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Abstract
Discourse Representation Structure (DRS) is an innovative semantic representation designed to capture the meaning
of texts with arbitrary lengths across languages. The semantic representation parsing is essential for achieving
natural language understanding through logical forms. Nevertheless, the performance of DRS parsing models
remains constrained when trained exclusively on monolingual data. To tackle this issue, we introduce a cross-lingual
training strategy. The proposed method is model-agnostic yet highly effective. It leverages cross-lingual training data
and fully exploits the alignments between languages encoded in pre-trained language models. The experiments
conducted on the standard benchmarks demonstrate that models trained using the cross-lingual training method
exhibit significant improvements in DRS clause and graph parsing in English, German, Italian and Dutch. Comparing
our final models to previous works, we achieve state-of-the-art results in the standard benchmarks. Furthermore, the
detailed analysis provides deep insights into the performance of the parsers, offering inspiration for future research in

DRS parsing.

Keywords: semantic parsing,
pre-trained language model

1. Introduction

Discourse Representation Structure (DRS) is a
novel semantic representation rooted the Discourse
Representation Theory (DRT; Kamp and Reyle
1993), which has been developed to encompass
a wide range of linguistic phenomena, such as
discourse relations, the interpretation of pronouns,
and temporal expressions, in texts spanning arbi-
trary lengths and multiple languages. Researchers
have proposed various models for parsing texts
into DRS representations in the form of boxes (Bos,
2008, 2015; Evang, 2019), clauses (van Noord
et al., 2018b, 2019; Liu et al., 2019b; van Noord
et al., 2020; Wang et al., 2021; Liu et al., 2021a),
trees (Liu et al., 2018, 2019a, 2021a) and graphs
(Poelman et al., 2022; Wang et al., 2023).

The widespread success of pre-trained language
models (PLMs) in various NLP tasks has ushered
in a new training paradigm where semantic models
are built on PLMs (Bai et al., 2022; Sun et al., 2023).
Likewise, recent DRS parsing models are trained
using PLMs (van Noord et al., 2020; Wang et al.,
2021, 2023). Building an universal model that can
parse multiple language text is necessary (Vilares
et al., 2016; de Lhoneux et al., 2018; Kondratyuk
and Straka, 2019).

However, recent language-specific DRS parsing
models are trained exclusively on monolingual data,
overlooking the valuable insights available from the
interaction across languages. As shown in the blue
part of Figure 1(a), ltalian DRS parsing models are
typically trained exclusively on Italian data, without
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Figure 1: Training of an Italian semantic parser.
(a) Monolingual training with multilingual data us-
ing machine translation systems. (b) cross-lingual
training without language identifications.

considering data from other languages. Despite
the potential use of machine translation systems
to include more training data from other languages
by translating them into Italian, as shown in Figure
1(a), the training is still monolingual, and the well-
trained models lack consistency and are strongly
influenced by the quality of translations. Due to the
application of machine translation system, we have
to know which language that we use to enhance
the models.
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A variety of models have been proposed to en-
hance pre-trained language models (PLMs) with
cross-lingual generalization capabilities (Lample
and Conneau, 2019; Conneau et al., 2020; Liu et al.,
2020; Xue et al., 2021; Tang et al., 2021; Shliazhko
et al., 2022; Lin et al., 2022; Muennighoff et al.,
2023). Muennighoff et al. (2023) gather diverse
multilingual supervised datasets to fine-tune PLMs
within a multitask learning framework. Leveraging
PLMs, the fine-tuned models effectively capture
rich contextual representations, leading to state-of-
the-art performance in these tasks. Simultaneously,
PLMs are enriched with additional task-specific in-
formation, such as cross-lingual generalization.

Motivated by the cross-lingual generalization
in PLMs, we introduce cross-lingual training for
discourse representation structure parsing. Our
proposed method, which is model-agnostic and
straightforward yet effective, involves the collec-
tion of multilingual training data to build language-
specific semantic parsers. As shown in Figure
1(b), the cross-lingual training requires language-
specific training data (ltalian data) and a set of
multilingual training data. Instead of translating
the multiple languages via the MT systems, the
cross-lingual training approach directly utilizes the
multilingual data to train the models. Thanks to
the cross-lingual generalization of PLMs, we do not
have to identify the languages used in the training
instances within the multilingual training data.

The experiments are conducted on the Parallel
Meaning Bank (PMB; Abzianidze et al. 2017), a
standard benchmark for DRS parsing. We employ
the cross-lingual training to build models for both
DRS clause parsing and DRS graph parsing. The
experiments show that the final models, trained
with our proposed cross-lingual training method,
achieve state-of-the-art results in DRS parsing for
English, German, Italian, and Dutch.

In addition, we make a detailed analysis of the
outputs generated by our final models, highlighting
the significance of controlling the DRS parser to
ensure the the outputted DRSs are well-formed.
All the models in the experiments do not explicitly
impose constraints on well-formed parsing, yeTt
our final models consistently generate more well-
formed DRSs. The contributions are summarized
as following:

* We introduce cross-lingual training for DRS
parsing, without the need for bitexts provided
by machine translation systems or specifying
the languages of the training instances.

» The proposed cross-lingual training approach
is simple yet effective and can be applied to
general models.

 The final models, enhanced with our proposed
cross-lingual training, achieve state-of-the-art

results in both DRS clause parsing and DRS
graph parsing.

* We make a detailed analysis of DRS parsing,
revealing that DRS parsing is susceptible to
the issue of semantic over-generation, espe-
cially in the case of short texts.

Our dataset and code are available at
https://github.com/LeonCrashCode/
DRS-Cross—-Lingual-Training.

2. Related Work

2.1. Discourse Representation Structure
Parsing

In recent years, there has been a growing inter-
est in the development of DRS parsing models.
Early seminal work (Bos, 2008) introduced an open-
domain semantic parser that generates DRS repre-
sentations in box form by leveraging the syntactic
analysis offered by a robust CCG parser (Curran
et al., 2007).

The first data-driven DRS parser was proposed
by Le and Zuidema (2012) based on a graph rep-
resentation. The availability of annotated corpora
has subsequently enabled the exploration of neu-
ral models. Liu et al. (2018, 2019a) conceptualize
DRS parsing as a tree structure prediction prob-
lem which they model with a series of encoder-
decoder architectures. van Noord et al. (2018b,
2019, 2020) adapt sequence-to-sequence models
with LSTM units and transformers to parse DRSs in
clause form. Poelman et al. (2022) convert DRSs
into graph forms similar to AMR graphs based on
universal dependencies, eliminating variable bind-
ings. Based on DRS graphs, Wang et al. (2023)
employ language modeling techniques to build a
pre-trained model concentrating on DRSs. Our
cross-lingual training approach is general and can
be adapted to DRS in all these forms.

2.2. Cross-Lingual Semantic Parsing

The idea of using English annotations to address
resource scarcity in other languages through trans-
lational equivalences is not a new one. Various
methods have been proposed in the literature within
the general framework of annotation projection.
(Yarowsky and Ngai, 2001; Hwa et al., 2005; Padd
and Lapata, 2005, 2009; Akbik et al., 2015; Evang
and Bos, 2016; Damonte and Cohen, 2018; Zhang
et al., 2018) which primarily involves projecting ex-
isting annotations from the source-language text
to the target language. There is another line of
researches concentrating on translation systems
that translate multiple languages into the desired
language, which is then used to train the models
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Figure 2: DRSs of the English sentence “Tom climbed up the telephone pole” in (a) box form, (b) clause

form, and (c) graph form.

(Conneau et al., 2018; Yang et al., 2019; Huang
et al., 2019; Sherborne and Lapata, 2022).

Our cross-lingual training follows the model trans-
fer approach commonly adopted in the literature
(Cohen et al., 2011; McDonald et al., 2011; Sg-
gaard, 2011; Wang and Manning, 2014; Sherborne
and Lapata, 2022; Zhang et al., 2023; Wang et al.,
2023), where model parameters are shared across
languages.

2.3. Parameter-Efficient Fine-Tuning

Fine-tuning pre-trained language models is a preva-
lent paradigm in recent natural language process-
ing tasks. Nevertheless, fine-tuning all model pa-
rameters is resource-intensive and time-consuming.
To address these challenges, researchers have
introduced several parameter-efficient fine-tuning
methods. Within the general framework of prompt
tuning (Li and Liang, 2021; Liu et al., 2021b; Lester
et al., 2021), a multitude of techniques have been
proposed in the literature. These approaches aim
to design or search for suitable prompts or prompt
embeddings to tailor pre-trained models for specific
downstream tasks.

Our works align with the framework commonly
adopted in the literature, which incorporates
lightweight and trainable structures into pre-trained
models (Houlsby et al., 2019) or adds the com-
pressed parameters tailored for downstream tasks
(Hu et al., 2021; Ansell et al., 2022; Xu et al., 2021).
Moreover, He et al. (2021) introduce a unified frame-
work that establishes connections between these
approaches.

3. Discourse Representation
Structure

Discourse Representation Structures (DRSs) serve
as the fundamental meaning-carrying units in Dis-
course Representation Theory (DRT). They are
structured as nested boxes, recursively represent-
ing semantics within and across sentences, as il-
lustrated in Figure 2(a). These boxes consist of two
layers: the upper layer containing variables and a
box label, and the lower layer containing seman-
tic conditions. However, while box-style DRSs are
easy to read, they are not particularly amenable to
modeling. As a result, box-style DRSs are often
transformed into alternative structures.

3.1.

DRS can be converted into a set of clauses, with
each clause serving as a fundamental semantic
unit. The transformation between the box notation
and the clauses is straightforward, as conditions,
relations, and variables are placed in the clause
and preceded by the label of the box they origi-
nate from. As shown in Figure 2(b), each clause
starts with a box label, followed by a relation and
the corresponding variables. These clauses can
represent unary or binary relations. The transfor-
mation from boxes to clauses removes the nested
structure information present in the boxes.'

Clauses

3.2. Graph

DRS can be converted into a graph. In the graphs,
nodes represent predicates, entities, or dummy
nodes indicating boxes, while the edges have
three distinct types: semantic relations between

"We adopt the transformation approach used in previ-
ous work (van Noord et al., 2018b).
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Name

climb_up.v.01l
Time

) \
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now telephone_pole.n.01

male.n.02 Name "tom"

climb_up "v.01" Agent -1 Time +1 Theme +2
time.n.08 TPR now

telephone_pote.n.01

Figure 3: Examples of DRSs in sequential graph form. The red arrow lines indicate the mapping from
nodes to corresponding items, and the green arrow lines indicate the argument positions.

predicates (entities), discourse relations between
dummy nodes, or predicate positions indicating the
boxes (dummy nodes) where the predicates occur.

As shown in Figure 2(c), the predicate
climb_up.v.01 is connected to the predi-
cate male.n.02 with the Agent edge, and
the predicate male.n.02 is connected to the
entity tom, showing that the agent of the event
climb_up.v.01 is the male.n.02 called tom.
All the predicates are connected to a dummy
box node with dashed line, showing that they
are placed in the same box (predicate position).
Therefore, the variable bindings are removed by
the box-to-graph transformation.

However, the transformation eliminates the pre-
supposition resolver, that is used for the truth-
condition logic inference, by removing the la-
bel of the box used to indicate the interpreta-
tion positions of the predicates. In Figure 2(a),
the predicate male.n.08 (1) and the predicate
telephone_pole.n.02 (z2) are interpreted in
the box b; and the box b3, respectively, but the cor-
responding nodes in Figure 2(c) are connected to
the same box dummy node.

4. Methods

In this section, we frame DRS parsing as condi-
tional generation and introduce the parsing model
with parameter-efficient fine-tuning. Then, we
present the model-agnostic cross-lingual training
method.

4.1. DRS parsing

We model DRS parsing in clause and graph forms
as a conditional generation task. The input is a
sequence of words, X = [zg,x1, ..., Zm], Where
m is the length of the input text. Given the input
sequence, the models conditionally generate a se-
quence of DRS symbols, Y = [yo, y1, ..., y1], Where
[ is the length of the output.

Sequential Clause Form. The transformation of
DRSs in clause form into a sequence of symbols
is straightforward. Starting from the top and mov-
ing downwards, we enumerate the set of clauses
to create the sequence of DRS symbols, where
clauses are separated by a special token. The set
of clauses is provided by the experimental dataset.
Parsing texts to their DRSs in clause form is called
DRS clause parsing.

Sequential Graph Form. Aiming to transform
DRSs in graph form to a sequence of symbols,
we enumerate the predicate nodes and generate
their semantic relations, along with the positions of
their satellites. As shown in Figure 3, each predi-
cate node generates an item, and this item is lin-
early described by its associated satellites. For
example, in the item “climb_up.v.01 Agent -1
Time +1 Theme +2”, it is indicated that the pred-
icate climb_up.v.01 has three satellites. One
is positioned at -1 distance, labeled as Agent, an-
other is at +1 distance, labeled as Time, and the
third is at +2 distance, labeled as Theme. We enu-
merate the items from top to bottom to obtain the
sequence of DRS symbols, where items separated
by a special token. The order of the predicates
(items) is in line with the order of the corresponding
words. Parsing texts to their DRSs in graph form is
called DRS graph parsing.

4.2. Models

We adopt sequence-to-sequence models as our
parsing models. The models are fine-tuned with
LoRA (Hu et al., 2021), an effective parameter-
efficient fine-tuning approach. Instead of training
the entire model, LoRA adopts a different approach
by keeping the pre-trained model frozen and in-
troducing smaller trainable low-rank matrices into
each layer of the model. These low-rank matrices
can approximate the trainable parameters along-
side the existing weight matrices in the pre-trained
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models, enabling the models to handle various
tasks without the need to modify all of the parame-
ters.

Formally, the layer’s input z is passed through the
frozen part W, (W, € R4**) and the trainable part
AW (AW € R%*k), The layer’s output is computed:

where the trainable part can be approximated by
two low-rank matrics B and A:

AW = BA, 2)

where B € R¥™*", A € R™** and r < min(d, k).
Following the previous work (Hu et al., 2021), we
apply the trainable approximation to the query and
value parameters within the attention layers, rather
than the entire models.

4.3. Cross-Lingual Training

The cross-lingual training is model-agnostic. Given
the set of multilingual training data, D =
{Dy, D1,...,D,}, where D;,i € [0,n] indicates
the set of training instances in language i, and
D; = {(X,Y)}” where m is the size of the training
data. The model parameters are initialized as 6.
In each training step, a batch of instances is se-
lected from D without language identification. The
batches are used to train the models, and the final
models 6,, are obtained, where n represents the
step in the cross-lingual training process. While
various selection strategies can be applied, in our
experiments, we have employed a simple random
selection approach.

Additionally, following the cross-lingual training,
the models can be further fine-tuned on language-
specific training data if available, with the aim of
introducing language bias. For instance, to build
a parser for language i, we fine-tune the model
6., with the language-specific training data D;, and
obtain the final model 0¢, for language i.

5. Experiments

We conduct experiments to investigate the effec-
tiveness of cross-lingual training and to show the
performance of the final models enhanced by this
training approach.

5.1.

Benchmarks. We conduct our experiments on
two benchmarks: the Parallel Meaning Bank (PMB;
Abzianidze et al. 2017) in versions 3.0.0 and 4.0.0.
These benchmarks include English, German, ltal-
ian, and Dutch data annotated with DRSs in both
clause and graph forms. For each language, the
data is automatically annotated and categorized

Experimental Settings

en de it nl

silver 97,598 5,250 2,693 1,222

PMB train 6,620 1,159 / /
3.0.0 dev 885 417 515 529
test 898 403 547 483

all 106,001 7,229 3,755 2,234
silver 127,303 6,355 4,088 1,440

PMB train 7,668 1,738 685 539
4.0.0 dev 1,169 559 540 437
test 1,048 547 461 491

all 137,188 9,199 5,774 2,907

Table 1: Statistics of the data in experiments.

into gold and silver subsets. The gold data is fully
corrected by human while the silver data is partially
corrected. Following the previous works (van Noord
et al., 2018b), we divided the gold data into train,
development, and test data, while all the silver data
is utilized for training purposes.? A summary of the
data is presented in Table 1.

Model Settings. We base our models on mTO,
a sequence-to-sequence pre-trained language
model (Muennighoff et al., 2023), with the model
card mT0-large.® In our setup, LORA matrices
are exclusively added to the query and value pa-
rameters within all the attention layers, with a fixed
rank (r) of 32. A summary of the models used in
our experiments is provided below:

« Base The models are trained exclusively on
the train data. If there is no gold train data, the
models are trained on silver data instead.

+ Base+ The models take a two-step training
process. In the first step, they are trained on
both the train data and the silver data. Then,
the models are fine-tuned on the train data in
the second step.

» Cross-lingual The models are trained us-
ing the cross-lingual method without language
identification.

+ Cross-lingual+ Cross-lingual is further fine-
tuned on the language-specific train data. If
there is no train data, we use the silver data.

2|n PMB 3.0.0, only English and German data has
gold training data. Only PMB 4.0.0 provides the DRS
graph annotations.

Shttps://huggingface.co/bigscience/
mtO0-large
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en de it nl average
Fi+ IFL F1t IFL F1t IF|L F11 IF, | F11 IF}
PMB 3.0.0 clause
Base 87.75 249 7866 288 76.94 0.39 6791 340 | 7782 229
Base+ 86.26 1.47 80.11 1.44 / / / / / /
Cross-lingual 83.60 1.13 80.05 048 81.13 0.19 79.56 0.95 | 81.09 0.69
Cross-lingual+ 88.60 1.47 83.23 1.20 80.07 0.00 7898 0.95 | 82.72 0.90
PMB 4.0.0 clause
Base 88.67 342 81.75 340 7925 0.93 70.05 526 | 79.93 3.25
Base+ 89.81 325 8382 233 8241 093 7344 526 | 8237 294
Cross-lingual 84.44 351 8377 0.89 8343 0.19 8254 2.06 | 83.55 1.66
Cross-lingual+ 89.65 3.17 85.66 197 85.04 0.37 83.86 2.06 | 86.05 1.89
PMB 4.0.0 graph
Base 95.16 1.28 90.09 3.76 89.52 259 8581 595 | 90.14 3.40
Base+ 9581 1.03 9211 125 91.16 1.11 8847 297 | 91.89 1.59
Cross-lingual 93.81 0.17 92.31 0.18 9237 0.00 9188 0.23 | 9259 0.14
Cross-lingual+ 95.83 043 93.39 0.00 93.00 0.74 92.62 0.23 | 93.71 0.35

Table 2: Results on development data for DRS clause parsing and DRS graph parsing in both PMB 3.0.0
and PMB 4.0.0 benchmarks. The IF (%) column indicates the percentage of ill-formed outputs. The best

scores are highlighted in bold.

Training Settings. All the models are trained with
an initial learning rate of 0.001. The model Cross-
lingual is trained in 20 epochs, while training of
Base and Base+ and the fine-tuning part of Cross-
lingual+ span 100 epochs. The optimizer used is
AdamW (Loshchilov and Hutter, 2019), along with
a linear learning rate scheduler. The batch size is
8.

Evaluation Metrics. We employ F1 scores pro-
vided by CounTER (van Noord et al., 2018a) to eval-
uate the models for DRS clause parsing. For DRS
graphs, which bears similarities to AMR graphs,
we use F1 scores calculated by SMATCH (Cai and
Knight, 2013) that is widely used for the evalua-
tion on AMR parsing. Additionally, we present the
percentage of ill-formed outputs (IF).

5.2. Results of Cross-Lingual Training

In this section, we compare the models according
to the parsing accuracy measured by F1 scores.

Cross-lingual VS Base. As shown in Table 2, on
average, Cross-lingual outperforms Base in both
DRS clause parsing and DRS graph parsing, con-
sistently generating a higher quality of well-formed
DRSs, particularly in German, Italian, and Dutch.
In PMB 3.0.0, where gold training data is absent
for Italian and Dutch, Cross-lingual achieves sig-
nificant F1 improvements of 4.19% and 11.65%,
respectively, in DRS clause parsing. Even in PMB

4.0.0, which provides limited-scale gold training
data for these languages, Cross-lingual still demon-
strates significant F1 improvements, with gains of
4.18% and 12.49% in DRS clause parsing and
2.85% and 6.07% in DRS graph parsing, for Italian
and Dutch, respectively.

Cross-lingual VS Base+. In order to improve
Base, Base+ is trained on a larger dataset com-
prised of silver data and gold train data and is then
fine-tuned with the gold train data. As shown in
Table 2, Cross-lingual outperforms Base+ on aver-
age, with notable F1 improvements of 1.02% and
9.1% in DRS clause parsing for Italian and Dutch,
respectively. Additionally, Cross-lingual achieves
1.21% and 3.41% F1 improvements in DRS graph
parsing for ltalian and Dutch, respectively. How-
ever, Cross-lingual does not perform as well as
Base+ in the case of English.

Resource-rich Languages. As shown in the
English part of Table 2, Cross-lingual underper-
forms Base and Base+ in English. One reason is
that Cross-lingual fine-tunes pre-trained language
models (PLMs) using multilingual training data to
reach a universal optimization point. However,
this point is marginally lower than the language-
specific optimization point achieved with language-
specific training data, particularly in resource-rich
languages like English.
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en de it nl

Fi1+ IF, F11+ IF, F14 IF] F11 |IF}
PMB 3.0.0 clause
Neural-Boxer (van Noord et al., 2018b) 889 0.2 819 0.2 805 01 711 0.7
BiLSTM-Char (Wang et al., 2021) 88.1 / / / / / / /
Cross-lingual+ 891 20 827 12 802 0.1 801 0.2
PMB 4.0.0 graph
UD-Box (Poelman et al., 2022) 818 00 775 00 791 0.0 758 0.0
Neural-Boxer (Poelman et al., 2022) 925 23 747 05 754 00 716 1.0
MLM (Wang et al., 2023) 947 03 920 04 931 0.2 926 0.6
Cross-lingual+ 96.3 02 928 0.7 93.0 06 931 0.2

Table 3: Results on test data for DRS clause parsing and DRS graph parsing in both PMB 3.0.0 and
PMB 4.0.0 benchmarks. The IF (%) column indicates the percentage of ill-formed outputs. The best

scores are highlighted in bold.

5.3. Results of Monolingual Fine-Tuning

Base VS Base+. Compared to Base, Base+ is
pre-trained on additional auto-generated training
data. As shown in Table 2, on average, Base+
consistently outperforms Base in both DRS clause
and graph parsing in PMB 4.0.0. In German, ltal-
ian, and Dutch, Base+ achieves substantial F1 im-
provements in DRS clause parsing, with gains of
2.07%, 3.16%, and 3.39%, respectively. Addition-
ally, in DRS graph parsing, it records improvements
of 2.02%, 1.64%, and 2.66% in these languages.
In English, Base+ attains marginal improvements,
with gains of 0.54% in DRS clause parsing and
0.65% in DRS graph parsing.

Cross-lingual VS Cross-lingual+. Compared
to Cross-lingual, Cross-lingual+ fine-tunes Cross-
lingual with the corresponding monolingual data
for language-specific DRS parsing. As shown
in the PMB 4.0.0 part of Table 2, Cross-lingual+
consistently outperforms Cross-lingual on average.
In German, ltalian, and Dutch, monolingual fine-
tuning leads to marginal improvements in DRS
clause parsing, with respective F1 score gains of
1.89%, 1.61%, and 1.32%. Similarly, in DRS graph
parsing, improvements of 1.08%, 0.6%, and 0.74%
are obtained for these languages.

Resource-rich Languages. As shown in the En-
glish part of Table 2, when compared to Base,
Base+ shows marginal improvements in DRS
clause and graph parsing in PMB 4.0.0. When com-
pared to Cross-lingual, Cross-lingual+ achieves
significant improvements in English DRS clause
and graph parsing, with respective F1 score gains
of 5.21% and 2.02% in PMB 4.0.0. While Cross-
lingual gets lower performance of English DRS

parsing compared to Base and Base+, Cross-
lingual+, with the addition of monolingual fine-
tuning, pushes up the performance. This demon-
strates the importance of monolingual data in build-
ing DRS parsers for resource-rich languages.

5.4. Well-Formed Results

In this section, we compare the models according
to the well-formed outputs measured by IF scores.

As shown in Table 2, while some models achieve
superior performance, resulting in higher F1 scores,
they do not consistently produce well-formed DRSs.
For example, Cross-lingual, despite generating
DRSs of slightly lower quality compared to Cross-
lingual+, produces fewer ill-formed DRSs on aver-
age. It appears that Cross-lingual, without mono-
lingual fine-tuning, tends to generate well-formed
DRSs, potentially at the cost of overall accuracy.

Despite this, Cross-lingual and Cross-lingual+
can achieve the better performance on DRS pars-
ing by consistently generating higher-quality, well-
formed DRSs when compared to Base and Base+.
We believe that the proposed cross-lingual training
method can confidently yield better results in DRS
parsing.

5.5. Comparisons with SOTA Systems

We compare our final model, Cross-lingual+, with
previous works in the standard benchmarks PMB
3.0.0 and PMB 4.0.0. The results are shown in
Table 3. In DRS clause parsing, despite a slight
decrease in performance due to a small percent-
age of ill-formed DRSs, our model achieves state-
of-the-art results in English, German, and Dutch.
Neural-Boxer (van Noord et al., 2018b; Poelman
et al., 2022) and BiLSTM-Char (Wang et al., 2021)
preprocess both the input texts and the output DRS
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EN DE IT NL

All 89.61 85.08 85.94 85.38
DRS operator 94.95 94.74 9514 94.76
Semantic Role 88.56 85.89 89.67 86.57
Concept 87.32 78.46 76.49 78.46
Synset-Noun 90.64 85.44 8483 86.43
-Verb 7714 5755 55.62 53.64
-Adjective 80.63 58.50 50.39 57.55
-Adverb 87.40 7442 66.67 80.60

Table 4: Fine-grained results (F1%) on test data,
given by Cross-lingual+ for DRS clause parsing in
PMB 4.0.0.

as sequences of characters, while our models op-
erate at the word level.*

In DRS graph parsing, our model attains state-of-
the-art results in English, German, and Dutch, while
its performance on ltalian data closely matches
that of the SOTA model referred to as MLM (Wang
et al., 2023), which builds a pre-trained language-
meaning model for DRS graph parsing based on
mBART (Tang et al., 2021) by tuning all the pa-
rameters of the PLMs. Instead, our parsers only
fine-tune the part of parameters. UD-Boxer (Poel-
man et al., 2022) adopts the Universal Dependency
parsing to generate DRS graphs, ensuring the pro-
duction of well-formed DRSs.

5.6. Detailed Analysis

We conduct a variety of additional experiments to
provide further insight into the final model.

Fine-grained Evaluation. CounTER (van Noord
et al., 2018a) offers a comprehensive breakdown
analysis for DRS clause parsing by assessing var-
ious aspects, including DRS operators, semantic
roles, concepts, and synsets. Table 4 shows the
test results of our parser and demonstrates the
strong ability of our parser to predict DRS operators,
semantic roles, and senses of nouns. However, it
faces challenges in distinguishing the senses of
verbs, adjectives, and adverbs, especially in the
case of German, Italian, and Dutch. While most
predicates have only one common sense, verbs,
adjectives, and adverbs exhibit a greater diversity
of senses than nouns. This diversity in senses
can pose challenges, confusing the parsers on the
sense disambiguation. Therefore, it becomes es-

“Due to the lack of previous works on DRS clause
parsing in PMB 4.0.0, our DRS clause comparison is ex-
clusively based on PMB 3.0.0. Nonetheless, we provide
the test results for DRS clause parsing in PMB 4.0.0 in
Section 5.6.

100 [ ‘ T
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T ——clause
60 - --- graph
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length of the input sentence

Figure 4: The test results given by Cross-lingual+
for English DRS parsing in PMB 4.0.0 with input
sentences of varying lengths.

sential to address the issue of sense disambigua-
tion in order to construct accurate DRS parsers.

Evaluation on Text across Lengths. Figure 4
shows the F1 scores of English DRS clause and
graph parsing by Cross-lingual+ on texts with vary-
ing lengths.5 In both DRS clause and graph pars-
ing, the F1 scores exhibit a consistent decrease
as the input sentences become longer. This trend
holds true for all input texts except for single-word
inputs. The decline in F1 scores is primarily at-
tributed to the challenge of over-generation in se-
mantics. As an example, when the input text con-
tains just one word, such as “Hello”, indicating a
simple spoken word, the parsers tend to generate
additional predicates, like female.n. 02, demon-
strating a potential gender bias influenced by the
training data. This over-generation phenomenon,
particularly in shorter texts, leads to the lower F1
scores.

Errors in lll-formed DRSs. lll-formed DRSs sig-
nificantly impede the performance of DRS parsers.
In DRS clause parsing, errors within ill-formed
DRSs can be categorized as follows: 1) illegal
clause structure, such as an incorrect number of
arguments for specific semantic relations; 2) gener-
ation of free variables, where some generated vari-
ables lack the interpretation with meanings. In DRS
graph parsing, errors within ill-formed DRSs are
summarized as follows: 1) inability to link distance
symbols (e.g., +2) to specific items in the sequen-
tial graph. For instance, the total number of items
in a sequential graph is 3, but parsers generate a
distance symbol of +5, which falls outside the valid
range; 2) over-generation of semantic relations,
such as incorrectly generating a predicate with two

®The trends observed in English serve as represen-
tative indicators of similar trends observed in other lan-
guages.
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Agents. We believe that avoiding ill-formed DRSs
generation is necessary to improve DRS parsing.

6. Conclusions

We introduced a model-agnostic cross-lingual train-
ing approach, designed to leverage training data
from various languages without specifying the lan-
guage of the training instances. Our parsers are
built on large-scale pre-trained language models
with parameter-efficient fine-tuning. As a result, the
parsers, enhanced by the proposed training meth-
ods, achieve state-of-the-art performance in the
standard benchmarks for both DRS clause pars-
ing and DRS graph parsing across multiple lan-
guages. Furthermore, we conducted a variety of
experiments to offer deep insights into the behavior
of the parsers, aiming to inspire future research
endeavors in the field of DRS parsing.
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