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PREFACE

This document is a doktordisputats - a thesis within the Danish academic system required to obtain the
degree of Doctor Scientiarum, in form and function equivalent to the French and German Habilitation
and the Higher Doctorate of the Commonwealth.

This thesis documents and discusses my research in the field of content-based automatic fact
checking, conducted in the period from 2016 to 2020. The first part of the thesis o ers an executive
summary, which provides a brief introduction to the field of fact checking for a broader computer
science audience; a summary of this thesis’ contributions to science; a positioning of the contributions
of this thesis in the broader research landscape of content-based automatic fact checking; and finally,
perspectives for future work.

As this thesis is a cumulative one as opposed to a monograph, the remainder of this document
contains in total 10 technical sections organised in 3 technical chapters, which are reformatted versions
of previously published papers. While the chapters are all self-contained, they are arranged to follow
the logical steps of a fact checking pipeline. Moreover, the methodology presented in Section 8 builds
on Section 6, which in turn builds on Section 4. Thus, it is advised to read the chapters in the order

they occur in.
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ABSTRACT

The past decade has seen a substantial rise in the amount of mis- and disinformation online, from tar-
geted disinformation campaigns to influence politics, to the unintentional spreading of misinformation
about public health. This development has spurred research in the area of automatic fact checking,
from approaches to detect check-worthy claims and determining the stance of tweets towards claims,
to methods to determine the veracity of claims given evidence documents.

These automatic methods are often content-based, using natural language processing methods,
which in turn utilise deep neural networks to learn higher-order features from text in order to make
predictions. As deep neural networks are black-box models, their inner workings cannot be easily
explained. At the same time, it is desirable to explain how they arrive at certain decisions, especially
if they are to be used for decision making. While this has been known for some time, the issues this
raises have been exacerbated by models increasing in size, and by EU legislation requiring models
to be used for decision making to provide explanations, and, very recently, by legislation requiring
online platforms operating in the EU to provide transparent reporting on their services. Despite this,
current solutions for explainability are still lacking in the area of fact checking.

A further general requirement of such deep learning based method is that they require large amounts
of in-domain training data to produce reliable explanations. As automatic fact checking is a very
recently introduced research area, there are few su ciently large datasets. As such, research on how
to learn from limited amounts of training data, such as how to adapt to unseen domains, is needed.

This thesis presents my research on automatic fact checking, including claim check-worthiness
detection, stance detection and veracity prediction. Its contributions go beyond fact checking, with the
thesis proposing more general machine learning solutions for natural language processing in the area
of learning with limited labelled data. Finally, the thesis presents some first solutions for explainable
fact checking.

Even so, the contributions presented here are only a start on the journey towards what is possible
and needed. Future research should focus on more holistic explanations by combining instance- and
model-based approaches, by developing large datasets for training models to generate explanations,
and by collective intelligence and active learning approaches for using explainable fact checking

models to support decision making.



RESUME

I det forlgbne arti har der vearet en betydelig stigning i mangden af mis- og desinformation online, fra
malrettede desinformationskampagner til at pavirke politik til utilsigtet spredning af misinformation
om folkesundhed. Denne udvikling har ansporet forskning inden for automatisk faktatjek, fra tilgange
til at opdage kontrolverdige pastande og bestemmelse af tweets holdning til pastande til metoder til at
bestemme rigtigheden af pastande, givet bevisdokumenter.

Disse automatiske metoder er ofte indholdsbaserede ved hjelp af naturlige sprogbehandlingsme-
toder, som bruger dybe neurale netverk til at laere abstraktioner i data pa hgjt niveau til klassificering.
Da dybe neurale netverk er ‘black-box’-modeller, er der ikke direkte indsigt i, hvorfor modellerne nar
frem til deres forudsigelser. Samtidig er det gnskeligt at forklare, hvordan de nar frem til bestemte
forudsigelser, is@r hvis de skal benyttes til at tre e beslutninger. Selv om dette har veret kendt i
nogen tid, er problemerne, som dette rejser, blevet forvarret af modeller, der stiger i stgrrelse, og
af EU-lovgivning, der kraver, at modeller bruges til beslutningstagning for at give forklaringer, og
for nylig af lovgivning, der kraever online platforme, der opererer i EU til at levere gennemsigtig
rapportering om deres tjenester. Pa trods af dette mangler de nuverende lgsninger til forklarlighed
stadig inden for faktatjek.

Et yderligere generelt krav til en sddan ‘deep learning’ baseret metode er, at de kraver store
meangder af i domzne treeningsdata for at producere palidelige forklaringer. Da automatisk faktatjek
er et meget nyligt introduceret forskningsomrade, er der fa tilstraekkeligt store dataset. Derfor er der
behov for forskning i, hvordan man lzrer af begraensede mangder treeningsdata, sdisom hvordan man
tilpasser sig til usete domaner.

Denne doktordisputats prasenterer min forskning om automatisk faktatjek, herunder opdagelse af
pastande, og om de bgr tjekkes (‘claim check-worthiness detection’), opdagelse af holdninger (‘stance
detection’) og forudsigelse af sandhed (‘veracity prediction’). Dens bidrag gar ud over faktatjek, idet
afhandlingen foreslar mere generelle maskinindleeringslgsninger til naturlig sprogbehandling inden
for lering med begrensede markede data. Endelig presenterer denne doktordisputats nogle farste
lgsninger til forklarlig faktatjek.

Alligevel er bidragene, der prasenteres her, kun en start pa rejsen mod hvad der er muligt og
ngdvendigt. Fremtidig forskning bgr fokusere pa mere holistiske forklaringer ved at kombinere
instans- og modelbaserede tilgange, ved at udvikle store dataset til treningsmodeller til generering af
forklaringer og ved kollektiv intelligens og aktive leringsmetoder til brug af forklarlige faktatjekmod-

eller til stgtte for beslutningstagning.
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EXECUTIVE SUMMARY

1.1 introduction

False information online is one of the greatest problems of the past decade, both from a societal and
an individual decision making perspective. Among others, deliberate spreading of false information
(disinformatior) is being used to in uence elections across the world (Bovet and Makse 201&5zJuh

and Szicherle 2017; P. N. Howard and Kollany 2016; Derczynski et al. 2019; Ncube 2019), and
accidental spreading of false informatiani§éinformation about public health in the wake of COVID-

19 has led to what has been coined an “infodemic' (Cuan-Baltazar et al. 2020; Kouzy et al. 2020;
Brennen et al. 2020).

While manual journalistic eorts to curb false information are crucial (Waisbord 2018), they cannot
scale to fact-checking hundreds of millions of daily Twitter posts. Consequently, detecting false
information has become an important task to automate.

What follows hereafter is an introduction to the topic of automatic fact checking, covering fact
checking sub-tasks, machine learning methods, as well as explainability methods. Where appropriate,
this section cross-references the papers contained in the later methodological chapters. A more
detailed introduction to the contributions of each paper can be subsequently found in Section 1.2.

1.1.1 Automatic Fact Checking

One typically di erentiates automatic fact checking approaches by whether they are based on network
or content information; we consider each of these in turn below.

1.1.1.1 Network-Based Approaches

Network-based approaches aim to identify false information purely based on interactions between
people on e.g. social media platforms. Each social media user is connected to otheesentdivays,
e.g. through following their posts, being followed or quoting users in posts. All these interactions
together then form networks. Research has found that users in the same such networks often share
common beliefs and, crucially here, that users spreading disinformation often tend to part of the same
such networks.

To illustrate this, please nd an example from a paper of mine (Hartmann et al. 2019a) in Figure 1.
The use case here is the visualisation of tweets around the crash of Malaysian Airlines (MH17) ight
on 17 July 2014, on its way from Amsterdam to Kuala Lumpur over Ukrainian territory, resulting



Figure 1:This plot shows the joint retweet network from Hartmann et al. 2019a. Pro-Russian edges are colored
in red, pro-Ukrainian edges are colored in dark blue and neutral edges are colored in grey. Both plots
were made using The Force Atlas 2 layout in gephi (Bastian et al. 2009).

in the death of 298 civilians. The crash resulted in competing narratives around who was to blame
— whether the plane was shot down by the Ukrainian military, or by Russian separatists in Ukraine
supported by the Russian government (S. Oates 2016). The latter theory is the one subsequently
con rmed by an international investigations team. The gure shows a retweet network, a graph
that contains users as nodes and an edge between two users if at least one of the users retweets the
other in a tweet that is detected to be on topic. Each edge is semi-automatically labelled as either
pro-Russian, pro-Ukrainian or neutral, depending on the prevailing polarity of the content of the tweet
being retweeted between users. As can be seen, the two networks corresponding to the two competing
narratives are largely disconnected, i.e. they are being put forward leyedit groups of people.

Based on such an analysis, disinformation can easily be detected, e.g. by aggingwiseese part

of disinformation networks.

1.1.1.2 Content-Based Approaches
A content-based automatic fact checking pipeline can be decomposed into the following tasks:

1. Detection of check-worthy claims;
2. Evidence retrieval and ranking;

3. Stance detection;

4. Veracity prediction.

1 At this point, it might be worth mentioning that not all such users are real people — many of them are bots. Bot detection,
though, is beyond the scope of this thesis.



Figure 2:This illustrates a typical content-based fact checking pipeline, starting with the detection of check-
worthy claims, and ending with the veri cation of a claim's veracity.

1.1.1.3 Detection of check-worthy claims

An example of how this works for a given input is shown in Figure 2. Assume the statement
“Immigrants are a drain on the economy' is given. The rst step would then be to determine if this
statement constitutes a claim or an opinion and, if it constitutes a claim, whether or not that claim
is worth fact checkingdlaim check-worthiness detectjorWhether or not a claim is determined

to be worth fact-checking is in uenced by claim importance, which is subjective. Typically, only
sentences unlikely to be believed without veri cation are marked as check-worthy. Furthermore,
domain interests skew what is deemed check-worthy, which might e.g. only be certain political
claims, or only celebrity gossip, depending on the application at hand. Lastly, claims can be very
di erentin nature (Francis 2016). The main categories of claims are: 1) numerical claims involving
numerical properties about entities and comparisons among them; 2) entity and event properties such
as professional quali cations and event participants; 3) position statements such as whether a political
entity supported a certain policy; 4) quote veri cation assessing whether the claim states precisely
the source of a quote, its content, and the event at which it supposedly occurred. All of this already
makes the rst step in the fact checking pipeline, the detection of check-worthy claims, a surprisingly
non-trivial task. A more in-depth discussion of these challenges can be found in Paper 1 (Section 2).

1.1.1.4 Evidence retrieval and ranking

Following this, if the statement indeed is a check-worthy claim, evidence documents which can be
used to con rm or refute the claim are retrieved from the Web and ranked by their relevance to
the claim évidence retrieval and rankingNote that the source of documents for retrieval can be
restricted to certain domains, e.g. Wikipedia only, as done for the FEVER shared task and dataset
(Thorne et al. 2018), the setup of which is used in Paper 9, contained in Section 10. Alternatively,
the whole Web can be used as a source, in which case a search engine is often used in this part of the
pipeline, as done for the MultiFC dataset presented in Paper 8, Section 9. Moreover, if the statement



is a social media post, replies to this post can be used as evidence documents, as done in RumourEval
Derczynski et al. 2017; Gorrell et al. 2019, the setting of which is used in Papers 4 (Section 5 and 6
(Section 7). For simplicity, some experimental settings skip this step altogether, assuming all relevant
evidence is identi ed manually, as done in Paper 10 (Section 11). A less stark simpli cation, but a
simpli cation nonetheless, is to assume all relevant evidence documents are provided, and merely
have to be reranked, which is e.g. explored in Allein et al. 2020 (which has not been included in this
thesis).

1.1.1.5 Stance detection

The next step is to determine if the evidence documents retrieved in the previous step agree with,
disagree with or are neutral towards the claim. This step is typically referred to as stéhee
detectioror textual entailmentMore generally, the task can be calleairwise sequence classi catipn

where a label corresponding to a pair of sequences is learned. The rst sequence can be a claim, a
headline, a premise, a hypothesis, or a target such as a person or a topic. There are erany di
labelling schemes for this task, ranging from simply “positive' vs. "negative' to a very ne-grained
task with many dierent labels. This challenge is explored in more detail in Paper 5 (Section 6).
Intuitively, this step is easier the more directly an evidence document discusses a claim — the less
textual overlap there is between the two texts, the harder it to determine the stance automatically —
which is discussed in Papers 3 (Section 4) and 8 (Section 9).

1.1.1.6 Veracity prediction

Lastly, given the predicted labels from the stance classi exftdlaim, evidence pairs obtained in

Step 3, as well as a ranking of evidence pages obtained in Step 2, the overall veracity of the claim in
guestion can be determined. As in stance detection, there exist masmgni labelling schemes for

this step. In addition to ne-grained judgements about where on the scale from “completely true' to
‘completely false' a claim lies, labels such as "not enough information' or “spins the truth' are used.
Solutions to this are discussed in great detail in Paper 8 (Section 9).

It should be noted at this point that what automatic fact checking models aim to predict is not
the irrefutable, objective truth, but rather the veracity of a claim with respect to certain evidence
documents. If there exists counter evidence, or important evidence is missing, but they are not
available to the fact checking model in a machine-readable format, the model has no way of telling
this. Thus, it is up to the person utilising the fact checking model to carefully examine how the model
has arrived at its prediction. Supporting humans in this endeavour is possible through models which,
as is the goal explored in this thesis, produce an explanation for the automatic fact-check. This is
further described in Section 1.1.3.

An intuition behind some of the key machine learning challenges with building such automatic fact
checking methods and how they are addressed in this thesis is given next.



1.1.2 Learning with Limited and Heterogeneous Labelled Data

A core methodological challenge addressed throughout this thesis is that most fact checking datasets
are small in nature and apply dirent labelling schemes. Learning stable automatic fact checking
models from those datasets thus presents a signi cant challenge.

This thesis proposes methods within the following areas to tackle this problem:

1. Output space modelling;
2. Multi-task learning;
3. Transfer learning.

Automatic fact checking is, at its core, a classi cation task: each claim has to be categorised as
belonging to one of a set of classes denoting the claim's veracity. Hence, methods popular for text
classi cation ought to be suitable for automatic fact checking as well. On a high level, standard
text classi cation models take the input text (e.g. a claim, perhaps concatenated with an evidence
sentence), transform it to higher-level abstract features using a feature transformation function, and
output a class label.

1.1.2.1 Output space modelling

While this works well for most purposes, this formulation has several shortcomings, which can be
addressed by dierent ways ofnodelling the output space-irst of all, with classes simply being
represented by IDs, the inherent meaning of these classes is not directly represented by the model.
Moreover, in fact checking, derent veracity labels represent ne-grained nuances in meaning, e.qg.
“partly true', “mostly true’, 'more evidence needed', i.e. there is a relationship between labels. Thus,
this thesis proposes to not just learn input features, but also output features for fact checking, more
concretely, label embeddings, which capture the semantic relationships between labels. Papers 5
(Section 6) and 8 (Section 9) show that this trick can be applied to not just improve the performance
of pairwise sequence classi cation and veracity prediction models, respectively, but also to unify label
schemes from dierent datasets, without having to attempt to do this uni cation manually.

Moreover, Paper 3 (Section 4) applies a similar idea to the task of unseen target stance detection —
i.e. determining the stance towards a target (e.g. a person or topic) that is unseen at test time. Prior to
that, ordinarily, approaches would consist of one model per stance target. By representing the targets
as features as well and training a joint model, the resulting model can make stance predictions for any
target, a formulation which resulted in state-of-the-art performance at the time.

Lastly, another form of output space modelling investigated in Paper 4 (Section 5) concerns the
context of the target instance. As mentioned before, one task formulation of fact checking is detecting
the veracity of rumours, where a rumour is veri ed by determining the stance of social media posts
towards a rumour. As social media posts do not appear in isolation but, more often than not, are
replies to previous posts, modelling them in isolation would mean losing out on important context.
Therefore, this thesis proposes to frame rumour stance detection as a structured prediction task. The
conversational structure on Twitter can be viewed as a tree, in turn consisting of branches that are
made up of sequences of posts. We propose to treat each such branch as an instance. The labels for



posts are then predicted in a sequential fashion, such that the model which makes these predictions
has access to the posts as well as the predicted labels in the same conversational thread.

1.1.2.2 Multi-task learning

Di erent label schemes having been dealt with, another challenge concerns the generally low number
of training instances of fact checking datasets — especially the earlier datasets such as Mohammad
et al. 2016; Pomerleau and Rao 2017; Derczynski et al. 2017; W. Y. Wang 2017 only contain around a
couple of thousand training instances. Deep learning based text classi cation models tend to perform
better the more examples they have available at training time. Moreover, with a paucity of training
instances, they tend to struggle to even outperform simply predicting a random label or the most
frequent label (see e.g. Hartmann et al. 2019a). Two streams of research are explored in this thesis to
tackle this problem — multi-task and transfer learning — both of which build on the general idea of
obtaining more training data from other sources.

Multi-task learningis the idea of, in addition to thiarget task obtaining training data for so-called
auxiliary tasks The latter are tasks which are often related to the target task, be it in form (i.e. if the
target task is a text classi cation task, those would also be text classi cation tasks); in domain (e.qg.
the target task and auxiliary task data could all be from the legal domain); or in the nature of the task
(e.g. only taking into consideration dérent variants of sentiment analysis). The idea is then to train a
model on all such tasks at once, but to only utilise the predictions of the target task.

Deep neural network based text classi cation models typically consist of an: 1) input layer, which
maps inputs to features, 2) hidden layers, which learn more abstract higher-order features; and 3) an
output layer, which maps the features from the hidden layer to output labels. Since inputs as well as
the type and number of classes tends taediby task, in multi-task learning, only the hidden layers
tend to be shared between tasks, whereas the input and output layers tend to be kept separate for each
task. Intuitively, sharing the hidden layer means the model can better learn abstract features by having
seen more examples. Training on several tasks at the same time also has a regularisetierit ¢s
more di cult for a model to over t to spurious patterns for any one task if it is trained to perform
several tasks at the same time. In this thesis, multi-task learning is used as a building block in several
papers. In Papers 5 (Section 6) and 8 (Section 9), it is combined with the idea of label embeddings. In
Papers 9 (Section 10) and 10 (Section 11), it is used as a way of speci cally instilliegestit types
of knowledge in a model — about semantic coherence and how to generate adversarial claims (Paper
9), and about veracity and how to generate instance-level explanations (Paper 10).

1.1.2.3 Transfer learning

Finally, this thesis examindsansfer learningas a way of increasing the amount of training data for a
task. Transfer learning can be seen as as special form of multi-task learning where a model is trained
on several tasks, but instead of it being trained on several tasks at once, it is trained on several tasks
sequentially. The last one of these tasks is typicallytéinget task unless there is no training data
available for the target task at all, in which case one typically spealdasafpervisear zero-shot

transfer learning. The other tasks are typically referred to asdbece tasks



As with multi-task learning, the intuition that is typically applied is that the closer the source tasks
are to the target task, be it in terms of form, domain, text type, or application task considered, the more
likely it is to bene t the target task. The current de-facto approach to natural language processing
at the time of writing is the so-called “pre-train, then ne-tune' approach, where sentence encoding
models are pre-trained on unsupervised tasks which require no manual annotation. The overall goal is
for this pre-training procedure to result in a better initialisation of the hidden layers of a deep neural
network, such that when itis ne-tuned for a target task, it converges more quickly and is less likely
to get stuck in local minima. There are many éient variants of such pre-training tasks for NLP,
such as simple next-word prediction (language modelling), next-sentence prediction or term frequency
prediction (Aroca-Ouellette and Rudzicz 2020). These pre-trained models, often pre-trained on large
amounts of raw data, can then be re-used acrosrélint applications in a plug-and-play fashion, and
a large number of such pre-trained models have been published in the last year alone Rogers et al.
2020.

This thesis is not concerned with learning better unsupervised representations from large amounts
of data as such — though it does utilise such pre-trained models. Instead, it focuses on how to better
ne-tune them for given target tasks. Three drent types of ne-tuning settings are explored. Paper
1 (Section 2) explores the common setting where relatively little target-task data is available, but
noisy training data for the same task, albeit from aedent domain, is available. The paper then
deals with how best to ne-tune a claim check-worthiness detection model in two steps — rst on
the out-of-domain data, then on the in-domain data. Paper 2 (Section 3) assumes no training data is
available at all for the target domain. Instead, multiple training datasets for the same task, though
from other domains, are available. Thus, the task becomes one of unsupervised multi-source domain
adaptation. Lastly, Paper 6 (Section 7) addresses the problem that language, and thus test data,
changes over time. To re ect that change, the paper proposes to perform sequential temporal domain
adaptation, where models are adapted to more recent data sequentially, and shows that this improves
performance.

1.1.3 Explainable Natural Language Understanding

The last vertical of relevance to fact checking is how to make fact checking models more transparent,
such that end users can understand: 1) what a model as a whole has leawdetliiterpretabilty
as well as 2) why a model produces a certain prediction for a certain instawocke explainability.
Note here that the terms “interpretability' and “explainability’ are often con ated in the literature, not
least because an explainable model is often also interpretable.

The methods for explainable natural language understanding researched in this thesis can be divided
into the following streams of approaches:

1. Generating natural language explanations;
2. Generating adversarial examples;
3. Post-hoc explainability methods.

These are considered in turn below.



1.1.3.1 Generating natural language explanations

The inner workings of deep neural networks are, as already mentioned, relatively complex; especially
since modern models have too many parameters to inspect them individually. One solution to this is
to generate natural language explanations, based on the assumption that the easiest explanations to
understand for users are those written in natural language.

The overall aim to produce free text (typically a sentence or a paragraph) that succinctly explains
how the model has arrived at a certain prediction. Technically, this is achieved by training a model to
both solve the main task and generate a textual explanation. In Paper 10 (Section 11), we approach
this using multi-task learning. Ideally, such a free text explanation would be directly generated from a
model's hidden layers as an unsupervised task, however, this is extremely challenging to do. In Paper
10, we show that generating free-text explanations for fact checking is possible in a simpli ed setting.
Namely, the model is given long articles written by journalists discussing evidence documents, and
the model is trained to summarise those evidence documents, while also predicting the veracity of the
corresponding claim. The summaries, in turn, represent justi cations for the fact-check and thus an
explanation for the respective fact checking label.

1.1.3.2 Generating adversarial examples

Another way of interpreting what a model has learned is to try to reveal systemic vulnerabilities of the
model. Sometimes, usually because a model is trained on biaséx anall amounts of training

data, it learns spurious correlations resulting in features that are red herrings — which a model has
only seen a handful of times at training time, which were always associated with only one label, but
which, in reality, are not indicative of the label. An example from the fact checking domain could be

if a model is only exposed to false claims mentioning certain people, then it will very likely learn to
always predict the veracity of “false' whenever this name occurs in a claim.

The goal of generating adversarial examples is to identify such features, sometimes also called
“universal adversarial triggers', and use them to automatically generate instances which a fact checking
model would predict an incorrect label for. This not only tells a user what a model would likely
struggle with, but the automatically generated adversarial instances can in turn be used to improve
models.

In Paper 10 (Section 10), we explore how to generate adversarial claims for fact checking. There
are some additional challenges when researching this method for fact checking. First, the generated
adversarial claims should contain these additional triggers, but without changing the meaning of the
claim to the extent that they would change the ground truth label. To build on the example above, a
trigger could be a certain name, which would not change the meaning of a claim, but could change
what a fact checking model would predict for it. It could also be the word "not', which in most cases
would change the underlying meaning. The moreadént veracity labels are considered, the more
di cult this becomes. Morever, generating a syntactically valid and semantically coherent claim is
also non-trivial. While previous work generated claims from templates, this restricts the range of
claim types that can be generated. We instead research how to do this automatically, using large
language models, which generate these claims from scratch.
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1.1.3.3 Post-hoc explainability methods

Lastly, another explainability technique explored in this thesis is post-hoc explainability. Unlike
the approaches presented for generating natural language explanations and discovering universal
adversarial triggers, post-hoc explainability methods are methods that can be applied after a model for
a certain application task has already been trained. The general idea is to nd regions of the input
which best explain the predicted label for the corresponding instance. These regions of the input are
typically called ‘rationales', and are portions of the input text — words, phrases or sentences — which
are salient for the predicted label given the trained model.

This can then very easily tell a user if a model focuses on the correct parts of the input or the
incorrect parts of the input. Following up from the example above, in Section 1.1.3.2, an undesired
part of the input to focus on for fact checking could be a person's name in a claim, as this could be a
re ection of the data selection process more than a re ection of the real world.

At the time of running experiments, and also of writing this thesis, there are no fact checking
datasets annotated with human rationales. Veracity prediction models take not only claims as their
input, but also evidence pages. As such, rationales would have to relate portions of claims and
evidence pages, requiring a conceptuallyadent annotation scheme than currently used. Therefore,
Paper 8 (Section 8) focuses only on the subtask of fact checking which determines the relationship
between two input texts, i.e. stance detectioatural language inference.

Paper 8 addresses the highly challenging task of automatically evaluating such post-hoc explain-
ability methods. First o, they should of course be in line with human annotations, but these are not
always available, and besides, should not be the only thing taken into account — for instance, an expla-
nation should also be faithful to what the respective model has learned. The paper propesas di
so-called “diagnostic properties' for evaluating post-hoc explanations, and uses them to compare
di erent types of post-hoc explainability methods acrossdint classi cation tasks and datasets.
Some of the ndings are that derent explainability methods produce very éient explanations,
and that explanations further dir by model. Di erent explanations can all be correct in their own
way, e.g. they might oer true alternative explanations, which is just one of the things that makes
explainability research challenging.

1.2 scientific contributions

Having given a general introduction to the topic of fact checking and the core challenges tackled in
this thesis, this section now turns to describing the scienti ¢ contributions made by this thesis in more
depth.

The core scienti ¢ contributions of models presented in thesis can be conceptualised along three
axes:

1. the fact checking sub-task they address (see Sec. 1.1.1);

2. the method they present for dealing with limited and heterogeneous limited data (see Sec.
1.1.2);

3. the explainability method they propose (see Sec. 1.1.3).
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Augenstein et al. 2016a X X
Zubiaga et al. 2018 X X
Augenstein et al. 2018b X X X
Augenstein et al. 2019b X X X X
Bjerva et al. 2020b X X
Wright and Augenstein 2020a X X
Wright and Augenstein 2020b X X
Atanasova et al. 2020b X X X
Atanasova et al. 2020a X X
Atanasova et al. 2020c X X X X

Table 1:The ten approaches to automatic content-based fact checking presented in this thesis presented along
three axes, representing their core areas of contribution.

Table 1 indicates where along these three axes each of the ten papers that make up this thesis are
located. What follows next is a brief summary of the contributions of each paper, grouped by the “fact
checking sub-task' axis, following the structure of this thésis.

1.2.1 Detecting Check-Worthy Claims

The rst fact checking area in which contributions are made concerns the detecting of check-worthy
claims.

1.2.1.1 Paper 1: Positive Unlabelled Learning

This paper addresses the fact checking sub-task of claim check-worthiness detection, a text classi ca-
tion problem where, given a statement, one must predict if the content of that statement makes “an
assertion about the world that is checkable” (Konstantinovskiy et al. 2018). There are multiple isolated
lines of research which have studied variations of this problem: rumour detection on Twitter (Zubiaga
et al. 2016c¢; Zubiaga et al. 2018), check-worthiness ranking in political debates and speeches (Nakov
et al. 2018; Elsayed et al. 2019; BanrCed@o et al. 2020), and "citation needed' detection on
Wikipedia (Redi et al. 2019) (see Figure 3). Each task is concerned with a shared underlying problem:
detecting claims which warrant further veri cation. However, no work has been done to compare all
three tasks to understand shared challenges in order to derive shared solutions, which could enable
the improvement of claim check-worthiness detection systems across multiple domains. Therefore,
we ask the following main research question in this work: are these (rumour detection on Twitter,
check-worthiness ranking in political debates, “citation needed' detection) all variants of the same task
(claim check-worthiness detection), and if so, is it possible to have a uni ed approach to all of them?

2 The exception to this is evidence retrieval and reranking. As this is only a contribution in Paper 9, and there does not present
the main contribution, this fact checking sub-task neither has its own subsection below, nor its own chapter in the thesis.
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Figure 3:[Paper 1] Examples of check-worthy and non check-worthy statements from therewi domains.
Check-worthy statements are those which were judged to require evidence or a fact check.

In more detail, the contributions of this work are as follows:

1. The rstthorough comparison of multiple claim check-worthiness detection tasks.

2. Positive Unlabelled Conversion (PUCG novel extension of PU learning to support check-
worthiness detection across domains.

3. Results demonstrating that a uni ed approach to check-worthiness detection is achievable for 2
out of 3 tasks, improving over the state-of-the-art for those tasks.

1.2.1.2 Paper 2: Transformer Based Multi-Source Domain Adaptation

Multi-source domain adaptation is a well studied problem in deep learning for natural language
processing. An example of this setting can be found in Figure 4: a model may e.g. be trained to
predict the sentiment of product reviews for DVDs, electronics, and kitchen goods, and must utilise
this learned knowledge to predict the sentiment of a review about a book. Proposed methods have been
primarily studied using convolutional nets (CNNs) and recurrent nets (RNNs) trained from scratch,
while the NLP community has recently begun to rely more and more on large pretrained transformer
(LPX) models e.g. BERT (Devlin et al. 2019). To date there has been some preliminary investigation
of how LPX models perform under domain shift in the single source-single target setting (X. Ma et al.
2019; X. Han and Eisenstein 2019; Rietzler et al. 2020; Gururangan et al. 2020). What is lacking is a
study into the eects of and best ways to apply classic multi-source domain adaptation techniques
with LPX models, which can give insight into possible avenues for improved application of these
models in settings where there is domain shift.

Given this, Paper 2 presents a study into unsupervised multi-source domain adaptation techniques
for large pretrained transformer models, evaluating the proposed models on the tasks of rumour
detection on Twitter as well as sentiment analysis of customer reviews. Our main research question
is: do mixture of experts and domain adversarial trainingraany bene t when using LPX models?

The answer to this is not immediately obvious, as such models have been shown to generalize quite
well across domains and tasks while still learning representations which are not domain invariant.
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Figure 4:[Paper 2] In multi-source domain adaptation, a model is trained on data drawn from multiple parts of
the underlying distribution. At test time, the model must make predictions on data from a potentially
non-overlapping part of the distribution.

Therefore, we experiment with four mixture of experts models, including one novel technique based
on attending to dierent domain experts; as well as domain adversarial training with gradient reversal.
Perhaps surprisingly, we nd that, while domain adversarial training helps the model learn more
domain invariant representations, this does not always result in increased target task performance.
When using mixture-of-experts models, we see signi cant gains on out-of-domain rumour detection,
and some gains on out-of-domain sentiment analysis. Further analysis reveals that the classi ers
learned by domain expert models are highly homogeneous, making it challenging to learn a better
mixing function than simple averaging.

1.2.2 Stance Detection

The second fact checking area in which contributions are made concerns the classi cation of stance
and textual entailment.

1.2.2.1 Paper 3: Bidirectional Conditional Encoding

The goal of stance detection is to classify the attitude expressed in a text, towards a given target,
here, as “positive”, "negative”, or "neutral”. The focus of this paper is on a novel stance detection
task, namely tweet stance detection towards previously unseen target entities (mostly entities such
as politicians or issues of public interest), as de ned in the SemEval Stance Detection for Twitter
task (Mohammad et al. 2016). This task is ratherdlilt, rstly due to not having training data for the
targets in the test set, and secondly due to the targets not always being mentioned in the tweet. Thus
the challenge is twofold. First, we need to learn a model that interprets the tweet stance towards a
target that might not be mentioned in the tweet itself. Second, we need to learn such a model without
labelled training data for the target with respect to which we are predicting the stance.
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Legalizationof Abortion A foetus has rights too !

Target Tweet

Figure 5:[Paper 3] Bidirectional encoding of tweet conditioned on bidirectional encoding of tanget([]).
The stance is predicted using the last forward and reversed output representbgoh§ 0.

[depth=0] ul: These are not timid colours; soldiers back guarding Tomb of Unknown Soldier after today's
shooting #StandforCanada —PICTUR[Edpport]
[depth=1] u2: @ul Apparently a hoax. Best to take Tweet dojdeny]
[depth=1] u3: @ul This photo was taken this morning, before the shoofaeny]
[depth=1] u4: @ul I don't believe there are soldiers guarding this area right faeny]
[depth=2] u5: @u4 wondered as well. I've reached out to someone who would know just to
con rm that. Hopefully get response sodeomment]
[depth=3] u4: @u5 ok, thanks[comment]

Figure 6:[Paper 4] Example of a tree-structured thread discussing the veracity of a rumour, where the label
associated with each tweet is the target of the rumour stance classi cation task.

To address these challenges, we develop a neural network architecture based on conditional
encoding (Rockischel et al. 2016), visualised in Figure 5. A long-short term memory (LSTM)
network (Hochreiter and Schmidhuber 1997) is used to encode the target, followed by a second LSTM
that encodes the tweet using the encoding of the target as its initial state. We show that this approach
achieves better F1 than standard stance detection baselines, or an independent LSTM encoding of the
tweet and the target. Results improve further with a bidirectional version of our model, which takes
into account the context on either side of the word being encoded. In the shared task, this would be
the second best result, except for an approach which uses automatically labelled tweets for the test
targets. Lastly, when our bidirectional conditional encoding model is trained on such data, it achieves
state-of-the-art performance.

1.2.2.2 Paper 4: Discourse-Aware Rumour Classi cation

In this work we focus on the development of stance classi cation models for rumour detection.
It has been argued that it could be helpful in determining the likely veracity to aggregate across
multiple distinct stances in the multiple tweets discussing a rumour. This would provide, for example,
the means to ag highly disputed rumours as being potentially false (Malon 2018). This approach
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has been justi ed by recent research that has suggested that the aggregation oétbetditances
expressed by users can be used for determining the veracity of a rumour (Derczynski et al. 2015b;
X. Liu et al. 2015).

In this work, we examine in depth the use of so-called sequential approaches to the rumour stance
classi cation task. Sequential classi ers are able to utilise the discursive nature of social media (Tolmie
et al. 2017a), learning from how “conversational threads' evolve for a more accurate classi cation of
the stance of each tweet — see Figure 6 for an example of such a conversational thread.

The work presented here advances research in rumour stance classi cation by performing an exhaus-
tive analysis of di erent approaches to this task. In particular, we make the following contributions:

We perform an analysis of whether — and the extent to which — the use of the sequential structure
of conversational threads can improve stance classi cation in comparison to a classi er that
determines a tweet's stance from the tweet in isolation. To do so, we evaluatectiereness

of a range of sequential classi ers: (1) a state-of-the-art classi er that uses Hawkes Processes
to model the temporal sequence of tweets (Lukasik et al. 2016b); (2) tvevatit variants of
Conditional Random Fields (CRF), i.e., a linear-chain CRF and a tree CRF; and (3) a classi er
based on Long Short Term Memory (LSTM) networks. We compare the performance of these
sequential classi ers with non-sequential baselines, including the non-sequential equivalent of
CRF, a Maximum Entropy classi er.

We perform a detailed analysis of the results broken down by dataset and by depth of tweet in
the thread, as well as an error analysis to further understand the performance okttemdi
classi ers. We complete our analysis of results by delving into the features, and exploring
whether and the extent to which they help characterise therelint types of stances.

Our results show that sequential approaches do perform substantially better in terms of macro-
averaged F1 score, proving that exploiting the dialogical structure improves classi cation performance.
Speci cally, the LSTM achieves the best performance in terms of macro-averaged F1 scores, with
a performance that is largely consistent acrosgidint datasets and dirent types of stances. Our
experiments show that LSTMs performs especially well when only local features are used, as compared
to the rest of the classi ers, which need to exploit contextual features to achieve comparable — yet still
inferior — performance scores. Our ndings reinforce the importance of leveraging conversational
context in stance classi cation. Our research also sheds light on open research questions that we
suggest should be addressed in future work. Our work here complements other components of a
rumour classi cation system that we implemented in the PHEME project, including a rumour detection
component (Zubiaga et al. 2016b; Zubiaga et al. 2017a), as well as a study intous®diof — and
reactions to — rumour (Zubiaga et al. 2016c).

1.2.2.3 Paper 5: Multi-Task Learning Over Disparate Label Spaces

Contemporary work in multi-task learning for NLP typically focuses on learning representations that
are useful across tasks, often through hard parameter sharing of hidden layers of neural networks
(Collobert et al. 2011; Sggaard and Y. Goldberg 2016). If tasks share optimal hypothesis classes at the



16

Figure 7:[Paper 5] Label embeddings of all tasks. Positive, negative, and neutral labels are clustered together.

level of these representations, multi-task learning leads to improvements (Baxter 2000). However,
while sharing hidden layers of neural networks is ap@&ive regulariser (Sggaard and Y. Goldberg
2016), we potentially lose synergies between the classi cation functions trained to associate these
representations with class labels. This paper sets out to build an architecture in which such synergies
are exploited, with an application to pairwise sequence classi cation tasks (topic-based, target-
depending and aspect-based sentiment analysis; stance detection; fake news detection; and natural
language inference).

For many NLP tasks, disparate label sets are weakly correlated, e.g. part-of-speech tags correlate
with dependencies (Hashimoto et al. 2017), sentiment correlates with emotion (Felbo et al. 2017,
Eisner et al. 2016), etc. We thus propose to induce a joint label embedding space using a Label
Embedding Layer that allows us to model these relationships, which we show helps with learning. A
visualisation of the learned label embedding space is provided in Figure 7.

In addition, for tasks where labels are closely related, we should be able to not only model their
relationship, but also to directly estimate the corresponding label of the target task based on auxiliary
predictions. To this end, we propose to train a Label Transfer Network jointly with the model to
produce pseudo-labels across tasks.

In summary, our contributions are as follows.

1. We model the relationships between labels by inducing a joint label space for multi-task
learning.

2. We propose a Label Transfer Network that learns to transfer labels between tasks and propose
to use semi-supervised learning to leverage them for training.

3. We evaluate multi-task learning approaches on a variety of classi cation tasks and shed new
light on settings where multi-task learning works.
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Figure 8:Example of a word embedding Bb17Vvsto1s (blue=person, redartefact , black=unk). Source data
(left, to017), target data (rightiop18). Note that atop17, 'bert' is a person while attyg1g 'bert' is an
artefact .

4. We perform an extensive ablation study of our model.
5. We report state-of-the-art performance on topic-based sentiment analysis.

1.2.2.4 Paper 6: Temporal Domain Adaptation with Sequential Alignment

Evolution of language usage acts natural language processing tasks and, as such, models based on
data from one point in time cannot be expected to generalise to the future. For example, the names
‘Bert' and "EImo' would only rarely make an appearance prior to 2018 in the context of scienti ¢
writing. After the publication of BERT (Devlin et al. 2019) and ELMo (Peters et al. 2018), however,
usage has increased in frequency. In the context of named entities on Twitter, it is also likely that these
names would be tagged psrsonprior to 2018, and are now more likely to refer toantefact . As

such, their part-of-speech tags will also di — see Figure 8, which aims to illustrate this point.

In order to become more robust to language evolution, data should be collected at multiple points
in time. We consider a dynamic learning paradigm where one makes predictions for data points
from the current time-step given labelled data points from previous time-steps. As time increments,
data points from the current step are labelled and new unlabelled data points are observed. Changes
in language usage cause a data drift between time-steps and some way of controlling for the shift
between time-steps is necessary. Given that linguistic tokens are embedded in some vector space
using neural language models, we observe that in time-varying dynamic tasks, the drift causes token
embeddings to occupy derent parts of embedding space over consecutive time-steps.

In each time-step we map linguistic tokens using the same pre-trained language model (a “BERT”
network, Devlin et al. 2019) and align the resulting embeddings using a second procedure called
subspace alignment (Fernando et al. 2013). We apply subspace alignment sequentially by nding the
principal components in each time-step and transforming linearly the components from the previous
step to match the current step. A classi er trained on the aligned embeddings from the previous step
will be more suited to classify embeddings in the current step.

We show that sequential subspace alignment yields substantial improvements in three challenging
tasks: paper acceptance prediction on the PeerRead data set (D. Kang et al. 2018); Named Entity
Recognition on the Broad Twitter Corpus (Derczynski et al. 2016); and rumour stance detection on the
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Figure 9:[Paper 7] Example of the saliency scores for the words (columns) of an instance from the Twitter
Sentiment Extraction dataset. They are produced by the explainability techniques (rows) given a
Transformer model. The rst row is the human annotation of the salient words. The scores are
normalized in the range {Q].

RumourEval 2019 data set (Gorrell et al. 2019). These tasks are chosen to vary in terms of domains,
timescales, and the granularity of the linguistic units.

In addition to evaluating sequential subspace alignment, we include two technical contributions
as we extend the method both to allow for time series of unbounded length and to consider instance
similarities between classes. The best-performing sequential subspace alignment methods proposed
here are semi-supervised, but require only between 2 and 10 annotated data points per class from the
test year for successful alignment. Crucially, the best proposed sequential subspace alignment models
outperform baselines utilising more data, including the whole data set.

1.2.2.5 Paper 7: A Diagnostic Study of Explainability Techniques

Explainability methodsittempt to reveal the reasons behind a model's prediction for a single data
point, as shown in Figure 9. They can be produced post-hoc, i.e., with already trained models. Such
post-hoc explanation techniques can be applicable to one speci ¢ model (Martens et al. 2008; Wagner
et al. 2019) or to a broader range thereof (Ribeiro et al. 2016; Lundberg and S. Lee 2017). They
can further be categorised as: employing model gradients (Sundararajan et al. 2017; Simonyan et al.
2014), being perturbation based (Shapley 1953; Zeiler and Fergus 2014) or providing explanations
through model simpli cations (Ribeiro et al. 2016; Johansson et al. 2004). While there is a growing
amount of explainability methods, we nd that they can produce varying, sometimes contradicting
explanations, as illustrated in Figure 9.

Hence, it is important to assess existing techniques and to provide a generally applicable and
automated methodology for choosing one that is suitable for a particular model architecture and
application task (Jacovi and Y. Goldberg 2020).

In summary, the contributions of this work are:
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Feature Value

ClaimiD farg-00004

Claim Mexico and Canada assemble cars with foreign parts and send them to the U.S. with no tax.
Label distorts

Claim URL https://www.factcheck.org/2018/10/factchecking-trump-on-trade/

Reason None

Category the-factcheck-wire

Speaker Donald Trump

Checker Eugene Kiely

Tags North American Free Trade Agreement

Claim Entities  UnitedStates, Canada, Mexico
Article Title Fact Checking Trump on Trade
Publish Date October 3, 2018

Claim Date Monday, October 1, 2018

Table 2: [Paper 8] An example of a claim instance. Entities are obtained via entity linking. Article and outlink
texts, evidence search snippets and pages are not shown.

We compile a comprehensive list of diagnostic properties for explainability and automatic
measurement of them, allowing for theirective assessment in practice.

We study and compare the characteristics ofedént groups of explainability techniques
(gradient-based, perturbation-based, simpli cation-based) in threzrelt application tasks
(natural language inference, sentiment analysis of movie reviews, sentiment analysis of tweets)
and three dierent model architectures (CNN, LSTM, and Transformer).

We study the attributions of the explainability techniques and human annotations of salient
regions to compare and contrast the rationales of humans and machine learning models.

1.2.3 \Veracity Prediction

1.2.3.1 Paper 8: Multi-Domain Evidence-Based Fact Checking of Claims

Existing e orts for automatic veracity prediction either use small datasets consisting of naturally
occurring claims (e.g. Mihalcea and Strapparava 2009; Zubiaga et al. 2016c), or datasets consisting of
arti cially constructed claims such as FEVER (Thorne et al. 2018). While the latter waluable
contributions to further automatic claim veri cation work, they cannot replace real-world datasets.

In summary, Paper 8 makes the following contributions.

1. We introduce the currently largest claim veri cation dataset of naturally occurring cfiiins.
consists of 34,918 claims, collected from 26 fact checking websites in English; evidence pages
to verify the claims; the context in which they occurred; and rich metadata (see Table 2 for an
example).

2. We perform a thorough analysis to identify characteristics of the dataset such as entities
mentioned in claims.

3 The dataset is found herettps://copenlu.github.io/publication/2019_emnlp_augenstein/
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Figure 10:[Paper 9] High level overview of our method. First, universal triggers are discovered for ipping a
source to a target label (e.g. SUPPORTSREFUTES). These triggers are then used to condition
the GPT-2 language model to generate novel claims with the original label, including at least one of
the found triggers.

3. We demonstrate the utility of the dataset by training state of the art veracity prediction models,
and nd that evidence pages as well as metadata signi cantly contribute to model performance.

4. Finally, we propose a novel model that jointly ranks evidence pages and performs veracity
prediction. The best-performing model achieves a Macro F1 of 49.2%, showing that this is a
non-trivial dataset with remaining challenges for future work.

1.2.3.2 Paper 9: Generating Label-Cohesive and Well-Formed Adversarial Claims

In this paper, we explore the vulnerabilities of fact checking models trained on the FEVER dataset (Thorne
et al. 2018), where the inference between a claim and evidence text is predicted. We particularly
constructuniversal adversarial triggeréWallace et al. 2019) — single n-grams appended to the input
text that can shift the prediction of a model from a source class to a target one. Such adversarial
examples are of particular concern, as they can apply to a large number of input instances.

However, we nd that the triggers also change the meaning of the claim such that the true label
is in fact the target class. For example, when attacking a claim-evidence pair with a 'SUPPORTS'
label, a common unigram found to be a universal trigger when switching the label to 'REFUTES'
is “none'. Prepending this token to the claim drastically changes the meaning of the claim such that
the new claim is in fact a valid "'REFUTES' claim as opposed to an adversarial 'SUPPORTS' claim.
Furthermore, we nd adversarial examples constructed in this way to be nonsensical, as a new token
is simply being attached to an existing claim.

In summary, our contributions are as follows.

1. We preserve the meaningf the source text anonprove the semantic validityf universal
adversarial triggers to automatically construct more potent adversarial examples. This is
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\ Claim: The last major oil spill from a drilling accident in America happened over 40 years ago in ﬂ969.

Ruling Comments (...) The last mgjor oil spill from a drilling acciden in Ametica hagpenecovet 40
yeartagcin 1969.

(...) The largest in volume was the Santa Barbara spill of 1969 referenced by Murdock and Johnson, in
which an estimated 100,000 barrels of oil spilled into the Paci ¢ Ocean, according to thThe Santa
Baibare spill was sc big it ranke( seventt amonc the 1C larges oil spills cause by méerine well blowout: in

the world, the repori states. Two other U.S. spills, both in 1970, rank eighth and Fouiteer merine
blowouts have taker place in the U.S. betweer 196¢ anc 2007. Six of them took place after 1990 and
spilled a total of nearly 13,700 barrels.
(...) We interviewed three scientists who said that the impact of a spill has little to do with its volume.
Sclertists have prover thai spills far smalle thar Sant: Baibara's have beer devastating.

Justi cation : While the nation's largest oil well blowout did take place in 1969, it's not factually correct

to call it the “last major oil spill”. First of all, two of the largest blowouts in the world took place in the U.

S. the following year. More importantly, experts agree that spills far smaller in volume to the 1969 disaster

have been devastating. From a scienti ¢ perspective, Johnson's decision to single out the 1969 blpwout as
the last “major” one makes no sense.

| Ruling: Half-True |

Table 3: [Paper 10] Example instance from the LIAR-PLUS dataset, with oracle sentences for generating the
justi cation highlighted.

accomplished via: 1) aovel extension to the HotFlip atta¢kbrahimi et al. 2018), where we
jointly minimize the target class loss of a FC model and the attacked class loss of a natural
language inference model; 2)canditional language modétained using GPT-2 (Radford
et al. 2019a), which takes trigger tokens and a piece of evidence, and generates a semantically
coherent new claim containing at least one trigger. Our method is illustrated in Figure 10.

2. The resulting triggers maintain potency against a FC model while preserving the original claim
label.

3. Moreover, the conditional language model produces semantically coherent adversarial examples
containing triggers, on which a FC model performs 23.8% worse than with the original FEVER
claims.

1.2.3.3 Paper 10: Generating Fact Checking Explanations

A prevalent component of existing fact checking systems is a stance detection or textual entailment
model that predicts whether a piece of evidence contradicts or supports a claim (J. Ma et al. 2018a;
Mohtarami et al. 2018; B. Xu et al. 2018). Existing research, however, rarely attempts to directly
optimise the selection of relevant evidence, i.e., the selfesent explanation for predicting the
veracity label (Thorne et al. 2018; Stammbach and Neumann 2019). On the other hand, Alhindi et al.
2018 have reported a signi cant performance improvement of over 10% macro F1 score when the
system is provided with a short human explanation of the veracity label. Still, there are no attempts
at automatically producing explanations, and automating the most elaborate part of the process -
producing thgusti cation for the veracity prediction - is an understudied problem.

In this paper, we research how to generate explanations for veracity prediction. We frame this as a
summarisation task, where, provided with elaborate fact checking reports, later referredliogas
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commentsthe model has to generateracity explanationslose to the human justi cations as in the
example in Table 3. We then explore the bene ts of training a joint model that learns to generate
veracity explanations while also predicting the veracity of a claim.

In summary, our contributions are as follows:

1. We presentthe rst study on generating veracity explanations, showing that they can successfully
describe the reasons behind a veracity prediction.

2. We nd that the performance of a veracity classi cation system can leverage information from
the elaborate ruling comments, and can be further improved by training veracity prediction and
veracity explanation jointly.

3. We show that optimising the joint objective of veracity prediction and veracity explanation pro-
duces explanations that achieve better coverage and overall quality and serve better at explaining
the correct veracity label than explanations learned solely to mimic human justi cations.

1.3 research landscape of contenbased automatic fact checking

This section contextualises the contributions and ndings of this thesis by presenting a broad and up
to date literature review of content-based automatic fact checking, highlighting the main research
streams and positioning the contributions of the thesis with respect to this. It is not meant to be a
comprehensive review of relevant related work, for which the reader is instead referred to the related
work sections of the individual papers.

1.3.1 Research Trends over Time

First of all, to get a sense of the popularity of the research area fact checking within natural language
processing, Figure 11 shows a plot showing the number of paper on the topics over time in the ACL
Anthology? The x-axis shows the publication year, and the y-axis shows the number of papers
on a speci ¢ topic. Note that only the year is taken into account to produce this plot, as the exact
publication date is not always available.

These papers are identi ed by using a high-precision keyword-based search of the abstracts of
these papers, using the paper's title if the abstract is not readily availatee concretely, for each
research sub-area addressed by this thesis (misinformation, fact checking, check-worthiness detection,
stance detection, veracity prediction), a number of descriptive key pArasesollected using a
top-down process, and if a paper's abstract contains one of these key phrases, it is counted as a match

The ACL Anthology (ttps://www.aclweb.org/anthology/ ) indexes papers for most publication venues within NLP.

At the time of writing, the number of papers available there is 62 344.
It would, of course, be possible to parse the PDF documents to extract those, but this would be much more involved.
The full list of key phrases igmisinformation fake news, disinformatianpffact checkingfact check, fact-check, check

fact, checking fag fcheck-worthiness detectipcheck-worthy, check-worthiness, check worthiness, claim detection, claim
identi cation, identifying claims, rumour detection, rumor detecidstance detectigrstance classi cation, classifying
stance, detecting stance, detect stgrfeeracity predictionclaim veri cation, rumour veri cation, rumor veri catiog
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Figure 11:This visualises the number of articles on the topics of this thesis published in the ACL Anthology,
identi ed using keyword-based search of these articles' abstracts.

for that research arédaWhile this process will not capture all papers on the topic, it should be a
reasonably reliable estimate of the development of research trends over time.

As can be seen, there was very little research related to either of the ve research topics prior to
2016, which is also when the research documented in this thesis began. Overall, there has been a
stark increase in the number of publications on the broad topic of tackling false information over time.
One outlier is the sub-area of stance detection; this will be explained further below. Notably, work on
veracity prediction itself only began in 2017, and check-worthiness detection is the least researched
topic out of the ve.

1.3.2 Contextualisation of Contributions

To understand these research trends in more detail, this section next examines the individual papers on
each of the ve topics and relates them to the contributions of this thesis. Research on misinformation

7 It might seem odd to the reader that such a simple heuristics-based method is applied here when this thesis otherwise
proposes such sophisticated deep learning based methods. As with many real-world problems, no training data was readily
available to the author to build a classi cation model. Hence, this heuristics-based method was chosen instead as a quick
and high-precision alternative.
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as a core NLP problem started around 2011, though only really takirfigpon 2016 onwards. There

are several papers focusing on misinformation and fact checking in 2016, many of which are inspired
by political events, namely the US presidential elecfiomhere is another big spike for all fact
checking related topics in 2020, when many research papers on tackling misinformation related to
CQOVID-19 were published.

1.3.2.1 Misinformation

Apart from the tasks researched in this thesis — fact checking as an overall task, check-worthiness
detection, stance detection and veracity prediction — research within NLP has tackled a few other,
related problems, which are brie y outlined below for context.

annotation Liang et al. 2012 present an annotator matching method for annotating rumourous
tweets. Rehm et al. 2018 present a Web-based annotation tool for misinformation, weish o

a combined automatic and manual annotation functionality. Fan et al. 2020 generate so-called
“fact checking briefs', which provide three pieces of information to fact checkers who are given a
claim: a passage brief, containing a passage retrieved about the claim; entity briefs, containing more
information the entities mentioned in the claim; and question answering briefs, which are questions
generated about entities conditioned on the claim with answers. They show that these briefs reduce
the time humans needed to complete a fact-check by 20%.

satire detection  Rubin et al. 2016 focus on satire detection, aiming to automatically distinguish
between articles published on two satirical news websites (The Onion and The Beaverton) from two
legitimate news sources (The Toronto Star and The New York Times). This turns out to be a relatively
easy task, achieving an F1 score of 87% for the best-performing method, likely in part because the
model picked up on the domain discrepancy more than satirical features such as humour. De Sarkar
et al. 2018 also study satire detection, but using morerdint sources for real news than Rubin et al.
2016. They combine deep learning with hand-crafted features, namely sentiment look-up, named
entity, syntactic and typographic features, and achieve an F1 of 91.59%. Rashkin et al. 2017 work
on a related problem, namely to analyse stylistic cues of satire, hoaxes and propaganda with that of
real news. Levi et al. 2019 study how to @rentiate fake news from satire, and nd that an approach
combining state-of-the-art deep learning with hand-crafted stylistic features works well. Saadany et al.
2020 present a case study of satire detection for Arabic, and Vincze and 822ab study clickbait
detection for Hungarian. Maronikolakis et al. 2020 present a large-scale study of parody detection of
social media, analysing linguistic markers.

factuality detection  Another task related to satire detection is factuality detection more
broadly, namely to automatically distinguish facts from opinions. Dusmanu et al. 2017 study this
problem for tweets, and nd that it is a reasonably easy task, with their best model achieving an F1

The US is one of the two most highly represented countries when it comes to ACL publication (the other one is China)
— see e.ghttps://acl2020.org/blog/general-conference-statistics/ . So itis hardly surprising to see NLP
research trends inspired by US politics.
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of 78%. Alhindi et al. 2020 also study the task of distinguishing fact from opinion articles, and nd
that argumentation structure features are helpful for this. Yingya Li et al. 2017 identify to which
degree scienti c reporting by the news media exaggerates ndings in scienti c articles they report
on. Baly et al. 2018a study factuality, not of individual articles, but of media sources as a whole,
using features capturing the structure of articles, the sentiment, engagement on social media, topics,
linguistic complexity, subjectivity and morality.

hyperpartisanship detection Kiesel et al. 2019 propose a SemEval shared®taskhyperparti-

san news detection. Their large labelled dataset drawn from articles from 383 publishers is annotated
using a 5-point Likert scale denoting to what degree an article is hyperpartisan. The best F1 of a
submitted system is 82.1%, achieved by V. Srivastava et al. 2019 using sentiment and polarity features
combined with sentence embeddings, indicating that the task it not tozutti

issue framing The task of detecting issue frames is about which facet of an issue is conveyed,
for instance, one can discuss COVID-19 with an public health or an economic frame. Field et al. 2018
study political framing for Russian media, Hartmann et al. 2019b study issue framing on Reddit, and
Huguet Cabot et al. 2020 study issue frame detection jointly with metaphor and emotion detection in
political discourse. A case study of political framing in the Russian news is presented by Field et al.
2018.

disinformation network detection As introduced above, disinformation network detection

is the task of detecting social sub-networks — e.g. retweet networks, mention networks, follower
networks — which discuss aspects of a certain topic. In Hartmann et al. 2019a, we found that that users
sharing disinformation about the crash of the of Malaysian Airlines (MH17) ight can beréntiated

from those not sharing disinformation using network detection methods.

relationship to this thesis  While none of the above-mentioned tasks are core components of
fact checking, they are related to it. Finding good annotators for fact checking is important for creating
new fact checking datasets. For the one fact checking dataset introduced in this thesis, MultiFC
(Paper 8, Section 9), we crawled claims already annotated by journalists. Satire detection is related to
fact checking, though it is a slightly derent problem — it is often not categorically false, but rather
amusing stories made up around real-word events. Compared to detecting mis- or disinformation, it is
a much easier task, as a model can pick up on stylistic cues.

Factuality detection is one component of check-worthiness detection, and as such also an easier
task than what is studied in this thesis. Hyperpartisanship detection can be an important indicator for
determining how reliable evidence documents are, though this was out of scope for the study on joint
evidence ranking and veracity prediction presented in Paper 8. Issue framing is a task related to stance
detection, in that it determines which sub-aspect of a topic is discussed, which someone might then
express a stance on. So far, it has not been directly studied in connection with stance detection.

SemEval is a semantic evaluation campaign, which consists of so-called “shared tasks', proposed by groups of researchers,
as well as teams of participants, who submit their systems to be evaluated on shared task datasets.
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Even though | have published on issue framing (Hartmann et al. 2019b), that speci ¢ paper has not
been included in this thesis as issue framing is currently not part of a standard fact checking pipeline.
The same goes for disinformation network detection (Hartmann et al. 2019a), which | have published
on, but is typically viewed as a separate problem from content-based fact checking.

1.3.2.2 Fact Checking

task definition Fact checking was rst proposed as a task by Vlachos and S. Riedel 2014,
who crawl political statements from Channel 4 and Politifact. They then propose two fact checking
methods, though do not test them: comparing claims against previously fact-checked ones, and
comparing claims against a large text corpus such as Wikipedia, which is likely to contain the ground
truth for some of the claims. They argue that neither method would be able to deal with emerging
claims. Thorne and Vlachos 2018 present a survey for fact checking, highlighting multi-modal
fact checking, fact checking of longer documents, and fact checking of real-world claims as future
directions.

user modelling Some research further examines users who spread fake news. Del Tredici and
Ferrandez 2020 show that tweets by fake news spreaders exhibit certain linguistic trends that hold
across domains. Yuan et al. 2020 also study users together with source credibility, and nd that this
can be used for early detection of fake news.

generating fake news Saldanha et al. 2020 study how to automatically generate deceptive
text, and nd that it is important to dierentiate topic from stylistic featureséfez-Rosas et al. 2018
propose a paired approach, where crowd workers are asked to manipulate credible news to turn them
into fake news. Tan et al. 2020 both generate and explore methods to defend against multi-modal fake
news. They nd that semantic inconsistencies between images and text serve as useful features.

adversarial attacks A signi cant challenge for fact checking is that systems can easily over t

to spurious patterns. Research has therefore focused on adversarial attacks for fact checking. Thorne
et al. 2019a propose hand-crafted adversarial attacks for the FEVER dataset, which they formalise in
the FEVER 2.0 shared task (Thorne et al. 2019b). The two most highly ranked systems participating
in the task (Niewinski et al. 2019; Hidey et al. 2020) generate claims that require multi-hop reasoning.

generating explanations Lu and C-T. Li 2020 produce explanations for fact checking by
highlighting words in tweets using neural attention. However, they do not evaluate the resulting
explanations directly; rather, they evaluate how the model the propose as a whole compares to baselines
without neural attention. Wu et al. 2020 create an explainable method by design, namely by proposing
to use decision trees for modelling evidence documents, which are inherently interpretable. Kotonya
and Toni 2020 propose to generate explanations for fact checking of public health claims, separately
from the task of veracity prediction. They model this as a summarisation task, similarly to our work

on explanation generation (Paper 9, Section 10). Another similar approach is Mishra et al. 2020, who
generate summaries of evidence documents from the Web using an attention-based mechanism. They
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then use these summaries as evidence documents and nd that using them performs better than using
the original evidence documents directly.

relationship to this thesis This thesis presents the rst work to generate natural language
explanations for fact checking (Paper 10, Section 11). While concurrent and subsequent work has
investigated the generation of explanations for fact checking, our work is unique in that it generates
natural language explanations, and does so jointly with veracity prediction. Unlike many articles on
explanation generation, it also includes a thorough manual evaluation of the resulting explanations.

Our work on adversarial claims for fact checking (Paper 9, Section 10) is unique in that it does not
simply propose local perturbations, but identi es universal adversarial triggers for fact checking, which
can serve as explanations of the weak points of a fact checking model by highlighting the spurious
correlations it has learned. We then show how they can be used to produce diverse semantically
coherent and well-formed adversarial claims in a fully automated fashion, whereas prior work mostly
focused on narrow categories of claim patterns.

The work on generating fake news is related to that of adversarial attacks for fact checking. The
di erence is that adversarial attacks are meant to trick (often speci c) fact checking models, by
generating claims which are confusing for fact checking models. On the other hand, generated
fake news claims are not always fact checking model speci ¢, and are mainly aimed at deceiving
humans. There are unexploited synergies between the two streams of research though, e.g. in terms of
generating claims that seem as natural as possible.

Lastly, user modelling is an orthogonal research stream to what is presented in this thesis. The main
barrier to more research in this area is the lack of datasets for which user metadata is available.

1.3.2.3 Claim Check-Worthiness Detection

Claim check-worthiness detection is the least well-studied sub-task of fact checking, and has mainly
taken place in the form of three disconnected research streams described below. In addition to claim
check-worthiness detection, there is also the task of claim detection (detecting if a statement is a claim
or not, without a regard for check-worthiness). This is omitted here for brevity.

political debates Political debates are the primary current source for the task of claim check-
worthiness detection. Gencheva et al. 2017 propose a dataset constructed from US presidential debates,
which they annotated for check-worthiness by comparing it against nine fact checking sources. Most
other datasets of political speeches annotated for check-worthiness were created in the context of
the Clef CheckThat! shared tasks (Nakov et al. 2018; Elsayed et al. 201$nBaed@o et al.

2020) and ClaimRank (Jaradat et al. 2018). Each sentence is annotated by an independent news
or fact-checking organisation as to whether or not the statement should be checked for veracity.
Vasileva et al. 2019 show that it is helpful to frame check-worthiness detection as a multi-task learning
approach, considering multiple sources at once.

rumour detection  Detecting rumours on Twitter is mainly studied using the PHEME dataset (Zu-
biaga et al. 2016c), which consists of a set of tweets and associated threads from breaking news events
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which are either rumourous or not. There are various papers showing that rumours can be detected
based on their propagation structure on social media, i.e. based on how the rumour spreads. J. Ma et al.
2017 propose a kernel learning method for this, J. Ma et al. 2018b a tree RNN; other solutions involve
conditional random elds (Zubiaga et al. 2017a; Zubiaga et al. 2018), or tree Transformers (J. Ma and
W. Gao 2020). Other streams of solutions identify salient rumour-related words (Abulaish et al. 2019),
use a GAN to generate misinformation in order to improve a downstream discriminator (J. Ma et al.
2019), or try to identify the minimum amount of posts needed to determine with certainty if a tweet
constitutes a rumour or not (K. Zhou et al. 2019; Xia et al. 2020).

citation needed detection A last task related to claim check-worthiness detection is citation
needed detection for Wikpedia articles (Redi et al. 2019). The authors present a dataset of sentences
from Wikipedia labelled for whether or not they have a citation attached to them. In addition to this,
they also release a set of sentences which have been agged as not having a citation but needing one
(i.e. unveri ed). In contrast to other check-worthiness detection domains, there is much more training
data available on Wikipedia. However, the rules for what requires a citation do not necessarily capture
all “checkable” statements, as “all material in Wikipedia articles must be veri able” (Redi et al. 2019).

relationship to this thesis Paper 1 (Section 2) in this thesis presents a holistic approach to
claim check-worthiness detection, which revisitsefient variants of this task previously researched in
isolation, namely detecting check-worthy sentences in political debates, detecting rumours on Twitter,
and detecting sentences requiring citations on Wikipedia. We suggest a transfer learning approach,
pre-training on the large citation needed detection dataset, and ne-tuning on the smaller datasets
for political debates and Twitter rumours. By combining this with positive unlabelled learning, we
outperform the state of the art in two of the three tasks studied.

Paper 2 (Section 3) examines rumour detection as one of the tasks for studying domain adaptation.
Among others, we nd that using mixture-of-experts methods to adapt Transformer representations
is an e ective way of generalising across domains for rumour detection, which we nd outperforms
both internal and external methods on the PHEME rumour detection dataset. Ours it the only paper to
use rumour detection for domain adaptation research. We nd that the dataset is well-suited to it, due
to it being a relatively challenging task, thuseaying room for performance gains.

1.3.2.4 Stance Detection

Stance detection is most popular fact checking sub-task, and the one with the longest history. There
have been many derent ways of de ning the stance detection task. An attempt to group them is
presented below.

stance detection in debates Early work on stance detection focused on stance in the context

of debates, and mostly considers binary stance — for or against an issue. One such genre is online
debates, studied by Anand et al. 2011; M. Walker et al. 2012; K. S. Hasan and Ng 2013c; K. S. Hasan
and Ng 2013b; Ranade et al. 2013. An interesting observation in that context is that people rarely
change their stance on an issue, which can be exploited by incorporating this into a model in the form
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of soft or hard constraints (Sridhar et al. 2014a). Orbach et al. 2020 study stance in speeches, more
concretely, trying to nd speeches that directly counter one another, i.e. have the opposing stance on a
topic. Sirrianni et al. 2020 propose to not only model stance polarity, but also stance intensity, and
present a new dataset for this task.

stance detection in tweets Stance detection in tweets was rst introduced as a SemEval
shared task in 2016 (Mohammad et al. 2016), consisting of both “seen target' subtask and an “unseen
target' subtask (see next paragraph). Some of the interesting approaches on this dataset include
Sobhani et al. 2016; Ebrahimi et al. 2016a; Q. Sun et al. 2018; Yingjie Li and Caragea 2019, who
exploit the connection between plain sentiment analysis (not targeted) and stance detection (targeted)
by predicting both in a joint model, and show that this improves stance performance. B. Zhang et al.
2020 build on this idea and show that external emotion knowledge can be used to generalise across
domains more eectively. Conforti et al. 2020 present the largest stance detection dataset to date,
consisting of just over 50k tweets. The dataset consists of tweets discussing mergers and acquisitions
between companies, and thus presents and interesting alternative to other datasets mainly consisting
of political tweets.

unseen target stance detection Unseen target stance detection was formalised as a subtask in
the same above-mentioned SemEval 2016 shared task (Mohammad et al. 2016). The focus of this task
is tweet stance detection towards previously unseen target entities — mostly entities such as politicians
or issues of public interest. This dataset presents a much motitask than previous stance
detection settings, not just due to the lack of training data for the test target, but also because the targets
are often only implicitly mentioned in the tweets. Ebrahimi et al. 2016b show that a weak supervision
approach, automatically annotating instances originally annotated towards other targets with labels
indicating their stance towards the test target, yields a dataset that leads to improved performance on
the unseen target test set compared to not using weakly annotated tweets. Allaway and McKeown
2020 present a dataset for unseen target stance detection from news data, which contains annotations
for topics in addition to claim targets.

multi-target stance detection A follow-up dataset for unseen target stance detection is
presented by Sobhani et al. 2017, who annotate the stance of each tweet towards multiple targets. C.
Xu et al. 2018 present a solution to this cross-target stance detection task, consisting of self-attention
networks. Ferreira and Vlachos 2019 present a solution to multi-target stance detection on three
datasets, which models the cross-label dependency between softmax probabilities using a cross-label
dependency loss.

rumour stance detection Stance detection towards rumours was rst introduced as a task by
Qazvinian et al. 2011, who propose it as a binary classi cation task (support vs deny). They train a
model on past tweets about a rumour, and at test time, apply the trained model to new tweets about
the same rumour. A shared task on rumour stance detection was then proposed at SemEval 2017, and
extended in SemEval 2019 (Derczynski et al. 2017; Gorrell et al. 2019). Subtask A is concerned with
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classifying individual tweets discussing a rumour within a conversational thread as “support', “deny’,
‘query' or ‘comment'. Scarton et al. 2020 revisit the evaluation of rumour stance detection systems,
proposing a new metric that better captures performancerences for this class-imbalanced task.

topic stance detection Levy etal. 2014 present a dataset and an approach to stance detection
of topics in Wikipedia. Sasaki et al. 2017; Sasaki et al. 2018 study stance detection of Twitter users
towards multiple targets, and nd that this can be predictegotively using a matrix factorisation
approach, as common in recommender systems, that predicts the stances of all users towards all topics
jointly.

headline stance detection Ferreira and Vlachos 2016 present a dataset and approach for
headline stance detection, where the stance of a news article towards a headline is determined. This is
also the setting explored in the 2017 Fake News Challenge Stage 1 (FNC-1, Pomerleau and Rao 2017),
which was later criticised for presenting an class-imbalanced setting (Hanselowski et al. 2018a).

claim perspectives detection There is further work on claim perspectives detection (S. Chen

et al. 2019), meaning a claim is paired with several sentences and evidence documents. The stance
of each of these towards the claim is then annotated. Popat et al. 2019 also address this task, and
propose a consistency constraint for the loss function, which enforces that representations of claims
and perspectives are similar if the perspective supports the claim, and dissimilar if it opposes the
claim.

detecting previously factchecked claims Shaar et al. 2020 study the detection of previously
fact-checked claims. They frame this as a semantic matching task similar to stance detection. N. Vo
and K. Lee 2020 present a similar study, but consider images in addition to text to identify previously
fact-checked articles.

user features Some few works incorporate user features. Lynn et al. 2017 incorporate the
predicted age, gender and "Big Five' personality traits (L. R. Goldberg 1990) — training classi ers for
these features on external datasets and applying them to the target tweets. They observe a noticeable
increase in performance from this. K. Joseph et al. 2017 use user information not for stance prediction,
but for annotation — they nd that annotators have an easier task annotating stance correctly if they are
provided pro le information, previous tweets and the political partyliation of the user whose tweet

they are annotating.

relationship to this thesis This thesis studies the settings of unseen target stance detection
and rumour stance detection.

Our work on unseen target stance detection (Paper 3, Section 4) proposes a method to generalise to
any unseen target, using bidirectional conditional encoding. The trick employed in that paper is to
make what would ordinarily be part of the output (a stance towards a concrete stance target) part of
the input instead, and to model the dependencies between tweets and targets. This, combined with a
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weak supervision approach, achieved state of the art performance on the SemEval 2016 Unseen Target
Stance Detection dataset. This has inspired many follow-up papers, including other papers presented
in this thesis (Papers 5 and 8), applying the architecture to not only stance detection, but also other

pairwise sequence classi cation tasks.

More concretely, Paper 5 (Section 6) uses Paper 3 as a base architecture to study multi-task learning
of pairwise sequence classi cation tasks. The key innovation of that work is to model outputs with
label embeddings, which is shown to improve performance. This idea as such is neural architecture
agnostic, and has subsequently been used in other settings, including in our own work (e.g. Bjerva
et al. 2019b).

Our work on rumour stance detection (Paper 4, Section 5) shows that modelling the tree structure of
tweet threads using nested LSTMs signi cantly improves performance, achieving the best performance
on the SemEval 2017 Rumour Stance Detection dataset. While this was originally proposed for an
LSTM architecture, the general idea is neural architecture independent. Subsequently, there have been
many approaches to modelling the tree structure of tweets for rumour stance detection, speci cally for
the joint rumour stance and veracity prediction setting, further described in the next section.

Paper 6 (Section 7) is the only paper, to the best of our knowledge, which studies temporal domain
adaptation for stance detection, but clearly demonstrates the bene ts of doing so. It is also one of the
few papers which study temporal domain adaptation for NLP as a whole, because most datasets do
not contain time stamps for instances — they are either removed during dataset pre-processing, or are
never available in the rst place.

Lastly, Paper 7 (Section 8) studies explainability for sequence classi cation tasks, including pairwise
sequence classi cation. There is currently no paper on explainable stance detection and in this work
too, we study explainable textual entailment recognition, not stance detection. This is because
there is currently no stance detection dataset annotated for explanations. As the task is very similar
semantically, in form and in terms of the label scheme, the ndings can be expected to be transferable.
Paper 7 presents a holistic examination of rationale-based explainability techniques and proposes
automatic evaluation metrics for them. It nds that gradient-based techniques perform best across
di erenttasks, datasets, and model architectures.

1.3.2.5 Veracity Prediction

Veracity prediction has been studied for claims in isolation, either with or without evidence pages;
and for claims appearing in social media contexts.

claim only  Early approaches to veracity prediction do not take evidence documents into account,
but merely consider claims. W. Y. Wang 2017 crawl claims from Politifact and propose a CNN-based
approach to verify them. Long et al. 2017a extend this by also encoding meta-data about speakers,
including speaker name, title, party &ation, current job, location of speech, and credit history.
Alhindi et al. 2018 propose an extension using not only the claim, but also the gold justi cation written

by journalists and, unsurprisingly, nd that this improves results. Naderi and Hirst 2018 explore
claim-only prediction for parliamentary debates extracted from the Toronto Star newspaper. They
further cross-reference the extracted claims against Politifact.
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evidencebased Karadzhov et al. 2017b propose an evidence-based framework for claim ver-

i cation, which retrieves Web pages as evidence documents. They rst convert the query to query
terms, then retrieve Web pages via two search engines, then automatically extract sentences from the
Web page to use as evidence documents, in addition to the snippet identi ed by the search engine.
Popat et al. 2018 also propose a Web-based framework, and an attention-based method for veracity
prediction. Baly et al. 2018b present a small dataset for fact checking of claims in Arabic, which,
unlike prior work, has annotations not just for veracity, but also for stance towards evidence documents.
A similar e ort is made by Hanselowski et al. 2019, who annotate the stance of evidence documents
towards claims from the Snopes fact checking portal.

FEVER Thorne et al. 2018 is the rst large-scale dataset for fact checking, which, unlike others,
consists not only of a couple of thousand claims, but close to 200k claims. It is arti cially constructed
from Wikipedia to ensure easier benchmarking. Each claim is annotated with a label of “supports’,
‘refutes’ or "not enough info'. Evidence sentences are also to be retrieved from Wikipedia in this
setting. There have since been many papers benchmarking their approaches on the FEVER dataset.
Some notable ones include: N. Lee et al. 2018, proposing the use of decomposable attention and
semantic tagging; Yin and Sitze 2018, proposing an attention mechanism over CNNs, and applying
this to modelling the relationships between evdience sentences; Suntwal et al. 2019, who show that
entity masking as well as paraphrasing improves out-of-domain performance; and Zhong et al. 2020b,
who improve the modelling of the relationship between evidence documents and claims using semantic
role labelling.

The outbreak of COVID-19 further inspired veracity prediction of scienti ¢ claims. Wadden et al.
2020 present SciFact, a small dataset consisting of scienti ¢ claims, with evidence documents being
the abstracts of scienti ¢ articles. Scienti c claims are obtained from scienti ¢ articles themselves.
Zhenghao Liu et al. 2020 experiment on this dataset and nd that a domain adaptation approach works
best to tackle the low-data problem. In addition to this, there are many preliminary studies on veracity
prediction of COVID-related public health claims, which are left out here for brevity.

knowledge graphs Thorne and Vlachos 2017 propose to tackle the veri cation of numerical
claims using a semantic parsing approach, which compares the extracted statements against those
found in a knowledge base. Zhong et al. 2020a also use a semantic parsing approach for the veri cation
of tabular claims against a knowledge base, using a neural module network. J. Kim and Choi 2020
study fact checking in knowledge graphs and propose a new method to nd positive and negative
evidence paths in them. Yi Zhang et al. 2020 propose to track the provenance of claims using a
knowledge graph construction approach, and show that this can aid claim veri cation.

multi-modal approaches Approaches not only involving text, but also images or other modali-
ties have also been investigated. Zlatkova et al. 2019 study the veri cation of claims about images.
Nakamura et al. 2020 propose a large multi-modal dataset of images paired with captions. The
task is to determine if the caption and image together constitute true content, or if the image is
manipulated, the connection between the two is not genuine, etc. Medina Serrano et al. 2020 detect
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COVID-10 related misinformation in YouTube videos from user comments. Wen et al. 2018 present a
cross-lingual cross-platform approach to — and dataset for rumour veracity prediction for — 17 events.

rumour veracity A shared task for rumour veracity prediction was SemEval 2017 Task 7
Subtask B (Derczynski et al. 2017). There, participants should predict the veracity of a rumour based
on the rumorous tweet alone. Note that this is a slightyedent task from rumour detection, a subtask

of check-worthiness detection, in that here, the dataset only consists of rumours (not non-rumours)
and each rumour's veracity has to be predicted. Kochkina et al. 2018; P. Wei et al. 2019; S. Kumar
and Carley 2019; Q. Li et al. 2019 later deviate from this setting and demonstrate the bene ts of
approaching rumour stance and veracity in a joint multi-task learning setting. A follow-up RumourEval
shared task was held in 2019, which formalised this joint setting as Subtask B (Gorrell et al. 2019).
J. Yu et al. 2020 propose a Transformer-based coupled rumour stance and veracity prediction model,
which models the interactions between the two tasks in a more involved way than previous multi-task
learning approaches. Q. Li et al. 2019 shows the bene t of incorporating user credibility features into
the rumour detection layer, e.g.: if the account is veri ed, if a location is provided in the pro le, and

if the pro le includes a description. Kochkina and Liakata 2020 propose an active learning setting,
i.e. to use uncertainty estimates to for rumour veracity prediction as a rumour unfolds, as a way of
deciding when to solicit input from human fact checkers. Hossain et al. 2020 present a small social
media data of COVID-19 related misconceptisamours, with tweets discussing those annotated
with their stance.

relationship to this thesis This thesis presents the rst large dataset for evidence-based fact
checking of real-world claims (MultiFC, Paper 8, Section 9). It is an order of magnitude larger than
previous real-world datasets for fact checking. Unlike the popular FEVER dataset, it does not consist
of arti cial claims, but of naturally occurring claims.

Other contributions related to veracity prediction are the generation of adversarial claims and the
generation of fact checking explanations, which were already discussed in Section 1.3.2.2.

1.4 conclusions and future work

This section oers suggestions for future work on explainable fact checking.

1.4.1 Dataset Development

Research in natural language processing, and by extension also on fact checking, candraw¢ di
types of core contributions. The most common such ewethodologycentric contributions, which

are new methods published for existing tasks or datasetsjatadetcentric contributions, i.e. new
datasets, potentially for entirely new tasks. Even though most research is on new methodologies,
this research cannot exist without the introduction of datasets to benchmark these methods on. This
also explains much of the research progress on, and related to, fact checking (visualised in Figure
11). The rst very popular task that constitutes a fact checking component is stance detection, which
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spurred new research with the introduction of a dataset (SemEval 2016 Task 6, Mohammad et al.
2016) in 2016. Work on veracity prediction as a complete task consisting of several components only
saw a large increase in popularity in 2018, when the large FEVER dataset (Thorne et al. 2018) was
introduced.

For explainable fact checking, the research presented in this thesis presents some of the very rst
ndings on this topic, published only in 2020. There is no commonly-agreed upon large dataset
to benchmark methods for this task yet. The dataset we used for Paper 10 on generating instance-
level fact checking explanations in the PolitiFact-based dataset LIAR-PLUS dataset (Alhindi et al.
2018), consists of only 10k training instances. As the results presented in the paper show, it is very
di cult to beat simple baselines with such small amounts of training data. In Paper 10, on generating
adversarial claims to reveal model-level vulnerabilities, the method presented to generate such claims
is unsupervised, and thus requires no annotated training data for adversarial claims. Paper 8, which
studies post-hoc explainability techniques for several text classi cation tasks, only studies a sub-task
of fact checking, namely natural language inferehstance detection (on the e-SNLI dataset by
Camburu et al. 2018). This is because, to date, there is no dataset for the task of fact checking as a
whole annotated with so-called "human rationales', i.e. portions of the input annotated for to what
degree they are indicative of the instance's label.

As such, signi cant progress on explainable fact checking would require the publicatiargef
annotated datasets for dérent explanation typesvhich future work should focus on.

1.4.2 Synergies between Explainable Fact Checking Methods

Next, as Table 1 providing an overview of the contributions of this thesis illustrates, research on fact
checking has mostly taken place in the form of isolated case studies.

When it comes to fact-checking tasks, early research mostly studied stance detection as a core com-
ponent of automated fact checking. Even though more recent research considers several components
jointly, it is usually the components of stance detection and veracity prediction which are considered
jointly, whereas evidence retrieval and especially the identi cation of check-worthy claims are often
assumed to be solved. To the best of my knowledge, there is not a single paper which addresses the
identi cation of check-worthy claims as part oflarger, joint learning approachwhich | would
propose for future work.

Moving on to methods for dealing with limited labelled data, there have been signi cantly more
synergies in that area than on fact checking sub-tasks, especially on combining transfer learning with
other types of approaches. There is, however, very little research on temporal domain adaptation, and
Paper 7 is the only one | am aware of which tackles this within the broad area of fact checking. Hence,
progress could certainly achieved by researcheomporal domain adaptation for more sub-areas
of fact checking As outlined in Section 1.4.1 above, a perhaps surprising barrier preventing more
research on this is that time steps are not always readily available for benchmark datasets. In cases
where an eort would have to be to collect them, they are very rarely available, and in cases where
they would be easy to obtain (e.g. for tweets), they are often discarded during dataset pre-processing,
and can then be hard to obtain afterwards (because the content has been deleted by then).
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Lastly, for explainability methods, it would be very interesting to study how to take advantage
of di erent types of explainability methods in a joint framewdr&m certain that jointly studying
rationale-based, natural language based, and model-level explanations would generate more stable
and informative explanations for users. The likely reason this has not been studied yet is simply the
state of research as a whole — the unavailability of datasets, combined with so far relatively little
methodology research, and, as is discussed next, the lack of user studies.

1.4.3 Explanations to Support Human Decision Making

The purpose of generating explanations for fact checking is to provide humans with more in-depth
guidance about how a model has arrived at a prediction and whether the prediction can be trusted.
Current research on explainable fact checking is still in its infancy, so real user studies, or even
deploying explainable fact checking models in real-world settings may seem.far o

However, very recent EU legislation passed in December 2020, namely the Digital Services Act
(Commission 2020) will soon require all digital service providers operating in the EU to provide
transparent reporting on their services, which includes user-facing information, and, for larger provides,
ag harmful content. While there is already legislation requiring decision makers operating in the EU
to provide explanations, namely the regulation on a "Right to Explanation' (Goodman and Flaxman
2017), this is much less far-reaching than this new legislation, as the former only applies to situations
where individuals are strongly impacted by an algorithmic decision. The Digital Services Act is much
more broad-reaching in that it acts all digital platform providers and, at its very core, has the goal of
providing a better online experience, which protects users and society as a large from disinformation
and other types of harm. As false information online is one type of harmful content, digital platform
providers will likely soon look for ways to deploy explainable fact checking methods.

This development, inspired by new legislation, will in turn provide new opportunitieis florstry-
driven research, involving user studjeghich, can be expected to create new opportunities for basic
research on explainable fact checking.
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CLAIM CHECK-WORTHINESS DETECTION AS POSITIVE UNLABELLED
LEARNING

~ ABSTRACT

As the rst step of automatic fact checking, claim check-worthiness detection i a
critical component of fact checking systems. There are multiple lines of resegch
which study this problem: check-worthiness ranking from political speectfes
and debates, rumour detection on Twitter, and citation needed detection flom
Wikipedia. To date, there has been no structured comparison of these varjous
tasks to understand their relatedness, and no investigation into whether or fjot a
uni ed approach to all of them is achievable. In this work, we illuminate a centrpl
challenge in claim check-worthiness detection underlying all of these tasks, bging
that they hinge upon detecting both how factual a sentence is, as well as how ligely
a sentence is to be believed without veri cation. As such, annotators only mgrk
those instances they judge to be clear-cut check-worthy. Our best perfornfing
method is a uni ed approach which automatically corrects for this using a varignt
of positive unlabelled learning that nds instances which were incorrectly labellgd
as not check-worthy. In applying this, we outperform the state of the art in twojof
the three tasks studied for claim check-worthiness detection in English.

14

2.1 introduction

Misinformation is being spread online at ever increasing rates (Del Vicario et al. 2016) and has been
identi ed as one of society's most pressing issues by the World Economic Forum (Howell et al. 2013).
In response, there has been a large increase in the number of organizations performing fact checking
(L. Graves and Cherubini 2016). However, the rate at which misinformation is introduced and spread
vastly outpaces the ability of any organization to perform fact checking, so only the most salient

Dustin Wright and Isabelle Augenstein (Nov. 2020a). “Claim Check-Worthiness Detection as Positive Unlabelled Learning”.
In: Findings of the Association for Computational Linguistics: EMNLP 202@line: Association for Computational
Linguistics, pp. 476-488doi. 10.18653/v1/2020.findings-emnlp.43 . url : https://www.aclweb.org/
anthology/2020.findings-emnlp.43
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Figure 12:Examples of check-worthy and non check-worthy statements from threeetit domains. Check-
worthy statements are those which were judged to require evidence or a fact check.

claims are checked. This obviates the need for being able to automatically nd check-worthy content
online and verify it.

The natural language processing and machine learning communities have recently begun to address
the problem of automatic fact checking (Vlachos and S. Riedel 2014; Hassan et al. 2017; Thorne and
Vlachos 2018; Augenstein et al. 2019b; Atanasova et al. 2020b; Atanasova et al. 2020c; Ostrowski
et al. 2020b; Allein et al. 2020). The rst step of automatic fact checking is claim check-worthiness
detection, a text classi cation problem where, given a statement, one must predict if the content
of that statement makes “an assertion about the world that is checkable” (Konstantinovskiy et al.
2018). There are multiple isolated lines of research which have studied variations of this problem.
Figure 15 provides examples from three tasks which are studied in this work: rumour detection on
Twitter (Zubiaga et al. 2016c¢; Zubiaga et al. 2018), check-worthiness ranking in political debates and
speeches (Nakov et al. 2018; Elsayed et al. 2019;@8a@ed@o et al. 2020), and citation needed
detection on Wikipedia (Redi et al. 2019). Each task is concerned with a shared underlying problem:
detecting claims which warrant further veri cation. However, no work has been done to compare all
three tasks to understand shared challenges in order to derive shared solutions, which could enable
improving claim check-worthiness detection systems across multiple domains.

Therefore, we ask the following main research question in this work: are these all variants of
the same task, and if so, is it possible to have a uni ed approach to all of them? We answer this
guestion by investigating the problem of annotator subjectivity, where annotator background and
expertise causes their judgement of what is check-worthy terdieading to false negatives in the
data (Konstantinovskiy et al. 2018). Our proposed solutidPostive Unlabelled Conversion (PUC)
an extension of Positive Unlabelled (PU) learning, which converts negative instances into positive ones
based on the estimated prior probability of an example being positive. We demonstrate that a model
trained usindPUC improves performance on Englisitation needed detecticemd Twitter rumour
detection We also show that by pretraining a model on citation needed detection, one can further
improve results on Twitter rumour detection over a model trained solely on rumours, highlighting
that a uni ed approach to these problems is achievable. Additionally, we show that one attains better
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results ompolitical speechesheck-worthiness ranking without using any form of PU learning, arguing
through a dataset analysis that the labels are much more subjective than the other two tasks.
The contributions of this work are as follows:

1. The rstthorough comparison of multiple claim check-worthiness detection tasks.

2. Positive Unlabelled Conversion (PUCG) novel extension of PU learning to support check-
worthiness detection across domains.

3. Results demonstrating that a uni ed approach to check-worthiness detection is achievable for 2
out of 3 tasks, improving over the state-of-the-art for those tasks.

2.2 related work

2.2.1 Claim Check-Worthiness Detection

As the rst step in automatic fact checking, claim check-worthiness detection is a binary classi cation
problem which involves determining if a piece of text makes “an assertion about the world which can
be checked” (Konstantinovskiy et al. 2018). We adopt this broad de nition as it allows us to perform
a structured comparison of many publicly available datasets. The wide applicability of the de nition
also allows us to study if and how a uni ed cross-domain approach could be developed.

Claim check-worthiness detection can be subdivided into three distinct domains: rumour detection
on Twitter, check-worthiness ranking in political speeches and debates, and citation needed detection
on Wikipedia. A few studies have been done which attempt to create full systems for mining check-
worthy statements, including the works of Konstantinovskiy et al. 2018, ClaimRank (Jaradat et al.
2018), and ClaimBuster (Hassan et al. 2017). They develop full software systems consisting of relevant
source material retrieval, check-worthiness classi cation, and dissemination to the public via end-user
applications. These works are focused solely on the political domain, using data from political TV
shows, speeches, and debates. In contrast, in this work we study the claim check-worthiness detection
problem across three domains which have publicly available data: Twitter (Zubiaga et al. 2017a),
political speeches (Nakov et al. 2018), and Wikipedia (Redi et al. 2019).

rumour detection on twitter ~ Rumour detection on Twitter is primarily studied using the
PHEME dataset (Zubiaga et al. 2016c), a set of tweets and associated threads from breaking news
events which are either rumourous or not. Published systems which perform well on this task include
contextual models (e.g. conditional random elds) acting on a tweet's thread (Zubiaga et al. 2017a;
Zubiaga et al. 2018), identifying salient rumour-related words (Abulaish et al. 2019), and using a
GAN to generate misinformation in order to improve a downstream discriminator (J. Ma et al. 2019).

political speeches For political speeches, the most studied datasets come from the Clef Check-
That! shared tasks (Nakov et al. 2018; Elsayed et al. 2019pBaZed@o et al. 2020) and Claim-

Rank (Jaradat et al. 2018). The data consist of transcripts of political debates and speeches where
each sentence has been annotated by an independent news or fact-checking organization for whether
or not the statement should be checked for veracity. The most recent and best performing system on
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the data considered in this paper consists of a two-layer bidirectional GRU network which acts on
both word embeddings and syntactic parse tags (Hansen et al. 2019). In addition, they augment the
native dataset with weak supervision from unlabelled political speeches.

citation needed detection Wikipedia citation needed detection has been investigated recently

in Redi et al. 2019. The authors present a dataset of sentences from Wikipedia labelled for whether
or not they have a citation attached to them. They also released a set of sentences which have been
agged as not having a citation but needing one (uBveri ed). In contrast to other check-worthiness
detection domains, there are much more training data available on Wikipedia. However, the rules
for what requires a citation do not necessarily capture all “checkable” statements, as “all material
in Wikipedia articles must be veri able” (Redi et al. 2019). Given this, we view Wikipedia citation
data as a set of positive and unlabelled data: statements which have attached citations are positive
samples of check-worthy statements, and within the set of statements without citations there exist
some positive samples (those needing a citation) and some negative samples. Based on this, this
domain constitutes the most general formulation of check-worthiness among the domains we consider.
Therefore, we experiment with using data from this domain as a source for transfer learning, training
variants of PU learning models on it, then applying them to target data from other domains.

2.2.2 Positive Unlabelled Learning

PU learning methods attempt to learn good binary classi ers given only positive labelled and unlabelled
data. Recent applications where PU learning has been shown to be bene cial include detecting
deceptive reviews online (H. Li et al. 2014, Y. Ren et al. 2014), keyphrase extraction (Sterckx et al.
2016) and named entity recognition (M. Peng et al. 2019). For a survey on PU learning, see (Bekker
and J. Davis 2020), and for a formal de nition of PU learning, 32€3.2.

Methods for learning positive-negative (PN) classi ers from PU data have a long history (Denis
1998; De Comi et al. 1999; Letouzey et al. 2000), with one of the most seminal papers being
from Elkan and Noto 2008. In this work, the authors show that by assuming the labelled samples are a
random subset of all positive samples, one can utilize a classi er trained on PU data in order to train a
di erent classi er to predict if a sample is positive or negative. The process involves training a PN
classi er with positive samples being shown to the classi er oncewamdbelledsamples shown as
botha positive sample and a negative sample. The loss for the duplicated samples is weighted by the
con dence of a PU classi er that the sample is positive.

Building on this, Plessis et al. 2014 propose an unbiased estimator which improves the estimator
introduced in Elkan and Noto 2008 by balancing the loss for positive and negative classes. The work
of Kiryo et al. 2017 extends this method to improve the performance of deep networks on PU learning.
Our work builds on the method of Elkan and Noto 2008 by relabelling samples which are highly
con dently positive.
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Figure 13:High level view of PUC. A PU classi er (f, green box) is rst learned using PU data (wish
indicating if the sample is positive or unlabelled). From this the prior probability of a sample being
positive is estimated. Unlabelled samples are then rankefd (byd box) and the most positive
samples are converted into positives until the dataset is balanced according to the estimated prior.
The model is then trained using the duplication and weighting method of Elkan and Noto 2008
as described im2.3.2 with labeld (blue box). Greyed out boxes are negative weights which are
ignored when training the classi &, as those examples are only trained as positives.

2.3 methods

The task considered in this paper is to predict if a statement makes “an assertion about the world that
is checkable” (Konstantinovskiy et al. 2018). As the subjectivity of annotations for existing data on
claim check-worthiness detection is a known problem (Konstantinovskiy et al. 2018), we view the data
as a set of positive and unlabelled (PU) data. In addition, we unify our approach to each of them by
viewing Wikipedia data as an abundant source corpus. Models are then trained on this source corpus
using variants of PU learning and transferred via ne-tuning to the other claim check-worthiness
detection datasets, which are subsequently trained on as PU data. On top of vanilla PU learning, we
introducePositive Unlabelled Conversion (PU@hich relabels examples that are most con dently
positive in the unlabelled data. A formal task de nition, description of PU learning, and explanation

of the PUC extension are given in the following sections.

2.3.1 Task De nition

The fundamental task is binary text classi cation. In the case of positive-negative (PN) data, we have
a labelled datas@ : f(x; y)gwith input featuresc 2 RY and labels 2 f0; 1g The goal is to learn a
classierg: x! (0;1) indicating the probability that the input belongs to the positive class. With
PU data, the datasBt instead consists of samplEs; s)g where the value 2 fO; 1gindicates if a
sample is labelled or not. The primary drence from the PN case is that, unlike for the lalyets

value ofs = 0 does not denote the sample is negative, but that the label is unknown. The goal is then
to learn a PN classi eg using a PU classi eff : x! (0; 1) which predicts whether or not a sample

is labelled (Elkan and Noto 2008).
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2.3.2 PU Learning

Our overall approach is depicted in Figure 37. We begin with an explanation of the PU learning
algorithm described in Elkan and Noto 2008. Assume that we have a dataset randomly drawn from
some probability distributiop(x; y; s), where samples are of the formg §); s 2 f0; lgands = 1
indicates that the sample is labelled. The varighileunknown, but we make two assumptions which
allow us to derive an estimator for probabilities involvipgThe rstis that:

ply=0s=1)=0 1)

In other words, if we know that a sample is labelled, then that label cannot be 0. The second assumption
is that labelled samples are Selected Completely At Random from the underlying distribution (also
known as the SCAR assumption). Check-worthiness data can be seen as an instance of SCAR PU
data; annotators tend to only label those instances which are very clearly check-waittleyr in
opinion (Konstantinovskiy et al. 2018). When combined across several annotators, we assume this
leads to a random sample from the total set of check-worthy statements.

Given this, aclassierf : x! (0;1) is trained to predicp(s = 1jX) from the PU data. It is then
employed to train a classi eg to predictp(y = 1jx) by rst estimatingc = p(s= 1jy = 1) on a set of
validation data. Considering a validation setvhereP V is the set of positive samples¥i cis
estimated as:

c = f(x (2

This says our estimate @(s = 1jy = 1) is the average con dence of our classi er on known positive
samples. Next, we can estimdgx:s)[h(x; y)] for any arbitrary functiorh empirically from a dataset
of k samples as follows:

X X

E[h] = %( h(x; 1) + w(x)h(x; 1)+ (1 w(x))h(x; 0)) ()
(x%s=1) (x;5=0)
B .1 c p(s=1x

In this casec is estimated using Equation 2 apts = 1jX) is estimated using the classi dr The
derivations for these equations can be found in Elkan and Noto 2008.

To estimatep(y = 1jx) empirically, the unlabelled samples in the training data are duplicated, with
one copy negatively labelled and one copy positively labelled. Each copy is trained on with a weighted
lossw(x) when the label is positive and 1w(x) when the label is negative. Labelled samples are
trained on normally (i.e. a single copy with unit weight).

2.3.3 Positive Unlabelled Conversion

For PUC, the motivation is to relabel those samples from the unlabelled data which are very clear cut
positive. To accomplish this, we start with the fact that one can also estimate the prior probability
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of a sample having a positive label usihglf instead oth we want to estimat&[y] = p(y = 1), the

following is obtained: X X

py=1) 1+ W) ©)

x;s=1 x;5=0
This estimate is then utilized to convert the most con dent unlabelled samples into positives. First, all
of the unlabelled samples are ranked according to their calculated weightThe ranked samples
are then iterated through and converted into positive-only samples until the distribution of positive
samples is greater than or equal to the estimatg(yf 1). Unlike in vanilla PU learning, these
samples are discretized to have a positive weight of 1, and trained on by the classnee per epoch
as positive samples along with the labelled samples. The remaining unlabelled data are trained on in
the same way as in vanilla PU learning.

2.3.4 Implementation

In order to create a uni ed approach to check-worthiness detection, transfer learning from Wikipedia
citation needed detection is employed. To accomplish this, we start with a training dafasket
statements from Wikipedia featured articles that are either labelled as containing a citation (positive) or
unlabelled. We train a classi ef® on this dataset and obtain a classigftvia PUC. For comparison,

we also train models with vanilla PU learning and PN learning as baselines. The network architecture
for both 5 andg® is BERT (Devlin et al. 2019), a large pretrained transformer-basasinani2017
language model. We use the HuggingFace transformers implementation of the 12-layer 768 dimen-
sional variation of BERT (Wolf et al. 2019). The classi er in this implementation is a two layer neural
network acting on thgCLS] token.

From g®, we train a classi erg! using downstream check-worthiness detection dataSdty
initializing g' with the base BERT network frogP and using a new randomly initialized nal layer.

In addition, we train a modef on the target dataset, and trafrwith PUC from this model to obtain

the nal classi er. As a baseline, we also experiment with training on just the daisgithout any
pretraining. In the case of citation needed detection, since the data comes from the same domain we
simply test on the test split of statements labelled as “citation needed” using the clagsi\&e
compare our models to the published state of the art baselines on each dataset.

For all of our models {5, g8, f!, g') we train for two epochs, saving the weights with the best F1
score on validation data as the nal model. Training is performed with a max learning rate of 3e-5
and a triangular learning rate schedule (J. Howard and Ruder 2018) that linearly warms up for 200
training steps, then linearly decays to O for the rest of training. For regularization we add L2 loss with
a coe cient of 0.01, and dropout with a rate of 0.1. Finally, we split the training sets into 80% train
and 20% validation, and train with a batch size of 8. The code to reproduce our experiments can be
found heret
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Method P R F1 eP eR eF1
Redietal. 2019 75.3 70.9 73.0 [76.q)]*- - -
BERT 78.8 1.383.7 45 81.0 1.5(79.0 85.3 82.0

BERT+PU 788 09843 3.0 814 1.0 (79.0 85.682.2
BERT+PUC 784 09856 32 818 1.0|78.687.1 82.6

Table 4:F1 and ensembled F1 score for citation needed detection training on the FA split and testing on the
LQN split of Redi et al. 2019. The FA split contains statements with citations from featured articles
and the LQN split consists of statements which were agged as not having a citation but needing one.
Listed are the mean, standard deviation, and ensembled results across 15 seeds (eP, eR,Buid eF1).
indicates best performanagnderlineindicates second best. *The reported value is from rerunning
their released model on the test dataset. The value in brackets is the value reported in the original
paper.

2.4 experimental results

To what degree is claim check-worthiness detection a PU learning problem, and does this enable a
uni ed approach to check-worthiness detection? In our experiments, we progressively answer this
guestion by answering the following: 1) is PU learning bene cial for the tasks considered? 2) Does
PU citation needed detection transfer to rumour detection? 3) Does PU citation needed detection
transfer to political speeches? To investigate how well the data in each domain re ects the de nition
of a check-worthy statement as one which “makes an assertion about the world which is checkable”
and thus understand subijectivity in the annotations, we perform a dataset analysis comparing the
provided labels of the top ranked check-worthy claims fromRhk&C model with the labels given

by two human annotators. In all experiments, we report the mean performance of our models and
standard deviation across 15 drent random seeds. Additionally, we report the performance of each
model ensembled across the 15 runs through majority vote on each sample.

2.4.1 Datasets

See supplemental material for links to datasets.

wikipedia citations We use the dataset from Redi et al. 2019 for citation needed detection.
The dataset is split into three sets: one coming from featured articles (deemed "high quality’, 10k
positive and 10k negative statments), one of statements which have no citation but have been agged
as needing one (10k positive, 10k negative), and one of statements from random articles which have
citations (50k positive, 50k negative). In our experiments the models were trained on the high quality
statements from featured articles and tested on the statements which were agged as “citation needed'.
The key di erentiating features of this dataset from the other two datasets are: 1) the domain of text is

1 https://github.com/copenlu/check-worthiness-pu-learning
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Method P R F1 eP eR eFl
Zubiaga et al. 2017a 66.7 55.6 60.7] - - -

BILSTM 62.3 56.4 59.0 - - -

BERT 69.9 1.760.8 2.6 65.0 1.3|/71.3 61.9 66.3
BERT + Wiki 69.3 1.6 61.4 2.6 65.1 1.2/70.7 62.2 66.2
BERT + WikiPU 69.9 1.3625 1.6 66.0 1.1{72.264.6 68.2
BERT + WikiPUC 70.1 1.161.8 1.8 65.7 1.0/71.562.7 66.8
BERT + PU 68.7 1.2 64.7 1.8 66.6 0.9/69.9 65.2 67.5
BERT + PUC 68.1 1.565.3 1.6 66.6 0.9/69.1 66.3 67.7
BERT + PU + WikiPU 68.4 1.266.1 1.2 67.2 0.6/69.3 67.268.3
BERT + PUC + WikiPUC 68.0 1.4 66.0 2.067.0 1.3/69.467.5 68.5

Table 5:micro-F1 ( F1) and ensembled F1 (eF1) performance of each system on the PHEME dataset. Per-
formance is averaged across the ve splits of Zubiaga et al. 2017a. Results show the mean, standard
deviation, and ensembled score across 15 s&uld.indicates best performanagpderlineindicates
second best.

Wikipedia and 2) annotations are based on the decisions of Wikipedia editors following Wikipedia
guidelines for citing sourcés

twitter rumours The PHEME dataset of rumours is employed for Twitter claim check-
worthiness detection (Zubiaga et al. 2016c¢). The data consists of 5,802 annotated tweets from
5di erent events, where each tweet is labelled as rumourous or non-rumourous (1,972 rumours, 3,830
non-rumours). We followed the leave-one-out evaluation scheme of (Zubiaga et al. 2017a), namely,
we performed a 5-fold cross-validation for all methods, training on 4 events and testing on 1. The key
di erentiating features of this dataset from the other two datasets are: 1) the domain of data is tweets
and 2) annotations are collected from professional journalists speci cally for building a dataset to
train machine learning models.

political speeches The dataset we adopted in the political speeches domain is the same as
in Hansen et al. 2019, consisting of 4 political speeches from the 2018 Clef CheckThat! compe-
tition (Nakov et al. 2018) and 3 political speeches from ClaimRank (Jaradat et al. 2018) (2,602
statements total). We performed a 7-fold cross-validation, using 6 splits as training data and 1 as
test in our experimental setup. The data from ClaimRank is annotated using the judgements from
9 fact checking organizations, and the data from Clef 2018 is annotated by factcheck.org. The key
di erentiating features of this dataset from the other two datasets are: 1) the domain of data is tran-
scribed spoken utterances from political speeches and 2) annotations are taken from 9 fact checking
organizations gathered independently.
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2.4.2 Is PU Learning Bene cial for Citation Needed Detection?

Our results for citation needed detection are given in Table 4. The vanilla BERT model already
signi cantly outperforms the state of the art model from Redi et al. 2019 (a GRU network with global
attention) by 6 F1 points. We see further gains in performance with PU learning, as well as when using
PUC. Additionally, the models using PU learning have lower variance, indicating more consistent
performance across runs. The best performing model we see is the one trainedWSingth an

F1 score of 82.6. We nd that this con rms our hypothesis that citation data is better seen as a set
of positive and unlabelled data when used for check-worthiness detection. In addition, it gives some
indication that PU learning improves the generalization power of the model, which could make it
better suited for downstream tasks.

2.4.3 Does PU Citation Needed Detection Transfer to Rumour Detection?

2.4.3.1 Baselines

The best published method that we compare to is the CRF from Zubiaga et al. 2017a. which utilizes a
combination of content and social features. Content features include word vectors, part-of-speech
tags, and various lexical features, and social features include tweet count, listed count, follow ratio,
age, and whether or not a user is veri ed. The CRF acts on a timeline of tweets, making it contextual.
In addition, we include results from a 2-layer BILSTM with FastText embeddings (Bojanowski et al.
2017). There exist other deep learning models which have been developed for this task, including
J. Ma et al. 2019 and Abulaish et al. 2019, but they do not publish results on the standard splits of the
data and we were unable to recreate their results, and thus are omitted.

2.4.3.2 Results

The results for the tested systems are given in Table 5. Again we see large gains from BERT based
models over the baseline from Zubiaga et al. 2017a and the 2-layer BiLSTM. Compared to training
solely on PHEME, ne tuning from basic citation needed detection sees little improvement (0.1 F1
points). However, ne tuning a model trained using PU learning leads to an increase of 1 F1 point over
the non-PU learning model, indicating that PU learning enables the Wikipedia data to be useful for
transferring to rumour detection i.e. the improvement is not only from a better semantic representation
learned from Wikipedia data. F®HUC, we see an improvement of 0.7 F1 points over the baseline
and lower overall variance than vanilla PU learning, meaning that the result®Wwithare more
consistent across runs. The best performing models also use PU learning on in-domain data, with
the best average performance being from the models trained usii®lon in domain data and
initialized with weights from a Wikipedia model trained using/PUC. When models are ensembled,
pretraining with vanilla PU learning improves over no pretraining by almost 2 F1 points, and the best
performing models which are also trained using PU learning on in domain data improve over the

2 https:/len.wikipedia.org/wiki/Wikipedia:Citing_sources
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baseline by over 2 F1 points. We conclude that framing rumour detection on Twitter as a PU learning
problem leads to improved performance.

Based on these results, we are able to con rm two of our hypotheses. The rstis that Wikipedia
citation needed detection and rumour detection on Twitter are indeed similar tasks, and a uni ed
approach for both of them is possible. Pretraining a model on Wikipedia provides a clear downstream
bene t when ne-tuning on Twitter dateggrecisely when PIPUC is used Additionally, training using
PUC on in domain Twitter data provides further bene t. This shows #IdC constitutes a uni ed
approach to these two tasks.

The second hypothesis we con rm is that both Twitter and Wikipedia data are better seen as
positive and unlabelled for claim check-worthiness detection. When pretraining with the data as a
traditional PN dataset there is no performance gain and in fact a performance loss when the models
are ensembled. PU learning allows the model to learn better representations for general claim
check-worthiness detection.

To explain why this method performs better, Table 4 and Table 5 showrth@timproves model
recall at very little cost to precision. The aim of this is to mitigate the issue of subjectivity in the
annotations of check-worthiness detection datasets noted in previous work Konstantinovskiy et al.
2018. Some of the ects of this are illustrated in Table 8 and Table 9 in subsection 2.6.1PUI:
models are better at distinguishing rumours which involve claims of fact about people i.e. things that
people said or did, or qualities about people. For non-rumour®thepretrained model is better at
recognizing statements which describe gualitative information surrounding the events and information
that is self-evident e.g. a tweet showing the map where the Charlie Hebdo attack took place.

2.4.4 Does PU Citation Needed Detection Transfer to Political Speeches?

2.4.4.1 Baselines

The baselines we compare to are the state of the art models from Hansen et al. 2019 and Konstanti-
novskiy et al. 2018. The model from Konstantinovskiy et al. 2018 consists of InferSent embed-
dings (Conneau et al. 2017) concatenated with POS tag and NER features passed through a logistic
regression classi er. The model from Hansen et al. 2019 is a bidirectional GRU network acting on
syntatic parse features concatenated with word embeddings as the input representation.

2.4.4.2 Results

The results for political speech check-worthiness detection are given in Table 6. We nd that the BERT
model initialized with weights from a model trained on plain Wikipedia citation needed statements
performs the best of all models. As we add transfer learning and PU learning, the performance steadily
drops. We perform a dataset analysis to gain some insight into teist @x2.4.5.
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Method MAP

Konstantinovskiy et al. 2018  26.7
Hansen et al. 2019 30.2
BERT 33.0 1.8
BERT + Wiki 344 2.7
BERT + WikiPU 332 1.7
BERT + WikiPUC 317 1.8
BERT+ PU 188 3.7
BERT + PUC 26.7 2.8

BERT + PU + WikiPU 16.8 35
BERT + PUC + WikiPUC 27.8 2.7

Table 6:Mean average precision (MAP) of models on political speecBe#d indicates best performance,
underlineindicates second best.

Dataset P R F1

81.7 87.0 84.3
Wikipedia 84.8 87.0 85.9
83.3 87.0 85.1

87.5 824 84.8
Twitter  86.3 81.2 83.6
86.9 81.8 84.2

33.8 89.3 49.0
Politics  31.1 100.0 47.5
32.5 94.7 48.3

Table 7:F1 score comparing manual relabelling of the top 100 predictiorBWg model with the original
labels in each dataset by two @irent annotatordtalics are average value between the two annotators.

2.4.5 Dataset Analysis

In order to understand our results in the context of the selected datasets, we perform an analysis to
learn to what extent the positive samples in each dataset re ect the de nition of a check-worthy claim
as “an assertion about the world that is checkable”. We ranked all of the statements based on the
predictions of 13°UC models trained with dierent seeds, where more positive class predictions
means a higher rank (thus more check-worthy), and had two experts manually relabel the top 100
statements. The experts were informed to label the statements based on the de nition of check-worthy
given above. We then compared the manual annotation to the original labels using F1 score. Higher
F1 score indicates the dataset better re ects the de nition of check-worthy we adopt in this work. Our
results are given in Table 7.

We nd that the Wikipedia and Twitter datasets contain labels which are more general, evidenced
by similar high F1 scores from both annotatars80.0). For political speeches, we observe that
the human annotators both found many more examples to be check-worthy than were labelled in
the dataset. This is evidenced by examples sudhisashy our unemployment rate is the lowest
it's been in so many decadéeging labelled as not check-worthy aNeéw unemployment claims
are near the lowest we've seen in almost half a cenbaiyng labelled as check-worthy in the same
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document in the dataset's original annotations. This characteristic has been noted for political debates
data previously (Konstantinovskiy et al. 2018), which was also collected using the judgements of
independent fact checking organizations (Gencheva et al. 2017). Labels for this dataset were collected
from various news outlets and fact checking organizations, which may only be interested in certain
types of claims such as those most likely to be false. This makes atudi to train supervised machine
learning models for general check-worthiness detection based solely on text content and document
context due to labelling inconsistencies.

2.5 discussion and conclusion

In this work, we approached claim check-worthiness detection by examining how to unify three
distinct lines of work. We found that check-worthiness detection is challenging in any domain as there
exist stark di erences in how annotators judge what is check-worthy. We showed that one can correct
for this and improve check-worthiness detection across multiple domains by using positive unlabelled
learning. Our method enabled us to perform a structured comparison of datasewsrentidomains,
developing a uni ed approach which outperforms state of the art in 2 of 3 domains and illuminating
to what extent these datasets re ect a general de nition of check-worthy.

Future work could explore derent neural base architectures. Further, it could potentially bene t all
tasks to consider the greater context in which statements are made. We would also like to acknowledge
again that all experiments have only focused on English language datasets; developing models for
other, especially low-resource languages, would likely result in additional challenges. We hope that
this work will inspire future research on check-worthiness detection, which we see as an under-studied
problem, with a focus on developing resources and models across many domains such as Twitter,
news media, and spoken rhetoric.
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Rumour text nPUC nBaseline

Germanwings co-pilot had serious depressive episode: Bild newspdfser 5
http//t.cdRgSTrehD21

Now hearing 148 passengefrsrew on board the #A320 that has crashed itD 2
southern French Alps. #GermanWings ight. @BBCWorld

It appears that #Ferguson PD are trying to assassinate Mike Brown's chard@er 5
after literally assassinating Mike Brown.

#Ferguson cops beat innocent man then charged him for bleeding on thé&m: 2
http//t.cdulot9Eh5Cq via @MichaelDalynyc httfi:cdAGIW2Pid1r

Table 8:Examples of rumours which tHeUC model judges correctly vs the baseline model with no pretraining
on citation needed detection. n* is the number of models among the 15 seeds which predicted the
correct label (rumour).

Non-Rumour text nPUC nBaseline

A female hostage stands by the front entrance of the cafe as she turns the lights 5
0 in Sydney. #sydneysiege httf.cd/gNfCMvOyZt

Map shows where gun attack on satirical magazine #CharlieHebdo took plEZe 4
in central Paris htt@t.cd5AZAKumpNd http//t.cdECFYztMVk9

"Hands up! Don't shoot!” #ferguson http#.ca'svCE1S0Zek 12 7
Australian PM Abbott: Motivation of perpetrator in Sydney hostage situationli® 6
not yet known - @9NewsAUS htifft.ca/'SI01B997xf

Table 9:Examples of non-rumours which tiJC model judges correctly vs the baseline model with no
pretraining on citation needed detection. n* is the number of models among the 15 seeds which
predicted the correct label (non-rumour).

2.6 appendix

2.6.1 Examples of PUC Improvements for Rumour Detection

Examples of improvements for rumour detection ugtdC can be found in Table 8.

2.6.2 Reproducibility

2.6.2.1 Computing Infrastructure

All experiments were run on a shared cluster. Requested jobs consisted of 16GB of RAM and 4 Intel
Xeon Silver 4110 CPUs. We used a single NVIDIA Titan X GPU with 12GB of RAM.
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Method Wikipedia PHEME Political Speeches
BERT 34m30s 14m25s 8mlls
BERT + PU 40m7s 20m40s 15m38s
BERT + PUC 40m8s 21m20s 15m32s
BERT + Wiki - 14m28s 8m50s
BERT + WikiPU - 14m25s 8m4ls
BERT + WikiPUC - 14m28s 8m38s
BERT + PU + WikiPU - 20m41ls 15m32s
BERT + PUC + WikiPUC - 21m52s 15m40s

Table 10: Average runtime of each tested system for each split of the data

Method Wikipedia PHEME Political Speeches
BERT 88.9 81.6 31.3
BERT + PU 89.0 83.7 18.2
BERT+ PUC 89.2 82.8 32.0
BERT + Wiki - 80.8 32.3

BERT + WikiPU - 82.0 35.7

BERT + WikiPUC - 80.4 34.3

BERT + PU + WikiPU - 82.9 33.3

BERT + PUC + WikiPUC - 84.1 34.0

Table 11: Validation F1 performances for each tested model.

2.6.2.2 Average Runtimes

See Table 15 for model runtimes.

2.6.2.3 Number of Parameters per Model

We used BERT with a classi er on top for each model which consists of 109,483,778 parameters.

2.6.2.4 Validation Performance

Validation performances for the tested models are given in Table 11.

2.6.2.5 Evaluation Metrics

The primary evaluation metric used was F1 score. We used the sklearn implementatieni-of
sion _recall _fscore _support , which can be found heréittps://scikit-learn.org/stable/

modules/generated/sklearn.metrics.precision_recall_fscore_support.html . Briey:
__tp
P= tp+ fp
t
r= P
tp+ fn
F1=2P T
p+r

wheretp are true positivest p are false positives, anth are false negatives.
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Hyperparameter Value

Learning Rate  3e-5
Weight Decay 0.01

Batch Size 8
Dropout 0.1
Warmup Steps 200
Epochs 2

Table 12: Validation F1 performances used for each tested model.

Additionally, we used the mean average precision calculation from the Clefl9 Check That!
challenge for political speech data, which can be found hérte&os://github.com/apepa/

clef2019-factchecking-taskl/tree/master/scorer . Briey:
_ 1% w0
P
1 X
mAP= —  AP(Q)

whereP are the set of positive instancep(i) is an indicator function which equals one when itie
ranked sample is a true positive, aQds the set of queries. In this wolR consists of the ranking of
statements from each split of the political speech data.

2.6.2.6 Links to Data

Citation Needed Detection (Redi et al. 201B)tps://drive.google.com/drive/folders/
12G60rf0_h2jYBvGvsolpSy3ikbNiWO0xJ

PHEME (Zubiaga et al. 2016c)https://figshare.com/articles/PHEME_dataset
for_ Rumour_Detection_and_Veracity Classification/6392078

Political Speeches: We use the same 7 splits as used in Hansen et al. 2019. The rst5 can
be found herenttp://alt.qcri.org/clef2018-factcheck/data/uploads/clefl8
fact_checking_lab_submissions_and_scores_and_combinations.zip . The les can

be found under “taskiestsefEnglishitaskl-en- le(3,4,5,6,7)". The last two les can be found
here:https://github.com/apepa/claim-rank/tree/master/data/transcripts_all_

sources. The les are “clintonacceptancespeechann.tsv” and “trumpinaugurationann.tsv”.

2.6.2.7 Hyperparameters

We found that good defaults worked well, and thus did not perform hyperparameter search. The
hyperparameters we used are given in Table 12.
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TRANSFORMER BASED MULTI-SOURCE DOMAIN ADAPTATION

~ ABSTRACT

In practical machine learning settings, the data on which a model must mpke

predictions often come from a dérent distribution than the data it was trained of}.
Here, we investigate the problemuisupervised multi-source domain adaptatior]
where a model is trained on labelled data from multiple source domains and njust
make predictions on a domain for which no labelled data has been seen. Rrior

work with CNNs and RNNs has demonstrated the bene t of mixture of expeigs,
where the predictions of multiple domain expert classi ers are combined; as well
as domain adversarial training, to induce a domain agnostic representation space.
Inspired by this, we investigate how such methods can leetively applied to
large pretrained transformer models. We nd that domain adversarial training j§as
an e ect on the learned representations of these models while having litis e
on their performance, suggesting that large transformer-based models are aleady
relatively robust across domains. Additionally, we show that mixture of expefts
leads to signi cant performance improvements by comparing several variantg of
mixing functions, including one novel mixture based on attention. Finally, \:Le
o}

demonstrate that the predictions of large pretrained transformer based dorpain
experts are highly homogenous, making it challenging to leaet#ve functions

for mixing their predictions.

3.1 introduction

Machine learning practitioners are often faced with the problem of evolving test data, leading to
mismatches in training and test set distributions. As such, the probleionodin adaptatioris of
particular interest to the natural language processing community in order to build models which are

Dustin Wright and Isabelle Augenstein (Nov. 2020b). “Transformer Based Multi-Source Domain Adaptation”. In:
Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing (EMINLiRg: Association

for Computational Linguistics, pp. 7963—797doi: 10.18653/v1/2020.emnlp-main.639 . url : https://www.
aclweb.org/anthology/2020.emnlp-main.639
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Figure 14:In multi-source domain adaptation, a model is trained on data drawn from multiple parts of the
underlying distribution. At test time, the model must make predictions on data from a potentially
non-overlapping part of the distribution.

robust this shift in distribution. For example, a model may be trained to predict the sentiment of
product reviews for DVDs, electronics, and kitchen goods, and must utilize this learned knowledge to
predict the sentiment of a review about a book (Figure 14). This paper is concerned with this setting,
namelyunsupervised multi-source domain adaptation

Multi-source domain adaptation is a well studied problem in deep learning for natural language
processing. Prominent techniques are generally based on data selection strategies and representation
learning. For example, a popular representation learning method is to induce domain invariant
representations using unsupervised target data and domain adversarial learning (Ganin and Lempitsky
2015). Adding to this, mixture of experts techniques attempt to learn both domain speci ¢ and global
shared representations and combine their predictions (Guo et al. 2018; Yitong Li et al. 2018; X.
Ma et al. 2019). These methods have been primarily studied using convolutional nets (CNNs) and
recurrent nets (RNNSs) trained from scratch, while the NLP community has recently begun to rely
more and more on large pretrained transformer (LPX) models e.g. BERT (Devlin et al. 2019). To
date there has been some preliminary investigation of how LPX models perform under domain shift
in the single source-single target setting (X. Ma et al. 2019; X. Han and Eisenstein 2019; Rietzler
et al. 2020; Gururangan et al. 2020). What is lacking is a study into teete of and best ways to
apply classic multi-source domain adaptation techniques with LPX models, which can give insight
into possible avenues for improved application of these models in settings where there is domain shift.

Given this, we present a study into unsupervised multi-source domain adaptation techniques for
large pretrained transformer models. Our main research question is: do mixture of experts and domain
adversarial training cer any bene t when using LPX models? The answer to this is not immediately
obvious, as such models have been shown to generalize quite well across domains and tasks while still
learning representations which are not domain invariant. Therefore, we experiment with four mixture
of experts models, including one novel technique based on attendingdredt domain experts; as
well as domain adversarial training with gradient reversal. Surprisingly, we nd that, while domain
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adversarial training helps the model learn more domain invariant representations, this does not always
result in increased target task performance. When using mixture of experts, we see signi cant gains
on out of domain rumour detection, and some gains on out of domain sentiment analysis. Further
analysis reveals that the classi ers learned by domain expert models are highly homogeneous, making
it challenging to learn a better mixing function than simple averaging.

3.2 related work

Our primary focus is multi-source domain adaptation with LPX models. We rst review domain
adaptation in general, followed by studies into domain adaptation with LPX models.

3.2.1 Domain Adaptation

Domain adaptation approaches generally fall into three categsripsrvisedpproaches (e.g. Dawm

2007; Finkel and Manning 2009; Kulis et al. 2011), where both labels for the source and the target
domain are availablesemi-supervisedpproaches (e.g. Donahue et al. 2013; T. Yao et al. 2015),
where labels for the source and a small set of labels for the target domain are provided; and lastly
unsupervise@pproaches (e.g. Blitzer et al. 2006; Ganin and Lempitsky 2015; B. Sun et al. 2016;
Lipton et al. 2018), where only labels for the source domain are given. Since the focus of this paper is
the latter, we restrict our discussion to unsupervised approaches. A more complete recent review of
unsupervised domain adaptation approaches is given in Kouw and Loog 2019.

A popular approach to unsupervised domain adaptation is to induce representations which are
invariant to the shift in distribution between source and target data. For deep networks, this can
be accomplished via domain adversarial training using a simple gradient reversal trick (Ganin and
Lempitsky 2015). This has been shown to work in the multi-source domain adaptation setting too (Yi-
tong Li et al. 2018). Other popular representation learning methods include minimizing the covariance
between source and target features (B. Sun et al. 2016) and using maximum-mean discrepancy be-
tween the marginal distribution of source and target features as an adversarial objective (Guo et al.
2018).

Mixture of experts has also been shown to beaive for multi-source domain adaptation:EY.

Kim et al. 2017 use attention to combine the predictions of domain experts. Guo et al. 2018 propose
learning a mixture of experts using a point to set metric, which combines the posteriors of models
trained on individual domains. Our work attempts to build on this to study how multi-source domain
adaptation can be improved with LPX models.

3.2.2 Transformer Based Domain Adaptation

There are a handful of studies which investigate how LPX models can be improved in the presence
of domain shift. These methods tend to focus on the data and training objectives for single-source
single-target unsupervised domain adaptation. The work of X. Ma et al. 2019 shows that curriculum
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learning based on the similarity of target data to source data improves the performance of BERT on
out of domain natural language inference. Additionally, X. Han and Eisenstein 2019 demonstrate
that domain adaptive ne-tuning with the masked language modeling objective of BERT leads to
improved performance on domain adaptation for sequence labelling. Rietzler et al. Z&2roilar
evidence for task adaptive ne-tuning on aspect based sentiment analysis. Gururangan et al. 2020
take this further, showing that signi cant gains in performance are yielded when progressively ne-
tuning on in domain data, followed by task data, using the masked language modeling objective of
RobERTa. Finally, Lin et al. 2020 explore whether domain adversarial training with BERT would
improve performance for clinical negation detection, nding that the best performing method is a
plain BERT model, giving some evidence that perhaps well-studied domain adaptation methods may
not be applicable to LPX models.

What has not been studied, to the best of our knowledge, is the impact of domain adversarial
training via gradient reversal on LPX models on natural language processing tasks, as well as if
mixture of experts techniques can be bene cial. As these methods have historically bene ted deep
models for domain adaptation, we explore theieet when applied to LPX models in this work.

3.3 methods

This work is motivated by previous research on domain adversarial training and mixture of domain
experts for domain adaptation. In this, the data consisks sdurce domain$ and a target domain

T . The source domains consist of labelled dataBgts 2 f1; :::;Kgand the target domain consists
only of unlabelled dat&J;. The goal is to learn a classi ef, which generalizes well td using

only the labelled data fror8 and optionally unlabelled data from. We consider a base network
f;;z2 S[f ggcorresponding to either a domain speci ¢ network or a global shared network. These
networks are initialized using LPX models, in particular DistilBert (Sanh et al. 2019).

3.3.1 Mixture of Experts Techniques

We study four di erent mixture of expert techniques: simple averaging, ne-tuned averaging, attention
with a domain classi er, and a novel sample-wise attention mechanism based on transformer atten-
tion (Vaswani et al. 2017). Prior work reports that utilizing mixtures of domain experts and shared
classi ers leads to improved performance when having access to multiple source domains (Guo et al.
2018; Yitong Li et al. 2018). Given this, we investigate if mixture of experts can have any bene t
when using LPX models.

Formally, for a setting wittlK domains, we have set &f di erent LPX modeldy; k 2 f0:::K 19
corresponding to each domain. There is also an additional LPX nfgdelresponding to a global
shared model. The output predictions of these modelpate?2 f0:::K 1gand pgy, respectively.

Since the problems we are concerned with are binary classi cation, these are single values in the
range (Q1). The nal output probability is calculated as a weighted combination of a set of domain
expert probabilite& S and the probability from the global shared model. Four methods are used
for calculating the weighting.
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Figure 15:The overall approach tested in this work. A sample is input to a set of expert and one shared LPX
model as described x3.3.1. The output probabilities of these models are then combined using
an attention parameter alphes(3.1.1,x3.3.1.2x3.3.1.3x3.3.1.4). In addition, a global modéj
learns domain invariant representations via a clasfdAwith gradient reversal (indicated by the
slash, se&3.3.2).

3.3.1.1 Averaging

The rst method is a simple averaging of the predictions of domain speci ¢ and shared classi ers.
The nal output of the model is
X

pa(X; K) =

TSRS ©)

3.3.1.2 Fine Tuned Averaging

As an extension to simple averaging, we ne tune the weight given to each of the domain experts and
global shared model. This is performed via randomized grid search evaluated on validation data, after
the models have been trained. A random integer between zero and ten is generated for each of the
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models, which is then normalized to a set of probabilities The nal output probability is then
given as follows.

X
e = P PO+ pg) P9 W)
k2K

3.3.1.3 Domain Classi er

It was recently shown that curriculum learning using a domain classi er can lead to improved
performance for single-source domain adaptation (X. Ma et al. 2019) when using LPX models.
Inspired by this, we experiment with using a domain classi er as a way to attend to the predictions
of domain expert models. First, a domain classiferis trained to predict the domain of an input
samplex givenrg 2 RY, the representation of tHELS] token at the output of a LPX model. From

the classi er, a vector ¢ is produced with the probabilities that a sample belongs to each source
domain.

c = fc(x) = softmax@Wcrg + bc) 8

whereWc 2 RY K andbe 2 RK. The domain classi er is trained before the end-task network and is
held static throughout training on the end-task. For this, a set of domain efpartstrained and
their predictions combined through a weighted sum of the attention vegtor

X
pc¥= md ¥ (9)
k2S

where the superscripk) indexes into the ¢ vector. Note that in this case we only use domain experts
and not a global shared model. In addition, the probability is always calculated with respect to each
source domain.

3.3.1.4 Attention Model

Finally, a novel parameterized attention model is learned which attendseoedit domains based

on the input sample. The attention method is based on the scaled dot product attention applied in
transformer models (Vaswani et al. 2017), where a global shared model acts as a query network
attending to each of the expert and shared models. As such, a sharedfgyodeluces a vector

rg 2 RY, and each domain expert produces a vecto? RY. First, for an input sample, a
probability for the end task is obtained from the classi er of each model yielding probabigiasd

px; k2 0:::K 1. An attention vector x is then obtained via the following transformations.

q=9Q" (10)
1

k = 5 KT (11)
K
Iy

x = softmaxgk") (12)
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whereQ 2 RY 9 andK 2 RY 9. The attention vectory then attends to the individual predictions of
each domain expert and the global shared model.

_ X
6K = ) DM+ e P (13)
k2K

To ensure that each model is trained as a domain speci ¢ expert, a similar training procedure to that
of Guo et al. 2018 is utilized, describedxf.3.3.

3.3.2 Domain Adversarial Training

The method of domain adversarial adaptation we investigate here is the well-studied technique
described in Ganin and Lempitsky 2015. It has been shown to bene t both convolutional nets and
recurrent nets on NLP problems (Yitong Li et al. 2018; Gui et al. 2017), so is a prime candidate to
study in the context of LPX models. Additionally, some preliminary evidence indicates that adversarial
training might improve LPX generalizability for single-source domain adaptation (X. Ma et al. 2019).

To learn domain invariant representations, we train a model such that the learned representations
maximally confuse a domain classi dg. This is accomplished through a min-max objective between
the domain classi er parameters and the parameterg; of an encodefy. The objective can then be
described as follows.

Lp= mgxm(in dlog fg(fg(x)) (14)

whered is the domain of input sampbe The e ect of this is to improve the ability of the classi er to
determine the domain of an instance, while encouraging the model to generate maximally confusing
representations via minimizing the negative loss. In practice, this is accomplished by training the
model using standard cross entropy loss, but reversing the gradients of the loss with respect to the
model parameterss.

3.3.3 Training

Our training procedure follows a multi-task learning setup in which the data from a single batch comes
from a single domain. Domains are thus shad on each round of training and the model is optimized
for a particular domain on each batch.

For the attention based.3.1.4) and averaging.3.1.1) models we adopt a similar training
algorithm to Guo et al. 2018. For each batch of training, a meta-taigstlected from among the
source domains, with the rest of the domains treated as meta-s@%2e3n ftg Two losses are then
calculated. The rstis with respect to all of the meta-sources, where the attention vector is calculated
for only those domains. For target labglsand a batch of sizBl with samples from a single domain,
this is given as follows.

1 X
Ls= §  Vilog px(x; S9 (15)
i

The same procedure is followed for the averaging madelThe purpose is to encourage the model

to learn attention vectors for out of domain data, thus why the meta-target is excluded from the
calculation.
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Method Sentiment Analysis (Accuracy) Rumour Detection (F1)
D E K B macroA\CH F GW OS S F1

Yitong Li etal. 2018 77.9 80.9 80.9 77.1 79.2 - - - - - -
Guo et al. 2018 87.7 89.5 90.5 87.9 88.9 - - - - - -

Zubiaga etal. 2017a - - - - - 163.646.570.4 69.0 61.2 60.7
Basic 89.1 89.8 90.1 89.3 89.5/66.1 44.7 71.9 61.0 63.3 62.3
Adv-6 88.3 89.7 90.0 89.0 89.3|65.8 42.0 66.6 61.7 63.2 61.4
Adv-3 89.0 89.9 90.3 89.0 89.6/65.7 43.2 72.3 60.4 62.1 61.7

Independent-Avg 88.90.6 90.490.0 90.0 |66.1 45.6 71.7 59.4 63.5 62.2
Independent-Ft 88.9 90.80.8 90.0 90.0 [65.9 45.7 72.2 59.3 62.4 61.9
MoE-Avg 89.389.9 90.5 89.9 89.9(67.945.474.562.664.7 64.1

MoE-Att 88.6 90.0 90.4 89.6 89.6|65.9 42.3 72.5 61.2 63.3 62.2
MoE-Att-Adv-6 87.8 89.0 90.5 88.3 88.9/66.0 40.7 69.0 63.8 63.7 61.8
MoE-Att-Adv-3 88.6 89.1 90.4 88.9 89.2/65.6 42.7 73.4 60.9 61.0 61.8
MoE-DC 87.8 89.2 90.2 87.9 88.8/66.5 40.6 70.570.8 62.8 63.8

Table 13:Experiments for sentiment analysis in (D)VD, (E)lectronics, (K)itchen and housewares, and (B)ooks
domains and rumour detection for @irent events ((C)harlie(H)ebdo, (F)erguson, (G)erman(W)ings,
(O)ttawa(S)hooting, and (S)ydneySiege) using leave-one-out cross validation. Results are averaged
across 5 random seeds. The results for sentiments analysis are in terms of accuracy and the results for
rumour detection are in terms of F1.

The second loss is with respect to the meta-target, where the cross-entropy loss is calculated directly

for the domain expert network of the meta-target.

1 X

L= N Y log pt(X) (16)
|

This allows each model to become a domain expert through strong supervision. The nal loss of
the network is a combination of the three losses described previously, aitd hyperparameters
controlling the weight of each loss.

L= Ls*+(1 )L+ Lo 17)

For the domain classi en(3.3.1.3) and ne-tuned averaging3.3.1.2), the individual LPX models
are optimized directly with no auxiliary mixture of experts objective. In addition, we experiment with
training the simple averaging model directly.

3.4 experiments and results

We focus our experiments on text classi cation problems with data from multiple domains. To this
end, we experiment with sentiment analysis from Amazon product reviews and rumour detection from
tweets. For both tasks, we perform cross-validation on each domain, holding out a single domain for
testing and training on the remaining domains, allowing a comparison of each method on how well
they perform under domain shift. The code to reproduce all of the experiments in this paper can be
found herée!

1 https://github.com/copenlu/xformer-multi-source-domain-adaptation
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sentiment analysis data The data used for sentiment analysis come from the legacy Amazon
Product Review dataset (Blitzer et al. 2007). This dataset consists of 8,000 total tweets from four
product categories: books, DVDs, electronics, and kitchen and housewares. Each domain contains
1,000 positive and 1,000 negative reviews. In addition, each domain has associated unlabelled data.
Following previous work we focus on the transductive setting (Guo et al. 2018; Ziser and Reichart
2017) where we use the same 2,000 out of domain tweets as unlabelled data for training the domain
adversarial models. This data has been well studied in the context of domain adaptation, making for
easy comparison with previous work.

rumour detection data The data used for rumour detection come from the PHEME dataset of
rumourous tweets (Zubiaga et al. 2016c). There are a total of 5,802 annotated tweets frarebtdi
events labelled as rumourous or non-rumourous (1,972 rumours, 3,830 non-rumours). Methods which
have been shown to work well on this data include context-aware classi ers (Zubiaga et al. 2017a)
and positive-unlabelled learning (Wright and Augenstein 2020a). Again, we use this data in the
transductive setting when testing domain adversarial training.

3.4.1 Baselines

what's in a domaifa  We use the model from Yitong Li et al. 2018 as a baseline for sentiment
analysis. This model consists of a set of domain experts and one general CNN, and is trained with a
domain adversarial auxiliary objective.

mixture of experts  Additionally, we present the results from Guo et al. 2018 representing the
most recent state of the art on the Amazon reviews dataset. Their method consists of domain expert
classi ers trained on top of a shared encoder, with predictions being combined via a novel metric
which considers the distance between the mean representations of target data and source data.
Zubiaga et al 2017a Though not a domain adaptation technique, we include the results from
Zubiaga et al. 2017a on rumour detection to show the current state of the art performance on this task.

The model is a CRF, which utilizes a combination of content and social features acting on a timeline
of tweets.

3.4.2 Model Variants

A variety of models are tested in this work. Therefore, each model is referred to by the following.

basic Basic DistilBert with a single classi cation layer at the output.

adwX DistilBert with domain adversarial supervision applied at ¥t layer (x3.3.2).
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Figure 16:Final layer DistilBert embeddings for 500 randomly selected examples from each split for each
tested model for sentiment data (top two rows) and rumour detection (bottom two rows). The blue
points are out of domain data (in this case from Kitchen and Housewares for sentiment analysis and
Sydney Siege for rumour detection) and the gray points are in domain data.

independentavg DistilBert mixture of experts averaged but trained individually (not with the
algorithm described i®3.3.3).

independenft DistilBert mixture of experts averaged with mixing attention ne tuned after
training 3.3.1.2), trained individually.

moeavg DistilBert mixture of experts using averaging3(3.1.1).

moeatt DistilBert mixture of experts using our novel attention based technix@&.(1.4).

moeatt-adwX  DistilBert mixture of experts using attention and domain adversarial supervision
applied at theX'th layer.

moedc DistilBert mixture of experts using a domain classi er for attentigf.3.1.3).
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3.4.3 Results

Our results are given in Table 13. Similar to the ndings of Lin et al. 2020 on clinical negation, we
see little overall dierence in performance from both the individual model and the mixture of experts
model when using domain adversarial training on sentiment analysis. For the base model, there is
a slight improvement when domain adversarial supervision is applied at a lower layer of the model,
but a drop when applied at a higher level. Additionally, mixture of experts provides some bene t,
especially using the simpler methods such as averaging.

For rumour detection, again we see little performance change from using domain adversarial
training, with a slight drop when supervision is applied at either layer. The mixture of experts methods
overall perform better than single model methods, suggesting that mixing domain experts is still
e ective when using large pretrained transformer models. In this case, the best mixture of experts
methods are simple averaging and static grid search for mixing weights, indicating tbeltgiin
learning an eective way to mix the predictions of domain experts. We elaborate on our ndings
further inx7.7. Additional experiments on domain adversarial training using Bert can be found
in Table 14 inx3.7.1, where we similarly nd that domain adversarial training leads to a drop in
performance on both datasets.

3.5 discussion

We now discuss our initial research questions in light of the results we obtained, and provide explana-
tions for the observed behavior.

3.5.1 What is the Eect of Domain Adversarial Training?

We present PCA plots of the representations learned bgrdnt models in Figure 16. These are the

nal layer representations of 500 randomly sampled points for each split of the data. In the ideal case,
the representations for out of domain samples would be indistinguishable from the representations for
in domain data.

In the case of basic DistilBert, we see a slight change in the learned representations of the domain
adversarial models versus the basic model (Figure 16 top half, a-c) for sentiment analysis. When the
attention based mixture of experts model is used, the representations of out of domain data cluster
in one region of the representation space (d). With the application of adversarial supervision, the
model learns representations which are more domain agnostic. Supervision applied at layer 6 of
DistilBert (plot f) yields a representation space similar to the version without domain adversarial
supervision. Interestingly, the representation space of the model with supervision at layer 3 (plot
e) yields representations similar to the basic classi er. This gives some potential explanation as to
the similar performance of this model to the basic classi er on this split (kitchen and housewares).
Overall, domain adversarial supervision has someceon performance, leading to gains in both
the basic classi er and the mixture of experts model for this split. Additionally, there are minor
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Figure 17:Comparison of agreement (Krippendd alpha) between domain expert models when the models
are either DistilBert or a CNN. Predictions are made on unseen test data by each domain expert, and
agreement is measured between their predictions ((B)ooks, (D)VD, (E)lectronics, and (K)itchen).
The overall agreement between the DistilBert experts is greater than the CNNs, suggesting that the
learned classi ers are much more homogenous.

improvements overall for the basic case, and a minor drop in performance with the mixture of experts
model.

The e ect of domain adversarial training is more pronounced on the rumour detection data for the
basic model (Figure 16 bottom half, a), where the representations exhibit somewhat less variance when
domain adversarial supervision is applied. Surprisingly, this leads to a slight drop in performance for
the split of the data depicted here (Sydney Siege). For the attention based model, the variant without
domain adversarial supervision (d) already learns a somewhat domain agnostic representation. The
model with domain adversarial supervision at layer 6 (f) furthers this, and the classi er learned from
these representations perform better on this split of the data. Ultimately, the best performing models
for rumour detection do not use domain supervision, and tleeteon performance on the individual
splits are mixed, suggesting that domain adversarial supervision can potentially help, but not in all
cases.

3.5.2 Is Mixture of Experts Useful with LPX Models?

We performed experiments with several variants of mixture of experts, nding that overall, it can
help, but determining the optimal way to mix LPX domain experts remains challenging. Simple
averaging of domain expertg3.3.1.1) gives better performance on both sentiment analysis and
rumour detection over the single model baseline. Learned attexttod. {.4) has a net positive ect

on performance for sentiment analysis and a negatieetefor rumour detection compared to the
single model baseline. Additionally, simple averaging of domain experts consistently outperforms
a learned sample by sample attention. This highlights thecdlity in utilizing large pretrained
transformer models to learn to attend to the predictions of domain experts.
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comparing agreement To provide some potential explanation for why it is diult to learn to
attend to domain experts, we compare the agreement on the predictions of domain experts of one of
our models based on DistilBert, versus a model based on CNNs (Figure 17). CNN models are chosen
in order to compare the agreement using our approach with an approach which has been shown to
work well with mixture of experts on this data (Guo et al. 2018). Each CNN consists of an embedding
layer initialized with 300 dimensional FastText embeddings (Bojanowski et al. 2017), a series of
100 dimensional convolutional layers with widths 2, 4, and 5, and a classi er. The end performance
is on par with previous work using CNNs (Yitong Li et al. 2018) (78.8 macro averaged accuracy,
validation accuracies of the individual models are between 80.0 and 87.0). Agreement is measured
using Krippendor's alpha (Krippendor n.d.) between the predictions of domain experts on test data.
We observe that the agreement between DistilBert domain experts on test data is signi cantly higher
than that of CNN domain experts, indicating that the learned classi ers of each expert are much more
similar in the case of DistilBert. Therefore, it will potentially be more dult for a mixing function
on top of DistilBert domain experts to gain much beyond simple averaging, while with CNN domain
experts, there is more to be gained from mixing their predictions. Théstemay arise because each
DistilBert model is highly pre-trained already, hence there is little change in the nal representations,
and therefore similar classi ers are learned between each domain expert.

3.6 conclusion

In this work, we investigated the problem of multi-source domain adaptation with large pretrained
transformer models. Both domain adversarial training and mixture of experts techniques were explored.
While domain adversarial training could ectively induce more domain agnostic representations, it
had a mixed eect on model performance. Additionally, we demonstrated that while techniques for
mixing domain experts can lead to improved performance for both sentiment analysis and rumour
detection, determining a bene cial mixing of such experts is challenging. The best method we tested
was a simple averaging of the domain experts, and we provided some evidence as to whgdahis e
was observed. We nd that LPX models may be better suited for data-driven techniques such as that
of Gururangan et al. 2020, which focus on inducing a better prior into the model through pretraining,
as opposed to techniques which focus on learning a better posterior with architectural enhancements.
We hope that this work can help inform researchers of considerations to make when using LPX models
in the presence of domain shift.
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Method Sentiment Analysis (Accuracy) Rumour Detection (F1)
D E K B macroA\CH F GW OS S F1
Bert 90.3 91.6 91.7 90.4 91.0\66.4 46.2 68.3 67.3 62.3 63.3

Bert-Adv-12 89.8 91.4 91.2 90.1 90.6/66.6 47.8 62.5 65.3 62.8 62.5
Bert-Adv-4 89.9 91.1 91.7 90.4 90.8/65.6 43.6 71.0 68.1 60.8 62.8

Table 14:Experiments for sentiment analysis in (D)VD, (E)lectronics, (K)itchen and housewares, and (B)ooks
domains and rumour detection for @irent events ((C)harlie(H)ebdo, (F)erguson, (G)erman(W)ings,
(O)ttawa(S)hooting, and (S)ydneySiege) using leave-one-out cross validation for BERT. Results are
averaged across 3 random seeds. The results for sentiments analysis are in terms of accuracy and the
results for rumour detection are in terms of F1.

Method Sentiment Analysis Rumour Detection
Basic 0h44m37s 0h23m52s
Adv-6 0h54m53s 0h59m31s
Adv-3 0h53m43s 0h57m29s
Independent-Avg 1h39m13s 1h19m27
Independent-Ft 1h58m55s 1h43m13
MoE-Avg 2h48m23s 4h03m46s
MoE-Att 2h49m44s 4h07m3s
MoE-Att-Adv-6 4h51m38s 4h58m33s
MoE-Att-Adv-3 4h50m13s 4h54m56s
MoE-DC 3h23m46s 4h09m51s

Table 15:Average runtimes for each model on each dataset (runtimes are taken for the entire run of an
experiment).

3.7 appendix

3.7.1 BERT Domain Adversarial Training Results

Additional results on domain adversarial training with Bert can be found in Table 14.

3.7.2 Reproducibility

3.7.2.1 Computing Infrastructure

All experiments were run on a shared cluster. Requested jobs consisted of 16GB of RAM and 4 Intel
Xeon Silver 4110 CPUs. We used a single NVIDIA Titan X GPU with 12GB of RAM.

3.7.2.2 Average Runtimes

The average runtime performance of each model is given in Table 15. Note tkeatulii runs may
have been placed on dirent nodes within a shared cluster, thus why large timerginces occurred.
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Method Sentiment Analysis Rumour Detection
Basic 66,955,010 66,955,010
Adv-6 66,958,082 66,958,850
Adv-3 66,958,082 66,958,850
Independent-Avg 267,820,040 334,775,050
Independent-Ft 267,820,040 334,775,050
MoE-Avg 267,820,040 334,775,050
MoE-Att 268,999,688 335,954,698
MoE-Att-Adv-6 269,002,760 335,958,538
MoE-Att-Adv-3 269,002,760 335,958,538
MoE-DC 267,821,576 334,777,354

Table 16: Number of parameters in each model

Method Sentiment Analysis (Acc) Rumour Detection (F1)
Basic 91.7 82.4
Adv-6 915 83.3
Adv-3 91.2 83.4
Independent-Avg 92.7 82.8
Independent-Ft 92.6 82.5
MoE-Avg 92.2 83.5
MoE-Att 92.0 83.3
MoE-Att-Adv-6 91.2 83.3
MoE-Att-Adv-3 91.4 82.8
MoE-DC 89.8 84.6

Table 17: Average validation performance for each of the models on both datasets.

3.7.2.3 Number of Parameters per Model

The number of parameters in each model is given in Table 16.

3.7.2.4 Validation Performance

The validation performance of each tested model is given in Table 17.

3.7.2.5 Evaluation Metrics

The primary evaluation metrics used were accuracy and F1 score. For accuracy, we used our imple-
mentation provided with the code. The basic implementation is as follows.

tp+ tn

accuracy= b+ fprinT n

We used the sklearn implementationprécision _recall _fscore _support for F1 score, which
can be found heréhttps://scikit-learn.org/stable/modules/generated/sklearn.metrics.
precision_recall_fscore_support.html . Briey:

__tp
P= tp+ fp
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p+r
wheretp are true positivesf p are false positives, anth are false negatives.

3.7.2.6 Hyperparameters

We performed and initial hyperparameter search to obtain good hyperparameters that we used across
models. The bounds for each hyperparameter was as follows:

Learning rate: [0.00003, 0.00004, 0.00002, 0.00001, 0.00005, 0.0001, 0.001].
Weight decay: [0.0, 0.1, 0.01, 0.005, 0.001, 0.0005, 0.0001].

Epochs: [2, 3, 4, 5, 7, 10].

Warmup steps: [0, 100, 200, 500, 1000, 5000, 10000].

Gradient accumulation: [1,2]

We kept the batch size at 8 due to GPU memory constraints and used gradient accumulation instead.
We performed a randomized hyperparameter search for 70 trials. Best hyperparameters are chosen
based on validation set performance (accuracy for sentiment data, F1 for rumour detection data). The
nal hyperparameters selected are as follows:

Learning rate: 3e-5.
Weight decay: 0.01.
Epochs: 5.

Warmup steps: 200.
Batch Size: 8

Gradient accumulation: 1

Additionally, we set the objective weighting parameters to 0:5 for the mixture of experts models
and = 0:003 for the adversarial models, in line with previous work (Guo et al. 2018; Yitong Li et al.
2018).

3.7.2.7 Links to data

Amazon Product Reviews (Blitzer et al. 200Mttps://www.cs.jhu.edu/  ~mdredze/
datasets/sentiment/

PHEME (Zubiaga et al. 2016c)https://figshare.com/articles/PHEME_dataset
for_Rumour_Detection_and_Veracity Classification/6392078
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STANCE DETECTION
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STANCE DETECTION WITH BIDIRECTIONAL CONDITIONAL
ENCODING

~ ABSTRACT

Stance detection is the task of classifying the attitude expressed in a text tow

a target such as “Climate Change is a Real Concern” to be “positive”, “negati

or “neutral”. Previous work has assumed that either the target is mentione
the text or that training data for every target is given. This paper considers
more challenging version of this task, where targets are not always mentioned
no training data is available for the test targets. We experiment with conditio
LSTM encoding, which builds a representation of the tweet that is depen
on the target, and demonstrate that it outperforms the independent encofli
of tweet and target. Performance improves even further when the conditi
model is augmented with bidirectional encoding. The method is evaluated on
SemEval 2016 Task 6 Twitter Stance Detection corpus and achieves perform
second best only to a system trained on semi-automatically labelled tweet
the test target. When such weak supervision is added, our approach ach
state—of-the-art results.

4.1 introduction

The goal of stance detection is to classify the attitude expressed in a text, towards a given target, as
“positive”, "negative”, or "neutral”. Such information can be useful for a variety of tasks, e.g. Mendoza

et al. 2010 showed that tweets stating actual facts wemenad by 90% of the tweets related to
them, while tweets conveying false information were predominantly questioned or denied. The focus
of this paper is on a novel stance detection task, namely tweet stance detection towards previously
unseen target entities (mostly entities such as politicians or issues of public interest), as de ned in

Isabelle Augenstein, Tim Rodgchel, Andreas Vlachos, and Kalina Bontcheva (Nov. 2016a). “Stance Detection with
Bidirectional Conditional Encoding”. InProceedings of the 2016 Conference on Empirical Methods in Natural Language
ProcessingAustin, Texas: Association for Computational Linguistics, pp. 876—885.10.18653/v1/D16-1084 . url :
https://lwww.aclweb.org/anthology/D16-1084
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the SemEval Stance Detection for Twitter task (Mohammad et al. 2016). This task is ratleeitdi

rstly due to not having training data for the targets in the test set, and secondly, due to the targets not
always being mentioned in the tweet. For example, the tweet “@realDonaldTrump is the only honest
voice of the @GOP” expresses a positive stance towards the ogatd Trump However, when

stance is predicted with respecttidlary Clinton as the target, this tweet expresses a negative stance,
since supporting candidates from one party implies negative stance towards candidates from other
parties.

Thus the challenge is twofold. First, we need to learn a model that interprets the tweet stance
towards a target that might not be mentioned in the tweet itself. Second, we need to learn such a model
without labelled training data for the target with respect to which we are predicting the stance. In the
example above, we need to learn a modeHdlary Clinton by only using training data for other
targets. While this renders the task more challenging, it is a more realistic scenario, as it is unlikely
that labelled training data for each target of interest will be available.

To address these challenges we develop a neural network architecture based on conditional en-
coding (Rockéischel et al. 2016). A long-short term memory (LSTM) network (Hochreiter and
Schmidhuber 1997) is used to encode the target, followed by a second LSTM that encodes the tweet
using the encoding of the target as its initial state. We show that this approach achieves better F1
than standard stance detection baselines, or an independent LSTM encoding of the tweet and the
target. The latter achieves an F1 of 0.4169 on the test set. Results improve further (F1 of 0.4901)
with a bidirectional version of our model, which takes into account the context on either side of the
word being encoded. In the context of the shared task, this would be the second best result, except
for an approach which uses automatically labelled tweets for the test targets (F1 of 0.5628). Lastly,
when our bidirectional conditional encoding model is trained on such data, it achieves state-of-the-art
performance (F1 of 0.5803).

4.2 task setup

The SemEval 2016 Stance Detection for Twitter task (Mohammad et al. 2016) consists of two subtasks,
Task A and Task B. In Task A the goal is to detect the stance of tweets towards targets given labelled
training data for all test target€[(imate Change is a Real Conceffeminist Movemenitheism
Legalization of AbortiorandHillary Clinton). In Task B, which is the focus of this paper, the goal is

to detect stance with respect toamseen targedi erent from the ones considered in Task A, namely
Donald Trump for which labeled traininfglevelopment data is not provided.

Systems need to classify the stance of each tweet as “positive” (FAVOR), “negative” (AGAINST) or
“neutral” (NONE) towards the target. The @ial metric reported is F1 macro-averaged over FAVOR
and AGAINST. Although the F1 of NONE is not considered, systems still need to predict it to avoid
precision errors for the other two classes.

Although participants were not allowed to manually label data for the test Aaeld Trump
they were allowed to label data automatically. The two best performing systems submitted to Task
B, pkudblab (W. Wei et al. 2016b) and LitisMind (Zarrella and Marsh 2016), both made use of this.
Making use of such techniques renders the taskwapkly supervised seen target stance detegtion
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Legalizationof Abortion A foetus has rights too !

Target Tweet

Figure 18:Bidirectional encoding of tweet conditioned on bidirectional encoding of targ'gt ¢ - The
stance is predicted using the last forward and reversed output representﬁ@orhg O.

instead of an unseen target task. Although the goal of this paper is to present stance detection methods
for targets for which no training data is available, we show that they can also be used in a weakly
supervised framework and outperform the state-of-the-art on the SemEval 2016 Stance Detection for
Twitter dataset.

4.3 methods

A common stance detection approach is to treat it as a sentence-level classi cation task similar to
sentiment analysis (Pang and L. Lee 2008; Socher et al. 2013). However, such an approach cannot
capture the stance of a tweet with respect to a particular target, unless training data is available for
each of the test targets. In such cases, we could learn that a tweet menBomalgl Trumpin a

positive manner expresses a negative stance tovwtilidsy Clinton. Despite this limitation, we use

two such baselines, one implemented with a Support Vector Machine (SVM) classi er and one with
an LSTM, in order to assess whether we are successful in incorporating the target in stance prediction.

A naive approach to incorporate the target in stance prediction would be to generate features
concatenating the target with words from the tweet. In principle, this could allow the classi er to learn
that some words in the tweets have target-dependent stance weights, but it still assumes that training
data is available for each target.

In order to learn how to combine the target with the tweet in a way that generalises to unseen targets,
we focus on learning distributed representations and ways to combine them. The following sections
develop progressively the proposed bidirectional conditional LSTM encoding model, starting from
the independent LSTM encoding.
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4.3.1 Independent Encoding

Our initial attempt to learn distributed representations for the tweets and the targets is to encode the
target and tweet independently ladimensional dense vectors using two LSTMs (Hochreiter and
Schmidhuber 1997).
X
H = é !

h 1
it="(W'H+b)
fr= (WIH+Db")
o= (WC°H +b°)
c="f ¢ 1+iy tanhWC°H + b°)
h =0t tanhgy)

Here,x; is an input vector at time stepc; denotes the LSTM memori; 2 R¥ is an output vector
and the remaining weight matrices and biases are trainable parameters. We concatenate the two output
vector representations and classify the stance using the softmax over a non-linear projection

softmax(tanhV®heargert W™ hiweet+ b))

into the space of the three classes for stance detection WW&r&/™ 2 R3 K are trainable weight
matrices and 2 R2 is a trainable class bias. This model learns target-independent distributed
representations for the tweets and relies on the non-linear projection layer to incorporate the target in
the stance prediction.

4.3.2 Conditional Encoding

In order to learn target-dependent tweet representations, we use conditional encoding as previously
applied to the task of recognizing textual entailment (Raskhel et al. 2016). We use one LSTM
to encode the target as a xed-length vector. Then, we encode the tweet with another LSTM, whose
state is initialised with the representation of the target. Finally, we use the last output vector of the
tweet LSTM to predict the stance of the target-tweet pair.

This e ectively allows the second LSTM to read the tweet in a target-speci ¢ manner, which is
crucial since the stance of the tweet depends on the target (recall the Donald Trump example above).

4.3.3 Bidirectional Conditional Encoding

Bidirectional LSTMs (A. Graves and Schmidhuber 2005) have been shown to learn improved repre-
sentations of sequences by encoding a sequence from left to right and from right to left. Therefore, we
adapt the conditional encoding model from Section 4.3.2 to use bidirectional LSTMs, which represent
the target and the tweet using two vectors for each of them, one obtained by reading the target and
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then the tweet left-to-right (as in the conditional LSTM encoding) and one obtained by reading them
right-to-left. To achieve this, we initialise the state of the bidirectional LSTM that reads the tweet by
the last state of the forward and reversed encoding of the target (see Figure 18). The bidirectional
encoding allows the model to construct target-dependent representations of the tweet such that when
each word is considered, they take into account both the left- and the right-hand side context.

4.3.4 Unsupervised Pretraining

In order to counter-balance the relatively small training data available (5628 instances in total),
unsupervised pre-training is employed. It initialises the word embeddings used in the LSTMs with an
appropriately trained word2vec model (Mikolov et al. 2013a). Note that these embeddings are used
only for initialisation, as we allow them to be optimised further during training.

In more detail, we train a word2vec model on a corpus of 395,212 unlabelled tweets, collected with
the Twitter Keyword Search APbetween November 2015 and January 2016, plus all the tweets
contained in the ocial SemEval 2016 Stance Detection datasets (Mohammad et al. 2016). The
unlabelled tweets are collected so they contain the training, dev and test targets, using up to two
keywords per target, namely “hillary”, “clinton”, “trump”, “climate”, “femini”, “aborti”. Note that
Twitter does not allow for regular expression search, so this is a free text search disregarding possible
word boundaries. We combine this large unlabelled corpus with theab training data and train
a skip-gram word2vec model (dimensionality 100, 5 min words, context window of 5). Tweets and
targets are tokenised with the Twitter-adapted tokeniser twoken&absequently, all tokens are
normalised to lower case, URLs are removed, and stopword tokens are ltered (i.e. punctuation
characters, Twitter-speci ¢ stopwords (“rt”, “#semst”, “via”).

As demonstrated in our experiments, unsupervised pre-training is quite helpful, since itidtdi
to learn representations for all the words using only the relatively small training datasets available.
Finally, to ensure that the proposed neural network architectures contribute to the performance, we also
use the word vectors from word2vec in a Bag-of-Word-Vectors basei®g\V), in which the tweet
and target representations are fed into a logistic regression classi er with L2 regularization (Pedregosa
etal. 2011).

4.4 experiments

Experiments are performed on the SemEval 2016 Task 6 corpus for Stance Detection on Twitter (Mo-
hammad et al. 2016). We report experiments for twoedeént experimental setups: one is theseen
targetsetup (Section 4.5), which is the main focus of this paper, i.e. detecting the stance of tweets
towards previously unseen targets. We show that conditional encoding, by reading the tweets in a
target-speci ¢ way, generalises to unseen targets better than baselines which ignore the target. Next,
we compare our approach to previous work weakly supervised framewof&ection 4.6) and show

1 https://dev.twitter.com/rest/public/search
2 https://github.com/leondz/twokenize
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Corpus Favor Against None  All

TaskA Tr+Dv 1462 2684 1482 5628
TaskATr+Dv_HC 224 722 332 1278

TaskB.Unlab - - - 278,013
TaskBAuto-lab* 4681 5095 4026 13,802
TaskB Test 148 299 260 707
CrawledUnlab* - - - 395,212

Table 18: Data sizes of available corpor@askA_Tr+Dv_HC is the part ofTaskA_Tr+Dv with tweets for the
target Hillary Clinton only, which we use for developmeiaskB_Auto-lab is an automatically
labelled version offaskB_Unlab. CrawledUnlab is an unlabelled tweet corpus collected by us.

that our approach outperforms the state-of-the-art on the SemEval 2016 Stance Detection Subtask B
corpus.

Table 18 lists the various corpora used in the experiments and their 3e=dA_Tr+Dv is the
o cial SemEval 2016 Twitter Stance Detection TaskA training and development corpus, which contain
instances for the targetegalization of AbortionAtheism Feminist MovementClimate Change is a
Real ConcerrandHillary Clinton. TaskA_Tr+Dv_HC is the part of the corpus which contains only the
Hillary Clinton tweets, which we use for development purpogaskB_Test is the TaskB test corpus
on which we report results containiipnald Trumptesting instanceslaskB_Unlab is an unlabelled
corpus containindgponald Trumptweets supplied by the task organisers, aaskB_Auto-lab* is
an automatically labelled version of a small portion of the corpus for the weakly supervised stance
detection experiments reported in Section 4.6. Fin@8ligwled_Unlab* is a corpus we collected for
unsupervised pre-training (see Section 4.3.4).

For all experiments, the ocial task evaluation script is used. Predictions are postprocessed so
that if the target is contained in a tweet, the highest-scoring non-neutral stance is chosen. This was
motivated by the observation that in the training data most target-containing tweets express a stance,
with only 16% of them being neutral.

4.4.1 Methods

We compare the following baseline methods:

SVM trained with word and character tweet n-grams featu®&$-ngrams-comb) (Moham-
mad et al. 2016)

a majority class baselind@gjority baseline), reported in Mohammad et al. 2016

bag of word vectorsRoWV) (see Section 4.3.4)

independent encoding of tweet and the target with two LSTGat) (see Section 4.3.1)
encoding of the tweet only with an LSTMeetOnly) (see Section 4.3.1

to three versions of conditional encoding:

target conditioned on tweetdrCondTweet)
tweet conditioned on targeteetCondTar)
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Method Stance P R F1
FAVOR 0.2444 0.0940 0.1358

BowVv AGAINST 0.5916 0.8626 0.7019
Macro 0.4188

FAVOR 0.2127 0.5726 0.3102
TweetOnly AGAINST 0.6529 0.4020 0.4976

Macro 0.4039
FAVOR 0.1811 0.6239 0.2808
Concat AGAINST 0.6299 0.4504 0.5252
Macro 0.4030

FAVOR 0.3293 0.3649 0.3462
TarCondTweet AGAINST 0.4304 0.5686 0.4899
Macro 0.4180

FAVOR 0.1985 0.2308 0.2134
TweetCondTar AGAINST 0.6332 0.7379 0.6816

Macro 0.4475
FAVOR 0.2588 0.3761 0.3066
BiCond AGAINST 0.7081 0.5802 0.6378
Macro 0.4722

Table 19: Results for thenseen targestance detection development setup.

a bidirectional encoding modeBiCond)

4.5 unseen target stance detection

As explained, the challenge is to learn a model without any manually labelled training data for the test
target, but only using the data from the Task A targets. In order to avoid using any labelled data for
Donald Trump while still having a (labelled) development set to tune and evaluate our models, we
used the tweets labelled fétillary Clinton as a development set and the tweets for the remaining four
targets as training. We refer to this as thevelopment setypnd all models are tuned using this setup.
The labelledDonald Trumptweets were only used in reporting our nal results. For the nal results
we train on all the data from the development setup and evaluate on ttialdask B test set, i.e. the
Donald Trumptweets. We refer to this as otest setup

Based on a small grid search using the development setup, the following settings for LSTM-based
models were chosen: input layer size 100 (equal to word embedding dimensions), hidden layer size
60, training for max 50 epochs with initial learning rate 1e-3 using ADAM (Kingma and Ba 2015) for
optimisation, dropout 0.1. Using one, relatively small hidden layer and dropout help avoid over tting.

4.5.1 Results and Discussion

Results for the unseen target setting show how well conditional encoding is suited for learning target-
dependent representations of tweets, and crucially, how well such representations generalise to unseen
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Method Stance P R F1
FAVOR 0.3158 0.0405 0.0719

BowVv AGAINST 0.4316 0.8963 0.5826
Macro 0.3272

FAVOR 0.2767 0.3851 0.3220
TweetOnly AGAINST 0.4225 0.5284 0.4695

Macro 0.3958
FAVOR 0.3145 0.5270 0.3939
Concat AGAINST 0.4452 0.4348 0.4399
Macro 0.4169

FAVOR 0.2322 0.4188 0.2988
TarCondTweet AGAINST 0.6712 0.6234 0.6464
Macro 0.4726

FAVOR 0.3710 0.5541 0.4444
TweetCondTar AGAINST 0.4633 0.5485 0.5023

Macro 0.4734
FAVOR 0.3033 0.5470 0.3902
BiCond AGAINST 0.6788 0.5216 0.5899
Macro 0.4901

Table 20: Results for thenseen targestance detection test setup.

targets. The best performing method on both development (Table 19) and test setups (Table 20) is
BiCond, which achieves an F1 of 0.4722 and 0.4901 respectively. Notabhgat, which learns

an indepedent encoding of the target and the tweets, does not achieve big F1 improvements over
TweetOnly, which learns a representation of the tweets only. This shows that it is not only important

to learn target-depedent encodings, but also the way in which they are learnt matters. Models that
learn to condition the encoding of tweets on targets outperform all baselines on the test set.

It is further worth noting that the Bag-of-Word-Vectors baseline achieves results comparable with
TweetOnly, Concat and one of the conditional encoding moddks,CondTweet, on the dev set, even
though it achieves signi cantly lower performance on the test set. This indicates that the pre-trained
word embeddings on their own are already very useful for stance detection.

Our best result in the test setup wBiCond is currently the second highest reported result on the
Stance Detection corpus, however the rst, third and fourth best approaches achieved their results by
automatically labellingdonald Trumptraining dataBiCond for the unseen target setting outperforms
the third and fourth best approaches by a large margin (5 and 7 points in Macro F1, respectively),
as can be seen in Table 24. Results for weakly supervised stance detection are discussed in the next
section.

unsupervised prdéraining  Table 21 shows the ect of unsupervised pre-training of word
embeddings, and furthermore, the results of sharing these representations between the tweets and
targets, on the development set. The rst set of results is with a unifoRahdom embeddings
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Embini NumMatr Stance P R F1
FAVOR 0.1982 0.3846 0.2616
Sing AGAINST 0.6263 0.5929 0.6092
Macro 0.4354
Random
FAVOR 0.2278 0.5043 0.3138
Sep AGAINST 0.6706 0.4300 0.5240
Macro 0.4189
FAVOR 0.6000 0.0513 0.0945
Sing AGAINST 0.5761 0.9440 0.7155
PreFixed Macro 0.4050
FAVOR 0.1429 0.0342 0.0552
Sep AGAINST 0.5707 0.9033 0.6995
Macro 0.3773
FAVOR 0.2588 0.3761 0.3066
Sing AGAINST 0.7081 0.5802 0.6378
PreCont Macro 0.4722
FAVOR 0.2243 0.4103 0.2900
Sep AGAINST 0.6185 0.5445 0.5792
Macro 0.4346

Table 21: Results for theunseen targestance detection development setup udi@ond, with single vs
separate embeddings matrices for tweet and target amdatit initialisations

initialisation in [ 0:1; 0:1]. PreFixed uses the pre-trained word embeddings, wheRea€ont uses
the pre-trained word embeddings and continues training them during LSTM training.

Our results show that, in the absence of a large labelled training dataset, unsupervised pre-training
of word embeddings is more helpful than random initialisation of embedd8igg.vs Sep shows
the di erence between using shared vs two separate embeddings matrices for looking up the word em-
beddings Sing means the word representations for tweet and target vocabularies are shared, whereas
Sep means they are derent. Using shared embeddings performs better, which we hypothesise is
because the tweets contain some mentions of targets that are tested.

targetin tweet vs not in tweet  Table 22 shows results on the development seBfGond,
compared to the best unidirectional encoding moteetCondTar and the baselin€oncat, split by

tweets that contain the target and those that do not. All three models perform well when the target is
mentioned in the tweet, but less so when the targets are not mentioned explicitly. In the case where
the target is mentioned in the tweet, biconditional encoding outperforms unidirectional encoding and
unidirectional encoding outperforn@®ncat. This shows that conditional encoding is able to learn
useful dependencies between the tweets and the targets.
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Method inTwe  Stance P R F1

FAVOR 0.3153 0.6214 0.4183
Yes AGAINST 0.7438 0.4630 0.5707
Macro 0.4945

Concat
FAVOR 0.0450 0.6429 0.0841
No AGAINST 0.4793 0.4265 0.4514
Macro 0.2677
FAVOR 0.3529 0.2330 0.2807
Yes AGAINST 0.7254 0.8327 0.7754
TweetCondTar Macro 0.5280
FAVOR 0.0441 0.2143 0.0732
No AGAINST 0.4663 0.5588 0.5084
Macro 0.2908
FAVOR 0.3585 0.3689 0.3636
Yes AGAINST 0.7393 0.7393 0.7393
. Macro 0.5515
BiCond

FAVOR 0.0938 0.4286 0.1538
No AGAINST 0.5846 0.2794 0.3781
Macro 0.2660

Table 22: Results for theinseen targestance detection development setup for tweets containing the target vs
tweets not containing the target.

4.6 weakly supervised stance detection

The previous section showed the usefulness of conditional encoding for unseen target stance detection
and compared results against internal baselines. The goal of experiments reported in this section is
to compare against participants in the SemEval 2016 Stance Detection Task B. While we consider
an unseen targesetup, most submissions, including the three highest ranking ones for Task B,
pkudblab (W. Wei et al. 2016b), LitisMind (Zarrella and Marsh 2016) and INF-UFRGS (W. Wei et al.
2016a) considered a derent experimental setup. They automatically annotated training data for the
test targeDonald Trump thus rendering the task as a weakly supervised seen target stance detection.
The pkudblab system uses a deep convolutional neural network that learns to make 2-way predictions
on automatically labelled positive and negative training dat®famald Trump The neutral class is
predicted according to rules which are applied at test time.

Since the best performing systems which participated in the shared task consider a weakly super-
vised setup, we further compare our proposed approach to the state-of-the-art using such a weakly
supervised setup. Note that, even though pkudblab, LitisMind and INF-UFRGS also use regular
expressions to label training data automatically, the resulting datasets were not made available to us.
Therefore, we had to develop our own automatic labelling method and dataset, which will be made
publicly available on publication.
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Method Stance P R F1
FAVOR 0.5156 0.6689 0.5824

BowVv AGAINST 0.6266 0.3311 0.4333
Macro 0.5078

FAVOR 0.5284 0.6284 0.5741
TweetOnly AGAINST 0.5774 0.4615 0.5130

Macro 0.5435
FAVOR 0.5506 0.5878 0.5686
Concat AGAINST 0.5794 0.4883 0.5299
Macro 0.5493

FAVOR 0.5636 0.6284 0.5942
TarCondTweet AGAINST 0.5947 0.4515 0.5133
Macro 0.5538

FAVOR 0.5868 0.6622 0.6222
TweetCondTar AGAINST 0.5915 0.4649 0.5206

Macro 0.5714
FAVOR 0.6268 0.6014 0.6138
BiCond AGAINST 0.6057 0.4983 0.5468
Macro 0.5803

Table 23: Stance Detection test results for weakly supervised setup, trained on automatically labelled
postnegtneutral Trump data, and reported on theaial test set.

weakly supervised test setup For this setup, the unlabelléabnald TrumpcorpusTaskB _-
Unlab is annotated automatically. For this purpose we created a small set of regular expPessions
based on inspection of thaskB_Unlab corpus, expressing positive and negative stance towards the
target. The regular expressions for the positive stance were:

make( ?)america( ?)great( ?)again

trump( ?)(foj4)( ?)president

votetrump

trumpisright

the truth

#trumprules
The keyphrases for negative stance were: #dumptrump, #notrump, #trumpwatch, racist, idiot, red

A tweet is labelled as positive if one of the positive expressions is detected, else negative if a
negative expressions is detected. If neither are detected, the tweet is annotated as neutral randomly
with 2% chance. The resulting corpus size per stance is shown in Table 18. The same hyperparameters
for the LSTM-based models are used as foruihseen targetetup described in the previous section.

3 Note that {” indiates “or”, ( ?) indicates optional space
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Method Stance F1

FAVOR 0.1842
SVM-ngrams-comb (Unseen Target AGAINST 0.3845
Macro  0.2843

FAVOR 0.0
Majority baseline (Unseen Targdt AGAINST 0.5944
Macro  0.2972

FAVOR 0.3902
BiCond (Unseen Target AGAINST 0.5899
Macro 0.4901

FAVOR 0.3256
INF-UFRGS (Weakly Supervisedl* AGAINST 0.5209
Macro  0.4232

FAVOR 0.3004
LitisMind (Weakly Supervised* AGAINST 0.5928
Macro  0.4466

FAVOR 0.5739
pkudblab (Weakly Supervisedl* AGAINST 0.5517
Macro 0.5628

FAVOR 0.6138
BiCond (Weakly Supervisgd AGAINST 0.5468
Macro 0.5803

Table 24: Stance Detection test results, compared against the state of tB&Brngrams-comb andMajority
baseline are reported in Mohammad et al. 2016, pkudblab in W. Wei et al. 2016b, LitisMind in
Zarrella and Marsh 2016, INF-UFRGS in W. Wei et al. 2016a

4.6.1 Results and Discussion

Table 23 lists our results in the weakly supervised setting. Table 24 shows all our results, including
those using the unseen target setup, compared against the state-of-the-art on the stance detection
corpus. It further lists baselines reported by Mohammad et al. 2016, namely a majority class baseline
(Majority baseline), and a method using 1 to 3-gram bag-of-word and character n-gram features
(SVM-ngrams-comb), which are extracted from the tweets and used to train a 3-way SVM classi er.
Bag-of-word baselinesBpWV, SVM-ngrams-comb) achieve results comparable to the majority
baseline (F1 of 0.2972), which shows how dult the task is. The baselines which only extract
features from the tweetSVM-ngrams-comb andTweetOnly perform worse than the baselines which

also learn representations for the targ@swV, Concat). By training conditional encoding models

on automatically labelled stance detection data we achieve state-of-the-art results. The best result (F1
of 0.5803) is achieved with the bi-directional conditional encoding mdgi€ldnd). This shows that

such models are suitable for unseen, as well as seen target stance detection.
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4.7 related work

Stance Detection Previous work mostly considered target-speci ¢ stance prediction in debates (K. S.
Hasan and Ng 2013c; M. Walker et al. 2012) or student essays (Faulkner 2014). Recent work studied
Twitter-based stance detection (Rajadesingan and H. Liu 2014), which is also a task at SemEval
2016 (Mohammad et al. 2016). The latter is more challenging than stance detection in debates because,
in addition to irregular language, the (Mohammad et al. 2016) dataseered without any context,
e.g., conversational structure or tweet metadata. The targets are also not always mentioned in the
tweets, which makes the task very challenging (Augenstein et al. 2016b) and distinguishes it from
target-dependent (BX.. Vo and Yue Zhang 2015; M. Zhang et al. 2016; Alghunaim et al. 2015) and
open-domain target-dependent sentiment analysis (M. Mitchell et al. 2013; M. Zhang et al. 2015).
Conditional Encoding: Conditional encoding has been applied in the related task of recognising
textual entailment (Rockischel et al. 2016), using a dataset of half a million training examples (Bow-
man et al. 2015) and numerous drent hypotheses. Our experiments show that conditional encoding
is also successful on a relatively small training set and when applied to an unseen testing target.
Moreover, we augment conditional encoding with bidirectional encoding and demonstrate the added
bene t of unsupervised pre-training of word embeddings on unlabelled domain data.

4.8 conclusions and future work

This paper showed that conditional LSTM encoding is a successful approach to stance detection for
unseen targets. Our unseen target bidirectional conditional encoding approach achieves the second
best results reported to date on the SemEval 2016 Twitter Stance Detection corpus. In a seen target
minimally supervised scenario, as considered by prior work, our approach achieves the best results to
date on the SemEval Task B dataset. We further show that in the absence of large labelled corpora,
unsupervised pre-training can be used to learn target representations for stance detection and improves
results on the SemEval corpus. Future work will investigate further the challenge of stance detection
for tweets which do not contain explicit mentions of the target.
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DISCOURSE-AWARE RUMOUR STANCE CLASSIFICATION

~ ABSTRACT

Rumour stance classi cation, de ned as classifying the stance of speci ¢ sodal

media posts into one of supporting, denying, querying or commenting onfjan
earlier post, is becoming of increasing interest to researchers. While most prevjous
work has focused on using individual tweets as classi er inputs, here we refort
on the performance of sequential classi ers that exploit the discourse featres
inherent in social media interactions or "conversational threads'. Testing fhe
e ectiveness of four sequential classi ers — Hawkes Processes, Linear-CHain
Conditional Random Fields (Linear CRF), Tree-Structured Conditional Randgm
Fields (Tree CRF) and Long Short Term Memory networks (LSTM) — on eight
datasets associated with breaking news stories, and lookingexedit types of
local and contextual features, our work sheds new light on the developmerg of
accurate stance classi ers. We show that sequential classi ers that exploitghe
use of discourse properties in social media conversations while using only Iqcal
features, outperform non-sequential classi ers. Furthermore, we show that LSfM
using a reduced set of features can outperform the other sequential classi ers;jthis

performance is consistent across datasets and across types of stances. To corfclude,
our work also analyses the dirent features under study, identifying those thgt

best help characterise and distinguish between stances, such as supporting tjveets
being more likely to be accompanied by evidence than denying tweets. We §lso
set forth a number of directions for future research.

Arkaitz Zubiaga, Elena Kochkina, Maria Liakata, Rob Procter, Michal Lukasik, Kalina Bontcheva, Trevor Cohn, and
Isabelle Augenstein (2018). “Discourse-aware rumour stance classi cation in social media using sequential classi ers”. In:
Information Processing. Managemenb4.2, pp. 273—-290ssn 0306-4573doi: https://doi.org/10.1016/j.ipm.

2017.11.009. url : http://www.sciencedirect.com/science/article/pii/S0306457317303746
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5.1 introduction

Social media platforms have established themselves as important sources for learning about the
latest developments in breaking news. People increasingly use social media for news consumption
(Hermida et al. 2012; A. Mitchell et al. 2015; Zubiaga et al. 2015b), while media professionals, such
as journalists, increasingly turn to social media for news gathering (Zubiaga et al. 2013) and for
gathering potentially exclusive updates from eyewitnesses (Diakopoulos et al. 2012; Tolmie et al.
2017a). Social media platforms such as Twitter are a fertile and proli c source of breaking news,
occasionally even outpacing traditional news media organisations (Kwak et al. 2010). This has led to
the development of multiple data mining applications for mining and discovering events and news
from social media (X. Dong et al. 2015; Stilo and Velardi 2016). However, the use of social media
also comes with the caveat that some of the reports are necessarily rumours at the time of posting, as
they have yet to be corroborated and veri ed (Malon 2018; Procter et al. 2013a; Procter et al. 2013b).
The presence of rumours in social media has hence provoked a growing interest among researchers
for devising ways to determine veracity in order to avoid theugdion of misinformation (Derczynski

et al. 2015Db).

Resolving the veracity of social rumours requires the development of a rumour classi cation system
and we described in (Zubiaga et al. 2017a), a candidate architecture for such a system consisting of the
following four components: (1) detection, where emerging rumours are identi ed, (2) tracking, where
those rumours are monitored to collect new related tweets, (3) stance classi cation, where the views
expressed by dierent tweet authors are classi ed, and (4) veracity classi cation, where knowledge
garnered from the stance classi er is put together to determine the likely veracity of a rumour.

In this work we focus on the development of the third component, a stance classi cation system,
which is crucial to subsequently determining the veracity of the underlying rumour. The stance
classi cation task consists in determining how individual posts in social media observably orientate to
the postings of others (M. Walker et al. 2012; Qazvinian et al. 2011). For instance, a post replying with
“no, that's de nitely false” isdenyingthe preceding claim, whereas “yes, you're rightsigoportingit.

It has been argued that aggregation of the distinct stances evident in the multiple tweets discussing a
rumour could help in determining its likely veracity, providing, for example, the means to ag highly
disputed rumours as being potentially false (Malon 2018). This approach has been justi ed by recent
research that has suggested that the aggregation of teeedt stances expressed by users can be
used for determining the veracity of a rumour (Derczynski et al. 2015b; X. Liu et al. 2015).

In this work we examine in depth the use of so-called sequential approaches to the rumour stance
classi cation task. Sequential classi ers are able to utilise the discursive nature of social media (Tolmie
et al. 2017a), learning from how “conversational threads' evolve for a more accurate classi cation
of the stance of each tweet. The use of sequential classi ers to model the conversational properties
inherent in social media threads is still in its infancy. For example, in preliminary work we showed
that a sequential classi er modelling the temporal sequence of tweets outperforms standard classi ers
(Lukasik et al. 2016b; Zubiaga et al. 2016a). Here we extend this preliminary experimentation in
four di erent directions that enable exploring further the stance classi cation task using sequential
classi ers: (1) we perform a comparison of a range of sequential classi ers, including a Hawkes
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Process classi er, a Linear CRF, a Tree CRF and an LSTM; (2) departing from the use of only local
features in our previous work, we also test the utility of contextual features to model the conversational
structure of Twitter threads; (3) we perform a more exhaustive analysis of the results looking into
the impact of di erent datasets and the depth of the replies in the conversations on the classi ers'
performance, as well as performing an error analysis; and (4) we perform an analysis of features that
gives insight into what characterises the elient kinds of stances observed around rumours in social
media. To the best of our knowledge, dialogical structures in Twitter have not been studied in detail
before for classifying each of the underlying tweets and our work is the rst to evaluate it exhaustively
for stance classi cation. Twitter conversational threads are identi able by the relational features
that emerge as users respond to each others' postings, leading to tree-structured interactions. The
motivation behind the use of these dialogical structures for determining stance is that users' opinions
are expressed and evolve in a discursive manner, and that they are shaped by the interactions with
other users.

The work presented here advances research in rumour stance classi cation by performing an exhaus-
tive analysis of dierent approaches to this task. In particular, we make the following contributions:

We perform an analysis of whether and the extent to which use of the sequential structure
of conversational threads can improve stance classi cation in comparison to a classi er that
determines a tweet's stance from the tweet in isolation. To do so, we evaluatectiereness

of a range of sequential classi ers: (1) a state-of-the-art classi er that uses Hawkes Processes
to model the temporal sequence of tweets (Lukasik et al. 2016b); (2) tvewatit variants of
Conditional Random Fields (CRF), i.e., a linear-chain CRF and a tree CRF; and (3) a classi er
based on Long Short Term Memory (LSTM) networks. We compare the performance of these
sequential classi ers with non-sequential baselines, including the non-sequential equivalent of
CRF, a Maximum Entropy classi er.

We perform a detailed analysis of the results broken down by dataset and by depth of tweet in
the thread, as well as an error analysis to further understand the performance oktleadi
classi ers. We complete our analysis of results by delving into the features, and exploring
whether and the extent to which they help characterise thereit types of stances.

Our results show that sequential approaches do perform substantially better in terms of macro-
averaged F1 score, proving that exploiting the dialogical structure improves classi cation performance.
Speci cally, the LSTM achieves the best performance in terms of macro-averaged F1 scores, with
a performance that is largely consistent acrosgdint datasets and dirent types of stances. Our
experiments show that LSTM performs especially well when only local features are used, as compared
to the rest of the classi ers, which need to exploit contextual features to achieve comparable — yet still
inferior — performance scores. Our ndings reinforce the importance of leveraging conversational
context in stance classi cation. Our research also sheds light on open research questions that we
suggest should be addressed in future work. Our work here complements other components of a
rumour classi cation system that we implemented in the PHEME project, including a rumour detection
component (Zubiaga et al. 2016b; Zubiaga et al. 2017a), as well as a study intous@diof and
reactions to rumour (Zubiaga et al. 2016c¢).
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5.2 related work

Stance classi cation is applied in a number of dient scenarios and domains, usually aiming to
classify stances as one of “in favour” or “against”. This task has been studied in political debates
(K. S. Hasan and Ng 2013a; M. A. Walker et al. 2012), in arguments in online fora (K. S. Hasan and
Ng 2013c; Sridhar et al. 2014b) and in attitudes towards topics of political signi cance (Augenstein

et al. 2016a; Mohammad et al. 2016; Augenstein et al. 2016b). In work that is closer to our objectives,
stance classi cation has also been used to help determine the veracity of information in micro-posts
(Qazvinian et al. 2011), often referred to msnour stance classi catiorfLukasik et al. 2015a;
Lukasik et al. 2016b; Procter et al. 2013b; Zubiaga et al. 2016a). The idea behind this task is that the
aggregation of distinct stances expressed by users in social media can be used to assist in deciding if a
report is actually true or false (Derczynski et al. 2015b). This may be particularly useful in the context
of rumours emerging during breaking news stories, where reports are released piecemeal and which
may be lacking authoritative review; in consequence, using the "wisdom of the crowd' may provide a
viable, alternative approach. The types of stances observed while rumours circulate, however, tend to
di er from the original “in favouiagainst”, and dierent types of stances have been discussed in the
literature, as we review next.

Rumour stance classi cation of tweets was introduced in early work by Qazvinian et al. 2011. The
line of research initiated by Qazvinian et al. 2011 has progressed substantially with revised de nitions
of the task and hence the task tackled in this papeemi from this early work in a number of
aspects. Qazvinian et al. 2011 performed 2-way classi cation of each twsapasrtingor denying
a long-standing rumour such as disputed beliefsBaafick Obama is reportedly Muslirfhe authors
used tweets observed in the past to train a classi er, which was then applied to new tweets discussing
the same rumour. In recent work, rule-based methods have been proposed as a way of improving on
Qazvinian et al. 2011's baseline method; however, rule-based methods are likely todust di if not
impossible — to generalise to new, unseen rumours. Hamidian and Diab 2016 extended that work to
analyse the extent to which a model trained from historical tweets could be used for classifying new
tweets discussing the same rumour.

The work we present here has threeeatient objectives towards improving stance classi cation.
First, we aim to classify the stance of tweets towards rumours that emerge while breaking news stories
unfold; these rumours are unlikely to have been observed before and hence rumours from previously
observed events, which are likely to diverge, need to be used for training. As far as we know, only work
by Lukasik et al. 2015a; Lukasik et al. 2016a; Lukasik et al. 2016b has tackled stance classi cation in
the context of breaking news stories applied to new rumours. Zeng et al. 2016 have also performed
stance classi cation for rumours around breaking news stories, but overlapping rumours were used for
training and testing. Augenstein et al. 2016a; Augenstein et al. 2016b studied stance classi cation
of unseen events in tweets, but ignored the conversational structure. Second, recent research has
proposed that a 4-way classi cation is heeded to encompass responses seen in breaking news stories
(Procter et al. 2013b; Zubiaga et al. 2016c). Moving away from the 2-way classi cation above, which
Procter et al. 2013b found to be limited in the context of rumours during breaking news, we adopt this
expanded scheme to include tweets thatsagporting denying queryingor commentingumours.
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This adds more categories to the scheme used in early work, where tweets would only support or deny
a rumour, or where a distinction between querying and commenting is not made (Augenstein et al.
2016a; Mohammad et al. 2016; Augenstein et al. 2016b). Moreover, our approach takes into account
the interaction between users on social media, whether it is about appealing for more information in
order to corroborate a rumourous statemeuefying or to post a response that does not contribute to

the resolution of the rumour's veracitggmmentiny) Finally — and importantly — instead of dealing

with tweets as single units in isolation, we exploit the emergent structure of interactions between users
on Twitter, building a classi er that learns the dynamics of stance in tree-structured conversational
threads by exploiting its underlying interactional features. While these interactional features do not,
in the nal analysis, map directly onto those of conversation as revealed by Conversation Analysis
(Sacks et al. 1974), we argue that there are@ant relational similarities to justify this approach
(Tolmie et al. 2017b). The closest work is by Ritter et al. 2010 who modelled linear sequences of
replies in Twitter conversational threads with Hidden Markov Models for dialogue act tagging, but the
tree structure of the thread as a whole was not exploited.

As we were writing this article, we also organised, in parallel, a shared task on rumour stance
classi cation, RumourEval (Derczynski et al. 2017), at the well-known natural language processing
competition SemEval 2017. The subtask A consisted in stance classi cation of individual tweets
discussing a rumour within a conversational thread as orsimbort deny query, or comment
which speci cally addressed the task presented in this paper. Eight participants submitted results
to this task, including work by Kochkina et al. 2017 using an LSTM classi er which is being also
analysed in this paper. In this shared task, most of the systems viewed this task as a 4-way single
tweet classi cation task, with the exception of the best performing system by Kochkina et al. 2017, as
well as the systems by F. Wang et al. 2017 and Singh et al. 2017. The winning system addressed the
task as a sequential classi cation problem, where the stance of each tweet takes into consideration the
features and labels of the previous tweets. The system by Singh et al. 2017 takes as input pairs of
source and reply tweets, whereas F. Wang et al. 2017 addressed class imbalance by decomposing the
problem into a two step classi cation task, rst distinguishing between comments and non-comments,
to then classify non-comment tweets as one of support, deny or query. Half of the systems employed
ensemble classi ers, where classi cation was obtained through majority voting (F. Wang et al. 2017,
Garca Lozano et al. 2017; Bahuleyan and Vechtomova 2017; A. Srivastava et al. 2017). In some cases
the ensembles were hybrid, consisting both of machine learning classi ers and manually created rules
with di erential weighting of classi ers for dierent class labels (F. Wang et al. 2017; Gatmzano
etal. 2017; A. Srivastava et al. 2017). Three systems used deep learning, with Kochkina et al. 2017
employing LSTMs for sequential classi cation,-&. Chen et al. 2017 used convolutional neural
networks (CNN) for obtaining the representation of each tweet, assigned a probability for a class
by a softmax classi er and Gaia& Lozano et al. 2017 used CNN as one of the classi ers in their
hybrid conglomeration. The remaining two systems by Enayet and El-Beltagy 2017 and Singh et al.
2017 used support vector machines with a linear and polynomial kernel respectively. Half of the
systems invested in elaborate feature engineering, including cue words and expressions denoting
Belief, Knowledge, Doubt and Denial (Bahuleyan and Vechtomova 2017) as well as Tweet domain
features, including meta-data about users, hashtags and event speci ¢ keywords (F. Wang et al. 2017;
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Bahuleyan and Vechtomova 2017; Singh et al. 2017; Enayet and El-Beltagy 2017). The systems with
the least elaborate features wereCY.Chen et al. 2017 and G&ad_ozano et al. 2017 for CNNs

(word embeddings), A. Srivastava et al. 2017 (sparse word vectors as input to logistic regression) and
Kochkina et al. 2017 (average word vectors, punctuation, similarity between word vectors in current
tweet, source tweet and previous tweet, presence of negation, picture, URL). Five out of the eight
systems used pre-trained word embeddings, mostly Google News word2vec embeddiegeas

F. Wang et al. 2017 used four dirent types of embeddings. The winning system used a sequential
classi er, however the rest of the participants opted for other alternatives.

To the best of our knowledge Twitter conversational thread structure has not been explored in detail
in the stance classi cation problem. Here we extend the experimentation presented in our previous
work using Conditional Random Fields for rumour stance classi cation (Zubiaga et al. 2016a) in
a number of directions: (1) we perform a comparison of a broader range of classi ers, including
state-of-the-art rumour stance classi ers such as Hawkes Processes introduced by Lukasik et al. 2016b,
as well as a new LSTM classi er, (2) we analyse the utility of a larger set of features, including
not only local features as in our previous work, but also contextual features that further model the
conversational structure of Twitter threads, (3) we perform a more exhaustive analysis of the results,
and (4) we perform an analysis of features that gives insight into what characterisesdatendkinds
of stances observed around rumours in social media.

5.3 research objectives

The main objective of our research is to analyse whether, the extent to which and how the sequential
structure of social media conversations can be exploited to improve the classi cation of the stance
expressed by dierent posts towards the topic under discussion. Each post in a conversation makes
its own contribution to the discussion and hence has to be assigned its own stance value. However,
posts in a conversation contribute to previous posts, adding up to a discussion attempting to reach a
consensus. Our work looks into the exploitation of this evolving nature of social media discussions
with the aim of improving the performance of a stance classi er that has to determine the stance of
each tweet. We set forth the following six research objectives:

RO 1. Quantify performance gains of using sequential classi ers compared with the use of
non-sequential classi ers.

Our rst research objective aims to analyse how the use of a sequential classi er that models the
evolving nature of social media conversations can perform better than standard classi ers that treat
each post in isolation. We do this by solely using local features to represent each post, so that the
analysis focuses on the bene ts of the sequential classi ers.

RO 2. Quantify the performance gains using contextual features extracted from the conversation.

With our second research objective we are interested in analysing whether the use of contextual
features (i.e. using other tweets surrounding in a conversation to extract the features of a given tweet)
are helpful to boost the classi cation performance. This is particularly interesting in the case of tweets
as they are very short, and inclusion of features extracted from surrounding tweets would be especially

1 https://github.com/mmihaltz/word2vec-GoogleNews-vectors
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helpful. The use of contextual features is motivated by the fact that tweets in a discussion are adding
to each other, and hence they cannot be treated alone.

RO 3. Evaluate the consistency of classi ers acrossatéent datasets.

Our aim is to build a stance classi er that will generalise to multipleetlent datasets comprising
data belonging to dierent events. To achieve this, we evaluate our classi ers on eightelit events.

RO 4. Assess the ect of the depth of a post in its classi cation performance.

We want to build a classi er that will be able to classify stances ofedént posts occurring
at di erent levels of depth in a conversation. A post can be from a source tweet that initiates a
conversation, to a nested reply that occurs later in the sequence formed by a conversational thread.
The di culty increases as replies are deeper as there is more preceding conversation to be aggregated
for the classi cation task. We assess the performance ovardnt depths to evaluate this.

RO 5. Perform an error analysis to assess when and why each classi er performs best.

We want to look at the errors made by each of the classi ers. This will help us understand when
we are doing well and why, as well as in what cases and with which types of labels we need to keep
improving.

RO 6. Perform an analysis of features to understand and characterise stances in social media
discussions.

In our nal objective we are interested in performing an exploration okdéent features under study,
which is informative in two di erent ways. On the one hand, to nd out which features are best for a
stance classi er and hence improve performance; on the other hand, to help characteriserd di
types of stances and hence further understand how people respond in social media discussions.

5.4 rumour stance classification

In what follows we formally de ne the rumour stance classi cation task, as well as the datasets we
use for our experiments.

5.4.1 Task De nition

The rumour stance classi cation task consists in determining the type of orientation that each individual
post expresses towards the disputed veracity of a rumour. We de ne the rumour stance classi cation
task as follows: we have a set of conversational threads, each discussing a IDmda; :::;Cnhg

Each conversational thre&] has a variably sized set of tweg@j discussing it, with a source tweet

(the root of the tree),;1, that initiates it. The source twegh can receive replies by a varying number

k of tweetsReplies, = ftj1.1;::;tj1xg which can in turn receive replies by a varying numbef
tweets, e.g.Replieg,, = ftj1.1.1; ::5ti1..49 and so on. An example of a conversational thread is
shown in Figure 19. The task consists in determining the stance of each of the tiwaesethe of

Y = fsupportingdenyingqueryingcommenting
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[depth=0] ul: These are not timid colours; soldiers back guarding Tomb of Unknown Soldier after today's
shooting #StandforCanada —PICTUR[Sd#pport]
[depth=1] u2: @ul Apparently a hoax. Best to take Tweet doyadeny]
[depth=1] u3: @ul This photo was taken this morning, before the shoofdweny]
[depth=1] u4: @ul | don't believe there are soldiers guarding this area right faemy]
[depth=2] u5: @u4 wondered as well. I've reached out to someone who would know just to
con rm that. Hopefully get response sodeomment]
[depth=3] ud: @u5 ok, thanks[comment]

Figure 19:Example of a tree-structured thread discussing the veracity of a rumour, where the label associated
with each tweet is the target of the rumour stance classi cation task.

5.4.2 Dataset

As part of the PHEME project (Derczynski et al. 2015b), we collected a rumour dataset associated
with eight events corresponding to breaking news events (Zubiaga et al. 20Té®ets in this
dataset include tree-structured conversations, which are initiated by a tweet about a rumour (source
tweet) and nested replies that further discuss the rumour circulated by the source tweet (replying
tweets). The process of collecting the tree-structured conversations initiated by rumours, i.e. having a
rumour discussed in the source tweet, and associated with the breaking news events under study was
conducted with the assistance of journalist members of the Pheme project team. Tweets comprising
the rumourous tree-structured conversations were then annotated for stance using CroiéElawer
crowdsourcing platform. The annotation process is further detailed in Zubiaga et al. 2015a.

The resulting dataset includes 4,519 tweets and the transformations of annotations described above
only a ect 24 tweets (0.53%), i.e., those where the source tweet denies a rumour, which is rare.
The example in Figure 19 shows a rumour thread taken from the dataset along with our inferred
annotations, as well as how we establish the depth value of each tweet in the thread.

One important characteristic of the dataset, whickds the rumour stance classi cation task,
is that the distribution of categories is clearly skewed towaamamentingweets, which account
for over 64% of the tweets. This imbalance varies slightly across the eight events in the dataset
(see Table 32). Given that we consider each event as a separate fold that is left out for testing, this
varying imbalance makes the task more realistic and challenging. The striking imbalance towards
commentingweets is also indicative of the increased dulty with respect to previous work on
stance classi cation, most of which performed binary classi cation of tweets as supporting or denying,
which account for less than 28% of the tweets in our case representing a real world scenario.

2 The entire dataset included nine events, but here we describe the eight events with tweets in English, which we use for our

classi cation experiments. The ninth dataset with tweets in German was not considered for this work.
3 https://lwww.crowdflower.com/
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Event Supporting Denying  Querying Commenting Total
charliehebdo 239 (22.0%) 58 (5.0%) 53 (4.0%) 721(67.0%) 1,071
ebola-essien 6(17.0%) 6(17.0%) 1(2.0%) 21 (61.0%) 34
ferguson 176 (16.0%) 91 (8.0%) 99 (9.0%) 718 (66.0%) 1,084

germanwings-crash 69 (24.0%) 11(3.0%) 28(9.0%) 173(61.0%) 281
ottawashooting 161 (20.0%) 76 (9.0%) 63 (8.0%) 477 (61.0%) 777

prince-toronto 21 (20.0%) 7(6.0%) 11(10.0%) 64 (62.0%) 103
putinmissing 18 (29.0%) 6(9.0%) 5(8.0%)  33(53.0%) 62
sydneysiege 220 (19.0%) 89 (8.0%) 98 (8.0%) 700 (63.0%) 1,107
Total 910 (20.1%) 344 (7.6%) 358 (7.9%) 2,907 (64.3%) 4,519

Table 25: Distribution of categories for the eight events in the dataset.

5.5 classifiers

In this section we describe the dirent classi ers that we used for our experiments. Our focus is on
sequential classi ers, especially looking at classi ers that exploit the discursive nature of social media,
which is the case for Conditional Random Fields in twoedient settings —i.e. Linear CRF and tree

CRF — as well as that of a Long Short-Term Memory (LSTM) in a linear setting — Branch LSTM.
We also experiment with a sequential classi er based on Hawkes Processes that instead exploits the
temporal sequence of tweets and has been shown to achieve state-of-the-art performance (Lukasik
et al. 2016b). After describing these three types of classi ers, we outline a set of baseline classi ers.

5.5.1 Hawkes Processes

One approach for modelling arrival of tweets around rumours is based on point processes, a proba-
bilistic framework where tweet occurrence likelihood is modelled using an intensity function over
time. Intuitively, higher values of intensity function denote higher likelihood of tweet occurrence.
For example, Lukasik et al. 2016b modelled tweet occurrences over time with a log-Gaussian Cox
Process, a point process which models its intensity function as an exponentiated sample of a Gaussian
Process (Lukasik et al. 2015b; Lukasik et al. 2015c; Lukasik and Cohn 2016). In related work,
tweet arrivals were modelled with a Hawkes Process and a resulting model was applied for stance
classi cation of tweets around rumours (Lukasik et al. 2016b). In this subsection we describe the
sequence classi cation algorithm based on Hawkes Processes.

intensity function  The intensity function in a Hawkes Process is expressed as a summation of
base intensity and the intensities corresponding to in uences of previous tweets,
X
ym®= y+ (M =m) gy (t t); (18)
t<t
where the rst term represents the constant base intensity of generating/labieé second term
represents the in uence from the previous tweets. The in uence from each tweet is modelled with an

exponential kernel functiont t)="! exp( ! (t t)). The matrix of sizejYj]j Yjencodes how
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pairs of labels corresponding to tweets in uence one another, e.g. lperginglabel in uences a
rejectinglabel.

likelihood function  The parameters governing the intensity function are learnt by maximising
the likelihood of generating the tweets:

YN W
Lty,mW) = pWhniyn) [ yumi(t)] P(ET); (19)
n=1 n=1
where the likelihood of generating text given the label is modelled as a multinomial distribution
conditioned on the label (parametrised by matrix The second term provides the likelihood of

occurrence of tweets at timeg :::;t, and the third term provides the likelihood that no tweets

maximising the log-likelihood. As in Lukasik et al. 2016b, Laplacian smoothing is applied to the
estimated language parameter

In one approach to and optimisation Hawkes Process with Approximated LikelihpodHP
Approx.Lukasik et al. 2016b) a closed form updates fand are obtained using an approximation
of the log-likelihood of the data. In a derent approachHawkes Process with Exact Likelihqamt
HP Grad. Lukasik et al. 2016b) parameters are found using joint gradient based optimisation over

and , using derivatives of log-likelihodd L-BFGS approach is employed for gradient search.
Parameters are initialised with those found byt Approx.method. Moreover, following previous
work we X the decay parametér to 0:1.

We predict the most likely sequence of labels, thus maximising the likelihood of occurrence of
the tweets from Equation (19), or the approximated likelihood in castPofApprox.Similarly as in
Lukasik et al. 2016b, we follow a greedy approach, where we choose the most likely label for each
consecutive tweet.

5.5.2 Conditional Random Fields (CRF): Linear CRF and Tree CRF

We use CRF as a structured classi er to model sequences observed in Twitter conversations. With
CRF, we can model the conversation as a graph that will be treated as a sequence of stances, which
also enables us to assess the utility of harnessing the conversational structure for stance classi cation.
Di erent to traditionally used classi ers for this task, which choose a label for each input unit (e.g.

a tweet), CRF also consider the neighbours of each unit, learning the probabilities of transitions of
label pairs to be followed by each other. The input for CRF is a g@&aph(V; E), where in our case

each of the vertice¥ is a tweet, and the edgé&sare relations of tweets replying to each other. Hence,
having a data sequeneeas input, CRF outputs a sequence of lab&(s. La erty et al. 2001), where

the output of each elemeptwill not only depend on its features, but also on the probabilities of

4 For both implementations we used the “seghawkes' Python packége:/github.com/mlukasik/seghawkes
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Figure 20: Example of a tree-structured conversation, with two overlapping branches highlighted.

other labels surrounding it. The generalisable conditional distribution of CRF is shown in Equation 20
(Sutton and McCallum 2011).

YA

pYiX) = ﬁ (Y %) (20)
a=1

where Z(x) is the normalisation constant, anglis the set of factors in the grajh

We use CRFs in two dierent settings.First, we use a linear-chain CRF (Linear CRF) to model
each branch as a sequence to be input to the classi er. We also use Tree-Structured CRFs (Tree
CRF) or General CRFs to model the whole, tree-structured conversation as the sequence input to the
classi er. Sointhe rst case the sequence unit is a branch and our input is a collection of branches and
in the second case our sequence unit is an entire conversation, and our input is a collection of trees. An
example of the distinction of dealing with branches or trees is shown in Figure 20. With this distinction
we also want to experiment whether it is worthwhile building the whole tree as a more complex graph,
given that users replying in one branch might not have necessarily seen and be conditioned by tweets
in other branches. However, we believe that the tendency of types of replies observed in a branch
might also be indicative of the distribution of types of replies in other branches, and hence useful
to boost the performance of the classi er when using the tree as a whole. An important caveat of
modelling a tree in branches is also that there is a heed to repeat parts of the tree across branches, e.g.,
the source tweet will repeatedly occur as the rst tweet in every branch extracted fronfa tree.

5 We use the PyStruct to implement both variants of CRH& and Behnke 2014.
6 Despite this also leading to having tweets repeated across branches in the test set and hence producing an output repeatedly

for the same tweet with Linear CRF, this output does is consistent and there is no need to aggregeit¢ @liitputs.
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Figure 21: lllustration of the inpldutput structure of the LSTM-branch model

To account for the imbalance of classes in our datasets, we perform cost-sensitive learning by
assigning weighted probabilities to each of the classes, these probabilities being the inverse of the
number of occurrences observed in the training data for a class.

5.5.3 Branch LSTM

Another model that works with structured input is a neural network with Long Short-Term Memory
(LSTM) units (Hochreiter and Schmidhuber 1997). LSTMs are able to model discrete time series and
possess a ‘memory' property of the previous time steps, therefore we propaseh-LSTMmodel

that utilises them to process branches of tweets.

Figure 21 illustrates how the input of the time step of the LSTM layer is a vector that is an average
of word vectors from each tweet and how the information propagates between time steps.

The full model consists of several LSTM layers that are connected to several feed-forward ReLU
layers and a softmax layer to obtain predicted probabilities of a tweet belonging to certain class. As a
means for weight regularisation we utilideopoutandI2-norm We use categorical cross-entropy
as the loss function. The model is trained using mini-batches and the Adam optimisation algorithm
(Kingma and Ba 2015).

The number of layers, number of units in each layer, regularisation strength, mini-batch size and
learning rate are determined using the Tree of Parzen Estimators (TPE) algorithm (J. S. Bergstra et al.
2011 on the development sét.

7 For implementation of all models we used Python libraries Theano (Bastien et al. 2012) and Lasagne (Dieleman et al. 2015).
8 We use the implementation in the hyperopt package (J. Bergstra et al. 2013).
9 For this setting, we use the "Ottawa shooting' event for development.
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Thebranch-LSTMakes as input tweets represented as the average of its word vectors. We also
experimented with obtaining tweet representations through per-word nested LSTM layers, however,
this approach did not result in signi cantly better results than the average of word vectors.

Extracting branches from a tree-structured conversation presents the caveat that some tweets are
repeated across branches after this conversion. We solve this issue by applying a mask to the loss
function to not take repeated tweets into account.

5.5.4 Summary of Sequential Classi ers

All of the classi ers described above make use of the sequential nature of Twitter conversational
threads. These classi ers take a sequence of tweets as input, where the relations between tweets are
formed by replies. If C replies to B, and B replies to A, it will lead to a sequence ‘B! C”".
Sequential classi ers will use the predictions on preceding tweets to determine the possible label for
each tweet. For instance, the classi cation for B will depend on the prediction that has been previously
made for A, and the probabilities of derent labels for B will vary for the classi er depending on
what has been predicted for A.

Among the four classi ers described above, the one thaédi in how the sequence is treated is the
Tree CRF. This classi er builds a tree-structured graph with the sequential relationships composed by
replying tweets. The rest of the classi ers, Hawkes Processes, Linear CRF and LSTM, will break the
entire conversational tree into linear branches, and the input to the classi ers will be linear sequences.
The use of a graph with the Tree CRF has the advantage of building a single structure, while the rest
of the classi ers building linear sequences inevitably need to repeat tweets acressrdilinear
sequences. All the linear sequences will repeatedly start with the source tweet, while some of the
subsequent tweets may also be repeated. The use of linear sequences has however the advantages of
simplifying the model being used, and one may also hypothesise that inclusion of the entire tree made
of di erent branches into the same graph may not be suitable when they may all be discussing issues
that di er to some extent from one another. Figure 20 shows an example of a conversation tree, how
the entire tree would make a graph, as well as how we break it down into smaller branches or linear
sequences.

5.5.5 Baseline Classi ers

Maximum Entropy classi er (MaxEnt). As the non-sequential counterpart of CRF, we use a
Maximum Entropy (or logistic regression) classi er, which is also a conditional classi er but which

will operate at the tweet level, ignoring the conversational structure. This enables us to directly
compare the extent to which treating conversations as sequences instead of having each tweet as a
separate unit can boost the performance of the CRF classi ers. We perform cost-sensitive learning
by assigning weighted probabilities to each class as the inverse of the number of occurrences in the
training data.
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Additional baselines. We also compare two more non-sequential classt®rSupport Vector
Machines (SVM), and Random Forests (RF).

5.5.6 Experiment Settings and Evaluation Measures

We experiment in an 8-fold cross-validation setting. Given that we have &elit events in our
dataset, we create 8 dirent folds, each having the data linked to an event. In our cross-validation
setting, we run the classi er 8 times, on each occasion having erdit fold for testing, with the

other 7 for training. In this way, each fold is tested once, and the aggregation of all folds enables
experimentation on all events. For each of the events in the test set, the experiments consist in
classifying the stance of each individual tweet. With this, we simulate a realistic scenario where we
need to use knowledge from past events to train a model that will be used to classify tweets in new
events.

Given that the classes are clearly imbalanced in our case, evaluation based on accuracy arguably
cannot su ce to capture competitive performance beyond the majority class. To account for the
imbalance of the categories, we report the macro-averaged F1 scores, which measures the overall
performance assigning the same weight to each category. We aggregate the macro-averaged F1 scores
to get the nal performance score of a classi er. We also use the McNemar test (McNemar 1947)
throughout the analysis of results to further compare the performance of some classi ers.

It is also worth noting that all the sequential classi ers only make use of preceding tweets in the
conversation to classify a tweet, and hence no later tweets are used. That is the case of a sequence
t1, to, t3 Of tweets, each responding to the preceding tweet. The sequential classi er attempting to
classifyt, would incorporate; in the sequence, big would not be considered.

5.6 features

While focusing on the study of sequential classi ers for discursive stance classi cation, we perform
our experiments with three derent types of features: local features, contextual features and Hawkes
features. First, local features enable us to evaluate the performance of sequential classi ers in a
comparable setting to non-sequential classi ers where features are extracted solely from the current
tweet; this makes it a fairer comparison where we can quantify the extent to which mining sequences
can boost performance. In a subsequent step, we also incorporate contextual features, i.e. features
from other tweets in a conversation, which enables us to further boost performance of the sequential
classi ers. Finally, and to enable comparison with the Hawkes process classi er, we describe the
Hawkes features.

Table 26 shows the list of features used, both local and contextual, each of which can be categorised
into several subtypes of features, as well as the Hawkes features. For more details on these features,
please see 5.9.

10 We use their implementation in the scikit-learn Python package, usingakeweight"balanced” parameter to perform
cost-sensitive learning.
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Local features

Lexicon

Word embeddings
POS tags
Negation

Swear words

Content formatting

Tweet length
Word count

Punctuation

Question mark
Exclamation mark

Tweet formatting

\ URL attached

Contextual features

Relational

Structural

Is leaf
Is source tweet
Is source user

Social

Has favourites
Has retweets
Persistence
Time di erence

Hawkes features

Hawkes features

Bag of words
Timestamp

Table 26: List of features.

Word2Vec similarity wrt source tweet
Word2Vec similarity wrt preceding tweet
Word2Vec similarity wrt thread
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5.7 experimental results

5.7.1 Evaluating Sequential Classi ers (RO 1)

First, we evaluate the performance of the classi ers by using only local features. As noted above,
this enables us to perform a fairer comparison of theetent classi ers by using features that can be
obtained solely from each tweet in isolation; likewise, it enables us to assess whether and the extent to
which the use of a sequential classi er to exploit the discursive structure of conversational threads
can be of help to boost performance of the stance classi er while using the same set of features as
non-sequential classi ers.

Therefore, in this section we make use of the local features described in Section 5.9.1. Additionally,
we also use the Hawkes features described in Section 5.9.3 for comparison with the Hawkes processes.
For the set of local features, we show the results for threerdnt scenarios: (1) using each subgroup
of features alone, (2) in a leave-one-out setting where one of the subgroups is not used, and (3) using
all of the subgroups combined.

Table 27 shows the results for the drent classi ers using the combinations of local features as
well as Hawkes features. We make the following observations from these results:

LSTM consistently performs very well with derent features.

Con rming our main hypothesis and objective, sequential classi ers do show an overall superior
performance to the non-sequential classi ers. While the two CRF alternatives perform very
well, the LSTM classi er is slightly superior (the derences between CRF and LSTM results
are statistically signi cant ap < 0.05, except for the LF1 features). Moreover, the CRF
classi ers outperform their non-sequential counterpart MaxEnt, which achieves an overall lower
performance (all the dierences between CRF and MaxEnt results being statistically signi cant
atp < 0:.05).

The LSTM classi er is, in fact, superior to the Tree CRF classi er (all statistically signi cant
except LF1). While the Tree CRF needs to make use of the entire tree for the classi cation, the
LSTM classi er only uses branches, reducing the amount of data and complexity that needs to
be processed in each sequence.

Among the local features, combinations of subgroups of features lead to clear improvements
with respect to single subgroups without combinations.

Even though the combination of all local features achieves good performance, there are alterna-
tive leave-one-out combinations that perform better. The feature combination leading to the
best macro-F1 score is that combining lexicon, content formatting and punctuation (i.e. LF123,
achieving a score of 0.449).

Summarising, our initial results show that exploiting the sequential properties of conversational
threads, while still using only local features to enable comparison, leads to superior performance with
respect to the classi cation of each tweet in isolation by non-sequential classi ers. Moreover, we
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Macro-F1
HHF LF1 LF2 LF3 LF4 LF123 LF124 LF134 LF234 LF1234
SVM 0.336 0.356 0.231 0.258 0.313 0.403 0.365 0.403 0.420 0.408
Random Fores}| 0.325 0.308 0.276 0.2670.437* 0.322 0.310 0.351 0.357 0.329
MaxEnt 0.338 0.363 0.272 0.263 0.428 0.415 0.363 0.421 0.427 0.422

Hawkes-approy 0.309 - - - - - - - - -
Hawkes-grad || 0.307 - - - - - - - - -
Linear CRF 0.362* 0.357 0.268 0.318 0.317 0.413 0.365 0.403 0.425 0.412
Tree CRF 0.350 0.375* 0.285 0.221 0.217 0.433 0.3850.413 0.436*0.433
LSTM 0.318 0.362 0.318* 0.407* 0.419 0.449* 0.395* 0.412 0.429 0.437*

Table 27:Macro-F1 performance results using local features. HF: Hawkes features. LF: local features, where
numbers indicate subgroups of features as follows, 1: Lexicon, 2: Content formatting, 3: Punctuation,
4: Tweet formatting. An *' indicates that the derences between the best performing classi er and
the second best classi er for that feature set are statistically signi capta®:05.

observe that the local features combining lexicon, content formatting and punctuation lead to the most
accurate results. In the next section we further explore the use of contextual features in combination
with local features to boost performance of sequential classi ers; to represent the local features, we
rely on the best approach from this section (i.e. LF123).

5.7.2 Exploring Contextual Features (RO 2)

The experiments in the previous section show that sequential classi ers that model discourse, especially
the LSTM classi er, can provide substantial improvements over non-sequential classi ers that classify
each tweet in isolation, in both cases using only local features to represent each tweet. To complement
this, we now explore the inclusion of contextual features described in Section 5.9.2 for the stance
classi cation. We perform experiments with four dirent groups of features in this case, including
local features and the three subgroups of contextual features, namely relational features, structural
features and social features. As in the previous section, we show results for the use of each subgroup
of features alone, in a leave-one-out setting, and using all subgroups of features together.

Table 28 shows the results for the classi ers incorporating contextual features along with local
features. We make the following observations from these results:

The use of contextual features leads to substantial improvements for non-sequential classi ers,
getting closer to and even in some cases outperforming some of the sequential classi ers.

Sequential classi ers, however, do not bene t much from using contextual features. It is
important to note that sequential classi ers are taking the surrounding context into consideration
when they aggregate sequences in the classi cation process. This shows that the inclusion
of contextual features is not needed for sequential classi ers, given that they are implicitly
including context through the use of sequences.

In fact, for the LSTM, which is still the best-performing classi er, it is better to only rely on
local features, as the rest of the features do not lead to any improvements. Again, the LSTM is
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Macro-F1
ILF R ST SO  LRR+ST LF+R+SO LF+ST+SO R+ST+SO All

SVM 0.403 0.335* 0.3180.260 0.429 0.347 0.388 0.295 0.375
Random Forest0.322 0.325 0.269 0.328 0.356 0.358 0.376 0.343*  0.364
MaxEnt 0.415 0.333 0.318 0.310 0.434  0.447 0.447 0.318  0.449
Linear CRF  |/0.413 0.318 0.318 0.334*0.424 0.431 0.431 0.342 0.437
Tree CRF 0.433 0.322 0.317 0.312 0.425 0.429 0.430 0.232 0.433
LSTM 0.449* 0.318 0.318 0.315 0.445*  0.436  0.448 0.314 0.437

Table 28:Macro-F1 performance results incorporating contextual features. LF: local features, R: relational
features, ST: structural features, SO: social features. An *' indicates that tleeatices between the
best performing classi er and the second best classi er for that feature set are statistically signi cant.

able to handle context on its own, and therefore inclusion of contextual features is redundant
and may be harmful.

Addition of contextual features leads to substantial improvements for the non-sequential clas-
si ers, achieving similar macro-averaged scores in some cases (e.g. MaXIEas LSTM /

LF). This reinforces the importance of incorporating context in the classi cation process, which
leads to improvements for the non-sequential classi er when contextual features are added, but
especially in the case of sequential classi ers that can natively handle context.

Summarising, we observe that the addition of contextual features is clearly useful for non-sequential
classi ers, which do not consider context natively. For the sequential classi ers, which natively
consider context in the classi cation process, the inclusion of contextual features is not helpful and is
even harmful in most cases, potentially owing to the contextual information being used twice. Still,
sequential classi ers, and especially LSTM, are the best classi ers to achieve optimal results, which
also avoid the need for computing contextual features.

5.7.3 Analysis of the Best-Performing Classi ers

Despite the clear superiority of LSTM with the sole use of local features, we now further examine
the results of the best-performing classi ers to understand when they perform well. We compare the
performance of the following ve classi ers in this section: (1) LSTM with only local features, (2)
Tree CRF with all the features, (3) Linear CRF with all the features, (4) MaxEnt with all the features,
and (5) SVM using local features, relational and structural features. Note that while for LSTM we
only need local features, for the rest of the classi ers we need to rely on all or almost all of the features.
For these best-performing combinations of classi ers and features, we perform additional analyses by
event and by tweet depth, and perform an analysis of errors.

5.7.3.1 Evaluation by Event (RO 3)

The analysis of the best-performing classi ers, broken down by event, is shown in Table 29. These
results suggest that there is not a single classi er that performs best in all cases; this is most likely due
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Macro-F1
|CH Ebola Ferg. GW crash Ottawa Prince Putin Sydney

MaxEnt 0.446 0.4250.418 0.475 0.468 0.514 0.381 0.443

Linear CRF|0.443 0.619 0.380 0.470 0.412 0.512.528 0.454
Tree CRF || 0.457 0.557 0.356 0.523 0.441 0.505 0.491 0.426
LSTM 0.465 0.657 0.373 0.543 0.475 0.379 0.457 0.446

SVM 0.399 0.380 0.382 0.427 0.492 0.491 0.509 0.427

Table 29: Macro-F1 results for the best-performing classi ers, broken down by event.

to the diversity of events. However, we see that the LSTM is the classi er that outperforms the rest in
the greater number of cases; this is true for three out of the eight cases (&nerdie with respect

to the second best classi er being always statistically signi cant). Moreover, sequential classi ers
perform best in the majority of the cases, with only three cases where a non-sequential classi er
performs best. Most importantly, these results suggest that sequential classi ers outperform non-
sequential classi ers across the drent events under study, with LSTM standing out as a classi er
that performs best in numerous cases using only local features.

5.7.3.2 Evaluation by Tweet Depth (RO 4)

The analysis of the best-performing classi ers, broken down by depth of tweets, is shown in Table 30.
Note that the depth of the tweet re ects, as shown in Figure 19, the number of steps from the source
tweet to the current tweet. We show results for all the depths from 0 to 4, as well as for the subsequent
depths aggregated as 5

Again, we see that there is not a single classi er that performs best for all depths. We see, however,
that sequential classi ers (Linear CRF, Tree CRF and LSTM) outperform non-sequential classi ers
(SVM and MaxEnt) consistently. However, the best sequential classi er varies. While LSTM is the
best-performing classi er overall when we look at macro-averaged F1 scores, as shown in Section
5.7.2, surprisingly it does not achieve the highest macro-averaged F1 scores at any depth. It does,
however, perform well for each depth compared to the rest of the classi ers, generally being close to
the best classi er in that case. Its consistently good performance acrasedt depths makes it the
best overall classi er, despite only using local features.

5.7.3.3 Error Analysis (RO 5)

To analyse the errors that the @rent classi ers are making, we look at the confusion matrices in
Table 31. If we look at the correct guesses, highlighted in bold in the diagonals, we see that the
LSTM clearly performs best for three of the categories, naraepport denyandquery, and it is

just slightly behind the other classi ers for the majority classmnment Besides LSTM's overall
superior performance as we observed above, this also con rms that the LSTM is doing better than the
rest of the classi ers in dealing with the imbalance inherent in our datasets. For instanbene
category proves especially challenging for being less common than the rest (only 7.6% of instances in
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Tweets by depth
|0 1 2 3 4 5
Counts [[297 2,602 553 313 195 595
Macro-F1
jlo 1 2 3 4 &

SVM 0.272 0.368 0.298 0.314 0.331 0.274
MaxEnt 0.238 0.385 0.286 0.279.369 0.290

Linear CRF| 0.286 0.394 0.306 0.282 0.271 0.266
Tree CRF |/ 0.278 0.404 0.280 0.331 0.230 0.237
LSTM 0.271 0.381 0.298 0.274 0.307 0.286

Table 30: Macro-F1 results for the best-performing classi ers, broken down by tweet depth.

our datasets); the LSTM still achieves the highest performance for this category, which, however, only
achieves 0.212 in accuracy and may bene t from having more training instances.

We also notice that a large number of instances are misclassi edramentsdue to this being the
prevailing category and hence having a much larger number of training instances. One could think of
balancing the training instances to reduce the prevalencemimentén the training set, however, this
is not straightforward for sequential classi ers as one needs to then break sequences, losing not only
some instances @ommentsbut also connections between instances of other categories that belong
to those sequences. Other solutions, such as labelling more data or using more sophisticated features
to distinguish di erent categories, might be needed to deal with this issue; given that the scope of
this paper is to assess whether and the extent to which sequential classi ers can be of help in stance
classi cation, further tackling this imbalance is left for future work.

5.7.4 Feature Analysis (RO 6)

To complete the analysis of our experiments, we now look at therdnt features we used in our

study and perform an analysis to understand how distinctive therelit features are for the four
categories in the stance classi cation problem. We visualise therdnt distributions of features for

the four categories in beanplots (Kampstra 2008). We show the visualisations pertaining to 16 of the
features under study in Figure 22. This analysis leads us to some interesting observations towards
characterising the derent types of stances:

As one might expectjuerying tweetare more likely to have question marks.

Interestinglysupporting tweettend to have a higher similarity with respect to the source tweet,
indicating that the similarity based on word embeddings can be a good feature to identify those
tweets.

Supporting tweetare more likely to come from the user who posted the source tweet.

Supporting tweetare more likely to include links, which is likely indicative of tweets pointing
to evidence that supports their position.
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SVM
|| Support Deny Query Comment

Support || 0.657 0.041 0.018 0.283
Deny 0.185 0.129 0.107 0.579
Query 0.083 0.0810.343 0.494
Comment| 0.150 0.075 0.0530.723

MaxEnt
|| Support Deny Query Comment

Support |[0.794 0.044 0.003 0.159
Deny 0.156 0.130 0.079 0.634
Query 0.088 0.0660.366 0.480
Comment| 0.152 0.074 0.0480.726

Linear CRF
|| Support Deny Query Comment

Support || 0.603 0.048 0.013 0.335
Deny 0.219 0.140 0.050 0.591
Query 0.071 0.0950.357 0.476
Comment| 0.139 0.072 0.0620.726

Tree CRF
|| Support Deny Query Comment

Support || 0.552 0.066 0.019 0.363
Deny 0.145 0.169 0.081 0.605
Query 0.077 0.0810.401 0.441
Comment| 0.128 0.074 0.0680.730

LSTM
|| Support Deny Query Comment

Support |{0.825 0.046 0.003 0.127
Deny 0.225 0.212 0.125 0.438
Query 0.090 0.0870.432 0.390
Comment| 0.144 0.076 0.0570.723

Table 31: Confusion matrices for the best-performing classi ers.
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Looking at the delay in time of dierent types of tweets (i.e., thiene di erencefeature), we see
thatsupporting denyingandquerying tweetare more likely to be observed only in the early
stages of a rumour, while later tweets tend to be mostly comments. In fact, these suggests that
discussion around the veracity of a rumour occurs especially in the period just after it is posted,
whereas the conversation then evolves towards comments that do not discuss the veracity of the
rumour in question.

Denying tweetare more likely to use negating words. However, negations are also used in
other kinds of tweets to a lesser extent, which also makes it more complicated for the classi ers
to identify denying tweets. In addition to the low presence of denying tweets in the datasets, the
use of negations also in other kinds of responses makes it more challenging to classify them. A
way to overcome this may be to use more sophisticated approaches to identify negations that are
rebutting the rumour initiated in the source tweet, while getting rid of the rest of the negations.

When we look at the extent to which users persist in their participation in a conversational
thread (i.e., th@ersistencdeature), we see that users tend to participate more when they are
postingsupporting tweetsshowing that users especially insistent when they support a rumour.
However, we observe a dérence that is not highly remarkable in this particular case.

The rest of the features do not show a clear tendency that helps visually distinguish characteristics
of the di erent types of responses. While some features like swear words or exclamation marks may
seem indicative of how they orient to somebody else's earlier post, there is no cleaemtie in
reality in our datasets. The same is true for social features like retweets or favourites, where one may
expect, for instance, that denying tweets may attract more retweets than comments, as people may
want to let others know about rebuttals; the distributions of retweets and favourites are, however, very
similar for the di erent categories.

One possible concern from this analysis is that there are very few features that characterise
commenting tweetsin fact, the only feature that we have identi ed as being clearly distinct for
commentss thetime di erence given that they are more likely to appear later in the conversations.
This may well help classify those labt@mmentshowever, early comments will be more diult to be
classi ed based on that feature. Finding additional features to distingoistmentérom the rest of
the tweets may be of help for improving the overall classi cation.

5.8 conclusions and future work

While discourse and sequential structure of social media conversations have been barely explored
in previous work, our work has performed an analysis on the use eféint sequential classi ers

for the rumour stance classi cation task. Our work makes three core contributions to existing work
on rumour stance classi cation: (1) we focus on the stance of tweets towards rumours that emerge
while breaking news stories unfold; (2) we broaden the stance types considered in previous work to
encompass all types of responses observed during breaking news, performing a 4-way classi cation
task; and (3) instead of dealing with tweets as single units in isolation, we exploit the emergent
structure of interactions between users on Twitter. In this task, a classi er has to determine if each
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