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Abstract

The approach we present uses semantic similarity between parallel sentences to
bootstrap semantic role labeling (SRL) models for a pair of languages. The setting
is similar to co-training, except for the intermediate model required to convert the
SRL structure between the two annotation schemes used for different languages.
This approach can facilitate the construction of SRL models for a resource-poor
language, while preserving the annotation schemes designed for it and leveraging
the resources available for this language. It can also be extended to benefit from
the use of the resources in multiple languages simultaneously. We evaluate the
model on four language pairs, English vs German, Spanish, Czech and Chinese,
against a supervised baseline, and discuss the improvements observed, as well as
the factors that affect the performance of the model.

1 Introduction

Annotated resources that have been developed over the course of the last decade for a variety of
natural language processing (NLP) tasks are crucial to the success of statistical methods in this area.
However, even for such standard problems, as part-of-speech tagging, syntactic parsing, or semantic
role labeling (SRL), resources are scarce for many of the world’s languages. Fortunately, similarities
between syntactic and semantic constructions in different languages suggest that existing resources
may significantly reduce the human effort required to produce such resources for a language that
lacks them.

This idea has led to the development of cross-lingual annotation projection approaches, such as [1,
2, 3], as well as attempts to adapt models directly to other languages, e.g. [4, 5, 6, 7], most of which
make use of parallel data to link the languages together. The success of such methods in transferring
various forms of syntactic information suggests that it may prove even more effective when applied
to shallow semantic parsing, as semantic structure is, intuitively, more likely to be preserved in
translation [8].

Most cross-lingual annotation projection approaches transfer the source language annotation scheme
without modification, which makes it hard to combine their output with existing target language re-
sources, as annotation schemes may vary significantly. In the present work, we instead address
the problem of information transfer between two existing annotation schemes for two different lan-
guages.

The ability to bootstrap an SRL model from parallel data may prove useful in a setup similar to
annotation projection, where only a small amount of data is available for the target language, as well
as when datasets of comparable size exist for both languages, where we can benefit from the fact that
certain structures are less ambiguous in one language than in another or from the difference in the
coverage of the datasets. We will henceforth refer to these as the projection setup and the symmetric
setup.
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Figure 1: An example of role correspondence in an English-Czech sentence pair.

The intuition behind this approach is that a translated sentence should realize more or less the same
set of predicates as the original one, and the corresponding predicates should have similar arguments.
We extract the pairs of corresponding arguments for each pair of corresponding predicated based on
the word-alignment information. The arguments in such pairs may be expected to bear the same
meaning, even if labeled differently in the two annotation schemes [9], see figure 1. We will refer
to this underlying meaning as the semantic function of an argument, as opposed to its semantic role.
The schemes we consider have a relatively small inventory of semantic roles, and at least some of
these roles have a consistent interpretation (a mapping to a certain semantic function) only in the
context of a particular predicate.

Defining the semantic function mentioned above and modeling it explicitly is a rather complex
problem. Fortunately, we can avoid that by modeling the mapping between the semantic roles of the
two annotation schemes in their respective contexts directly. Even in this case, accurate estimation of
the model parameters would require a significant amount of parallel annotated data, which is rarely
available, so instead we assume that the predictions of our initial models are correct more often than
not and make sure that the mapping of semantic role labels is consistent across all occurrences of a
given predicate pair. The consistency in enforced by means of a projection model, which predicts
the semantic role of the target argument based on that of the source one plus the source and target
predicates. We perform joint inference to find a compromise between the projection model and the
monolingual models (figure 2).
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...and for us to become familiar with it and explain it fo our citizens

...und wir , um es kennenlernen und den Biirgern erkldren zu koénnen
A0 Initial: Al (Subject)

A0 Corrected: A2 (Recipient)

Figure 2: An erroneously classified argument in the German sentence is corrected by the projection
model.

The induced annotations are added to the initial training set and the model trained on the augmented
data is evaluated on a held-out test set. To our knowledge, this is the first approach for this setting,
so we only compare with supervised and self-training baselines. The former is the model trained on
the initial training set, the latter — on the initial training set plus the output or our model without the
projection component.

We show that given a small initial training set our approach yields a moderate improvement for
certain language pairs in both symmetric and projection settings and investigate the possible issues
with the present approach and ways of resolving them.

2 Approach

Let us consider a pair of languages, « and (3, and their corresponding sets 7, and T of labeled
training instances (S, p, a, ¥), where p is a predicate in the sentence S, @ is the argument tuple,
containing positions of words, identified as arguments, and 7 is the tuple of semantic role labels
for these arguments. We will also need a set aligned predicate instances <S « S8 pa, DBy G, ag, 1 >
extracted from parallel data, where [ is a set of aligned argument pairs. Here only the aligned
arguments are considered, the rest are removed during preprocessing.



We start by training the monolingual SRL models on T, and T}z respectively and applying them to
the source and target predicate in each pair. The obtained annotations are used to train the projection
model, and then the joint inference step is run, using both monolingual models and the projection
model. The monolingual models are then retrained on the initial training data augmented with that
obtained in the joint inference step.

The above procedure can be run iteratively, as is typical for bootstrapping approaches, but we found
it to yield no noticeable improvement in our experiments. It can also be seen as a form of co-
training [10] of a pair of monolingual SRL models, with the addition of the statistical agreement
model (projection model).

2.1 Joint Inference

In the projection setup we assume that the model for one of the languages, which we will hence-
forth refer to as source, is much better informed than the one for the other language, referred to
as target, so we only have to propagate the information one way. Let 7 denote the initial pre-
diction of the source language model M, (S%, Gn,Pa) — To. We assume we also have the initial
model Mﬁ(Sﬁ, ag,pp) — T for the target language and a projection model M 5(Tq, Po, Pg) — 73
capable of predicting semantic roles of arguments of the target predicate given those of the corre-
sponding arguments of the source one. The task is then to identify the role assignment 7g that
would maximize the objective L(75) = Asfs(7g,5”,a5,p5) + Aapfas(Ta:Tr Py Dp)s Where
7y = argmazxs fo(Fo, S, Ga, Do) and fo, fg are f,p are the scoring functions associated with the
models.

To maximize this objective, we employ the dual decomposition method, as it fits the structure of
the problem well and allows a wide range of monolingual models to be used in this setup. It is
implemented using the subgradient descent algorithm, following [11]. The only requirement is that
the monolingual model can incorporate a bias towards or away from a certain prediction. While the
method is not guaranteed to converge, we observe that it does so within the first 500 iterations ap-
proximately 99% of the time in our experiments. Whenever it does converge, the result is guaranteed
to represent the global maximum of the sum of the objectives.

In the case of the symmetric setup, where we would like to transfer the information both ways simul-
taneously, the structure of the problem changes somewhat. It is possible to generalize the approach
presented above to this latter case directly, by performing the above procedure independently for the
two directions. This means, however, that we fix the initial predictions of the monolingual mod-
els and the projection model acts based on those. It would intuitively be more desirable to have
the projection model make its predictions on the basis of the updated predictions of the monolin-
gual models, which we achieve by interleaving the subgradient descent algorithm steps for the two
problems.

The resulting iterative procedure does not, unfortunately, fit the dual decomposition framework and
therefore the optimality certificate does not apply, i.e. even if the algorithm converges, there is no
guarantee that the solution is the a global maximum of the sum of the objectives, but we found it to
perform better in practice.

2.2 Implementation

The annotation schemes for all languages we consider are those used in the CoNLL Shared Task
2009 [12]. The SRL parser is based on that of [13]. It is a pipeline system of linear classifiers,
trained using Liblinear [14]. As we are working with small amounts of data, we have not used
the reranker the system provides, but introduced a uniqueness constraint on certain semantic roles,
which proves more useful is such a setting.

Projection models are realized by a single linear classifier applied to each argument pair indepen-
dently. A projection model Mg relies on the features derived from the source semantic role, as
well as source and target predicates, and produces the semantic role for the argument in the target
sentence and vice versa.



3 Results

We evaluate our approach on four language pairs, namely English vs German, Spanish, Czech and
Chinese, which we will denote en—de, en—es, en—cz and en—cn respectively. The parallel data
is drawn from Europarl v6 [15] and MultiUN [16].

In the evaluation we consider small subsets of the training data in order to emulate the scenario with
a resource-poor language. We have found that due to the different sources of data for the shared task,
sentences contain different proportions of annotated predicates, so we measure the initial training
set sizes in the number of argument labels they contain, or instances, rather than in the number of
sentences.

We evaluate on a held-out test set with predicted syntax provided, as well as an out-of-domain test
set, where available, as the parallel data comes from a different domain than the annotated training
data. We used 500 instances for each language in the symmetric setup, as well as for the target
language in the projection setup. We have also conducted an additional experiment to demonstrate
the importance of the projection component in the present approach. Here the projection models are
trained on the output of the full models (20000 training instances) and then used in the same projec-
tion scenario as above. Thus a more informed, oracle projection model is emulated. In practice this
can be achieved by e.g. incorporating prior knowledge, including certain language-specific aspects,
or using external sources of information.

The results are summarized in 1. The columns correspond to supervised baseline (SUP), self-training
baseline (SELF), projection setup (PROJ), symmetric setup (SYM) and projection setup with oracle
projection model (ORACLE). The value in parentheses denotes the improvement over the supervised
baseline, with the value highlighted in bold if it is statistically significant with p < 0.005 according
to the permutation test [17]. Note that also for the symmetric setup we only present the accuracies
for the target language, as no statistically significant improvement was observed for English there.
Note also that self-training has a mostly negative effect on the model’s performance [18, 19, 20],
which has to be overcome by the joint model.

SUP | SELF | PROJ SYM ORACLE
en-cn | 76.5 | 75.1 | 76.5 (+0.0) | 76.4 (—0.0) | 76.5 (+0.0)
en-cz | 55.8 | 55.7 | 56.1 (+0.4) | 56.3 (+0.5) | 56.7 (+1.0)

en-cz (0od) | 57.0 | 57.0 | 57.5 (+0.5) | 56.6 (—0.4) | 57.5 (+0.5)
en-de | 61.0 | 58.6 | 60.5(—0.6) | 60.6 (—0.5) | 61.1 (+0.1)

en-de (ood) | 64.3 | 59.7 | 68.0 (+3.7) | 67.8 (+3.5) | 60.1 (14.8)
enes | 62.3 | 61.8 | 63.0(+1.5) | 644 (+2.1) | 656.2 (+2.9)

Table 1: Projection setup results. ood” indicated evaluation on an out-of-domain test set.

Conclusions

We have presented an approach to information transfer between SRL systems for different language
pairs using parallel data. The task proves challenging due to non-trivial mapping between the role
labels used in different SRL annotation schemes and the nature of parallel data — the difference in
domains and the limited accuracy of the preprocessing tools. Nevertheless, in most experiments, the
model achieves a moderate improvement, and we show that a more sophisticated projection model,
e.g. one incorporating language- and annotation scheme-specific prior knowledge, can further boost
the performance of this approach.

Interesting directions for future work include extending the method to multiple source languages,
either by merging together the data produced by running it for each source language separately, or
by extending the model to account for multiple source languages directly.
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