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Abstract

In recent years, thanks to the relative maturity of neural network models, the task of

automatically identifying and labeling the semantic roles has been the focus of re-

newed interest. These models have the capacity to learn continuous representations

automatically and thereby forgo the need for extensive feature engineering. Semantic

role labeling (SRL) has generally been recognized as a core task in natural language

processing (NLP) and has been shown to benefit a range of NLP applications such as

machine translation, information extraction and summarization.

Recent SRL systems have usually been trained on datasets whose semantic role

annotations have been produced on the top of tree-banked corpora. This reflects the

intimate relationship between syntactic information and semantic roles. In order to

effectively incorporate syntactic information into neural network models, we train the

semantic role labeler jointly with two auxiliary tasks: predicting the dependency label

of a word, and determining whether there exists an arc linking it to the predicate. The

auxiliary tasks provide syntactic information that is specific to SRL and can be learnt

from training data (dependency annotations). This liberates our SRL system from the

dependence on external parsers, which is believed to be noisy (e.g., on out-of-domain

data or infrequent constructions).

Supervised neural SRL models, which derive their efficacy via sufficient annotated

data, are driven by data. Nonetheless, the reliance on high-quality annotations ob-

scures the development of SRL systems in low-resource scenarios (e.g., rare languages

or domains). In order to reduce the annotation effort involved, we have rendered semi-

supervised learning for SRL as simple as possible. More specifically, we propose an

end-to-end SRL model and demonstrate it could effectively leverage unlabeled data

within the cross-view training modeling paradigm. Our semantic role labeler is jointly

trained with auxiliary tasks subsidiary to SRL. Consequently, our system may be ap-

plied directly to plain text, and it is essentially self-sufficient.

For true low-resource languages, we cannot even expect to perform semi-supervised

learning for them, as SRL annotations are only available for a handful of the world’s

languages. To build a competitive semantic role labeler for these low-resource lan-

guages, we have resorted to cross-lingual semantic role labeling, which can transfer
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supervision in a source language to target languages (low-resource languages). The

backbone of our model is an LSTM-based semantic role labeler jointly trained with a

semantic role compressor and multilingual word embeddings. The compressor collects

useful information from the output of semantic role labeler and compress it into fixed-

size cross-lingual representations. Our model (in contrast to earlier efforts, which de-

ployed automatic alignments in order to transfer annotations) exists in a space of mul-

tilingual embeddings. For the target language, moreover, it affords direct supervision

for the prediction of semantic roles. For model evaluation, we have also contributed

two quality-controlled datasets, which we hope will be useful for the development of

cross-lingual models.
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Chapter 1

Introduction

The study of the semantic information comprised within plain text is one of the key

objectives of Natural Language Processing (NLP). Semantic role labeling (SRL), also

known as shallow semantic parsing, aims automatically to identify and analyse the

situations described by natural language sentences. Semantic role labeling, to be more

precise, strives to locate arguments within a sentence for certain predicates; for each

argument, moreover, it allocates a set of predefined relations (e.g.,“who” did “what” to

“whom”, “when”, and “where”). For example, in the sentence He no longer crowds the

plate., the semantic information is conveyed by the predicate crowds, and the entities

participating the event such as He and the plate. These entities are presented in terms

that describe their involvement with the situation, i.e., in terms of semantic roles. The

latter capture predicate-argument structures from sentences, which can then be used

as semantic features by a wide spectrum of downstream tasks, ranging from machine

translation (Aziz et al., 2011; Marcheggiani et al., 2018) to question answering (Zheng

and Kordjamshidi, 2020) and summarization (Khan et al., 2015).

In recent years, a considerable amount of work (He et al., 2018; Lang and Lap-

ata, 2014; Marcheggiani et al., 2017; Roth and Lapata, 2016) has been devoted to the

task of automatically labeling semantic roles for a given input sentence. Due to the

complexity generated by the variations in the syntactic realization of semantic roles,

data-driven models have become the method of choice for this task and are typically

trained in a supervised fashion. Among various data-driven models, neural networks

1
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have been successfully applied to semantic role labeling, forging the need for extensive

feature engineering. Syntactic features, including dependency labels and POS tags, are

also fed as input into SRL models to enhance the performance of SRL systems. Such

features are typically obtained via prepossessing tools that are also trained with labeled

data. Within recent studies, the question of how best to incorporate these syntactic fea-

tures has become a subject of much interest (Marcheggiani and Titov, 2017; Roth and

Lapata, 2016) on SRL. Nonetheless, these works suffer from information loss (Roth

and Lapata, 2016) and noise in syntactic features (Marcheggiani and Titov, 2017). In

this thesis, we enable the SRL model to extract dependency information on their own,

and (simultaneously) to learn syntax-aware hidden representations.

Unfortunately, the success of neural semantic role labeling is based on large amounts

of semantically-annotated data, which are costly to obtain and mostly unavailable for

rare domains and languages. As a result, it is common to see the performance of se-

mantic role labelers (Cai et al., 2018; He et al., 2019; Marcheggiani and Titov, 2017)

decrease dramatically when they are tested on out-of-domain test sets (i.e., when the

training data and test data belong to different domains). This thesis also explores how

to utilize unlabeled data, effectively to improve the performance of SRL models.

For low-resource languages without any labeled data, cross-lingual SRL offers a

promising but also challenging alternative. If it is successful, we can obtain SRL sys-

tems for low-resource languages while only requiring labeled data regarding the source

language. Current cross-lingual models rely on external tools such as word-alignment

tools, and then perform annotation projection for target languages (Aminian et al.,

2019; Fei et al., 2020). The present study demonstrates the feasibility of carrying out

cross-lingual training without the need to depend on tools of external alignment.

1.1 Mono-lingual Semantic Role Labeling

The first basic question for semantic role labeling is: How to obtain a semantic role

labeler for a certain language? For mono-lingual semantic role labelers, both the

training data and the testing data belong to the same language, and they cannot usually

be applied directly on other languages. Many previous mono-lingual SRL systems
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trained their models in a supervised fashion, utilizing popular labeled datasets such as

Propbank (Palmer et al., 2005). The performance of supervised SRL systems has been

enhanced by the successful development of neural networks. Nonetheless, there are at

least two challenges that hinder further performance gains.

The first problem is how to incorporate dependency information into SRL systems.

Since SRL systems are trained on datasets whose semantic role annotations have been

produced on top of treebanked corpora, semantic roles are closely tied to syntactic

information. In addition, some predicates are typically associated with a standard link-

ing, which is a deterministic mapping from syntactic roles to semantic ones (Lang

and Lapata, 2010). Nonetheless, syntactic information usually exists in the form of

trees (e.g., a dependency tree), and it cannot be directly fed to neural encoders such

as LSTMs. A further obstacle is the availability of gold dependency information for

some, but not all, text genres and domains. Dependency trees produced by external

parsing tools are usually noisy; consequently, relying on these noisy dependency fea-

tures could hurt the performances of SRL systems. In order to resolve this issue, the

present study advances a new form of SRL model with the capacity to learn depen-

dency information autonomously (see Chapter 4).

Another challenge is the scarcity of gold semantic role annotations. Manual anno-

tation efforts for SRL resources like PropBank (Palmer et al., 2005) and FrameNet1

amount to multi-million US-Dollar expenditures, and consequently they tend to be

confined to certain specific domains. CoNLL2009 benchmark datasets, for instance,

tend to be closely associated with texts regarding financial news, since they comprise

sentences from the Wall Street Journal. Models trained only with labeled data do not

generalize well on other data (or domains), especially when the size of the labeled sam-

ples is small (or when these samples all come from a single domain). In comparison

with labeled data, the size of which is often restricted by manual-annotation costs, it is

far easier to assemble large volumes of unlabeled data, i.e., data without annotations.

In this thesis, we propose a semi-supervised framework for SRL, which leverages un-

labeled data to improve the performance of SRL systems on different domains (see

Chapter 5) .

1https://framenet.icsi.berkeley.edu/fndrupal/

https://framenet.icsi.berkeley.edu/fndrupal/
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1.2 Cross-lingual Semantic Role Labeling

For popular languages such as English and Chinese, there exists sufficient amounts of

labeled data. Nonetheless, semantic role annotations are not available for low-resource

languages, which of course prohibits the application of supervised learning to these

low-resource languages. This raises the question: How, when only annotated data

from popular languages are used, may models be learnt for low-resource languages?

Cross-lingual training offers a viable alternative to supervised methods. Previous

work on cross-lingual SRL can generally be divided into two categories, namely model

transfer (Ahmad et al., 2019a) and annotation projection (Aminian et al., 2019; Fei et

al., 2020). The former strives to learn language-independent representations while tak-

ing multilingual features as the input (e.g., multilingual word embeddings and univer-

sal part-of-speech (POS) tags). Large-scale parallel corpora between source and target

language, meanwhile, provide the basis for the performance of annotation projection.

Source-side sentences in parallel corpora are automatically annotated by pre-trained

source language SRL systems; then, these annotations are projected to target-side sen-

tences based on word-alignment. An obvious drawback of annotation projection is that

both automatic annotation and word alignment introduce noise, which may damage the

performance of target-language SRL systems.

With the development of pre-trained language models, multilingual contextualized

word embeddings such as multilingual BERT (mBERT; Devlin et al., 2018) have been

widely used in cross-lingual (Ahmad et al., 2019a) and multi-lingual models (He et al.,

2019). Recent work (Ahmad et al., 2019a; Fei et al., 2020) has demonstrated the sur-

prising cross-lingual abilities of multilingual BERT, given that it is trained without any

cross-lingual objective and with no aligned data. Consequently, multilingual BERT is

now available for both low-resource and popular languages. Taking inspiration from

cross-lingual representations of words (mBERT), we propose to learn cross-lingual

representations of semantic roles (see Chapter 6). Instead of relying on word-alignment

tools, we perform cross-lingual training based on cross-lingual representations learned

with a semantic information compressor. Current human-labeled SRL datasets for dif-

ferent languages lack of a homogeneous labeling style, which increases the difficulty

of the evaluation of cross-lingual SRL systems. With this in mind, the present the-
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sis presents Chinese and German datasets (with annotation performed by experts) that

evince a unified scheme of annotation.

1.3 Thesis Statement

In this thesis, we investigate a series of hypotheses relating to the labeling of semantic

roles in natural language sentences, which we test through extensive evaluation and

analysis of our methods.

HYPOTHESIS I: There are tight connections between dependency informa-

tion and semantic roles; therefore, enabling SRL models to extract dependency

information can improve their performance.

Previous research (Marcheggiani and Titov, 2017; Roth and Lapata, 2016) has hinted at

the benefits of incorporating dependency features for SRL. Here, we propose a syntax-

aware SRL model, which can learn syntax-aware representations autonomously, with-

out the reliance on external parsers.

HYPOTHESIS II: Within the paradigm of cross-view training modeling, unla-

beled data can be effectively leveraged to enhance SRL performance.

Cross-view training (CVT; Clark et al., 2018) has been successfully applied to several

NLP tasks, unfortunately, application of CVT to semantic role labeling is fraught with

difficulty. To solve this problem, we adapt the cross-view training for the semantic role

labeling task and build an end-to-end SRL system that can directly be applied to plain

text.

HYPOTHESIS III: It is possible to obtain semantic role labelers for target (low-

resource) languages without target-language annotations and word-alignment

tools.

While word-alignment tools have been widely utilized for cross-lingual semantic role

labeling (Aminian et al., 2019; Fei et al., 2020), our work is the first to learn cross-
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lingual role representations that can provide direct supervision for the prediction of

semantic roles in the target language, thereby avoiding noise introduced by external

tools.

1.4 Contributions

The main contributions of this thesis are as follows:

• We propose a multi-task model that learns dependency-aware representations for

semantic role labeling without using any external parser. Previous work has con-

centrated on utilizing dependency features produced by external parsers which

can be noisy. We design a dependency information extractor to learn two types of

predicate-specific syntactic features: dependency labels and link types. Enabling

the model autonomously to extract dependency information removes the reliance

on external parsers, and — by exploiting concealed representations within the

extractor — enhances the performance of the model.

• In order to apply cross-view training (CVT; Clark et al., 2018) to the semantic

role labeling task, which relies on various syntactic features, we develop a sen-

tence learner that is able to perform all tasks subsidiary to semantic role labeling

(e.g., predicate identification, POS tagging, dependency parsing). With the help

of the sentence learner, we build an end-to-end SRL system, which can directly

be applied to plain text without using preprocessing tools.

• We adapt the CVT proposed by Clark et al. (2018) for semantic role labeling

task. The sentence is segmented, and words prior to and following the predi-

cate are addressed differently, which ensures that information derived from the

predicates percolates to each word within the sentence. Furthermore, we show

that the strategy of selecting the target predicate (in sentences containing mul-

tiple candidates) influences performance; we also advance a strategy whereby

predicates are randomly selected from potential candidates.

• We propose a cross-lingual SRL model that can effectively leverage unlabeled
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parallel data without relying on alignment tools. Previous work concentrated on

aligning words in parallel sentences, and then filtered low-confidence alignments

empirically to reduce the impact of erroneous alignments. We design a semantic

role compressor that collects useful information from the output of the semantic

role labeler, thus producing cross-lingual representations of semantic roles. With

the help of contextualized multilingual word embeddings (mBERT; Devlin et al.,

2018), these cross-lingual role representations can provide direct supervision for

the prediction of semantic roles in the target language. Intermediaries, such as

machine translation and word-level alignments, are thereby avoided.

• For a better evaluation of cross-lingual models, we have contributed two manu-

ally annotated datasets, following the PropBank-style guidelines (Palmer et al.,

2005). These two datasets contains 258 German and 304 Chinese sentences,

which are smaller than UPB but evince a higher accuracy. For Chinese and Ger-

man, these two datasets are (so the author believes) the first published, human-

labeled SRL resources to conform to the PropBank annotative style.

1.5 Thesis Outline

Chapter 2 provides as an overview of two important linguistic concepts, namely

frames and semantic roles, and the linguistic theories that lay the foundation for the

empirical resources described in Section 2.2. We first discuss the historical devel-

opment of frames and semantic roles, respectively, and then introduce some popular

SRL datasets, which have been widely used in the research of semantic role labeling.

We then present some basic steps of semantic role labeling: predicate identification,

predicate disambiguation, argument identification, argument classification, and global

inference. This chapter aims primarily to familiarize the reader with some of the basic

concepts that underpin semantic role labeling — concepts that are deployed as building

blocks within a variety of learning environments.

Chapter 3 describes methodological issues accompanying the task. It also delineates

a range of learning environments within which our models are implemented. We start

by giving definitions of supervised and semi-supervised semantic role labeling, both



Chapter 1. Introduction 8

of which are monolingual tasks with access to labeled data. The difference between

them is that semi-supervised semantic role labeling takes advantage of large amount of

unlabeled data to improve the generalization ability of models. Then, the environment

of unsupervised semantic role labeling, with no access to SRL annotations, is briefly

outlined. Finally, we formalize the learning setting of cross-lingual SRL, which is quite

different from mono-lingual SRL and more appropriate to the low-resource languages.

Chapter 4 presents our syntax-aware supervised neural model for semantic role la-

beling. First, the close connection between dependency labels and semantic roles is

demonstrated. Because of this relationship, dependency information can helpfully be

deployed in improving the performance of SRL systems. After discussing the draw-

backs of previous work, we present our neural module dependency information extrac-

tor, which can learn dependency features autonomously and provides syntax-aware

representations for the semantic role labeler. We evaluate our model in the context of

the CoNLL2009 benchmark datasets, revealing significant improvements over previ-

ous approaches.

Chapter 5 presents our end-to-end semi-supervised neural model for semantic role

labeling. We first introduce cross-view training, a recently proposed semi-supervised

learning algorithm that improves the hidden representations learning of a Bi-LSTM

sentence encoder using a mix of labeled and unlabeled data. Subsequently, we apply

CVT to the task of semantic role labeling, which entails reliance on a range of syntactic

features. To this end, we develop a sentence learner which is able to perform all

tasks subsidiary to semantic role labeling (i.e., predicate identification, POS tagging,

dependency parsing). We evaluate our model in the context of different domains and

multiple languages using the CoNLL-2009 benchmark dataset, which shows that our

approach outperforms baseline models in English, Chinese, Czech, and Spanish.

Chapter 6 addresses cross-lingual semantic role labeling, and here, while exclusively

employing unlabeled parallel data and source-language labeled data, SRL systems for

low-resource languages are developed. We first introduce the semantic role compressor

and decompressor, which are trained to learn cross-lingual semantic role representa-

tions. The method of performing cross-lingual training is then demonstrated. Un-

like previous work which relied on word-alignment tools, the present study leverages

cross-lingual semantic role representations to improve the performance of the target-
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language semantic role labeler. For evaluation, we make use of several multi-lingual

SRL benchmarks, and experimental results show that our method is highly effective

across languages and annotation schemes, even compared with systems that make use

of supervised features.

Chapter 7 presents a summary of the principal findings of the thesis, and, while ac-

knowledging certain limitations of the study, also indicates potential avenues for future

research.

1.6 Published WorK

Some of the material presented in this thesis has been previously published. The

work presented in Chapter 4 is a refinement of the work published in Cai and Lap-

ata (2019b).The work in Chapter 5 was published in Cai and Lapata (2019a), and the

work in Chapter 6 was published in Cai and Lapata (2020).



Chapter 2

Background

How is language used to convey knowledge? There are different answers towards this

question, and these answers have given birth to classic linguistic theories (Fillmore,

1968; Minsky, 1974) regarding frames. Before we move on to describe the learning

settings, methodology, and experiments of our work, this chapter provides an overview

of theories of frames and semantic roles. These theories have provided the foundations

for recently constructed empirical resources (e.g., FrameNet1) built lately, which have

in turn been widely used in current research (Carreras and Màrquez, 2005; Hajič et al.,

2009a).

The material in this chapter is presented in four parts. First, we introduce the basic

concepts and terminology of frames and semantic roles. The second part introduces

three large-scale resources, namely: FrameNet, PropBank, and Nombank. In the third

part, we introduce two different annotation styles (span- and dependency-based), as

well as the main steps for building semantic role labelers. Finally, we introduce the

evaluation measure of semantic role labeling systems.

1https://framenet.icsi.berkeley.edu/fndrupal/

10

https://framenet.icsi.berkeley.edu/fndrupal/
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2.1 Frames and Semantic Roles

2.1.1 Frames

Minsky (1974) introduced frames as, “a data-structure for representing a stereotyped

situation, like being in a certain kind of living room, or going to a child’s birthday

party”. According to the theory advanced by Minsky (1974), the frame is essentially

a structure selected from memory, generated people encounter a new situation or sub-

stantially change their view of a present problem. Several different kinds of informa-

tion are attached to frames, including how to use the frame, what to expect next and

what to do if these expectations are not met. If we think of a frame as a network of

nodes and relations, the “top levels” of a frame are fixed (some information in the

frame is generally unchanged). Other information, stored in lower-level “terminals”,

usually changes with the new situation encountered.

Before Minsky (1974), Fillmore (1968) proposed that each verb selects a number

of deep cases (i.e., semantic roles, such as Agent, Patient, Location, and Instrument) to

form its case frame. Thus, case frames can be regarded as structures holding together

the deep cases (arguments) bound to a particular verb (predicate). For example, in

the sentence, Matilde fried the catfish in a skillet, fried is a verbal predicate, and the

three nominal elements Matilde, catfish and a skillet are bound together by the verbal

predicate fried. The bounded structure in the example sentence forms a case frame,

and each element evinces a specific prototypical relationship with the verbal predicate.

For example, the case frame for fried specifies the entity that instigates the action as an

Agent (here Matilde). Such prototypical relationships are referred to as semantic roles

and will be discussed in Section 2.1.2. Some semantic roles are obligatory, while others

are optional. Obligatory roles should not be deleted, otherwise one would produce

ungrammatical sentences. For example, if the Patient (the catfish ) of fried is deleted,

the sentence becomes ungrammatical, as the Patient is obligatory. Nonetheless, if we

delete the optional role Instrument (a skillet), the sentence becomes Matilde fried the

catfish, which is still grammatical.



Chapter 2. Background 12

2.1.2 Semantic Roles

Being quite similar to those frames that describe events and the participants in them,

semantic roles characterize how an entity is involved in an event or action. Agent is

a common role that describes the instigator of an action, which in turn might affect

the target entity (Patient). Other common roles include Location, i.e., the place where

an event or action takes place, Instrument, i.e., the entity utilized during an action,

and so on. The aforementioned roles belong to a set of general roles, as they are

globally defined for any action or event. In contrast, situation-specific roles are defined

individually, and detailed examples will be given in the next section.

Fillmore (1968) investigates the phenomenon of deep cases, which are also known

as semantic roles and consist of Agent, Patient, Result, Instrument, Location, and Neu-

tral. As distinct from other roles, the explanation of Neutral is determined by the cur-

rent verbal predicate. These semantic roles, except Neutral, are apparently sufficient in

general to characterize the arguments of any predicates. In other words, they are glob-

ally defined. This attribute of general roles is important from a linguistic standpoint

because it leads to a concise linguistic theory. Nonetheless, this also causes disagree-

ment about which roles should be included in such a general role set (Dowty, 1991).

Other similar issues include the questions of which roles are necessary and sufficient,

how general or specific these should be, and what roles are present in all languages.

In contrast to general roles, situation-specific roles does not have a general meaning

and their definition depends on the situation they describe. For example, the situation-

specific roles Buyer and Seller describe two important participants during a trading

event, and they are unlikely to appear in other kinds of situation, such as cooking or

explosions. Such situation-specific roles have a more precise meaning, and therefore

support a more detailed representation of the situation, but at the cost of increased

complexity and labeling workload.



Chapter 2. Background 13

Figure 2.1: Frame elements in the sentence He no longer crowds the plate, where crowds
triggers the frame filling and is designated a lexical unit.

2.2 Empirical Resources

For data-driven SRL models, empirical resources are vital for the development of se-

mantic analysis systems. In addition to serving as the basis for training supervised

models, they can also promote empirical linguistic research regarding frame seman-

tics. This section introduces FrameNet (Baker et al., 1998), PropBank (Palmer et al.,

2005) and NomBank (Meyers et al., 2004): three large-scale English role-semantic re-

sources. In each resource sentences, are semantically analyzed, and are accompanied

by lexical dictionaries such as the pre-defined frame lexicon in PropBank.

2.2.1 FrameNet

FrameNet is a lexical database of English built around a linguistic theory called frame

semantics (Fillmore, 1968). The meaning of each word in this database is represented

on the basis of a semantic frame, which is a description of a type of event, relation, or

entity and the participants within it.

For example, as shown in Figure 2.1, the concept of “filling” might involve the

person who instigates the filling (Agent), the container or area being filled (Goal), the

event that brings about the filling (Cause), the physical object or substance that changes

location (Theme), and when the filling occurs (Time). In the FrameNet project, this is
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Figure 2.2: Relations between the frame Filling and various other frames.

represented as a frame designated filling, while Agent, Goal, Cause, Theme, and Time

are referred to frame elements (FE). Some frame elements, such as Buyer and Seller,

are regarded as core, which means that they uniquely define a particular frame. Non-

core frame elements are peripheral, as they provide information for general aspects

of events, such as Time and Place. The words that evoke the frame (such as crowd

and cover) are the lexical units (LU) of the frame. For instance, in the example in

Figure 2.1, crowds is the lexical unit of the frame filling.

FrameNet also defines relations between frames such as inheritance (one situation

is a special case of another), perspective (two frames describe the same situation from

different perspectives), composition (one situation contains the other) and temporal

precedence (one situation happens before the other). Figure 2.2 illustrates the rela-

tions obtaining between the frame Filling, the Container_focused_placing, the Transi-

tive_action and the Placing_scenario.

Formally, FrameNet2 annotations are sets of triples that represent the FE realiza-

tions for each annotated sentence, with each including a frame element name (for ex-

ample, Food), a grammatical function (say, Object) and a phrase type (say, noun phrase

(NP)). Figure 2.3 gives an example from FrameNet, where Bake is lexical unit of the

frame Apply_heat. As of today, FrameNet has provided more than 200,000 manually

annotated sentences linked to more than 1,200 semantic frames, and has been used
2https://framenet.icsi.berkeley.edu/fndrupal/

https://framenet.icsi.berkeley.edu/fndrupal/
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Figure 2.3: An example sentence in FrameNet, with Frame elements, grammatical functions,
and phrase types.

extensively to provide training data for semantic role labeling (FitzGerald et al., 2015;

Giuglea and Moschitti, 2006; Thompson et al., 2003). In addition to the annotated

sentences, nearly 1,800 frame-to-frame relations constitute a hierarchy of semantic

frames, and FrameNet has developed a visualization tool, FrameGrapher3, for view-

ing the relations between frames and their frame elements.

2.2.2 PropBank

Unlike FrameNet, PropBank (Palmer et al., 2005) is a verb-oriented database that as-

sociates each verbal predicate with one frame, which in turn captures the possible

configurations of semantic roles. PropBank consists of two portions, namely a lexicon

of frames and an annotated corpus. The annotated corpus provides predicate-argument

annotations for the entire Penn Treebank (Marcus et al., 1993a), and each verb in the

latter is linked to a specific frame in the pre-defined frame lexicon. The semantic roles

annotated in PropBank are divided into core roles and adjunct roles. Adjunct roles, as

their name indicates, are realized as adjuncts. They can be part of the frame of any

predicate, and are therefore globally defined for all predicates. By contrast, core roles

are defined individually for each predicate

A0 and A1 are the two most common core roles in PropBank. A0 is assigned to

arguments that are understood as agents, causers or experiencers, while A1 is usu-

ally assigned to patient arguments, i.e., the argument that undergoes a change of state

or is in the state of being affected by an action. Unlike A0 and A1, other core ar-

3https://framenet.icsi.berkeley.edu/fndrupal/FrameGrapher

https://framenet.icsi.berkeley.edu/fndrupal/FrameGrapher


Chapter 2. Background 16

Figure 2.4: Two sentences from PropBank annotated with span-based labels (definitions of A2
are given on the right).

guments can be specific to verbs. Figure 2.4 shows two examples in PropBank, and

the definition of A2 in each sample differs with the current predicate (gave and got )

within the sample. AA is a secondary agent tag that will only be used when the ar-

gument structure outlined in the roleset indicates a proto-agent role. For instance, in

the sentence John walked his dog., John is the secondary agent that causes the dog to

walk but is not (necessarily) walking himself. Adjunct arguments are universal to all

verbs, usually labelled with one of the following roles: location (LOC), extent (EXT),

cause (CAU), time (TMP), purpose (PRC), manner (MAN), direction (DIR), expres-

sions (REC), predicatives (PRD), discourse connectives (DIS), negation (NEG), modal

verbs (MOD), and a general purpose Adverbial (ADV).

Throughout this thesis, we deploy PropBank v3.0 for experiments. The latter was

built as an additional annotation layer on the top of the Wall Street Journal portion of

the Penn Treebank (Marcus et al., 1993a), and it contains around 110,000 annotated

frame instantiations. The latest release of Propbank4 contains additional annotations

for Ontonotes5 and the English Web Treebank. An additional 160,000 predicates have

been annotated with Prop-bank style roles in the BOLT corpora6, and these will be

made publicly available when the LDC releases BOLT to the general catalogue.

2.2.3 NomBank

NomBank is an annotation project at New York University and is related to PropBank.

Its goal is to mark the sets of arguments that cooccur with nouns in the PropBank

Corpus, as PropBank records such information only for verbs. Nombank shares the

4https://github.com/propbank/propbank-release
5https://catalog.ldc.upenn.edu/LDC2013T19
6https://catalog.ldc.upenn.edu/LDC2013T19

https://github.com/propbank/propbank-release
https://catalog.ldc.upenn.edu/LDC2013T19
https://catalog.ldc.upenn.edu/LDC2013T19
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Figure 2.5: A sample in NomBank annotated with span-based labels, and definitions of seman-
tic roles are given in the bottom.

same semantic roles (e.g., A0 and A1), and it also contains a PropBank-style lexicon

(frame files). Figure 2.5 provides an example from NomBank, the predicate of which

is the noun inventories. These resources allow one to label the various arguments and

adjuncts of head nouns with semantic roles. Researchers are now making a coordi-

nated effort to ensure that, when possible, role definitions are consistent across parts

of speech. For example, PropBank’s frame file for the verb decide is used during the

annotation of the noun decision in NomBank.

NomBank is constructed on the basis of Catherine Macleod’s Nomlex7 project and

related work on support verbs, since half of the argument-taking nouns in the cor-

pus are nominalizations or nouns that have nominalization-like properties. For exam-

ple, aggression and agenda have argument structures similar to the verbs destroy and

schedule. In December 2007, NomBank.1.08 was released, it covered all the argument-

taking nouns in the Penn Treebank Wall Street Journal corpus. NomBank.1.0 includes

a total of 114,576 propositions derived from the checking of 202,965 noun instances

and the selection only of those nouns whose arguments occurred in the same sentence.

(Hence, approximately 35,000 nouns were excluded because these nouns have no cor-

responding arguments.)

7https://nlp.cs.nyu.edu/nomlex/index.html
8https://nlp.cs.nyu.edu/meyers/NomBank.html

https://nlp.cs.nyu.edu/nomlex/index.html
https://nlp.cs.nyu.edu/meyers/NomBank.html
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Figure 2.6: A sample sentence from PropBank: On the wall outside the headquarters we found
a map (where found is the current predicate). The upper of the Figure shows the dependency
tree for this sentence, while the lower part presents semantic roles following dependency and
span-based SRL conventions.

2.3 Modeling Semantic Roles

2.3.1 Span vs. Dependency

Currently, there are two popular formalisms to represent the semantic predicate-argument

structure: dependency-based or span-based. The dependency-style formalism anno-

tates the syntactic heads of arguments, while span-based SRL annotates the entire ar-

gument span. In span-style annotations, the representation of the predicate-argument

structure is quadruple in form, including: the current predicate, the start and the end of

the argument span, and the corresponding relation between the argument and the cur-

rent predicate. For dependency-based annotations, only the dependency head, rather

than the start and end of each argument span, is labeled. As a result, the annotation for

each argument is a “triple”, including: the predicate, the syntactic head of the argument

span, and their relationships.

As illustrated in Figure 2.6, span-style annotation provides information for the en-

tire span, while dependency-based SRL merely concentrates on the dependency head

of each argument. For example, in Figure 2.6, the span On the wall outside the head-

quarters provides information regarding the location of an event; thus, it is annotated

with AM-LOC. For a dependency-based SRL, On is the dependency root of the sub-

tree derived by syntactically parsing On the wall outside the headquarters. As a result,

only On is labeled with AM-LOC.
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Figure 2.7: Steps in an SRL system (dependency-based).

Both span- and dependency-based annotations can represent semantics effectively,

and one annotation type can be transformed into the other style on the basis of a gold

syntactic structure. The discussion regarding the potential superiority of one form or

the other has persisted for several years. In Johansson and Nugues (2008) and Li et al.

(2019b), for example this topic has been discussed, and both papers reach the same

conclusion: the best dependency-based SRL model available at the time outperformed

the best span-based model, and significantly so.. Recently, Li et al. (2019a) proposed a

new cross-style semantic role labeling convention, which annotates the entire span and

dependency head simultaneously. In this thesis, we mainly concentrate on dependency-

based SRL, although our methods are also compatible with span-style SRL.

2.3.2 SRL, Step by Step

The input for an SRL system is typically raw text. One must usually take a few steps

to process it and label the semantic roles (Björkelund et al., 2009; Toutanova et al.,

2008). The text is analysed sentence by sentence. Figure 2.7 provides an overview of

the main steps in a dependency-based semantic role labeling system. First, sentences

are syntactically analysed; subsequently, predicate identification and disambiguation
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Figure 2.8: Predicate disambiguation for the predicate found in a sample sentence. The table
in the upper part of the Figure shows the content of frame files defined for the verb find. Its first
sense (i.e., find.01) agrees with the context of found in the sample sentence.

take place. The job of a predicate identifier is to identify all predicates in a sentence.

These predicates are typically expressed as verbs. Nonetheless, some other syntactic

categories (e.g., nouns and adjectives) can also play the role of a predicate. Each

predicate in a sentence might have multiple senses. For example, in PropBank, usages

of each predicate are stored in the frame set9, and predicate disambiguation must take

place to determine to which frame the current predicate belongs. A detailed example

is given in Figure 2.8.

Given a predicate and its sense, the next step is filtering (or pruning) candidate

arguments. Since a continuous or discontinuous sequence of words might be an ar-

gument, extensive exploration of such a candidate space is not feasible (besides being

unnecessary), because it is large and unbalanced (i.e., most sequences are not actual

arguments of the predicate). Xue and Palmer (2004) produced a simple algorithm to

prune arguments, relying on syntactic parse trees of input sentences. The pruning al-

gorithm in Xue and Palmer (2004) is described as follows:

9http://verbs.colorado.edu/propbank/framesets-english-aliases/
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1. Designate the predicate as the current node and collect its sisters (constituents

attached at the same level as the predicate) unless its sisters are coordinated with

the predicate. If a sister is a PP, also collect its immediate children.

2. Reset the current node to its parent and repeat Step 1 till it reaches the top level

node.

The third step consists of scoring candidate arguments locally by learning a func-

tion that outputs scores for all possible role labels. Note that there is an extra “no-

argument” label to indicate candidates that are not considered to be arguments. In

some SRL systems, scoring is divided into two sub-processes, namely argument iden-

tification and argument classification. During argument identification, the system only

scores between “argument” and “non-argument” labels. Only candidates labeled as

“argument” participate in argument classification, which then assigns each argument a

particular semantic role.

In local scoring, decisions for each candidate are independent of one another. In

the final step, the predictions of local scorers are combined to obtain a global structure

of labeled arguments for the current predicate. This process is referred to as global

scoring or joint scoring, and it is often implemented by ensuring that a labeling result

satisfies a set of structural and SRL-dependent constraints (He et al., 2017; Punyakanok

et al., 2008). We list some example constraints as follows:

1. BIO Constraints for span-based SRL: these constraints reject any sequence that

does not produce valid BIO transitions, such as BARG0 followed by IARG1.

2. Punyakanok et al. (2008) describe a list of SRL specific global constraints:

• Unique core roles: each core role (ARG0-ARG5, ARGA) should appear

once, at most, for each predicate.

• Continuation roles: a continuation role C-X can exist only when its base

role, X, is realized before it.

• Reference roles: a reference role R-X can exist only when its base role X

is realized (not necessarily before R-X).

Currently, there are many variations (Cai and Lapata, 2019b; Daza and Frank,

2019; Marcheggiani et al., 2017) of the four-step SRL system. Some systems, es-

pecially those built for dependency-based SRL (Cai and Lapata, 2019b; Marcheggiani
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et al., 2017), might omint either one or a few steps, e.g., they may adopt local scoring

only, or they may skip candidate argument pruning. In dependency-based SRL, candi-

date arguments consist of single words, instead of word sequences. Hence the explo-

ration of the candidate space becomes feasible and argument pruning can be bypassed

(Marcheggiani et al., 2017). A similar situation occurs during scoring, as dependency-

based SRL systems do not need to label out the entire span. This in turn greatly reduces

the constraints on the labeling result and the necessity of global scoring (Marcheggiani

et al., 2017).

2.4 Evaluation

A standard automatic SRL model generally works as follows: given a sentence and a

target predicate, it finds the arguments of the predicate and marks them with a semantic

role. Evaluation for SRL systems tends to be performed in terms of precision, recall,

and F1 of the labeled arguments. For span-based SRL, during evaluation, an argument

is only considered to be correctly labeled when its boundaries and semantic role labels

meet the gold standard. For dependency-based SRL, the role labels of each word are

considered independently; this is similar to common classification tasks.

Formally, let G denote the set of gold arguments, C the set of arguments predicted

by the SRL system to be evaluated. Precision can be defined as:

Precision =
|G∩C|
|C|

(2.1)

and recall is calculated as follows:

Recall =
|G∩C|
|G|

(2.2)

The F1 score is defined as:

F1 = 2∗ Precision∗Recall
Precision+Recall

(2.3)

Equations (2.1) and (2.2) apply only to argument labeling. Nonetheless, some
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Figure 2.9: Dependency-based labeling results of a sample sentence.

evaluators also take predicate disambiguation into consideration. The result (word

sense ids) of predicate disambiguation is treated in the same fashion as role labels, and

participates in the calculation of precision and recall. Therefore, precision and recall

are redefined as:

Precision =
|G∩C|+Ncorrect

|C|+Npredicate
(2.4)

Recall =
|G∩C|+Ncorrect

|C|+Npredicate
(2.5)

where Ncorrect is the number of predicates, the sense of which is correctly assigned by

the end-to-end SRL system, and Npredicate is the total number of predicates in the test

set.

Given the example provided in Figure 2.9, when one performs evaluation without

predicate disambiguation, precision is 2
4 because two out of four semantic roles are in-

correct. On is incorrectly labeled as AM-TMP and outside is incorrectly labeled with

AM-LOC. Recall is 2
3 , since there are only 3 arguments in gold. If predicate disam-

biguation is taken into consideration, precision becomes 2
5 and recall becomes 2

4 . In

practice, predicate disambiguation is easier than argument labeling. Hence, evaluation

results tend to be improved when disambiguation results are taken into account.

2.5 Summary

Frames convey knowledge of events by specifying participants and their semantic

roles. Semantic role labeling tries automatically to extract frames from input sentences

and to label participating entities with semantic roles. Large-scale empirical resources

such as FrameNet and PropBank provide training data for data-driven SRL systems.
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These resources, follow different linguistic theories, and as a result, employ different

predefined role sets and labeling schema.

Apart from the labeling of inventories, semantic role annotations also differ in their

style (i.e., they may be dependency-based or span-based). Both span- and dependency-

based annotations can represent semantics effectively, and one annotation type can

easily be transformed into another style easily. Despite differences in labeling and

annotation style, SRL systems typically a adopt a set of common steps to process

input sentences and label the semantic roles. With the development of neural SRL

systems, certain few steps (e.g., argument pruning and global inference) have become

less critical and are often skipped (Daza and Frank, 2019; Marcheggiani et al., 2017).

For evaluation, we use precision, recall and the F1 score to measure the performance of

SRL systems. The final result depends on whether predicate disambiguation is taken

into consideration or not.
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Semantic Role Learning Settings

Before presenting our models for semantic role labeling, it is important to describe

the methodological issues accompanying the task. Below, we will establish various

learning settings in which our models are applied.

We start by giving a definition of supervised semantic role labeling, which is mono-

lingual and has access to labeled data. Supervised semantic role labeling, as intro-

duced in Section 3.1, relies on high-quality annotations that are costly to obtain, and

mostly unavailable in low-resource scenarios (e.g., rare languages or domains). Semi-

supervised semantic role labeling aims to reduce the annotation effort involved via

semi-supervised learning, which is introduced in Section 3.2. When labeled data are

not available, unsupervised semantic role labeling (see Section 3.3) performs semantic

analysis without annotations for predicates, arguments, or argument roles.

The above settings are all monolingual, and in Section 3.4, we introduce the setting

of cross-lingual semantic role labeling. This aims at leveraging existing annotations in

a source language to minimize the effort required to construct a model or labels for a

new target language.

25
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3.1 Supervised Semantic Role Labeling

Semantic role labeling, i.e., the detection of semantic arguments in natural language

text for a specific predicate, is most commonly modeled as a fully supervised sequence

labeling task (He et al., 2018; Marcheggiani et al., 2017). As such, it requires a dataset

C consisting of labeled training instances {(si,gi)}
|C|
i=1, where si is a sentence in raw

text and gi are the gold labels for sentence si. Assuming that w j is the j-th word in

si, its corresponding gold label l j also appears at the j-th position in gi. Therefore, si

and gi usually share the same sequence length n, and si can be viewed as a sequence

of words (w1,w2, ...,wn). Meanwhile, gi is a sequence of labels (l1, l2, ..., ln), each of

which can be found in a pre-defined set r of semantic roles.

As discussed in Section 2.2, empirical resources lack a unified annotation standard,

and as a result, training datasets built on the basis of these semantic resources tend to

follow different annotation conventions. As a collection of possible semantic roles, set

R also varies with different datasets. Figure 3.1 shows a toy example of a semantic role

labeling training set (top left), which consists of sentences paired with gold semantic

labels. The sentences in Figure 3.1 were selected from the CoNLL-2009 shared task

English SRL dataset. The goal is to train a labeler (bottom) and use it to predict the

semantic roles of unseen test instances (top right). Predicate disambiguation is not

shown in Figure 3.1, and a classifier for word senses can be learnt in a similar manner

to the semantic role labeler.

A semantic role labeler, parameterized by θ, will produce a score over all labels in

a role set. Formally, for i-th word wi in input sentence s, given current predicate wp, the

score for j-th semantic role r j produced by the trained SRL system is s(r j|wi,wp,s).

The probability distribution over all roles can be obtained by normalizing the collection

of role scores:
Pθ(r|wi,wp,s) = softmax{s(r1|wi,wp,s),

...,s(rnr |wi,wp,s)}
(3.1)

where nr is the size of the role set. SRL systems, without a global inference step,

directly output role labels with the highest scores or probabilities as the final result.

Otherwise, scores or probabilities are fed to another model, which tries to find a good

global role assignment for the identified arguments.
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Figure 3.1: A toy example of supervised semantic role labeling. Words in red are predicates
and _ indicates non-arguments. A training set (top left) is used to train a semantic role labeler.
The trained model (bottom) outputs scores of all roles for each word in unseen sentences.

3.2 Semi-supervised SRL

Compared with labeled data, the size of which tends to be limited by the cost of man-

ual annotation, it is much easier to collect a large quantity of data without annotations

(unlabeled data). Models trained with only labeled data often lack generalization abil-

ity for other data (or domains), especially when the size of labeled samples is small

(or these samples all come from a single domain). Semi-supervised learning (Clark

et al., 2018; McClosky et al., 2006) tries to leverage both labeled and unlabeled data

to improve the performance of models vis-à-vis test data . For semi-supervised learn-

ing to work, certain assumptions will have to hold. One common assumption is the

cluster assumption: if data points are in the same cluster, they are likely to be of

the same class. Another common assumption is the manifold assumption: the (high-

dimensional) data lie (roughly) on a low-dimensional manifold. In fact, no matter the

clustering assumption or the manifold assumption, its essence is the basic assumption

that “similar samples have similar outputs”. Without such assumptions, it would never
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Figure 3.2: A toy example of semi-supervised semantic role labeling. Samples in the unlabeled
dataset are plain text without annotations of predicates and arguments.

be possible to generalize from a finite training set to a set of possibly infinite unseen

test cases.

Semi-supervised learning can be further divided into inductive learning and trans-

ductive learning. The former aims to output a prediction function, which is defined on

the entire data space, while transductive learning tries to perform predictions only for

the test points. In other words, pure semi-supervised learning is based on an “open

world” assumption, entailing the hope that the learnt model can be applied to unob-

served data during the training process. Conversely, transductive learning is based on

a “closed world” assumption, which only tries to understand the unlabeled data ob-

served during the learning process. In this thesis, we adopt the setting of inductive

learning.

In the context of semantic role labeling, high-quality annotations (of semantic pred-

icates and their arguments) are expensive, and mostly unavailable in low resource sce-

narios (e.g., rare languages or domains). This underpins the need for effective semi-

supervised methods that leverage unlabeled examples. Compared with labeled data,
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unlabeled data (e.g., Wikipedia articles that are freely available online) are widely dif-

fused on websites and thus can be easily obtained. Sizes of unlabeled datasets tend to

be much larger than those of labeled datasets, and have been successfully used in var-

ious NLP tasks (e.g., pretrained language models in Mikolov et al. (2013) and Devlin

et al. (2018)).

Formally, semi-supervised SRL requires two datasets: a labeled dataset C consist-

ing of labeled training instances {(si,gi)}
|C|
i=1 and an unlabeled dataset U consisting of

unlabeled training instances {si}
|U |
i=1. Definitions of si and gi are the same as in Sec-

tion 3.1. The output of the semi-supervised SRL system is the normalized probability

distribution over all roles, which is defined in Equation (3.1).

3.3 Unsupervised Semantic Role Labeling

Both supervised and semi-supervised semantic role labeling require a predefined role

set and a dataset with gold annotations. Therefore, these methods are limited by their

reliance on the manually role-tagged corpora such as FrameNet or PropBank, which

are expensive to produce and limited in size. To avoid the need for expensive manual

labeling of text, unsupervised semantic role labeling (Lang and Lapata, 2010, 2014)

performs semantic analysis without annotations that indicate predicates, arguments, or

semantic roles.

The process of unsupervised semantic role labeling can be divided into three steps.

The first step is predicate identification, which has been described in Section 2.3.2.

The second step is argument identification, which aims to filter non-argument tokens

and preserve all candidates that are likely to be an argument. Some non-argument

candidates might pass the filtering and be reserved. This is permissible, as these non-

argument candidates can be grouped into a separate cluster during argument classifi-

cation.

The final step of unsupervised semantic role labeling is argument classification,

and this differs fundamentally from the supervised setting. Since in the unsupervised

setting there is no predefined role set, semantic roles must be induced from the data
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Figure 3.3: Cross-lingual resources in cross-lingual SRL.

itself, and therefore this process is also referred to as role induction. Role induction

performs argument classification by grouping arguments into clusters, and each cluster

represents a semantic role. After role induction, each cluster can be assigned a seman-

tic role by a human being. Alternatively, clusters can be labeled automatically with

roles such as A0, A1, and so on, similar to the core roles used in PropBank.

3.4 Cross-lingual Semantic Role Labeling

For both supervised and semi-supervised settings, labeled datasets are vital, directly to

provide supervision for model training. For popular languages (e.g., English), we have

access to a large quantity of labeled data. Nonetheless, semantic role annotations are

not available for low-resource languages. Cross-lingual SRL (Aminian et al., 2019;

Kozhevnikov and Titov, 2013) offers the possibility of learning models for a low-

resource language (target language) using annotated data from other languages (source

language).

Formally, cross-lingual SRL requires a labeled dataset CSL for the source language

consisting of labeled training instances {(sSL
i ,gSL

i )}|C
SL|

i=1 . Moreover, some cross-lingual
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resources can be also utilized: with the development of neural machine translation,

some translation tools (e.g., Google Translate1) with robust performance are available

free of charge, in contrast to annotations. Parallel datasets (e.g., Europarl Parallel

Corpus2) are also available for many languages. As shown in Figure 3.3, translation

engines can be used to translate a source-language sentence sSL
i into a target-language

sentence. A parallel corpus CP consists of source-target sentence pairs {(sS
i ,s

T
i )}
|CP|
i=1

without SRL annotations, where sT
i can be regarded as the result of translating sen-

tence sS
i into the target language, and vice versa. Although cross-lingual resources

do not contain SRL annotations for target-language sentences, they are the basis for

performing cross-lingual testing. For testing, we apply a trained system to an un-

seen target-language labeled dataset CT L, which consists of labeled testing instances

{(sT L
i ,gT L

i )}|C
T L|

i=1 .

It is straightforward to obtain an SRL model for the source language for which la-

beled data are available. In this way we obtain a mono-lingual semantic role labeler for

the source language, and its parameters are optimized to learn conditional probability

distributions P(gSL|sSL) of that source language. In practice, due to the differences

between source and target languages, sSL and sT L are distributed in different areas of

the input space.

Hence, feeding sT L directly to the source-language labeler as input usually fails to

yield satisfying results. Cross-lingual resources provide opportunities to transfer the

supervision signal from the source language to the target, while not relying on human

annotations on the target side. The evaluation of a cross-lingual labeler is straight-

forward: we test the labeler on unseen target-language samples, the semantic roles of

which are given. The reader should note that there is no source-language sample in the

test set, since we are concerned only with performance regarding the target language.

Figure 3.4 illustrates the training and evaluation of a cross-lingual SRL system.

1https://translate.google.com/
2https://www.statmt.org/europarl/

https://translate.google.com/
https://www.statmt.org/europarl/
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Figure 3.4: Steps of cross-lingual SRL.

3.5 Summary

In this chapter, we have introduced different learning settings for semantic role label-

ing. Supervised semantic role labeling relies purely on large quantities of hand-labeled

sentences, which are costly to obtain. Trained SRL models produce a probability dis-

tribution over semantic roles and are tested on unseen samples. In order to improve the

performance of SRL systems without the need for more hand-labeled instances, semi-

supervised SRL draws upon unlabeled data, which can be obtained more easily. When

labeled data are not available, unsupervised semantic role labeling can still classify ar-

guments by grouping them into different clusters, each of which represents a semantic

role.

In contrast to those monolingual SRL systems, cross-lingual semantic role labeling

tries to transfer a system trained on a source language to a target language, with no

access to target-language labeled data. When performing cross-lingual training, certain

cross-lingual resources, such as a parallel corpora and translation tools, are employed.

The test set only contains target-language samples, as we are only concerned with

performance in terms of the target language.
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Supervised Semantic Role Labeling

In this chapter, we present a supervised approach for the detection of semantic roles

in sentences. Our goal is to design neural models that learn to label semantic roles

with the help of dependency information. Instead of relying on external dependency

parsing tools, we enable our model to extract dependency features by training it with

gold dependency annotations in a supervised fashion.

To that end, besides an LSTM-based semantic role labeler, we propose a depen-

dency information extractor jointly trained with two auxiliary tasks: dependency label

prediction and link type prediction. The former focuses on predicting the dependency

labels of predicates as opposed to all words (labels of red arcs in Figure 4.1) in a depen-

dency tree. The latter aims to capture how semantic predicates are linked to adjacent

words in a sentence. Specifically, we are interested in predicting whether they are

linked, and, if they are, what type of link they have. The auxiliary tasks provide syn-

tactic information that is specific to semantic role labeling and is learned from training

data (dependency annotations) without relying on existing dependency parsers, which

can be noisy (e.g., on out-of-domain data or infrequent constructions).

We evaluate our model on different domains and multiple languages. Experimen-

tal results on the CoNLL-2009 benchmark show that our model outperforms baseline

models in English (on in-domain and out-domain test data), and additionally improves

SRL performance in other languages, including Chinese, Czech, and Spanish.

33
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He no longer crowds the plate

NMOD

SBJ

AMOD TMP
OBJ

ROOT

Figure 4.1: Dependency structure of sentence He no longer crowds the plate. Dependency
arcs and labels pertaining to the predicate crowds are in red.

4.1 Introduction

The successful application of neural networks to various NLP tasks (Bahdanau et al.,

2015; Vinyals et al., 2015) has provided a strong impetus to develop end-to-end models

for semantic role labeling, which forego the need for extensive feature engineering.

Some recently proposed methods (He et al., 2018; Li et al., 2019b; Marcheggiani et al.,

2017) rely on bi-directional recurrent neural networks (Hochreiter and Schmidhuber,

1997) and predict semantic roles from textual input.

Previous work (He et al., 2017; Marcheggiani et al., 2017) has achieved competitive

results while being syntax agnostic, thereby challenging the conventional wisdom that

parse trees provide a better form of representation for assigning semantic role labels

(Johansson and Nugues, 2008). There are, however, good reasons why syntax ought to

help semantic role labeling. We show an example with role labels in the style of Prop-

Bank (Palmer et al., 2005) and gold dependency structure in Figure 4.2. As we can

see, many arcs in the syntactic dependency graph are mirrored in the semantic depen-

dency graph (e.g. A0 and SBJ), suggesting that syntactic dependencies could provide

useful information to the SRL task. Furthermore, predicates are typically associated

with a standard linking: a deterministic mapping from syntactic roles to semantic ones

(Lang and Lapata, 2010). For example, object (OBJ) is commonly mapped onto role

A1, whereas A0 is often realized as a subject (SBJ) . Although there are no such deter-

ministic mappings in some cases, semantic roles are still related to certain dependency

labels, such as the syntactic label TMP and the semantic role AM-TMP.

The relatedness between syntactic labels and semantic roles has provided motiva-

tion (Marcheggiani and Titov, 2017; Roth and Lapata, 2016) to incorporate syntactic

information into neural models in semantic role labeling. One major obstacle is the
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He no longer crowds the plate

NMOD

SBJ

AMOD TMP
OBJ

ROOT

A0

AM-TMP

A1

Figure 4.2: Example sentence from the CoNLL-2009 English dataset annotated with syntactic
dependencies (bottom) and semantic roles (top).

tree structure of dependency labels, which prevents dependency labels from being di-

rectly fed as input of sequence-modeling encoders like LSTMs and transformers. The

question of how to incorporate structural dependency information has met different

answers in the literature. Instead of extracting features from the entire dependency

tree, dependency paths have been widely used instead of tree structures not only for

the SRL task (Roth and Lapata, 2016) but also for other downstream tasks such as re-

lation classification (Cai et al., 2016; Liu et al., 2015). Dependency paths can be taken

as input conveniently; however, many useful words and syntactic information outside

these paths are discarded. Marcheggiani and Titov (2017) make use of graph convolu-

tional networks (GCNs; Duvenaud et al. 2015; Kearnes et al. 2016; Kipf and Welling

2017), which is a recent class of multilayer neural networks operating on graphs. Each

word in the input sentence is regarded as a node, and GCNs are used to encode relevant

information about its neighborhood in syntactic dependency trees as a real-valued fea-

ture vector. As a one-layer GCN encodes only information about immediate neighbors,

multiple layers are stacked together to encode K-order neighborhoods (i.e., informa-

tion about nodes at most K hops aways).

Another problem is that gold dependency trees are not available at test time. De-

spite recent advances in dependency parsing (Dozat and Manning, 2016; Kiperwasser

and Goldberg, 2016), utilizing the output of external dependency parsers inevitably in-

troduces noise for SRL systems, where errors propagate to later processing stages and

thereby affect model performance. To mitigate the impact of noisy parses, Marcheg-

giani and Titov (2017) calculate a scalar gate for each edge in the dependency tree.

However, their system’s performance decreases when more than one GCN layers are

stacked, and this is perhaps caused by noisy information amplified by the stacking
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operation.

In this chapter, we argue that syntactic information is important for semantic role

labeling while syntactic parsers are not. Our key idea is to focus on dependency fea-

tures which provide important information for SRL without full syntactic analysis of

input sentences. Instead of extracting information from every node and edge in de-

pendency trees, we concentrate on the dependency structures pertaining to the current

predicate. According to statistics from the CoNLL-2009 English development set, a

majority of arguments (68%) are directly linked with predicates in dependency trees

or are predicates themselves.

The backbone of our model is an LSTM based semantic role labeler jointly trained

with a dependency information extractor performing two auxiliary tasks: predicting

the dependency label and link type between a word and the predicate. The extrac-

tor provides dependency information that is specific to the SRL task and is learned

from training data (gold dependency annotations) without ever utilizing an external

parser. Inspired by ELMo (Peters et al., 2018), we also utilize the combination of

the intermediate-layer representations in the dependency information extractor. The

embeddings of dependency information and intermediate-layer representations com-

pose syntax-aware representations, which are fed to the semantic role labeler as a part

of input. The main body of our semantic role labeler contains (1) a stacked bidirec-

tional Long Short-term Memory neural network (BiLSTM) serving as the sentence

encoder, and (2) a biaffine attentional scorer (Dozat and Manning, 2016), which pre-

dicts the semantic role for each word in the input sentence. Experimental results on

the CoNLL-2009 benchmark dataset show that our model can outperform baselines in

English, and improve SRL performance in other languages, including Chinese, Czech,

and Spanish.

4.2 Dependency Information Extractor

Unlike other syntax-aware SRL systems (He et al., 2018; Marcheggiani and Titov,

2017) relying on external parsing tools, we introduce a dependency information ex-

tractor to obtain dependency information about semantic predicates in input sentences.
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The extractor is trained for two auxiliary tasks: dependency label prediction and link

type prediction. Both tasks focus on predicting the dependency information of predi-

cates as opposed to all words in a dependency tree. As predicate information is required

by the dependency information extractor, it operates over sentences after predicate

identification (and disambiguation) has taken place.

4.2.1 Dependency Information Pertaining to Predicates

Dependency parsing tries to analyze the grammatical structure of a sentence and es-

tablish the relationships between “head” words and their dependents. Basically, a de-

pendency relationship consists of a head (H), a dependent (D) and a label identifying

the relation between H and D. The dependency structure of a sentence is a tree with

the words of the sentence as its nodes, among which the only one is linked with a vir-

tual root node (ROOT). Figure 4.1 gives the dependency structure of sentence He no

longer crowds the plate, where crowds is a predicate and related to ROOT. To ensure

the dependency structure is a tree, it usually has the following properties:

1. connected: every node is related to at least one other node;

2. single headed: every node (except ROOT) has exactly one incoming edge (from

its head);

3. acyclic: the graph cannot contain cycles of directed edges.

There are mainly two types of dependency parsers: graph-based dependency pars-

ing based on maximum spanning trees (Dozat and Manning, 2016) and transition-

based dependency parsing which are an extension of shift-reduce parsing (Kiperwasser

and Goldberg, 2016). These parsers try to find every head-dependency pair present in

sentences, and the time complexity of graph-based approaches can reach O(n2). We

observe that the majority of arguments (approximately 68%) in the CoNLL-2009 En-

glish development set are directly linked to the predicate or are predicates themselves.

In this chapter, rather than capturing information relating to every arc in the depen-

dency tree, we concentrate on dependency structures pertaining to the predicate in a

given sentence (e.g., red-colored arcs in Figure 4.1). In this way, dependency informa-

tion unrelated to predicates is filtered out. Moreover, compared with tree structures,

remaining dependency information can be more easily fed to sequence modeling neu-
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Figure 4.3: Sentence encoder in dependency information extractor.

ral networks.

4.2.2 Sentence Encoder

Let x̂w denote the representation of word w in a sentence of length n, and x̂w is the

concatenation of a few vectors, i.e., a randomly initialized word embedding x̂re
w , a pre-

trained word embedding x̂pe
w , a randomly initialized part-of-speech tag embedding x̂pos

w

and a randomly initialized embedding x̂ f lag
w , which is a binary flag indicating whether

the current word is a predicate. Additionally, we further enhance the word representa-

tion by concatenating an external embedding x̂lm
w from a pretrained successful language

models, ELMo (Embeddings from Language Models) (Peters et al., 2018). Compared

with x̂re
w and x̂pe

w , x̂lm
w is contextualized and fixed during training. The word representa-

tion is thus given by x̂w = x̂re
w ◦ x̂pe

w ◦ x̂pos
w ◦ x̂ f lag

w ◦ x̂lm
w , where ◦ represents the concate-

nation operator.

Word representations are contextualized with a bi-directional re-current neural net-
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Figure 4.4: The dependency label predictor outputs labels of each word in the sentence He no
longer crowds the plate and crowds is namely the current predicate.

work with long-short term memory units (LSTM;Hochreiter and Schmidhuber (1997)).

A bidirectional LSTM receives at time step t a representation x̂t for each word and

recursively computes two hidden states, one for the forward pass (
−→
ht ), and another

one for the backward pass (
←−
ht ). Each word is the concatenation of its forward and

backward LSTM ht = c
−→
ht ◦
←−
ht . Figure 4.3 illustrates the architecture of our sentence

encoder.

4.2.3 Dependency Label Prediction

As discussed in Section 4.2.1, our model focuses on predicting the dependency labels

of predicates as opposed to all words in a dependency tree. Taking Figure 4.1 as an

example, our model solely tries to output the labels of arcs related to the predicate (red-

colored). For each arc (w, p) linking predicate p and modifier w, our model assigns the

dependency label l with the highest score according to a biaffine scorer (BiaffineLBL ):

label(w, p) = argmax
l∈labels

BiaffineLBL [l] (4.1)

= argmax
l∈labels

Biaffine(hp,hw, l) (4.2)

where l are pre-defined dependency labels (e.g., SBJ, OBJ), hp and hw are hidden states

for predicate p and modifier w respectively, produced by bidirectional sentence encoder
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Figure 4.5: Link type predictor outputs a label for each word in sentence He no longer crowds
the plate and crowds is the predicate of interest.

in Figure 4.3. The inner structure and output labels of dependency label predictor is

shown in Figure 4.4. The score of dependency label l between predicate p and word w

is calculated by a BiaffineLBL scorer as follows:

Biaffine(hp,hw, l) = hpWlhw +Ul(hp ◦hw)+bl (4.3)

where Wl , Ul , and bl are parameters updated during training.

4.2.4 Link Type Prediction

In Section 4.2.3, our model tries to predict dependency labels of arcs pertaining to the

predicate of interest while ignoring the direction of these arcs. Here we aim to capture

how semantic predicates are linked to adjacent words in a sentence. Specifically, we

are interested in predicting whether they are linked, and, if they are, what type of link

they have. Analogously to dependency label prediction, we only focus on dependency

arcs pertaining to the predicate, rather than all arcs in the dependency tree, and assign

each word a label representing its link type in relation to the predicate. Label “NULL”
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indicates there is no arc between a word and the predicate, whereas labels “Child”

and “Parent” represent child and parent nodes of the predicate, respectively. We ex-

tract predicate linking information from dependency trees, and use a MLP predictor to

identify link type information for word w:

MLPLN K =WLN K tanh(WLhw) (4.4)

where WLN K and WL are parameter matrices. Different from the biaffine scorer in the

dependency label predictor, MLPLN K does not explicitly use hp, namely, predicate-

specific information. By doing this, we force the model to learn the linking between

long-distant word pair. For a sentence with multiple predicates, the dependency infor-

mation extractor will produce different results for each predicate.

4.3 Syntax-aware Semantic Role Labeler

Figure 4.6 presents an overview of our end-to-end SRL system. The sentence encoder

of the semantic role labeler (the upper block in Figure 4.6) takes syntax-aware word

representations as input and produces hidden states for each word. The semantic role

labeler estimates the probability of role r given the hidden states of candidate argument

word w and predicate word p:

p(r|hw,hp, l) ∝ exp(Wl,r(hw ◦hp)), (4.5)

where hw and hp are representations for word w and predicate p, respectively, and l is

the lemma of predicate p; symbol ◦ denotes concatenation and ∝ signifies proportion-

ality. Following Marcheggiani and Titov (2017), matrix Wl,r is the joint embedding of

role r and the predicate lemma l using a non-linear transformation:

Wl,r = ReLU(U(el ◦ er)), (4.6)

where U is a parameter matrix, and el ∈ Rd
′
l and er ∈ Rdr are randomly initialized

embeddings of predicate lemmas and roles. This way, each role prediction is predicate-

specific, and a good representation for roles associated with infrequent predicates can

be learned.
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Figure 4.6: Model overview: Dependency information extractor (bottom) and a semantic role
labeler (top). Colored lines are syntax-aware representations for the word He and are shared
between the two components. In the semantic role labeler, the representation of each input
token consists of its word embeddings and syntax-aware representations.

The model’s training objective L is the weighted sum of objectives for the SRL

task and the two auxiliary tasks. Formally,

L = LSR L +α(LLBL +LLN K ), (4.7)

where LSR L , LLBL and LLN K are the categorical cross-entropy of SRL, dependency

label prediction and link type prediction tasks, respectively. α is a scalar weight for the

auxiliary tasks, whose value is tuned experimentally on the development dataset.
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4.3.1 Input Layer Representations

Given a sentence of length n, we use x to denote the representation of each word.

Similar to the input of dependency information extractor, x is a concatenation of mul-

tiple vectors, including a randomly-initialized word embedding xre, a pre-trained word

embedding xpe, a randomly initialized POS tag embedding xpos, a predicate indica-

tor embedding x f lag, and pre-trained language model layer features xlm. The word

representation is thus given by x = xre ◦ xpe ◦ xpos ◦ x f lag ◦ xlm, where ◦ represents the

concatenation operator.

Additionally, in order to obtain more syntax-aware representations, we take advan-

tage of hidden-layer representations vhidden, dependency label embedding elabel and

link type embedding elink. These three syntactically informed representations are con-

catenated together with x, and serve as input R to our semantic role labeler:

R = x◦ vhidden ◦ elabel ◦ elink (4.8)

4.3.2 Hidden-layer Representations

There are multiple hidden layers in the sentence encoder of the dependency informa-

tion extractor, which raises the question of how to utilize these hidden layers effec-

tively. We draw inspiration from ELMo (Peters et al., 2018), a popular pre-trained

language model based on bidirectional LSTMs. Unlike more traditional word embed-

dings (Mikolov et al., 2013), word representations in ELMo are deep and obtained by

linearly combining the representations learned at all layers of the LSTM instead of just

the final layer.

Similar with ELMo, we also utilize the combination of the hidden-layer represen-

tations in the dependency information extractor. For each word in the input sentence,

the sentence encoder (based on a BiLSTM) with L layers produces a set of 2L repre-
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sentations:

S = {
−→
h j,
←−
h j| j = 1, ...,L}

= {h j| j = 1, ...,L},
(4.9)

where h j = [
−→
h j;
←−
h j] for each hidden layer in the BiLSTM encoder. We then collapse

these representations into a single vector. Although we can simply concatenate them,

we compute a single vector vhidden as a weighting of all BiLSTM layers, followed by

a non-linear projection:

vhidden = ReLU(Whidden(γ
j=L

∑
j=1

β jh j)) (4.10)

where β are softmax-normalized weights for h j; the scalar parameter γ is of practical

importance for optimization, and has shown to be effective in Peters et al. (2018). Both

β and γ are updated during training.

4.3.3 Dependency Embeddings

A simple way to utilize the result of dependency label prediction would be to use the

embedding el of the label l with the highest confidence score. However, this would

place too much emphasis on the highest confidence labels, which can be erroneous.

Instead, we use the weighted composition of all dependency label embeddings elabel ,

which is calculated as:

elabel = ∑
l∈labels

softmax(BiaffineLBL)[l]∗ el (4.11)

where the weight of each label embedding is the normalized probability given by the

label classifier. Analogously, we represent dependency link information elink as:

elink = ∑
l∈types

softmax(MLPLN K )[l]∗ el (4.12)
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4.4 Experiments

In this section we present our experimental evaluation and analysis on the CoNLL-

2009 benchmark datasets across four languages (English, Chinese, Czech, and Span-

ish). We first present details on implementation and training, Our results are discussed

in Section 4.4.3. Ablation experiments and analysis are presented in Section 4.4.5,

which tries to evaluate the contribution of various model components.

4.4.1 Datasets

For years the Conference on Computational Natural Language Learning (CoNLL) has

been accompanied by a shared task whose purpose is to promote natural language

processing applications (Hajič et al., 2009a). In 2009, the shared task was dedicated

to the joint parsing of syntactic and semantic dependencies in multiple languages. We

evaluated our model on the English, Chinese, Czech, and Spanish CoNLL-2009 bench-

marks following the standard training, testing, and development set splits. The datasets

contain gold-standard dependency annotations, and also gold lemmas, part-of-speech

tags, and morphological features. Data for the different languages was generated by

merging various language specific treebanks such as the Penn Treebank (Marcus et al.,

1993b) and Brown corpus (Francis and Kucera, 1979) for English, the Prague Depen-

dency Treebank for Czech (Hajičová et al., 1999), the Chinese Treebank (Xue et al.,

2005) and the Proposition Bank (Xue and Palmer, 2009) for Chinese, and so on (we

refer the interested reader to Hajič et al. 2009a for details on the individual languages

and their annotations).

4.4.2 Model Settings

For English, we used the 100-dimensinal Glove vectors of (Pennington et al., 2014).

For Chinese, Spanish, and Czech, 300-dimensional word embeddings were used pre-

trained on Wikipedia using fastText (Bojanowski et al., 2017). For experiments on

English, we added contextualized ELMo embeddings (Peters et al., 2018) into the input
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Hyperparameter Value
Labeler Extractor

English word embeddings size 100 100
other languages embeddings size 300 300
character embeddings size 300 300
lemma embeddings size 100 100
POS embeddings size 16 16
LSTM hidden states size 300 300
input vectors size of biaffine scorer 300 200
BiLSTM depth 4 2
hidden-layer representations size (vhidden) 128 —
dependency embeddings size (elink & elabel) 32 —
batch size 30 30
input layer dropout rate 0.3 0.3
hidden layer dropout rate 0.3 0.3
learning rate 0.001 0.001
auxiliary tasks loss weight α — 0.5

Table 4.1: Values of hyperparameters in semantic role labeler (Labeler ) and dependency infor-
mation extractor (Extractor )

of our model. ELMo is purely character-based and pretrained on the 1 Billion Word

Benchmark1, which is publicly released as part of the AllenNLP toolkit.2

The dropout mechanism was applied to the input layer and the top hidden layer of

the BiLSTM encoders. We used the Adam optimizer (Kingma and Ba, 2014) to train

our models. We performed hyperparameter tuning and model selection on the English

development set; optimal hyperparameter values (for all languages) are shown in Ta-

ble 5.1. Predicted POS tags were provided by the CoNLL-2009 shared-task organizers.

We used the same predicate disambiguator as Roth and Lapata (2016) for all languages

which employ a pipeline of mate-tools.

4.4.3 Results

Experimental results on the CoNLL-2009 English in-domain test set are presented in

Table 4.2, and are divided into three blocks. In the first block of the table we compared

our system with models that use an external dependency parser. while in the second

1http://www.statmt.org/lm-benchmark/
2https://allennlp.org/elmo

http://www.statmt.org/lm-benchmark/
https://allennlp.org/elmo
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Single Models
(with external parser) P R F1

Björkelund et al. (2010) 87.1 84.5 85.8
Lei et al. (2015) — — 86.6
FitzGerald et al. (2015) — — 86.7
Roth and Lapata (2016) 88.1 85.3 86.7
Marcheggiani and Titov (2017) 89.1 86.8 88.0
He et al. (2018) 89.7 89.3 89.5
Single Models
(w/o external parser) P R F1

Marcheggiani and Titov (2017) 88.7 86.8 87.7
He et al. (2018) 89.5 87.9 88.7
Ours (w/o ELMo) 90.7 88.5 89.7
Ours (with ELMo) 91.0 89.1 90.1
Ensemble Models P R F1
FitzGerald et al. (2015) — — 87.7
Roth and Lapata (2016) 90.3 85.7 87.9
Marcheggiani and Titov (2017) 90.5 87.7 89.1

Table 4.2: English results on the CoNLL-2009 in-domain (WSJ) test set.

block our system are compared with those that do not. Results of various ensemble

SRL models are reported in the third block for comparison. For a fair comparison with

some recent models (He et al., 2018; Marcheggiani and Titov, 2017), we present per-

formances with and without contextualized word embeddings (ELMo). Most baseline

models are based on BiLSTMs (He et al., 2018; Marcheggiani et al., 2017; Marcheg-

giani and Titov, 2017) or learning SLR-specific embeddings (FitzGerald et al., 2015;

Roth and Lapata, 2016). Results for two strong symbolic models are also reported;

these are based on tensor factorization (Lei et al., 2015) and a pipeline of modules that

carry out tokenization, part-of-speech tagging, dependency parsing , and semantic role

labeling (Björkelund et al., 2010).

As shown in Table 4.2, our model outperforms previous single and ensemble mod-

els, regardless of whether they utilize a dependency parser or not (the differences

over the baseline models are statistically significant at p < 0.05 using stratified shuf-

fling (Noreen, 1989)). With ELMo embeddings, our model outperforms the best base-

line model (He et al., 2018) by 0.6% in F1 score, which is a syntax-aware model prun-

ing candidate arguments from the output of an external parser. It is worth noting that

the performance of He et al. (2018) drops from 89.5% to 88.7% when an external

parser is not available. Recall that our model extracts dependency information on its



Chapter 4. Supervised Semantic Role Labeling 48

Single Models
(with external parser) P R F1

Björkelund et al. (2010) 75.7 72.2 73.9
Lei et al. (2015) — — 75.6
FitzGerald et al. (2015) — — 75.2
Roth and Lapata (2016) 76.9 73.8 75.3
Marcheggiani and Titov (2017) 78.5 75.9 77.2
He et al. (2018) 81.9 76.9 79.3
Single Models
(w/o external parser) P R F1

Marcheggiani et al. (2017) 79.4 76.2 77.7
He et al. (2018) 81.7 76.1 78.8
Ours (w/o ELMo) 80.3 78.4 79.4
Ours (with ELMo) 81.0 78.8 79.9
Ensemble Models P R F1
FitzGerald et al. (2015) — — 75.5
Roth and Lapata (2016) 79.7 73.6 76.5
Marcheggiani and Titov (2017) 80.8 77.1 78.9

Table 4.3: English results on the CoNLL-2009 out-of domain (Brown) test set.

own, and thus is not affected by the availability and quality dependency parsers.

Table 4.3 presents the results on the out-of-domain English test set. Again we

compare our model with the same models as in the in-domain case. As shown in

Table 4.3, our approach achieves better performance than comparison systems even

without utilizing ELMo embeddings (the differences over the baseline models are sta-

tistically significant at p < 0.05 using stratified shuffling(Noreen, 1989)). With ELMo,

F1 further increases from 79.4% to 79.9% . We suspect that our model can outperform

comparison systems by a wide margin because it does not have to rely on syntactic

parsers (He et al., 2018; Marcheggiani and Titov, 2017; Roth and Lapata, 2016) while

our model does not. The performance of external parsing tools degrades significantly

on out-of-domain data, and they produce noisy dependency trees, thereby hurting the

performance of semantic role labelers relying on them. Since our model only uses

hidden features extracted automatically and the weighted sum of output embeddings,

rather than the results of any parser, it is less brittle in the out-of-domain setting.

Table 4.4 shows our results on Chinese, Czech, and Spanish. Although we have

not performed any model selection for these languages (i.e., we directly used the same

hyperparameters as in English), our approach still achieves better performance than
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Chinese P R F1
Björkelund et al. (2009) 82.4 75.1 78.6
Roth and Lapata (2016) 83.2 75.9 79.4
Marcheggiani and Titov (2017) 84.6 80.4 82.5
He et al. (2018) 84.2 81.5 82.8
Ours 85.4 81.8 83.6
Czech P R F1
Björkelund et al. (2009) 88.1 82.9 85.4
Marcheggiani et al. (2017) 86.6 85.4 86.0
Ours 87.5 86.6 87.1
Spanish P R F1
Björkelund et al. (2009) 78.9 74.3 76.5
Roth and Lapata (2016) 83.2 77.4 80.2
Marcheggiani et al. (2017) 81.4 79.3 80.3
Ours 83.3 80.4 81.9

Table 4.4: Results on the CoNLL-2009 test sets for Chinese, Czech, and Spanish.

System P R F1
Ours 86.8 84.9 85.8
w/o sharing word embeddings 86.7 84.7 85.6
w/o hidden-layer representation 86.3 84.1 85.1
w/o output embeddings 86.5 84.5 85.5
w/o multi-task learning 85.8 84.2 84.9
with full parser 86.5 85.0 85.7
w/o joint training 86.2 84.7 85.4

Table 4.5: Ablation results on the CoNLL-2009 English development set.

baseline models.

4.4.4 Analysis

In order to investigate the contribution of different components of our model, we per-

formed a series of ablation studies on the English development set. These ablation

studies are performed without ELMo embeddings, as these embeddings could intro-

duce external syntactic and semantic information, which might obscure any conclu-

sions about the effectiveness of our model. Evaluations in these experiments excludes

predicate disambiguation (i.e., the ablation study is conducted on gold predicates),

since we want to fully focus on the SRL model per se.
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Figure 4.7: Semantic role labeling performance on the English CoNLL-2009 development set;
roles are grouped into corresponding dependency relations whose proportional frequencies
shown in parentheses (x-axis).

Table 4.5 presents the results of various ablation studies against our full model (first

row). In the second block, we investigate the effect of different kinds of input repre-

sentations. First, we verified the necessity of sharing word embeddings between the

semantic role labeler and the dependency extractor. Experimental result shows that

updating word embeddings separately hurts the model slightly. Secondly, we observe

a 0.7% drop in F1 is observed when hidden-layer representations are not fed to the

semantic role labeler, indicating that hidden features captured by hidden layers for

the dependency information extraction are helpful in the semantic role labeling task.

Thirdly, we observe that not using the results of dependency label and link predic-

tion slightly hurts the performance of semantic role labeler. This result indicates that

our semantic role labeler does not rely on the performance of dependency extractor,

instead, it just cautiously makes use of the results of the dependency extractor. The

reason might be that we train the labeler and extractor simultaneously and at the be-

ginning of training process the performance of extractor is quite low, as a result our

semantic role labeler learns how to utilize the results of extractor gradually, instead of

relying on it from the start. This makes our model more robust when the performance

of the extractor drops (e.g., on out-of-domain test set).

In the third block of Table 4.5, we first examine whether multi-task learning is

helpful to our SRL task. When removing the terms (LLBL +LLN K ) from the training



Chapter 4. Supervised Semantic Role Labeling 51

objective (Equation 4.7) we observe a 0.9% drop in F1. To further investigate the im-

provement brought by multi-task learning, we compare the full model against a model

trained only for semantic role labeling (SRL only). Figure 4.7 shows results for both

models according to different dependency labels. As can be seen, the full model out-

performs SRL only on most dependency labels except OPRD and TMP, which only

account for about 2% and 3% of semantic roles, respectively. Significant improve-

ments are observed for semantic roles on NMOD, ADV, OBJ and SBJ, which appear

more frequently in the developments set. In Table 4.6, we break down the results of

two models into verbal and nominal predicates. Compared with verbal predicates, both

models are relatively weak at predicting semantic roles pertaining to nominal predi-

cates. Overall, our model outperforms SRL only, especially for nominal predicates,

bring an overall improvement of 0.9% in F1. In order to check whether improvements

are due to a larger model, we added an additional (i.e., the fifth) BiLSTM layer to the

encoder of SRL only and observed that the performance slightly decreases by 0.2% in

F1. This result indicates that only increasing the complexity of the model could not

improve the performance of SRL.

Next, we exchanged the dependency extractor with a full parser, specifically, the

graph-based neural parser proposed by Dozat and Manning (2016). Similar with the

dependency extractor, the full parser is also built upon a multi-layer BiLSTM encoder,

and its hidden layers and outputs are fed to the semantic role labeler as input. With the

full parser our model achieves a performance of 85.7% in F1, which is quite close to the

model relying on the dependency extractor. This implies that our model is able to ex-

tract most SRL-related information contained in the dependency parser while avoiding

the high overhead brought by full-blown parsing.

Finally, we substituted the dependency information extractor with an external full

parser, and took one-best outputs instead of dependency embeddings (elabel and elink)

as input to the semantic role labeler. The external parser was pretrained and its pa-

rameters fixed during the training process of SRL model. Experimental results (see

row “w/o joint training” in Table 4.5) show that compared that removing joint training

further hurts SRL performance (by 0.3 F1 points).
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Verbal Ours SRL only Frequency(%)
A0 93.0 92.2 15%
A1 93.5 92.8 21%
A2 84.5 82.8 5%
AM-* 80.9 80.1 16%
All 89.2 88.3 61%
Nominal Ours SRL only Frequency(%)
A0 84.5 83.1 10%
A1 88.0 86.3 16%
A2 82.7 81.5 7%
AM-* 77.2 75.7 5%
All 84.7 83.2 39%

Table 4.6: F1 results on the English test set broken down into verbal and nominal predicates.

4.4.5 Dependency Annotations

As described earlier, our model tries to extract dependency information without rely-

ing on external parsing tools. As a result, it requires gold dependency annotations to

train the dependency extractor. The datasets we used provide gold standard seman-

tic and syntactic annotations for every sample, which greatly facilitate model training.

However, manual annotations are expensive and not always available, so we further

conducted experiments to see whether it is possible to obtain competitive performance

with less labels.

Figure 4.8 shows how F1 changes when different amounts of dependency anno-

tations are employed for training. As in our previous ablation studies, these experi-

ments did not use character embeddings and the accuracy of predicate disambiguation

was not taken into consideration. A subset of training samples was randomly selected

(e.g., 10%, 20% and so on) with dependency annotations, and if the input sample was

in the subset, we updated model parameters during training according to the combined

loss of the SRL (see Equation 4.7) and auxiliary tasks, otherwise parameters were

updated for the SRL task only (e.g., the training objective is LSR L ).

We can see from Figure 4.8 that the performance of our model increases gradually

with more dependency annotations provided. Interestingly, a large jump in perfor-

mance (F1 improves from 84.5% to 85.8%) can be observed with only 10% of the

total dependency annotations. The model’s performance becomes competitive when
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Figure 4.8: Semantic role labeling performance on the English CoNLL-2009 development set
when different proportions of dependency annotations are used for training.

80% of the annotations are used, and remains stable when more annotations are pro-

vided. These results indicate that our model can also work effectively with only a small

amount of gold dependency labels, and its performance becomes stable when a certain

number of dependency labels are given.

4.4.6 Summary

In this chapter, we described a supervised semantic role labeler which is syntax-aware

while not relying on any external dependency parsers. Experimental results across

languages have shown that our model outperforms competitive baselines. Through ab-

lation analysis we have also confirmed that sharing word embeddings, hidden-layer

representations and joint training all contribute in improving the performance of our

SRL model. Although the dependency extractor only concentrates on syntactic infor-

mation pertaining to the predicate and closely-related neighbors, more global syntactic

information is nevertheless implicitly learned.

Compared with baselines, our model might be criticized for requiring gold depen-

dency annotations for training. However, it is able to improve upon a syntax agnostic

variant with sparse dependency annotations. Besides, external parsers usually require
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a large number of annotated data for training. In contrast, our model requires less de-

pendency annotations than baselines and obtain more useful syntax-aware features by

extracting dependency information on its own. In the next chapter, we expand the de-

pendency information extractor to a sentence learner, which is able to perform multiple

tasks subsidiary to SRL, thereby facilitating the leverage of unlabeled data.



Chapter 5

Semi-supervised Semantic Role

Labeling with Cross-view Training

In Chapter 4, we developed a supervised SRL model which uses only labeled data for

training. Now, we look at semi-supervised learning for semantic role labeling. Our

goal is to reduce the annotation effort involved via semi-supervised learning (SSL), as

high-quality annotations are costly to obtain and not available in low-resource scenar-

ios (e.g., rare domains). To this end, we apply cross-view training (CVT; Clark et al.,

2018), a recently proposed SSL approach, to the semantic role labeling task.

Cross-view training is a recently proposed semi-supervised learning algorithm that

improves the hidden representation learning of a Bi-LSTM sentence encoder using a

mix of labeled and unlabeled data. The main idea is to teach auxiliary modules that

can only see restricted views of the input to make consistent predictions with the full

model seeing the complete input. Since intermediate representations are shared by

auxiliary models and the full model, this in turn should improve the performance of

the full model. Clark et al. (2018) have shown the effectiveness of CVT on sequence

tagging tasks, machine translation, and dependency parsing. In order to apply CVT on

the semantic role labeling task which relies on various syntactic features, we develop a

sentence learner which is able to perform all tasks subsidiary to semantic role labeling

(e.g., predicate identification, POS tagging, and dependency parsing). The sentence

learner is trained on labeled data, and receives cross-view training on unlabeled data

55
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to further improve itself.

We evaluate our model on different domains and multiple languages. Experimen-

tal results on the CoNLL-2009 benchmark dataset show that it is able to outperform

baseline models in English (on in-domain and out-domain test data), and to improve

SRL performance in other languages, including Chinese, Czech, and Spanish.

5.1 Introduction

Recent successful semantic role labelers (He et al., 2017; Marcheggiani and Titov,

2017) rely on high-quality annotations of semantic predicates and their arguments for

training. However, these annotations are expensive and mostly unavailable in low-

resource scenarios (e.g., rare languages or domains), which stimulates the need for

effective semi-supervised approaches that leverage unlabeled data. Semi-supervised

learning algorithms like self-training have been historically effective for NLP tasks

(Yarowsky, 1995; McClosky et al., 2006). In self-training, a model plays the role of

both a teacher who produces pseudo labels on unlabeled examples and a student trained

to learn those labels. This process is somewhat tautological: the model is trained on

the labels produced by itself. In order to address this problem, Clark et al. (2018) take

inspiration from multi-view learning (Blum and Mitchell, 1998) and propose Cross-

View Training (CVT), which encourages the model to produce consistent prediction

across different views of the input. Compared with self-training, the students in CVT

are auxiliary prediction modules instead of the full model. The input of each auxiliary

prediction module is a subset of the full model’s intermediate representations, which

corresponds to a restricted view of the input example. The auxiliary module can learn

from the full model’s prediction which can see unrestricted input, and thereby improve

the quality of the representations they learn. Since intermediate representations are

shared between auxiliary modules and the full model, this process also improves the

full model.

Clark et al. (2018) demonstrated the effectiveness of CVT on sequence tagging

tasks, machine translation, and dependency parsing. Unfortunately, the application of

CVT to semantic role labeling is still fraught with difficulty. One factor is the nature
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of the SRL task, which has to rely on various syntactic features, even though it can

be conceptualized as a sequence labeling task (He et al., 2018; Marcheggiani et al.,

2017). How to extract these syntactic features in unlabeled data is problematic for

semi-supervised learning. Another factor is the detection of predicates in unlabeled

data (predicates are given in labeled datasets such as CoNLL2009), which has to be

performed prior to argument identification and classification.

In this chapter, we simplify semi-supervised learning for semantic role labeling and

propose a model that does not relying on external pre-processing tools. We develop

a sentence learner which can perform all tasks subsidiary to semantic role labeling,

including predicate identification, POS tagging and dependency parsing. The sentence

learner is jointly trained with the semantic role labeler during supervised and semi-

supervised training, and its outputs are taken as input features of the semantic role

labeler all the time. Apart from multi-task features, intermediate layers in the sentence

learner are also naturally provided and can be utilized as hidden-layer representations.

In addition to building a self-sufficient semantic role labeler, we show that applying

CVT to SRL needs special attention over and above the sequence tagging and depen-

dency parsing tasks discussed in Clark et al. (2018). Specifically, we investigate the

impact of different predicate selection strategies on the effectiveness of CVT for SRL.

Interestingly, we observe that performance dramatically varies with different selection

strategies. Experimental results on the CoNLL-2009 benchmark dataset show that our

model can outperform baseline models in English, and improve SRL performance in

other languages, including Chinese, Czech, and Spanish.

5.2 Sentence Learner

The sentence learner (see Figure 5.1) operates over sentences to perform all tasks sub-

sidiary to semantic role labeling (i.e., POS tagging, dependency parsing, predicate

detection), which are subsequently used to inform the decisions of the semantic role

labeler.
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Figure 5.1: Overview of the sentence learner, which performs tasks (predicate identification,
POS tagging, and dependency parsing) subsidiary to semantic role labeling.

5.2.1 Word Representations and Sentence Encoder

Since we expect to apply the sentence encoder directly on plain text without relying

on external pre-processing tools, input words are represented as the concatenation of

character-level and word-level features. Character-level features xcr are learned by

feeding character embeddings into a convolutional neural network (Chiu and Nichols,

2016). We represent words with three vectors: randomly initialized word embed-

dings xre, pre-trained word embeddings xpe estimated on an external text collection,

and pre-trained ELMo embeddings xelmo (Peters et al., 2018). The final word represen-

tation is given by x = xre ◦pe ◦xcr ◦ xelmo, where ◦ represents concatenation operation.

Following Chapter 4, we use the multi-layer BiLSTM to encode the input sentence.

For the word at time step t, the BiLSTM computes a hidden representation ht which is

the concatenation of the forward and backward LSTM state vectors (
−→
ht and

←−
ht ).
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Figure 5.2: End-to-end SRL model with multi-task learning. Tasks subsidiary to semantic role
labeling is performed by the sentence learner, and its outputs are fed to the high-level encoder.

5.2.2 Multi-task Learning

As shown in Figure 5.2, after obtaining word representations with the sentence en-

coder, the sentence learner performs POS tagging, dependency parsing, and predicate

identification simultaneously. Given sentence s, the probability distribution of POS

tags for word w is obtained by a multi-layer perceptron which is applied to the corre-

sponding encoder output h2
w (the top-layer output of Bi-LSTM encoder):

p(ypos|s,w) = softmax(U ·ReLU(Wh2
w)+b) (5.1)

For dependency parsing, words in a sentence are treated as nodes in a graph. In

particular, each word w in sentence s receives exactly one in-going edge (u,w,r) from

head word u to its dependent w with relation r. As shown in Figure 5.1, we use a

graph-based dependency parser similar to the one presented in Clark et al. (2018),

which treats dependency parsing as a classification task, and its goal is to predict which
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in-going edge (u,w,r) connects to each word w. Mathematically, the probability of an

edge is:

p((u,w,r)|s) =∝ exp(score(h2
u,h

2
w,r)) (5.2)

where “score” is the scoring function:

score(z1,z2,r) =ReLU(W headz1 +bhead)

(W r +W )ReLU(W depz2 +bdep)
(5.3)

The bilinear classifier uses a weight matrix W r specific to the candidate relation and a

weight matrix W shared across all dependency relations.

With regard to predicate identification, we introduce a virtual root following Cai

et al. (2018) who model the entire SRL task as word pair classification. Similar to the

dependency parsing module described above, representations produced by the encoder

for the virtual root and words are passed through separate hidden layers, and a biaffine

classifier is applied to produce a score for each word.

5.3 Semantic role Labeler

As shown in Figure 5.2, the primary encoder is a single layer BiLSTM and produces

hidden forward and backward LSTM state vectors
−→
h pri

t and
←−
h pri

t for word wt . Since
−→
h pri

t and
←−
h pri

t could only "see" the left and right context of wt respectively, these vec-

tors are fed to auxiliary modules for cross-view training. The sentence learner performs

all subsidiary tasks and produces multi-task feature embeddings. Following Chapter 4,

the hidden-layer representations in the sentence learner are also collapsed into a single

vector are then fed to the high-level encoder. The biaffine scorer takes hidden repre-

sentations produced by the the high-level encoder as input and then calculates scores

for each semantic role.
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5.3.1 Word Representations and Sentence Encoder

In addition to character-level and word-level features fed to the sentence learner, our

SRL model also takes multi-task features as input, which are produced by the sentence

learner. Besides, following Marcheggiani and Titov (2017), we leverage a predicate-

specific indicator embedding xie rather than directly using a binary flag. The final

word representations for the semantic role labeler is the concatenation of four types of

features: character-level, word-level, multi-task, and predicate specific features.

Concretely, multi-task features contain a composed POS tag embedding epos and

a composed dependency relation embedding edep. Both types of embeddings are

probability-weighted and calculated as follows:

epos = ∑
l∈tags

p(ypos = l|s,w)[l]∗ el

edep = ∑
r∈rels

p(ydep = r|s,u,w)[r]∗ er

(5.4)

where el and er are the embeddings of POS tags and dependency relations, respectively,

and p(ydep = r|s,u) is the probability of relation r given its predicted dependency head

u. In order to incorporate more syntactic features, we adopt the probability of linking

a word to the current predicate as an additional feature xpr. xpr consists of two scalar

values: the probability of a word being the syntactic head (phead) or dependent (pdep)

of the current predicate.

5.3.2 Multi-task Hidden Features

Inspired by ELMo (Peters et al., 2018), a recently proposed model for generating word

representations based on bidirectional LSTMs and trained with a coupled language

modeling objective, we extract various hidden features via multi-task learning. ELMo

representations are deep, essentially a linear combination of representations learnt at all

layers of an LSTM instead of just the final layer. Compared with unsupervised ELMo

representations, our sentence learner takes advantage of labeled data — it attempts to

learn representations towards multiple SRL-related tasks rather than generally effective

ones.
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Similar to the hidden-layer representation in section 4.3.2, we also utilize the com-

bination of the hidden-layer representations in the sentence learner. In order to utilize

all hidden layers in the sentence learner, we collapse them into a single vector. Al-

though we could simply concatenate these or select the top layer, we compute multi-

task hidden features hMT as a weighting of the BiLSTM layers, followed by a non-

linear projection:

hMT = ReLU(Whidden(γ
j=L

∑
j=1

β jh j)) (5.5)

where L is the depth of the sentence learner, β is softmax-normalized weights for h j,

and the scalar parameter γ is of practical importance to aid optimization (Peters et al.,

2018).

5.3.3 Biaffine Role Scorer

The advantage of biaffine scorer has been discussed in Cai et al. (2018): the distribution

of the role labels is uneven and the problem becomes worse after introducing NULL

for non-argument words, and the biaffine scorer addresses such uneven problems better

than more traditional scorers. After the high-level BiLSTM encoder produces repre-

sentations h for each word, we perform two distinct non-linear transformations for the

currently considered predicate and its candidate arguments, respectively:

hpred = ReLU(W predh+bpred)

harg = ReLU(W argh+barg)
(5.6)

where hpred and harg are hidden representations for the predicate and the candidate

arguments. The score srole of a semantic role between a predicate and its arguments is

calculated as:
srole = harg>W rolehpred

+U role(harg ◦hpred)

+brole

(5.7)

where W role, U role, and brole are parameters updated during training.
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5.4 Cross-view Training for SRL

CVT (Clark et al., 2018) is a recently proposed semi-supervised learning algorithm,

which trains the model to produce consistent predictions across different views of input.

Although CVT can be applied to a variety of NLP tasks, Clark et al. (2018) focus on

sequence modeling tasks (NER, POS tagging, and dependency parsing) where inputs

of models are solely character and word embeddings. Unlike sequence modeling tasks,

the semantic role of each argument varies with the current predicate (there might be

multiple predicates in an input sentence). In Section 5.4.2, we illustrate how to adapt

CVT for the SRL task.

5.4.1 Cross-view Training

CVT works by improving representation learning for a model. Let Dul = {x1,x2, ..,xN}
represent an unlabeled dataset, and pθ(y|xi) denote the output distribution over classes

produced by the model with parameters θ. CVT defines multiple different auxiliary

prediction modules for a model, used when learning on unlabeled examples. In Clark

et al. (2018), each auxiliary prediction module takes as input an intermediate repre-

sentation h j(xi) produced by a primary BiLSTM encoder and outputs a distribution

over all possible classes p j
θ
(y|xi). Each h j is chosen so that each auxiliary prediction

module can only see parts of the input.

During training, the model alternates between learning on a minibatch of labeled

examples and learning on a minibatch of unlabeled examples. Given an labeled ex-

ample, the model is trained in a supervised fashion (standard cross-entropy is used in

Clark et al. (2018)). Given an unlabeled example, the model first produces soft tar-

gets pθ(y|xi) by performing inference. CVT then trains auxiliary prediction modules

to match the teacher prediction module on the unlabeled data by minimizing:

LCVT(θ)=
1

Dul
∑

xi∈Dul

k

∑
j=1

D(pθ(y|xi), p j
θ
(y|xi)) (5.8)

where D is a distance function between probability distributions (we use KL diver-

gence). During training, predictions pθ(y|xi) from the teacher module keep fixed so
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that the auxiliary modules learn to imitate the teacher, but not vice versa. As auxiliary

modules train, the representations they use as input improve, so they are useful for

making predictions even when some of the models’ inputs are not available. This in

turn improves the primary prediction module, which is built on top of the same shared

representations.

5.4.2 CVT for SRL

Like Clark et al. (2018), we used a multi-layer Bi-LSTM sentence encoder. Its first

layer is used as the primary Bi-LSTM encoder, and other layers serve as the higher-

level Bi-LSTM encoder. We applied CVT on the primary Bi-LSTM encoder while

utilizing the output of the sentence learner on unlabeled data. Given unlabeled sen-

tence s = w1, ...,wT , the primary Bi-LSTM encoder produces hidden representations

hpri for each word. The sentence learner may recognize more than one words as pred-

icates in sentence s, and we just randomly choose one as the target predicate wp.

The auxiliary prediction modules take
−→
h pri

t and
←−
h pri

t as input. Specifically, we

add the following four auxiliary prediction modules to the model:

pfwd
θ

(rt |wt ,wp,s) = NNfwd(
−→
h pri

t (s))

pbwd
θ

(rt |wt ,wp,s) = NNbwd(
←−
h pri

t (s))

pfuture
θ (rt |wt ,wp,s) = NNfuture(

−→
h pri

t−1(s))

ppast
θ

(rt |wt ,wp,s) = NNpast(
←−
h pri

t+1(s))

(5.9)

The “forward” module makes predictions without seeing the right context of the

current word. The “future” module makes predictions without seeing the right context

and the current word itself. The “backward” and “past” modules are defined analo-

gously for the left contexts. Figure 5.3 illustrates the auxiliary modules and the types of

context they see. Unlike the biaffine role scorer, the auxiliary modules do not explicitly

use the hidden state of the target predicate, so as to encourage the primary Bi-LSTM

encoder to capture long-distance relations between the predicate and its context.

We empirically observed (see Section 5.5.5) that applying CVT on representations
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Figure 5.3: CVT on a sentence from the CoNLL 2009 training set. The current predicate is
believe, while commission and in are two candidate arguments.

that do not “see” the target predicate is not ideal for SRL. Therefore, we devised a

strategy that applies different auxiliary modules to each word depending on its relative

position to the target predicate. We only apply “backward” and “past” modules to

words preceding the predicate, while “forward” and “future” modules apply to words

following the predicate. In this way, we ensure that each word is aware of the current

predicate when performing CVT. In the example in Figure 5.3, “backward” and “past”

views would be applied to “commission”, and “forward” and “future” views to “in”.

To further improve the performance of auxiliary tasks, we also apply CVT on the

first hidden layer of the sentence learner, utilizing the views (the “forward”, “back-

ward”, “future” and “past” view) introduced in Clark et al. (2018) for sequence tagging

and dependency parsing.
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5.4.3 Training Objective

For both supervised training and cross-view training, our model make predictions on

labeled and unlabeled examples across all tasks (SRL and auxiliary tasks). For super-

vised training, our model is only trained on labeled data and the training objective is

the sum of cross-entropy losses for all tasks. For cross-view training, our model takes

unlabeled data as input and calculates the CVT loss given in Equation 5.8. The semi-

supervised objective is the sum of the CVT loss for all auxiliary modules across all

tasks.

5.5 Experiments

In this section we perform evaluation and analysis on CoNLL-2009 benchmark datasets

across four languages (English, Chinese, Czech, Spanish). Details on implementation

and training are presented in Section 5.5.2, experimental results are discussed in Sec-

tion 5.5.2. Ablation experiments and analysis are presented in Section 5.5.5, which

aims to evaluate the contribution of the sentence learner and the cross-view training.

5.5.1 Datasets

For supervised training and evaluation, we use the English CoNLL-2009 benchmark

following the standard training, testing, and development set splits. To evaluate whether

our model generalizes to other languages, we also report experiments on Chinese,

Czech, and Spanish, again using standard CoNLL-2009 splits. This subset of lan-

guages has been commonly used in previous work (Björkelund et al., 2009; Marcheg-

giani et al., 2017) and allows us to compare our model against a wide range of alterna-

tive approaches. The benchmarks contain gold-standard dependency annotations and

also gold lemmas, part-of-speech tags, and morphological features.

For cross-view training, we take advantage of a series of unlabeled datasets. Con-

cretely, we used the 1 Billion Word Language Model Benchmark (Chelba et al., 2013)
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for English, the Sougou News Data1 for Chinese, the Czech Text Document Corpus2

for Czech, and the Spanish Language News Corpus3 for Spanish.

Hyperparameter Value
Labeler Learner

English word embeddings size 100 100
other languages embeddings size 300 300
character-level representations 100 100
lemma embeddings size 100 100
POS embeddings size 16 16
LSTM hidden states size 400 300
input vectors size of biaffine scorer 300 200
primary BiLSTM depth 1 1
high-level BiLSTM depth 2 1
hidden-layer representations size (vhidden) 200 -
dependency embeddings size (elink & elabel) 32 -
batch size 30 30
input layer dropout rate 0.3 0.3
hidden layer dropout rate 0.3 0.3
learning rate 0.001 0.001

Table 5.1: Values of hyperparameters in the semantic role labeler (Labeler ) and the sentence
learner (Learner )

5.5.2 Model Settings

For experiments on English, we used the embeddings of Dyer et al. (2015), which

were learned using the structured skip n-gram approach of Ling et al. (2015). We also

used a convolutional neural network (Chiu and Nichols, 2016; Ma and Hovy, 2016)

to learn character-level representations. As for contextualized embeddings, we added

ELMo embeddings (Peters et al., 2018) as input to our model. The model of ELMo

is purely character-based and pretrained on the 1 Billion Word Benchmark4, which is

publicly released as part of the AllenNLP toolkit.5 For Chinese, Spanish, and Czech

word embeddings were pre-trained on Wikipedia using fastText (Bojanowski et al.,

2017).
1www.sogou.com/labs/resource/ca.php
2http://ctdc.kiv.zcu.cz
3catalog.ldc.upenn.edu/LDC99T41
4http://www.statmt.org/lm-benchmark/
5https://allennlp.org/elmo

www.sogou.com/labs/resource/ca.php
http://ctdc.kiv.zcu.cz
catalog.ldc.upenn.edu/LDC99T41
http://www.statmt.org/lm-benchmark/
https://allennlp.org/elmo
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Single Models P R F1

Björkelund et al. (2010) 87.1 84.5 85.8
Lei et al. (2015) — — 86.6
FitzGerald et al. (2015) — — 86.7
Roth and Lapata (2016) 88.1 85.3 86.7
Marcheggiani and Titov (2017) 89.1 86.8 88.0
Marcheggiani et al. (2017) 88.7 86.8 87.7
He et al. (2018) 89.7 89.3 89.5
Cai et al. (2018) 89.9 89.2 89.6
Li et al. (2018) 90.3 89.3 89.8
Ours (supervised training) 91.1 90.4 90.7
Ours (with CVT) 91.7 90.6 91.2
Ensemble Models P R F
FitzGerald et al. (2015) — — 87.7
Roth and Lapata (2016) 90.3 85.7 87.9
Marcheggiani and Titov (2017) 90.5 87.7 89.1

Table 5.2: English results on CoNLL-2009 in-domain (WSJ) test set.

The Bi-LSTM encoders in our model used recurrent dropout (Gal and Ghahramani,

2016) with an 80% keep probability between time-steps and layers during supervised

training; keep probability was set to 90% when applying the model to unlabeled data.

We used the Adam optimizer (Kingma and Ba, 2014) and performed hyperparameter

tuning and model selection on the English development set; optimal hyperparameter

values (for all languages) are shown in Table 5.1.

5.5.3 Results

Our results on the English (in-domain) test set are summarized in Table 5.2. In the

first block, we compared our system against baseline models, which employ external

tools to obtain required features. We also report the results of various ensemble SRL

models in the second block. Most comparisons involve neural systems which are based

on BiLSTMs (Cai et al., 2018; He et al., 2018; Li et al., 2018; Marcheggiani et al.,

2017; Marcheggiani and Titov, 2017) or use neural networks for learning SLR-specific

embeddings (FitzGerald et al., 2015; Roth and Lapata, 2016). We also report the results

of two strong symbolic models based on tensor factorization (Lei et al., 2015) and a

pipeline of modules that carry out tokenization, lemmatization, part-of-speech tagging,

dependency parsing, and semantic role labeling (Björkelund et al., 2009). As can be
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Single Models P R F1

Björkelund et al. (2009) 75.7 72.2 73.9
Lei et al. (2015) — — 75.6
FitzGerald et al. (2015) — — 75.2
Roth and Lapata (2016) 76.9 73.8 75.3
Marcheggiani and Titov (2017) 78.5 75.9 77.2
Marcheggiani et al. (2017) 79.4 76.2 77.7
He et al. (2018) 81.9 76.9 79.3
Cai et al. (2018) 79.8 78.3 79.0
Li et al. (2018) 80.6 79.0 79.8
Ours (supervised training) 82.1 81.3 81.6
Ours (with CVT) 83.2 81.9 82.5
Ensemble Models P R F
FitzGerald et al. (2015) — — 75.5
Roth and Lapata (2016) 79.7 73.6 76.5
Marcheggiani and Titov (2017) 80.8 77.1 78.9

Table 5.3: CoNLL-2009 out-of-domain results (English; Brown test set).

seen in Table 5.2, our supervised model outperforms comparison models. With cross-

view training, our model achieves 91.2% F1 (the difference over the supervised model

is statistically significant at p < 0.05 using stratified shuffling; Noreen, 1989), which

is an absolute improvement of 0.8% over the best baseline model (Li et al., 2018).

Results on the out-of-domain English test set are presented in Table 5.3. We

include comparisons with the same models as in the in-domain case. Again, our

end-to-end model significantly outperforms previously published single and ensem-

ble models, even without taking unlabeled data into account (i.e., without CVT). We

achieve a relatively higher improvement with CVT on out-of-domain data (F1 increases

from 81.6% to 82.5%, and the difference is significant at p < 0.05 using stratified shuf-

fling; Noreen, 1989). This suggests that semi-supervised training indeed increases the

robustness of our model, leading to more accurate predictions for both SRL and auxil-

iary tasks.

Table 5.4 presents the results of our experiments on Chinese, Czech, and Span-

ish. Although we have not performed detailed parameter selection in these languages

(i.e., we used the same parameters as in English), our model achieves state-of-the-art

performance across all three languages.
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Chinese P R F1
Björkelund et al. (2009) 82.4 75.1 78.6
Roth and Lapata (2016) 83.2 75.9 79.4
Marcheggiani and Titov (2017) 84.6 80.4 82.5
He et al. (2018) 84.2 81.5 82.8
Cai et al. (2018) 84.7 84.0 84.3
Li et al. (2018) 84.8 81.2 83.0
Ours (supervised training) 84.9 84.1 84.5
Ours (with CVT) 85.4 84.3 85.0
Czech P R F1
Björkelund et al. (2009) 88.1 82.9 85.4
Marcheggiani et al. (2017) 86.6 85.4 86.0
Ours (supervised training) 88.1 87.2 87.6
Ours (with CVT) 88.5 87.6 88.0
Spanish P R F
Björkelund et al. (2009) 78.9 74.3 76.5
Roth and Lapata (2016) 83.2 77.4 80.2
Marcheggiani et al. (2017) 81.4 79.3 80.3
Ours (supervised training) 83.0 81.3 82.1
Ours (with CVT) 83.6 82.2 82.9

Table 5.4: CoNLL-2009 results on Chinese, Czech, and Spanish (test sets).

5.5.4 Ablation Studies

In this section, we perform a series of ablation studies to examine the contribution

of the sentence learner and cross-view training. These experiments are conducted on

the CoNLL-2009 English development set. Evaluations in these experiments exclude

predicate disambiguation (i.e., the ablation study is conducted on gold predicates),

since we want to focus on the SRL model per se.

Table 5.5 presents the results of various ablation studies against our full model

(the first row). In the second block, we focus on the effect of different kinds of rep-

resentations used in our model. Interestingly, we observed that the impact of ELMo

(about 0.6% in F1) is quite close to multi-task hidden features (about 0.7% in F1). This

suggests that multi-task hidden features provide as useful information for SRL as pre-

trained representations. We next eliminate the sentence learner model and have the

semantic role labeler use the predicted POS tags and dependency labels provided in

CoNLL-2009 dataset. As can be seen, this leads to a substantial drop in performance

over the full model (1.4% in F1).
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Model P R F1
Ours 88.6 86.9 87.7
w/o ELMo 87.9 86.3 87.1
w/o multi-task hidden features 88.1 86.0 87.0
w/o sentence learner 87.2 85.5 86.3
w/o CVT 88.0 85.8 86.9
w/o splitting sentence 87.4 85.7 86.6

Table 5.5: Ablation results on the CoNLL-2009 English development set.

In the third block, we only perform supervised learning on our model, and observe

a 0.8% drop in F1 over the full model. Finally, we apply the auxiliary modules directly

on the full sentence instead of treating the words preceding and following the target

predicate differently, and observe a 0.3% drop in F1 over the supervised-only model.

This is not surprising as the semantic roles of arguments are largely determined by the

current predicate. Enforcing the primary encoder to make predictions while neglecting

the current predicate could eventually hurt the performance of the full model.

5.5.5 CVT Analysis

In Table 5.6, we briefly investigate the effect of different auxiliary prediction modules.

We apply two types of auxiliary modules: the “forward/backward” module does not

see the right/left context of the current word; the “future/past” module does not see

the right/left context and the current token itself. We found that both kinds of modules

improve performance (over a supervised model without CVT, see the second row in

Table 5.5); future and past modules are slightly better corroborating the results of Clark

et al. (2018) on sequence tagging. Overall, the results in Table 5.6 suggest that more

restricted views of the input are beneficial.

Next, we explore how the strategy of selecting the target predicate (in sentences

containing multiple candidates) influences performance. For each unlabeled sentence,

we adopt the strategy of randomly selecting a predicate amongst those words identified

as predicate candidates by the sentence learner. An alternative is selecting the predicate

with the highest predicted score or a random word from the sentence. The experiments

in Table 5.7 confirm that the adopted strategy works best, delivering an improvement

of 0.8 points in F1 over a supervised model without CVT (the second row in Table 5.5).
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Preceding Following F1 ∆F1
Backward Forward 87.3 0.4

Past Future 87.4 0.5

Table 5.6: CVT with different auxiliary modules (CoNLL-2009 English development set). ∆

denotes difference from a model trained without CVT.

Strategy F1 ∆F1
Randomly chosen word 87.0 0.1
Randomly chosen predicate 87.7 0.8
Most confident predicate 86.4 -0.5

Table 5.7: CVT with different predicate selection strategies for SRL (CoNLL-2009 English de-
velopment set). ∆ denotes difference from a model trained without CVT.

Interestingly, we observed that selecting the most confident predicate is the worst pos-

sible strategy, decreasing the performance by 0.6 F1 points over a supervised model

without CVT (see Table 5.5). The reason might be that the model only concentrates

on a few predicates with very high scores (these tend to be common verbs such as say,

is, and have), while ignoring nominal predicates and less frequent verbs. The strategy

of randomly selecting a word from the sentence performs slightly better than the SRL

only model, precisely because it pays attention to a wide range of predicates.

5.5.6 SOTA Dependency-based SRL Models

Instead of resorting to more powerful word embeddings (e.g., BERT (Devlin et al.,

2018)) or encoders (e.g., transformer (Vaswani et al., 2017)), current SRL systems

(Chen et al., 2019; Li et al., 2020; Lyu et al., 2019) commonly pay attention to high-

order interactions (e.g., between arguments or arguments and predicates). Differently

from previous work (Cai et al., 2018; Marcheggiani and Titov, 2017) which processes

arguments independently, recent research (Chen et al., 2019; Li et al., 2020; Lyu et

al., 2019) is based on the intuition that the labels of individual arguments are strongly

interdependent.

Lyu et al. (2019) argue that enabling an encoder to automatically capture high-order

information would require substantial amounts of data and it is hard to directly inject

this information into an encoder. To this end, Lyu et al. (2019) model interactions
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between argument labeling decisions through iterative refinement. During iterative re-

finement, a refinement network repeatedly takes previous output as input and produces

its refined version. Naturally, such refinement strategy also requires an initial predic-

tion, which is produced by a factorized model (base model). Similar to Lyu et al.

(2019), Chen et al. (2019) propose an iterative structure-refinement algorithm. It starts

with independent predictions and refines them in every subsequent iteration. Specifi-

cally, they use Capsule Networks: each proposition is encoded as a tuple of capsules,

one capsule per argument type (i.e., role). These tuples are essentially embeddings of

entire propositions, and the capsules interact with each other and with representations

of words in the sentence. Each iteration results in updated proposition embeddings and

updated predictions about the SRL structure. Both Lyu et al. (2019) and Chen et al.

(2019) achieve better performance against non-refinement baselines on 7 languages of

the CoNLL-2009 benchmark.

Instead of performing iterative refinement, Li et al. (2020) explicitly model three

high-order relations: siblings (arguments of the same predicate), co-parents (predicates

sharing the same argument) and grandparents (predicates that are the argument of an-

other predicates). Specifically, Li et al. (2020) extend the original biaffine attention to

a triaffine attention for scoring these high-order relations. Li et al. (2020) use a varia-

tional inference algorithm that allows the model to condition on high-order structures

while being fully differentiable. Experimental results on 7 languages of the CoNLL-

2009 benchmark show that Li et al. (2020) achieve better performance than refinement

methods (Chen et al., 2019; Lyu et al., 2019) (e.g., for English, Li et al. (2020) achieve

91.77% in F1 score, while Lyu et al. (2019) and Chen et al. (2019) achieve 90.99% and

91.06% respectively). These approaches (Chen et al., 2019; Li et al., 2020; Lyu et al.,

2019) surpass our syntax-aware model in Chapter 4. With the improvement brought by

CVT, our semi-supervised SRL model achieves comparable performance to refinement

networks (Lyu et al., 2019) and capsule networks (Chen et al., 2019).

5.5.7 Summary

In this chapter, we described an end-to-end semantic role labeler and demonstrated

it could effectively leverage unlabeled data under the cross-view training modeling

paradigm. The backbone of our model is an LSTM-based semantic role labeler equipped
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with a sentence learner, which performs all tasks subsidiary to SRL. The semantic role

labeler and the sentence learner are trained jointly, and cross-view training is applied

on the first layer of both modules.

Experiments on the CONLL-2009 benchmark datasets show that our approach out-

performs baseline models in English, Chinese, Spanish and Czech. Through ablation

analysis we have confirmed that ELMo embeddings, multi-task hidden features and

cross-view training all contribute in improving the performance of our SRL model.

Compared with the sequence tagging tasks discussed in Clark et al. (2018), we found

that applying CVT to SRL requires special attention: it is important to ensure all views

can “see” the target predicate and choose a wider range of predicates.

In the next chapter, we move on to cross-lingual semantic role labeling, where

our model has no access to labeled data for languages of interest (target languages).

We design a semantic role compressor for learning cross-lingual representations of

semantic roles, which lives in a multilingual embedding space and provides direct

supervision for predicting semantic roles in the target language.



Chapter 6

Alignment-free Cross-Lingual

Semantic Role Labeling

Since human-labeled annotations are expensive and not available for low-resource lan-

guages, cross-lingual semantic role labeling provides an opportunity to build an SRL

system for these languages while requiring annotations in a source language only. For

cross-lingual semantic role labeling, word alignments play a crucial role in transferring

source-language annotations into a target language. In this chapter, we present a cross-

lingual SRL model which does not rely on any word-alignment tools. Concretely, our

cross-lingual SRL model only requires annotations in a source language and access to

raw text in the form of a parallel corpus.

The backbone of our model is an LSTM-based semantic role labeler jointly trained

with a semantic role compressor and multilingual word embeddings. The compressor

collects useful information from the output of the semantic role labeler, filtering noisy

and conflicting evidence. It lives in a multilingual embedding space and provides di-

rect supervision for predicting semantic roles in the target language. Results on the

Universal Proposition Bank and manually annotated datasets show that our method is

highly effective, even against systems utilizing supervised features.

75
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6.1 Introduction

Although there have been considerable efforts on developing annotated resources for

semantic role labeling (Palmer et al., 2005; Zaghouani et al., 2010), semantic role an-

notations are available for only a handful of the world’s languages. To tackle this prob-

lem, much previous work has focused on cross-lingual SRL, which aims at leveraging

existing resources in a source language to minimize the effort required to construct a

model or annotations for a new target language.

A simple approach is model transfer which directly applies a source-language

model to the target language, employing cross-lingual word representations and uni-

versal POS tags. During training, the model not only learns to embed a sentence but

it also extracts language-specific features from source-languages sentences (Ahmad

et al., 2019b), such as word order typology. Therefore, this method usually suffers

from the inherent discrepancies (e.g., different word orders) in different languages.

A popular alternative is annotation projection which is based on large-scale parallel

corpora between source and target languages. Firstly, source-side sentences are au-

tomatically annotated with SRL tags by a semantic role labeler trained with labeled

source-language data. Then the source annotations are projected to the target-side sen-

tences based on word alignment utilizing word alignment tools (Aminian et al., 2019;

Padó and Lapata, 2005). Finally, these target-side sentences with projected annotations

are used to train the target-language semantic role labeler. Intuitively, it is sensitive to

the accuracy of alignment tools, the quality of the parallel data, and the performance

of the source-language SRL model, all of which could introduce noise. In order to

alleviate the noise brought by the source-side labeler, the translation-based approach

(Fei et al., 2020) directly translates the gold-standard data into the target language. As

a result, this method is sensitive to the quality of translation tools and the accuracy of

alignment tools (it still relying on alignment tools to transfer word-level labels from

the source language to the target language).

As observed in previous work (Aminian et al., 2019; Fei et al., 2020), word align-

ment noise poses problems for annotation-projection and translation-based methods.

For example, there could be one-to-many or many-to-many alignments, leading to se-

mantic role conflicts in the target language (Fei et al., 2020). To alleviate alignment
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noise, some form of filtering is inevitably introduced: parallel sentence pairs are dis-

carded according to projection density (Aminian et al., 2019) or alignment confidence

(Fei et al., 2020). Therefore, in this respect, model transfer is an appealing alternative.

However, it relies on perfectly aligned word embeddings (which are usually not avail-

able) and accurate features based on lemmas, POS tags, and syntactic parse trees (Fei

et al., 2020; Kozhevnikov and Titov, 2013), which are obtained with access to addi-

tional annotation. However, it is not realistic to assume that treebank-style resources

will be available for low-resource languages.

In this chapter, we propose a novel method for cross-lingual SRL which does not

rely on word alignments, machine translation or pre-processing tools such as parsers

or POS taggers. Aside from semantic role annotations in the source language, we only

assume access to raw text in the form of a (source-target) parallel corpus. The main

idea of our approach is to encode a proposition into a fixed-size and cross-lingual rep-

resentation. Having such proposition representations let us easily perform the recon-

struction of the SRL prediction within and across languages. Given a parallel sentence

pair, the representation of the source-language proposition could provide supervision

for the target-language semantic role labeling. To this end, we define a semantic role

compressor, which is jointly trained with an LSTM-based semantic role labeler. The

compressor distills useful information pertaining to arguments and their roles from the

output of the semantic role labeler (e.g., by automatically filtering unrelated or con-

flicting information). Importantly, the compressor lives in a multilingual space and

can provide direct supervision for predicting semantic roles in the target language,

sidestepping intermediaries like word-level alignments and machine translation.

For evaluation, we make use of several multilingual SRL benchmarks. These

benchmarks include the Universal Proposition Bank (UPB; Akbik et al. 2016), a re-

cently released resource which contains semi-automatically created annotations under

a unified labeling scheme across several languages, and a French corpus (Van der Plas

et al., 2010) which follows PropBank-style annotations (Palmer et al., 2005). We also

construct two additional manually labeled resources in Chinese and German, follow-

ing the annotation guidelines of UPB (see Section 6.5.1 for more details). Experimen-

tal results show that our method is highly effective across languages and annotation

schemes, even compared against systems making use of supervised features.
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6.2 Semantic Role Labeler

Figure 6.1 provides an overview of our model, which consists of the semantic role

labeler (lower part in Figure 6.1) and the semantic role compressor (upper part in

Figure 6.1). The semantic role labeler used in this chapter is similar to labelers in

Chapter 4 and 5, since they all encode sentences with Bi-LSTM and compute scores

of roles with a biaffine-scorer. Different from labelers in previous chapters, the out-

put of semantic role labeler used in this chapter is fed to the compressor as input, and

its parameters are updated not only during supervised training, but also cross-lingual

training.

6.2.1 Input Layer and Encoder

For each input sentence, the representation of i-th word wi is the concatenation of mul-

tilingual contextualized word embeddings ew
wi

and predicate indicator embedding ep
wi .

The former are pretrained on a large-scale unlabeled corpus containing data in multiple

languages, and their parameters stay frozen during the training of our model. Predicate

embeddings are randomly initialized and updated constantly during model training.

Different from previous works (Cai et al., 2018; Li et al., 2019b), our model avoids us-

ing any syntactic information (e.g., POS embeddings and dependency relations), since

we cannot assume it is available for low-resource languages. Following Chapter 4, we

use the multi-layer BiLSTM to encode the input sentence. For the word at time step

t, the BiLSTM computes a hidden representation ht which is the concatenation of the

forward and backward LSTM state vectors (
−→
ht and

←−
ht ).

6.2.2 Biaffine Role Scorer

Following supervised SRL models (Cai et al., 2018; He et al., 2019), once the BiL-

STM encoder produces representations h for each word, two distinct non-linear trans-

formations are applied to predicate wp (being considered at the time) and word wi,
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respectively:
hpred

wp
= f (Wphwp +bp)

harg
wi

= f (Wwhwi +bw)
(6.1)

where f is a non-linear activation function (we use Leaky ReLu). The score s(r j,h
arg
wi ,h

pred
wp )

of semantic role r j between current predicate wp and word wi is calculated as:

s(r j,harg
wi

,hpred
wp

) = harg>
wi

Wr jh
pred
wp

+Ur j(h
arg
wi
◦hpred

wp
)+br j

(6.2)

where Wr j , Ur j , and br j are parameters specific to role r j, and are updated during train-

ing.

6.2.3 Predicate Identification and Disambiguation

For an end-to-end SRL system, predicate identification is an indispensable step before

predicate disambiguation and argument identification. Since predicates in most SRL

datasets (e.g., CoNLL-2009) are explicitly annotated, the SRL labeler presented thus

far assumes that predicates are known. However, such annotations are absent from

unlabeled parallel data, and our model would need to automatically identify predicates

if it were to be useful in practice. To this end, we run two modules on top of the

sentence encoder in order to identify the predicate and disambiguate its senses. Each

module is a multi-layer perceptron (MLP) with a softmax layer and is trained jointly

with the semantic role labeler.

When performing predicate identification on unlabeled parallel data, we need to

find aligned predicate pairs. Given an unlabeled parallel source-target sentence pair

(SS and ST ), we first perform predicate identification on both sentences and then ran-

domly choose a predicate wS
p in SS as the current predicate of interest. We then find,

amongst all words identified as predicates in ST , predicate wT
p which has the highest

word embedding similarity with wS
p. Then, we check whether the opposite (amongst

all words identified as predicates in SS, wS
p has the highest word embedding similarity

with wS
T ) is also true. If the opposite is true, we use wS

p and wT
p as the predicates in

source and target sentences, respectively. Otherwise, we randomly choose a predicate

other than wS
p and check it again, until we find an aligned predicate pair which passes
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Figure 6.1: Model overview: semantic role labeler (left-bottom) and semantic role compressor
(left-top). The right-top part presents the process of decompression after obtaining R.

the test.

6.3 Semantic Role Compressor

We elaborate now on how our model works by splitting the cross-lingual transferring

into two sub-steps: compression and decompression. The key component of our model

is the semantic role compressor (the upper part in Figure 6.1) which is able to produce

compressed role information (compression) and reconstruct SRL predictions (decom-

pression). For compression, the semantic role compressor operates over the output of

the semantic role labeler. After obtaining the compressed role information produced

by the compressor, we can perform decompression by combining the compressed role

information with multilingual embeddings. During cross-lingual training, given a par-

allel sentence pair, both sentences are fed to the semantic role labeler and then the

semantic role compressor to obtain source-side and target-side compressed role infor-
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mation, respectively. After compression, both source-side and target-side compressed

role information take part in decompression for cross-lingual transfer. With the help of

semantic role compressor, our model could provide direct supervision for predicting

semantic roles in the target language without relying on word alignment tools.

6.3.1 Semantic Role Compression

Although the semantic role labeler assigns a label to every word in the input sentence,

most words will bear the label “NULL”, indicating that they are not arguments of

the predicate of interest. In theory, we expect each semantic role could appear no

more than once in a sentence. This constraint of semantic roles largely facilitates

compression: we can compress the output of the semantic role labeler into a fixed-size

matrix which only records information about arguments. Concretely, we use a fixed-

size matrix R ∈ Rnr×dr to represent compressed information, where nr is the size of

the semantic role set, and dr denotes the length of the hidden representation for each

semantic role.

In order to compress the output of the semantic role labeler, the semantic role

compressor operates over word embeddings (see the upper left part in Figure 6.1); for

sentence S, word wi is represented by Pθ(r|wi,wp,S)◦ew
wi

, where ew
wi

is the multilingual

embedding of wi, and Pθ(r|wi,wp,S) is the probability distribution over roles produced

by the semantic role labeler:

Pθ(r|wi,wp,S) = softmax{s(r1,h
′
wi
,h
′
wp
),

...,s(rnr ,h
′
wi
,h
′
wp
)}

(6.3)

where θ are the parameters of the semantic role labeler. Analogously to the semantic

role labeler, a multi-layer BiLSTM yields sentence representations (see the upper block

in Figure 6.1). At time step t, forward and backward hidden states
−→
h t and

←−
h t are

concatenated and then fed to a non-linear layer. A max-pooling layer thereafter gathers

global information from hidden features at each time step and compresses them into a

fixed-size vector:

R =
n

max
t=1

f (W1[
−→
h t ◦
←−
h t ]+b1) (6.4)

where W1 is a weight matrix, b1 is a bias term for the hidden state vector, and n is the
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length of the sentence. For the sake of decompression (see next section), R is reshaped

from a vector into a matrix with nr rows and dr columns, where each row corresponds

to a unique semantic role (see very top in Figure 6.1, left side).

6.3.2 Decompression

During compression, we try to recover distribution Pθ(r|wi,wp,S) for wi, based on

compressed information R produced by the compressor. Concretely, for word wi and

role j, we use a biaffine scorer1 to calculate the similarity between ew
wi

and R j (the j-th

row of R). We first perform a non-linear transformation f for word embedding ew
wi

:

zi = f (W2ew
wi
+b2) (6.5)

where zi contains hidden features for word wi. And then, use a biaffine scorer to

calculate the similarity score between zi and R j:

ŝ(zi,R j) = zi>WsimR j

+Usim(zi ◦R j)+bsim

(6.6)

where Wsim, Usim, and bsim are parameters updated during training. For word wi, the

final probability distribution over semantic roles is obtained by applying a softmax

operation on the scores of all semantic roles:

P̂
θ̂
(r|wi,R) = softmax{ŝ(zi,R1),

...,ŝ(zi,Rnr)}
(6.7)

where θ̂ are the parameters of the compressor. Figure 6.1 (right upper part) illustrates

decompression.

1The score for the label “NULL” is fixed to 0, as R does not record information for non-argument
words.
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6.3.3 Gaussian Noise

In order to improve the robustness of the semantic role compressor, we inject Gaussian

noise to multilingual word embeddings. This is an effective regularization method (Liu

et al., 2019) which improves the model’s ability to generalize to unseen inputs from

different languages. The final embeddings are: ew = [ew
w1

+N1, ...,ew
wn

+Nn], where

N∼N (0,0.1I) (I is a vector with the same dimension of ew and its elements are all 1)

and n is the length of the sentence.

6.4 Training

In our learning setting, semantic role annotations are only available for the source

language. Therefore, we rely on (unlabeled parallel) sentence pairs to transfer cross-

lingual supervision for the target language. Generally, the model alternates training on

batches of annotated source-language data and unlabeled parallel data. When training

with annotated source-language data, we can easily perform supervised training to

improve the performance of the source-language labeler. When it comes to unlabeled

parallel data, we propose a new approach to transfer cross-lingual supervision for the

target language, and we refer to this process as cross-lingual training.

6.4.1 Mono-lingual Training

With labeled data in the source language, we train the semantic role labeler in a super-

vised fashion (only parameters of the the semantic role labeler are updated), using a

cross-entropy loss objective:

Lce =
1
n

n

∑
i=1

ti logPθ(r|wi,wp,S) (6.8)

where n is the length of the sentence and ti ∈ Rnr are one-hot ground truth represen-

tations. When training the compressor network (only parameters of the semantic role

compressor are updated), the objective is defined as the KL-divergence between the
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Figure 6.2: Cross-lingual training given an English-French sentence pair (SS and ST ) from the
Europarl Prallel Corpus, where RS and RT are the output of the compressor taking SS and ST

as input, respectively.

input distribution (produced by semantic role labeler) and the output distribution of the

decompressor:

Lcom =
1
n

n

∑
i=1

D(Pθ(r|wi,wp,S), P̂θ̂
(r|wi,R)) (6.9)

where D is a distance function between probability distributions (we use the Kullback-

Leibler divergence). The final objective Lmono for mono-lingual learning is the sum of

Lce and Lcom.

6.4.2 Cross-lingual Training

Given an unlabeled source-target sentence pair SS and ST , the first step is to identify

predicates and then find aligned predicate pairs (discussed in Section 6.2.3). For a

predicate pair wS
p and wT

p , we obtain compressed role representations RS and RT for

source and target sentences SS and ST , by feeding word embeddings and predicate

information into our model. In order to obtain role-specific information for SS and

ST , we must apply decompression. Since decompression operates over multilingual
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representations, it is relatively straightforward to obtain semantic roles for source and

target sentences. In fact, we apply RS and RT on both SS and ST and compare the

outcome (see Figure 6.2). The training objectives are defined as:

LS
cross =

1
nS

n

∑
i=1

D(P̂
θ̂
(r|wS

i ,R
S), P̂

θ̂
(r|wS

i ,R
T )) (6.10)

LT
cross =

1
nT

n

∑
i=1

D(P̂
θ̂
(r|wT

i ,R
S), P̂

θ̂
(r|wT

i ,R
T )) (6.11)

where nS and nT are the length of SS and ST , respectively. LS
cross and LT

cross are used for

updating parameters of the semantic role labeler and compressor.

In order to improve the performance of the semantic role compressor on the source

and target language, we train it using parallel sentence pairs by minimizing:

LS
com =

1
nS

n

∑
i=1

D(Pθ(r|wS
i ,w

S
p,S

S), P̂
θ̂
(r|wS

i ,R
S)) (6.12)

LT
com =

1
nT

n

∑
i=1

D(Pθ(r|wT
i ,w

T
p ,S

T ), P̂
θ̂
(r|wT

i ,R
T )) (6.13)

LS
com and LT

com are only used for updating parameters of the semantic role compressor.

The final training loss during cross-lingual training Lcross is the sum of above losses:

Lcross = LS
cross +LT

cross +LS
com +LT

com (6.14)

6.5 Experiments

In this section, we present our experimental evaluation and analysis on a series of

multilingual SRL benchmarks. We first introduce these benchmarks and details on

implementation and training. Our results are discussed in Section 6.5.3. Ablation

experiments and analysis are presented in Section 6.5.5, which tries to evaluate the

contribution of various model components.



Chapter 6. Alignment-free Cross-Lingual Semantic Role Labeling 86

PropBank v3 UPB
EN DE FR IT ES PT FI

272,380 997 298 489 1,995 936 716

CoNLL-09 Van der Plas et al. (2010)
EN FR

39,279 1,000

ProBank v3 UPB (manually re-labeled)
EN ZH DE

272,380 304 258

Table 6.1: Annotated data used in our experiments. We show the English source annotations
(left column) used for training and corresponding target annotations used for testing in various
languages.

6.5.1 Datasets

We trained our model using English as the source language and obtained semantic role

labelers in German (DE), Spanish (ES), Finish (FI), French (FR), Italian (IT), Por-

tuguese (PT), and Chinese (ZH). For the source language (English), we used labeled

datasets including the Propositional Bank (v3; Palmer et al., 2005) and the CoNLL-

09 shared task (Hajič et al., 2009b). During cross-lingual training, we used the Eu-

roparl parallel corpus (Koehn, 2005) for the European languages (Table 6.2 gives the

size of the various parallel corpora used in our experiments); For Chinese, we used a

large-scale EN-ZH parallel corpus (Xu, 2019), which contains about 5 million sentence

pairs.

For evaluation, we used the Universal Proposition Bank (UPB, v1.0; Akbik et

al., 2016), which is built upon the Universal Dependency Treebank (UDT, v1.4) and

the Proposition Bank (PB, v3.0). Since all languages in the UPB follow a unified

dependency-based SRL annotation scheme, we converted argument spans in the En-

glish Proposition Bank to dependencies by labeling the syntactic head of each span.

UPB is the first “universal proposition banks” for multilingual SRL with homoge-

neous label style, and it is semi-automatically created via annotation projection. As

a result, it unavoidably contains a certain amount of errors. Therefore, we also tested

our model on manually annotated datasets. Presumably due to the labeling effort in-
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Language size
German 1,920,209
Spanish 1,965,734
Finnish 1,924,942
Italian 1,909,115
Portuguese 1,960,407
French 2,007,723

Table 6.2: Number of sentence pairs in Europarl for six languages.

volved, manually annotated datasets are still few and far between, but they tend to

be more accurate than automatically created datasets. For French, we used a manu-

ally annotated dataset (Van der Plas et al., 2010) which provides SRL labels following

an annotation scheme similar to CoNLL-09 for English (Hajič et al., 2009b). It is

worth noting that although the CoNLL-09 shared task provides dependency-based se-

mantic role annotations for seven languages, the role sets differ across languages, and

unifying them is far from trivial. To this end, we created two manual datasets (avail-

able at https://github.com/RuiCaiNLP/ZH_DE_Datasets), by randomly sampling

258 German and 304 Chinese sentences from UPB. The manual annotation was per-

formed by native speakers following the annotation guidelines of UPB, which in turn

follows the English Proposition Bank. Table 6.1 provides a breakdown of labeled data

used in our experiments.

6.5.2 Model Configuration

We implemented our model in Pytorch and optimized it using the Adam optimizer

(Kingma and Ba, 2014). For the word embeddings, we used the officially released

multilingual BERT (base; cased version; Devlin et al. 2018). The parameters of BERT

were kept fixed during training in order to preserve the cross-lingual nature of the

embeddings. The embedding of the predicate indicator was randomly initialized and

updated during training. Optimal hyperparameter values (for all languages) are shown

in Table 6.3.

https://github.com/RuiCaiNLP/ZH_DE_Datasets
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Hyperparameter Value
Labeler Compressor

multilingual BERT embeddings size 768 768
predicate indicator embeddings size 16 16
BiLSTM hidden states size 400 256
BiLSTM depth 3 2
batch size 30 30
input layer dropout rate 0.3 0.3
hidden layer dropout rate 0.3 0.3
learning rate 0.001 0.001
compressed role representation size - 30

Table 6.3: Values of hyperparameters in the semantic role labeler (Labeler ) and the sentence
learner (Learner )

6.5.3 Results on Universal Proposition Bank

We compared our model against several baselines on the UPB test set. These base-

lines include a cross-lingual model Bootstrap (Aminian et al., 2017) and a character-

based approach CModel (Aminian et al., 2019), which both perform annotation pro-

jection through parallel data and then filter word alignments empirically. We also

report the results of several models trained with a pseudo translated target corpus and

a source language corpus. Similar to Bootstrap and CModel, filtering is also per-

formed to improve the quality of the pseudo target corpus. We compared against two

strong mixture-of-experts models which focus on combining language specific fea-

tures automatically (MOE; Guo et al. 2018), and also on learning language-invariant

features with a multinomial adversarial network as a shared feature extractor (MAN-

MOE; Chen et al. 2019). We also include a recently proposed translation-based model

(PGN; Fei et al. 2020), using the same training data with MOE and MAN-MOE; this

system adopts a parameter generation network (PGN) to enhance the BiLSTM module

and capture language differences.

Our results on the Universal Proposition Bank test set are summarized in Table 6.4.

We report experiments on six languages, and these languages are ordered according to

their typological distance to English based on the word order (Ahmad et al., 2019b)

with Portuguese being closest and Finnish farthest. As shown in Table 6.4, our model

outperforms previous systems on Portuguese (PT), French (FR) and German (DE), and

is on average better (see column “avg” in Table 6.4). It is worth noting that, apart from
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Models PT FR ES IT DE FI avg
Dist. to EN 0.09 0.09 0.12 0.12 0.14 0.20 0.13
Bootstrap 53.9 63.4 52.2 52.3 55.0 53.1 55.0
CModel 56.5 58.5 56.0 55.5 57.0 58.9 57.1
MAN-MOE 55.2 65.3 62.8 57.1 64.3 52.3 59.4
MoE 55.5 63.3 60.3 56.7 63.2 50.6 58.2
PGN 56.0 64.8 62.5 58.7 65.0 54.5 60.3
Ours 57.8 66.2 61.5 57.6 65.7 57.6 61.1

Table 6.4: Results (F1) on UPB test sets for six languages. Results for comparison systems are
taken from previous papers (Aminian et al., 2019; Fei et al., 2020).

pretrained word-alignment tools, both Bootstrap and PGN utilize supervised part-of-

speech (POS) tags for the source and target language. Without using any additional

features, our model still achieves the better average F-score (61.1%) than baselines.

6.5.4 Results on Human-labeled Data

As UPB datasets are semi-automatically created and therefore possibly contain a cer-

tain amount of projection errors, we further performed testing using manual annota-

tions on French, German, and Chinese. Since previous work has not provided re-

sults on these new datasets, we re-implemented three strong comparison systems, i.e.,

CModel, MAN-MOE, and PGN. When implementing translation-based models, we

used Google Translate2 as our translation engine. In order to obtain word alignment,

we used a popular tool giza++3. When prepossessing the Chinese part in the EN-ZH

parallel corpus (containing about 5 million sentence pairs), we used Jieba4 for tok-

enization. The Chinese testset in UPB is in traditional Chinese, and we used Zhtools5

to convert it to simplified Chinese to be compatible with our EN-ZH parallel corpus

which is also in simplified Chinese.

Our results are summarized in Table 6.5, where again we order languages in terms

of their word order distances to English (Ahmad et al., 2019b). We note that our

approach significantly outperforms previously published models on these three lan-

2ttps://translate.google.com/
3https://github.com/moses-smt/giza-pp
4https://github.com/fxsjy/jieba
5https://github.com/skydark/nstools/tree/master/zhtools

ttps://translate.google.com/
https://github.com/moses-smt/giza-pp
https://github.com/fxsjy/jieba
https://github.com/skydark/nstools/tree/master/zhtools
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Models FR DE ZH avg
CModel 68.5 66.9 62.3 65.9
MAN-MOE 72.8 69.2 64.7 68.9
PGN 73.2 70.1 65.4 69.5
Ours 75.3 71.4 68.5 71.7

Table 6.5: Results (F1) on manually annotated test sets for German, French, and Chinese.
Pairwise differences between our model and previous systems are all statistically significant
(p < 0.05) using stratified shuffling (Noreen, 1989).

Models DE FR ZH
Ours 63.4 68.8 60.4
w/o BERT 47.7 52.6 44.5
w/o BERT (+position) 55.3 60.5 53.0
w/o Gaussian noise 61.7 66.2 57.7
w/o cross-lingual training 52.5 59.8 49.5
w/o compressor (+attention) 51.7 59.5 47.1

Table 6.6: Ablations on manually annotated datasets.

guages. Pairwise differences in F1 between our model MAN-MOE, CModel, and PGN)

are all statistically significant (p < 0.05) using stratified shuffling (Noreen, 1989). It

is perhaps not surprising to see that all systems perform best on French and worst on

Chinese, since French is closest to English and Chinese is least related to English. This

suggests that it is easier to transfer SRL annotations between languages with similar

word orders.

6.5.5 Ablation Studies and Analysis

In this section, we perform a series of ablation studies to examine the contribution of

the semantic role compressor and cross-lingual training. These ablation studies are

conducted on the manually annotated DE, FR, and ZH datasets. Our ablation studies

are conducted without predicate disambiguation since we want to focus on the SRL

model per se.

Table 6.6 presents the results of various ablations against our full model (first row).

In the second block, we examine the effect of different kinds of representations used

in our model. First, we substitute contextualized word embeddings (BERT) with non-

contextualized ones (MUSE, Lample et al. 2018), which were obtained by aligning
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(monolingual) fastText embeddings for various languages onto a universal space. We

can see that the performance of our model using MUSE embeddings drops signifi-

cantly. This is largely due to the phenomenon that some words appear multiple times

in the same sentence. Since MUSE embeddings are not contextualized, they are unable

to distinguish words appearing at different positions in the same sentence, which in turn

leads to severe conflicts during decompression. To solve this problem, we concatenate

MUSE with word position embeddings during compression and decompression. Dif-

ferent from standard transformers where positional features are bound to word indices,

the positional features we used for word wi only record the number of words that are

the same as wi and appeared before wi.

We illustrate the positional features with an example (shown in Figure 6.3). There

are two reasons why we adopt these new positional features. Firstly, during cross-

lingual training, the length of parallel sentences SS and ST is usually different. Sec-

ondly, for i-th word in SS, its corresponding words w
′
j in ST is not the i-th word in ST in

most cases. However, in our model it is important that wi and w
′
j have the same position

embeddings, so that they can obtain a similar result after decompression. Figure 6.3

shows a pair of English-French parallel sentences with our positional embeddings. Al-

though he (il in French) appears twice in the English sentence, its French counterpart

still shares the same positional features. Experimental results also show that positional

features can effectively improve cross-lingual training. However, there are still some

cases where our positional features do not work. For example, when the word order

changes dramatically after translation, counting the number of identical words cannot

help us find aligned source-target word pairs. The only perfect solution seems to be

using contextualized multilingual embeddings like multilingual BERT or multilingual

ELMO, as every word in a sentence will receive unique word embeddings and aligned

word pairs tend to share similar embeddings.

Adopting positional features improves SRL performance from 47.7% (DE), 52.6%

(FR), and 44.5% (ZH) to 55.3%, 60.5% and 53.0%, but it is still inferior to the original

model. Next, we remove Gaussian noise from the model, and as can be seen there is a

drop in performance, indicating that it further boosts SRL accuracy. In the third block,

we remove cross-lingual training (only perform supervised training) and observe a

significant drop in F-score over the full model.
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Figure 6.3: Positional features for English-French parallel sentences.

French SRL only Ours Frequency(%)
A0 71.9 83.6 26%
A1 65.7 78.8 37%
A2 37.8 43.6 7%
AM-* 46.7 48.5 30%

Chinese SRL only Ours Frequency(%)
A0 59.2 63.7 18%
A1 59.9 74.4 38%
A2 38.6 65.6 15%
AM-* 36.0 37.3 29%

Table 6.7: Results (F1) on French and Chinese test sets grouped by gold role labels.

In order to verify the necessity of performing semantic role compression, we sub-

stitute the compressor with an attention-based module (Bahdanau et al., 2015) and per-

form supervised training and cross-lingual training as described in Section 6.4. Specif-

ically, we obtain soft alignments and use these to weight all annotations Pθ(r|wi,wp,S),

thereby obtaining a normalized expectation over role assignments. During cross-lingual

training, the alignment module and the basic semantic role labeler are trained jointly.

We observe that compared with the full model, the performance drops substantially for

all three languages when using the attention-based module. The reason might be that

the output of the semantic role labeler is noisy and attention can not resolve labeling

conflicts effectively (e.g., when two words show high confidence for the same semantic

role).

We further explore our model’s performance for French and Chinese for different

(gold) role labels. We compare the full model against an SRL only model which per-

forms supervised training for the source language (English). As shown in Table 6.7,

cross-lingual training improves SRL performance in French and Chinese on all seman-

tic roles. For French, the most significant improvement comes from A1; for Chinese,
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cross-lingual training benefits labeling A1 and A2 significantly. For both French and

Chinese, the improvements on AM-* (modifiers for current predicate) are modest com-

pared with A0, A1, and A2. One possible reason is that the head words of A0, A1, and

A2 are usually nouns or adjectives, which tend to have fixed positions in parallel sen-

tence pairs. However, modifiers can be optional and have more varied positions within

and across languages, which increases the difficulty for cross-lingual learning.

6.6 Summary

In this chapter, we have presented a cross-lingual semantic role labeler and demon-

strated it can effectively leverage unlabeled parallel data without access to word align-

ments or any other external tools. Ablation studies have shown that multilingual con-

textualized word embeddings are indispensable to our model, as they can distinguish

words with multiple occurrences in a sentence. Although our model achieves bet-

ter performance than baselines, it is also influenced by language distance. This indi-

cates that transfer between languages with similar word order is an easier task. Since

semi-automatically created datasets contain a certain amount of errors, we have also

contributed two quality controlled datasets (following the annotation scheme of Prop-

Bank), which we hope will be useful for the future research on cross-lingual SRL

models.

Although our model focuses on dependency-based SRL, it can also be adapted to

span-based SRL (Carreras and Màrquez, 2005; Pradhan et al., 2013). To this end, the

semantic role compressor would need to be modified to record the information of the

whole span rather than just the head word. In this case, the function of decompression

remains unchanged, it would still output a probability distribution over all semantic

roles for each word in the input sentence.



Chapter 7

Conclusions and Future Directions

The present chapter offers a summary of the principal contributions and findings of

this study. It also outlines potential avenues for future research.

7.1 Conclusions

This thesis has been concerned with the task of semantic role labeling. Specifically,

we have investigated semantic role labeling in various learning settings, from monolin-

gual semantic role labeling where we assume semantically-annotated data are always

available for the languages of interest, to cross-lingual SRL where SRL annotations

are only available for the source language. Three main research questions motivated

our work:

1. Assuming a resource-rich setting, can we employ existing additional resources

(such as treebanks) to enhance SRL performance, without resort to full-blown

parsing?

Neural-network models have driven state-of-the-art development regarding SRL.

These are typically LSTMs without access to any linguistic information beyond predicate-

role annotations. In this thesis, we argue that syntactic information is useful in terms
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of SRL and can improve its performance. Furthermore, practitioners have access to re-

sources such as treebanks (for instance, with dependency annotations), and these may

be deployed to improve SRL performance.

In the present thesis, we proposed a syntax-aware SRL model, which can learn

syntax-aware representations autonomously. It was found that hidden-layer repre-

sentations, rather than the dependency-information extractor output, was the principal

source of improvement. Since syntactic analysis would become noisy on low-resource

domains, our model is, in this regard, more robust than other syntax-aware SRL sys-

tems. We also investigated how the performance of our model varied when different

proportions of dependency annotation were used for training. In general, our model

can also work effectively when a small number of gold dependency labels are given as

a supervision signal to the dependency-information extractor.

2. Can we enhance SRL performance with unannotated data?

A semi-supervised SRL model was developed, and it was demonstrated that, within

the paradigm of cross-view training modeling, this model can successfully leverage

unlabeled data. A key aspect of our model is the sentence learner, which can perform

all tasks (predicate identification, POS tagging, dependency parsing) subsidiary to se-

mantic role labeling, making our model self-sufficient and directly applicable to plain

text. The benefits of our approach have been empirically demonstrated by the exper-

iments undertaken within this study. Our model significantly outperforms baselines,

even without cross-view training; with cross-view training, meanwhile, it achieves an

impressive performance across different languages. Through ablation studies, we have

shown that multi-task hidden features, the sentence learner, and the cross-view training

all contribute to improving the performance of our semi-supervised SRL model.

Experiments with cross-view training, in the context of semantic role labeling, have

shown that applying views that cannot “see” the predicate of interest significantly re-

duces model performance. Consequently, the sentence was segmented, and words

before and after the predicate were subjected to different treatment. This ensured that

information from the predicate percolated to every word in the sentence. Secondly,

we explored how the strategy for selecting the target predicate (in sentences contain-

ing multiple candidates) influenced performance. Experiments indicated that the worst
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strategy was invariably to select the predicate with the highest confidence. There-

fore, we proposed a strategy to choose a predicate randomly from candidate predi-

cates, which led to a better SRL performance compared with other, more sophisticated

strategies.

3. Can we obtain semantic role labelers for target (low-resource) languages with-

out target-language annotations?

We developed a cross-lingual SRL and demonstrated that it can effectively leverage

unlabeled parallel data. Experimental results across languages have shown improve-

ments over competitive baselines. Through several ablation studies, we have also con-

firmed that multilingual contextualized word embeddings (multilingual BERT), Gaus-

sian noise injection and the semantic role compressor all contribute to improving the

performance of our cross-lingual SRL model. Conversely, when non-contextualized

embeddings (MUSE) were deployed in place of multilingual BERT, it was found that

duplicate words severely impaired the performance of our model. Although the addi-

tion of positional embeddings can alleviate this problem, the use of multilingual BERT

is a better solution, which makes contextualized multilingual embeddings an indis-

pensable part of our model.

Following PropBank-style guidelines, we also provided two manually annotated

datasets with a view to evaluating our model more effectively. The two datasets con-

tained 258 German and 304 Chinese sentences, the size of which was smaller than

UPB. Nonetheless, our datasets evinced a greater degree of accuracy than datasets cre-

ated semi-automatically, since the manual annotation was carried out by native speak-

ers.

7.2 Future Research Directions

Span-based SRL The present thesis focused exclusively on dependency-based SRL

within three settings. These were: supervised, semi-supervised and cross-lingual SRL.

An obvious future research direction is the extension of our methods to span-based

SRL. For supervised and semi-supervised SRL, the dependency-information extrac-
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tor and the sentence learner are not influenced by the SRL annotation style. As a

result, they can be directly transferred to span-based semantic role labeling. A ma-

jor challenge relates to the application of CVT to span-based SRL: since the output of

span-based SRL consists of BIO transitions, it is quite difficult to capture dependencies

between output tags correctly, without seeing the complete sentence.

A potential solution would be to simplify the tagging scheme during semi-supervised

training. In other words, auxiliary modules should concentrate on the role of each span,

while ignoring the question of whether the current word is the beginning or end of the

span. Hence, the global decoding stage of span-based SRL would be eliminated, which

would facilitate the application of semi-supervised models such as CVT.

When adapting our cross-lingual SRL model to span-based SRL, we need to pay

special attention to semantic role compression, since here, the semantic roles are as-

signed to the entire span, which usually contains multiple words. Once again, since

word order generally changes during the source-to-target translation, the BIO tagging

scheme must be abandoned during cross-lingual training. As a result, the first step

would be to check whether fix-sized vectors can record information for every word

in a span. If the answer is yes, the semantic role compressor can easily be adapted

to compress information for span-based SRL. Nonetheless, if fix-sized vectors cannot

record information for multiple words, one option would be to expand the compressed

role information to an unlimited size. In this case, the decompression stage would also

need to be modified to match the new compression strategy adopted for span-based

SRL.

Cross-lingual SRL A further avenue of potential research consists of the combina-

tion of cross-lingual training with other methods of deep learning, such as adversarial

training. Our cross-lingual model relies heavily on multilingual contextualized word

embeddings. Replacing contextualized word embeddings with non-contextualized ones

would result in inferior results (see Section 6.5.5). One cannot assume that ELMo,

BERT and other multilingual contextualized word embeddings will always be avail-

able for certain extremely low-resource languages, simply because the former have

become popular in NLP applications. The question of how to transfer cross-lingual

signals, while not relying on the similarity between multilingual contextualized word

embeddings or the results of word-alignment tools, is an important direction for future
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research.

Meanwhile, another constraint of current cross-lingual SRL models is their de-

pendence on a parallel corpus or high-quality translation tools. As with multilingual

contextualized word embeddings, these resources might not be available for some lan-

guages. The ideal cross-lingual SRL model would only require SRL annotations in

the source language and large-scale unlabeled data in the target language. As trans-

lation models develop, one finds that some translation systems do not require parallel

data during training, so to some degree, they capture correlations between different

languages without aligned sentence pairs.

Adversarial training has been applied in cross-lingual dependency parsing (Ahmad

et al., 2019a), and this can also be utilized to improve the quality of compressed role in-

formation in our cross-lingual SRL model. A language-identification task, for instance,

may be performed if one stacks a classifier on top of the compressor. Following the ter-

minology in adversarial-learning literature, the classifier would be a discriminator and

the compressor a generator. In this case, the objective of adversarial training would

then be to oblige the generator to produce representations independent of language.

A further step would be to inject predicate information into the discriminator, which

would enable the classifier to learn the argument distributions for different predicates,

thereby improving the role information learnt by the target-side semantic role labeler.
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