procedure

e input: a BG, an English dependency tree and a Polish
sentence,

@ iterative projection of English arcs to the Polish sentence,

@ restriction on projection: it is not possible to project arcs
via bipartite edges which are both weighted with 0,

@ output: a Polish digraph.

v

Intuitive weighting of projected arcs

@ intuitively, an arc between two tokens might be more
important than arcs between other tokens if it is projected
via bipartite edges with higher scores,

@ an initial weight of a projected arc is estimated:

S = Wy + Wg + 2wgwgf
wyg — the dependent link value, wg — the governor link value, f— the projection
frequency.




Schema of the weighted projection procedure ELI%




Schema of the weighted induction procedure
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k-best maximum spanning dependency trees (MSDTs)

@ k-best MSDTs are selected from projected digraphs using
a slightly modified version of the k-best MSTs selection
algorithm by Camerini et al. (1980),

e modification: additional conditions are imposed on
candidate MSTs so that they meet properties of MSDTs.

v

Probability distribution over arc types

@ we use a version of the EM algorithm defined by
Debowski (2009),

@ in its last iteration, the EM selection algorithm estimates

(T)

the probability distribution (pj > over feature

representations j of arcs in k-best MSDTs.

\




Recalculation of arc weights in projected digraphs N

e the new weight of an arc with the feature representation j
and the initial weight s is calculated as

s* = /s x pj

e if an arc is not present in any of k-best MSDTs (iLe,, its p;
is equal to 0), its new score is calculated as

*

s* = /s x min p; X ¢, forsome 0 < a <1
J

@ arcs with the probability greater than zero are rewarded
and other arcs are penalised,

@ arcs with higher weights are more likely to be selected as
part of final dependency trees.
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Data and preprocessing N

Polish—-English parallel corpus

the experiment is conducted on a large collection of bitexts
from Europarl (Koehn, 2005), DGT-Translation Memory
(Steinberger et al., 2012), OPUS (Tiedemann, 2012) and Pelcra
Parallel Corpus (Pezik et al., 2011).

automatic word alignment links are generated with
the statistical machine translation system MOSES (Koehn et
al., 2007).

the English side of the corpus is parsed with the handcrafted
wide-coverage English LFG (Dalrymple, 2001; Bresnan, 2001),
using XLE as a processing platform.




Automatic induction of Polish dependency trees N

Projection module

@ input: 3 sets of word alignment links for each sentence
pair, English dependency trees, and Polish sentences,

@ output: almost 5 million initially weighted Polish digraphs.

Induction module

@ extracts over 4.6 million sets of k~-best MSDTs (for k = 10),

@ estimates the probability distribution over arc types in
these k-best MSDTs,

@ recalculates initial arc weights in projected digraphs,

@ acquires final MSDTs from these digraphs.

| \

Labelling module

@ assigns Polish dependency labels to arcs in induced trees
(almost 4 million) in a rule-based fashion.

\




Evaluation experiment
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Evaluation

@ an extrinsic evaluation shows to what extent induced trees
affect performance of a parser trained on them,

o the Mate dependency parsing system (Bohnet, 2010),

@ evaluation metrics: unlabelled attachment score (UAS)
and labelled attachment score (LAS).

<

Sets of test trees

e manual test — 822 dependency trees taken from the Polish
dependency treebank,

@ automatic test — 822 trees from previous test with
automatically generated POS tags and morphological
features,

e additional test — 100 relatively complex trees.

A\




Evaluation results
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model data || manual test | automatic test | additional test
UAS  LAS UAS LAS UAS LAS
induced 39M || 73.7 - 728 - 635 -
labelled 39M || 746 694 | 740 68.1 63.7 583
modified 39M || 851 792 | 840 773 743 685
filtered 23M || 86.0 805 | 847 783 76.1 703
[ supervised | 74K [[92.7 87.2 [884 81.0 [760 695

Sets of Polish dependency trees used in Mate training:

labelled — induced and labelled,

filtered — labelled, modified and filtered,

modified — labelled and modified with correction rules,

induced — acquired with the weighted induction method,

supervised — trees from the Polish dependency treebank.




Outline
PAN

@ Conclusion




Conclusion
PAN

e we presented a novel weakly supervised method of
obtaining Polish dependency structures,

@ results are mostly a little below the performance of the
supervised parser, when tested on treebank data,

@ a test against real data shows that a projection-based
parser may exceed the supervised upper bound,
@ as this projection-based result was achieved with much

less manual work than in the supervised scenario, the
method described here rivals the supervised scenario.




Conclusion
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@ we presented a novel weakly supervised method of
obtaining Polish dependency structures,

@ results are mostly a little below the performance of the
supervised parser, when tested on treebank data,

@ a test against real data shows that a projection-based
parser may exceed the supervised upper bound,

@ as this projection-based result was achieved with much
less manual work than in the supervised scenario, the
method described here rivals the supervised scenario.

Thank you for your attention!
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