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Introduction

Linguistic annotation of natural language corpora is the backbone of supervised methods of statistical
natural language processing. The Linguistic Annotation Workshop (LAW) is the annual workshop of
the ACL and ELRA Special Interest Group on Annotation (SIGANN), and it provides a forum for the
presentation and discussion of innovative research on all aspects of linguistic annotation, including the
creation and evaluation of annotation schemes, methods for automatic and manual annotation, use and
evaluation of annotation software and frameworks, representation of linguistic data and annotations,
semi-supervised human in the loopmethods of annotation, crowd-sourcing approaches, and more.

As in the past, this year’s LAW provides a forum for annotation researchers to work towards standardiza-
tion, best practices, and interoperability of annotation information and software.

These proceedings include papers that were presented at the 19th Linguistic Annotation Workshop
(LAW-XIX), co-located with ACL 2025 in Vienna, Austria, on July 31, 2025.

This edition of the workshop is the nineteenth meeting of the ACL and ELRA Special Interest Group for
Annotation. The first workshop took place in 2007 at the ACL in Prague. Since then, the LAW has been
held every year, consistently drawing substantial participation (both in terms of paper/poster submissions
and participation in the actual workshop) providing evidence that the LAW’s overall focus continues to
be an important area of interest in the field, a substantial part of which relies on supervised learning from
gold standard data sets and trustworthy evaluation in the era of Large Language Models. This year, we
received 66 submissions, out of which 30 papers have been accepted to be presented at the workshop, as
long or short papers, or as posters.

In addition, LAW-XIX features two invited talks by Junyi Jessy Li (University of Texas at Austin) and
Rotem Dror (Haifa University).

The special theme of LAW-XIX is Subjectivity and Variation in Linguistic Annotation. As linguistic
annotation increasingly supports diverse NLP applications, questions of annotator subjectivity, inter-
annotator variation, and annotation uncertainty have become central to the field. Our special oral sessions
aim to stimulate discussions on the challenges, methodological advances, and theoretical implications
related to disagreement and subjectivity in annotation practice.

Our thanks go to SIGANN for their financial support and to our organizing committee, for their con-
tinuing organization of the LAW workshops. Most of all, we would like to thank all the authors for
submitting their papers to the workshop, our program committee members for their dedication and their
thoughtful reviews and our keynote speakers for sharing their insights on the topics of subjectivity, va-
riation and social biases in linguistic annotation.

The LAW-XIX Program Co-Chairs:
Siyao Peng and Ines Rehbein
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Keynote Talk
Data Annotation in the Era of LLMs - Thoughts and Good
Practices

Rotem Dror
University of Haifa
2025-07-31 09:00:00 — Room: Room 1.15-16

Abstract: The rise of large language models (LLMs) presents both opportunities and challenges for data
annotation in NLP. In this talk, I will explore the evolving role of LLMs as annotators, particularly in ta-
sks involving subjectivity. I will present recent work that will also be presented in the conference on how
to evaluate whether an LLM is a good annotator: The Alternative Annotator Test for LLM-as-a-Judge:
How to Statistically Justify Replacing Human Annotators with LLMs"—highlighting methods introdu-
ced in our paper—and discuss how LLMs compare to human annotators in consistency and reliability. I
will also introduce new, unpublished research on best practices for identifying when and how LLMs can
serve as reliable annotators for subjective NLP tasks. The talk aims to provide both theoretical insights
and practical guidance for researchers and practitioners rethinking annotation pipelines in the LLM era.

Bio: Dr. Dror is an Assistant Professor (Senior Lecturer) at the Department of Information Systems,
University of Haifa. She completed her Postdoctoral Research at the Cognitive Computation Group at
the Department of Computer and Information Science, University of Pennsylvania, working with Prof.
Dan Roth. She completed her Ph.D. in the Natural Language Processing Group, supervised by Prof. Roi
Reichart, at the Faculty of Industrial Engineering and Management at the Technion - Israel Institute of Te-
chnology. Her research involves developing statistically sound methodologies for empirical investigation
and evaluation for Data Science with a focus on Natural Language Processing applications.

viii



Keynote Talk
Engaging experts and LLMs in corpora development

Junyi Jessy Li
University of Texas at Austin
2025-07-31 16:00:00 — Room: Room 1.15-16

Abstract: Large language models (LLMs) have become ever more capable, surpassing human perfor-
mance on a number of tasks. Recent findings showed that LLMs can effectively replace traditional
crowdsourcing to a large extent, and model training has increasingly been driven by synthetically ge-
nerated data. These developments have triggered new questions about corpora development. This talk
explores two of them: First, what type of human annotation can still be useful? I discuss our efforts
engaging human expertise to effectively capture implicit reasoning in discourse and pragmatics, revea-
ling weaknesses in existing models in those aspects. Second, how can we leverage LLMs to reveal task
nuances that may be unknown before annotation? I present Explanation-Based Rescaling (EBR), a me-
thod that uses an LLM to rescale coarse-grained human ratings into consistent, fine-grained scores using
natural language explanations from annotators, while discerning task subtleties embedded in these ex-
planations.

Bio: Jessy Li is an Associate Professor in the Linguistics Department at the University of Texas at Au-
stin. She received her Ph.D. (2017) from the Department of Computer and Information Science at the
University of Pennsylvania. Her research interests are in computational linguistics and NLP, specifically
discourse and document-level processing, natural language generation, and pragmatics. She is a reci-
pient of an NSF CAREER Award, ACL and EMNLP Outstanding Paper Awards, an ACM SIGSOFT
Distinguished Paper Award, among other honors. Jessy is the current Secretary of NAACL.
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Understanding Disagreement: An Annotation Study of Sentiment and
Emotional Language in Environmental Communication

Christina S. Barz
Faculty of Social Sciences
Darmstadt University
of Applied Sciences
Schofferstrale 3
64295 Darmstadt
Germany
christina.barz@h-da.de

Daniel Hanss
Faculty of Social Sciences
Darmstadt University
of Applied Sciences
Schofferstralle 3
64295 Darmstadt
Germany
daniel.hanss@h-da.de

Abstract

Emotional language is central to how envi-
ronmental issues are communicated and re-
ceived by the public. To better understand how
such language is interpreted, we conducted an
annotation study on sentiment and emotional
language in texts from the environmental ac-
tivist group Extinction Rebellion. The annota-
tion process revealed substantial disagreement
among annotators, highlighting the complexity
and subjectivity involved in interpreting emo-
tional language. In this paper, we analyze the
sources of these disagreements, offering in-
sights into how individual perspectives shape
annotation outcomes. Our work contributes
to ongoing discussions on perspectivism in
NLP and emphasizes the importance of human-
centered approaches and citizen science in ana-
lyzing environmental communication.

1 Introduction

Addressing the escalating environmental crises
requires coordinated global action (IPCC, 2022;
Fritsche and Masson, 2021). Emotions play a key
role in motivating such action, shaping a range of
behaviors from policy support to civil disobedience
(Brosch, 2025; Schneider et al., 2021; Van Valken-
goed and Steg, 2019).

Although there has been limited interdisciplinary
research on the role of emotional language in envi-
ronmental communication, existing studies suggest
that such language can play a key role in mobilizing

1

Melanie Siegel
Faculty of Computer Science
Darmstadt University
of Applied Sciences
Schofferstral3e 3
64295 Darmstadt
Germany
melanie.siegel@h-da.de

Michael Wiegand
Digital Philology
Faculty of Philological and
Cultural Studies
University of Vienna
AT-1010 Vienna, Austria
michael.wiegand@univie.ac.at

individuals for collective action (Salas Reyes et al.,
2021; Kaushal et al., 2022; Zaremba et al., 2024).
In this context, we define emotional language as
the use of words or expressions that convey affec-
tive states. Importantly, we use the term emotional
language - rather than emotion - to emphasize that
our focus is on the strategic use of emotion-related
expressions in group communication, rather than
on measuring the actual felt emotions of individ-
ual speakers or writers. This distinction is partic-
ularly relevant when analyzing collective actors
such as environmental groups, whose language
is often shaped by strategic communication goals.
However, the outcome of using emotional language
in different socio-political contexts - especially in
the discourse of groups with different ideologies,
identities and thematic priorities - is still poorly
researched and not well understood (Salas Reyes
et al., 2021; Zaremba et al., 2024; Lehrer et al.,
2023; Berger et al., 2019).

This paper is part of a broader project examin-
ing emotional language in environmental commu-
nication by highly visible and polarizing activist
groups, and analyzing the emotional reactions such
language provokes among the public (Barz et al.,
2025). While the larger dataset includes multiple
organizations, this study focuses on tweets from
Extinction Rebellion (XR), a global activist group
using nonviolent civil disobedience to demand ur-
gent climate action. Our overarching goal is to
develop a comprehensive, annotated dataset tai-

Proceedings of the 19th Linguistic Annotation Workshop (LAW-XIX-2025), pages 1-20
July 31, 2025 ©2025 Association for Computational Linguistics



lored to environment-related communication, with
applications in both environmental communication
research and Natural Language Processing (NLP).

For this paper, we annotated sentiment and emo-
tional language in XR’s X (formerly Twitter) dis-
course, revealing substantial annotator disagree-
ment. We analyze the factors driving this disagree-
ment and explore how these insights can refine
future annotation efforts in NLP and environmental
communication research. Our findings highlight
challenges in creating reliable annotated datasets
and contribute to the broader debate on perspec-
tivism in NLP, which recognizes that multiple
valid interpretations of a text can coexist due to
annotators’ diverse backgrounds, experiences, and
perspectives—challenging the notion of a single
ground truth (Frenda et al., 2024; Uma et al., 2021;
Rodriguez-Barroso et al., 2024).

To guide our investigation of these challenges
and the implications of annotator subjectivity, our
current work is structured around the following
research questions:

RQ1 What factors may contribute to variation and
disagreement in annotator labeling behavior?

RQ2 What insights can be gained from the ob-
served disagreement, and how can they in-
form future annotation efforts?

The main contributions of this paper are as
follows:

* We provide the first annotated and publicly
available dataset of emotional language in
XR’s X discourse, contributing to the study of
environmental communication.

* We perform analyses to systematically ex-
amine annotator disagreement, providing
methodological insights into the influence of
perspective in text annotation.

* We highlight the implications of perspec-
tivism in annotation, demonstrating its rele-
vance for both NLP applications and environ-
mental communication research.

2 Related Work

This section reviews relevant literature on environ-
mental communication as well as sentiment and
emotion analysis.

2.1 Environmental Communication Studies

Environmental communication examines how hu-
mans perceive, discuss, and respond to environ-
mental issues, with increasing attention to climate
change communication (Carvalho and Peterson,
2024).

The study of environmental communication has
gained prominence, particularly with social me-
dia’s role in discourse and mobilization (Carvalho
and Peterson, 2024; Schifer, 2024; Lee et al.,
2024; Amangeldi et al., 2024). Recent studies
increasingly use computational methods, focus-
ing on automated framing, discourse analysis, and
translation studies (Hirsbrunner, 2024; Schifer and
Hase, 2023; Bird et al., 2024; Yasmin et al., 2024).
However, NLP approaches beyond framing—such
as sentiment, and emotion analysis—remain un-
derexplored, despite emotional language’s well-
documented role in motivating collective action
(Kaushal et al., 2022; Zaremba et al., 2024).

Research in this area has also predominantly
analyzed news media (Anderson, 2024; Lahsen,
2022), prompting calls for broader investigations
into the communication strategies of environmental
groups and activist movements (Anderson, 2024).

2.2 Sentiment and Emotion Analysis, and
Available Datasets

Emotion analysis is rarely applied to environmen-
tal communication, leading to a shortage of ded-
icated models and human-labeled datasets. Ex-
isting climate-related datasets primarily address
sentiment, climate change denial, misinformation,
or public opinion rather than emotional language
(Stede and Patz, 2021). For instance, the CIi-
maConvo dataset includes 15,309 tweets from
2022 labeled for sentiment, climate change de-
nial, hate speech, and humor (Shiwakoti et al.,
2024). Similarly, the Twitter Climate Change
Sentiment Dataset (Qian, 2021) comprises 43,943
tweets (2015-2018) labeled as news, pro (sup-
porting anthropogenic climate change), neutral,
or anti (rejecting anthropogenic climate change).
A few datasets include emotional language, such
as a collection of speeches by environmental ac-
tivists, including Greta Thunberg, which focuses
on anger (Ponton and Raimo, 2024). The Emo-
tional Climate Change Stories (ECCS) dataset
explores climate change storytelling and readers’
emotional reactions, containing 180 short stories
designed to evoke five emotions—anger, fear, com-



Climate Change and Sentiment Categories

Category [ Example
CLIMATE DETECTION
About Climate Change [ Climate change is one of the greatest threats of our time.
CLIMATE SENTIMENT
Positive/Opportunity Switching to renewable energy helps fight the climate crisis and creates new jobs.
Negative/Risk Rising sea levels are threatening coastal cities around the world as average temperatures rise.
Emotion Categories
Category Example
ANGER It’s infuriating to see politicians ignore climate science!
CONCERN Today we are disappointed and worried: The Supreme Court of Norway has
chosen to back oil over our rights to a liveable future.
FEAR The alarming state of nature in the UK is a matter that should concern everyone.
HOPE Every tree planted is a step towards a healthier planet.
Joy We'’re celebrating today as more cities commit to 100% renewable energy!
PRIDE Proud of our community for coming together to reduce plastic waste!
SADNESS It’s heartbreaking to witness the destruction of the Amazon rainforest.
SOLIDARITY In unity with our brothers and sisters across the globe, let’s stand united for climate justice.

Table 1: Annotation categories for multi-label document-level annotations and example tweets.

passion, guilt, and hope—as well as neutral stories
(Zaremba et al., 2024).

To our knowledge, no dataset or study exclu-
sively analyzes environmental organizations’ or
activist groups’ communication. Most datasets cap-
ture individual opinions or personal expressions of
sentiment and emotion within broader discourse
(Dahal et al., 2019; El Barachi et al., 2021).

A key challenge in sentiment and emotion anal-
ysis is the inherent subjectivity of emotion recog-
nition, especially in social media, where tone, con-
text, and audience interpretation vary widely (Pozzi
et al., 2016; Almeida et al., 2018). To address this,
researchers have employed multi-label annotation
approaches to allow overlapping emotional cate-
gories and dataset creation methods beyond ma-
jority voting to incorporate diverse perspectives
(Mostafazadeh Davani et al., 2022; Alhuzali and
Ananiadou, 2021).

3 Data and Annotation

This section outlines the dataset and annotation
process used in our study.

3.1 Data

The dataset used in this study consists of 2,199
English-language tweets from the international
activist group Extinction Rebellion, extracted in
September 2024. The tweets were published be-
tween 2022 and 2024. The dataset includes the fol-
lowing metadata: group name, timestamp, retweet
count, reply count, like count, and tweet ID. The
complete dataset, including annotations, is pro-
vided in the supplementary materials and is pub-

licly available to the research community at Hug-
ging Face Datasets.

3.2 Annotation Process and Annotators

Our project employs multi-label annotation,
where each tweet can be assigned multiple labels
simultaneously from a predefined set of categories,
reflecting the complex emotions and sentiments
expressed. The annotations are made at the docu-
ment level, meaning labels are applied to the en-
tire tweet rather than single segments or sentences.
This approach provides a compact and interpretable
representation of each tweet. The dataset of 2,199
tweets was independently annotated by three expe-
rienced annotators. None of the annotators were
involved in the authorship of this paper. To ensure
consistency and clarity, we developed comprehen-
sive annotation guidelines that provided clear def-
initions for each category, along with illustrative
examples. The full guidelines are available in the
supplementary material.

The annotation process was organized as fol-
lows: Initially, annotators labeled a small set of
10 tweets to familiarize themselves with the data
format and task. Following this, each annotator
participated in individual feedback sessions to ad-
dress ambiguities and ensure alignment on labeling
criteria. These sessions were conducted by one
of the co-authors, who provided detailed guidance
and clarification as needed. Periodic feedback ses-
sions were held after every 500 tweets, allowing
annotators to ask questions and resolve any issues
that arose. While these sessions were conducted
individually, all annotators received the same clar-
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Figure 1: Heatmap displaying Fleiss’ Kappa (Fleiss, 1971) and pairwise Cohen’s Kappa coefficients (Cohen, 1960)
to evaluate overall and pairwise IAA across all annotation categories.

ifications to maintain consistency across annota-
tions. Any uncertainty raised by one annotator was
systematically addressed with the others.

The annotators consisted of three paid research
assistants, all proficient in English, female, and re-
siding in Germany. Their academic backgrounds
were as follows: Annotator 1 (A1) and Annotator 3
(A3) were students in Business Psychology, while
Annotator 2 (A2) was a student in Expanded Media.
Annotators were instructed to label tweets based
on several categories: CLIMATE DETECTION (in-
dicating whether a tweet relates to climate change),
CLIMATE SENTIMENT (categorized as risk, op-
portunity, or neutral), and a set of emotion labels
including ANGER, CONCERN, FEAR, HOPE, JOY,
PRIDE, SADNESS, and SOLIDARITY, as outlined in
Table 1. The climate detection and sentiment cat-
egories were adapted from prior annotation tasks
and language models (Webersinke et al., 2021; Shi-
wakoti et al., 2024), while the emotional categories
were refined through an in-depth qualitative analy-
sis of a random sample from the larger dataset of
several activist organizations in our project, iden-
tifying the most relevant emotions for the context.
Annotators were instructed to assess sentiment
and emotion from the writer’s perspective.

Our dataset retains all annotations provided by
the three annotators. This approach allows for the
preservation of individual annotations, as they are
central to our research focus.

4 Understanding Annotator
Disagreement

To better understand the sources and implications
of annotator disagreement in our dataset, we ad-
dress our two research questions in two parts. First,
we conduct a set of quantitative and qualitative

analyses to identify factors that may contribute to
variation in labeling behavior. Then, we reflect on
the insights gained from these observations and
how they can guide future annotation practices and
research design.

4.1 Data Analysis

To address the factors that contribute to variation
and disagreement in annotator labeling behavior
(RQ1), we perform a number of analyses. In this
section, we describe the approaches we use and
the results we obtain for each of these analyses to
answer RQ1.

Annotator

1 2 3

Category

CLIMATE DETECTION
About Climate Change 647 461 805

CLIMATE SENTIMENT

Risk 447 353 614
Opportunity 71 8 31
Emotions

ANGER 269 55 184
CONCERN 566 54 151
FEAR 125 8 17
HoPE 150 74 33
Joy 32 22 33
PRIDE 38 9 4
SADNESS 61 9 30
SOLIDARITY 97 21 45

Table 2: Absolute frequency distribution per annotator
for 2,199 tweets.

Label Distribution. We first examine individual
annotation tendencies by counting the absolute
frequencies of assigned labels. This allows us to
identify differences in the annotators’ labeling
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Al A2 A3 Al A2 A3 Al A2 A3
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Table 3: 10 words with the highest PMI values (listed from highest to lowest) for each annotator (A1, A2, A3) and
the most frequent emotions, i.e., ANGER, CONCERN, and HOPE.

patterns and to assess the overall prevalence of
categories in the dataset. Analysis of the label
distributions across the three annotators (Table
2) reveals considerable variation in annotation
choices. In particular, A2 assigns the fewest labels,
indicating a more conservative approach, except
for the category HOPE. In contrast, Al and A3
tend to assign more labels, with Al generally
assigning the highest frequency. In addition, the
categories PRIDE and JOY are the least frequently
assigned across the dataset. The variation in the
distribution of labels suggests that annotators may
use different thresholds for identifying sentiment
and emotional content.

Inter-Annotator Agreement. To assess the

degree of agreement across categories, we com-
pute both overall and pairwise IAA. The com-
puted Fleiss’ Kappa (Fleiss, 1971) values for all
three annotators range from moderate agreement
(0.4715 for CLIMATE DETECTION) to slight agree-
ment (0.0586 for FEAR), with higher agreement ob-
served for CLIMATE DETECTION, CLIMATE SEN-
TIMENT, and JOY, as shown in Figure 1.
Low prevalence of categories generally results
in lower IAA scores, as rare categories increase
the likelihood of discrepancies between annotators
(Artstein and Poesio, 2008). However, in our case,
Joy-despite being one of the least frequently la-
beled emotions-has relatively high agreement. This
suggests that while annotators identify JOY less fre-
quently, when they do, they are more consistent in
their judgments compared to other emotions. No-
tably, we do not find a clear relationship between
category prevalence and IAA across the dataset.

To explore whether disagreement is linked to
specific annotator pairs, we calculate pairwise Co-
hen’s Kappa scores (Cohen, 1960), as shown in
Figure 1. The results indicate that disagreement is

not systematic, as no two annotators consistently
exhibit a higher level of agreement while the third
annotator deviates as an outlier across all categories.
However, disagreement varies across pairs and cat-
egories; for example, Al and A3 agree on ANGER
with a score of 0.4730, while A1 and A2’s agree-
ment is only 0.0754. This variability suggests that
subjectivity influences annotation, with more sub-
jective categories showing lower agreement, and
more objective categories like CLIMATE DETEC-
TION and CLIMATE SENTIMENT showing higher
agreement.

Pointwise Mutual Information. To address po-
tential lexical biases—where certain words may
lead annotators to consistently assign specific la-
bels—we conducted a Pointwise Mutual Informa-
tion (PMI) analysis for the most prevalent emo-
tion categories (HOPE, ANGER, and CONCERN).
PMI quantifies the strength of association between
a word and a category by comparing their co-
occurrence probability to what would be expected
under independence, with higher PMI values indi-
cating a stronger, non-random relationship (Church
and Hanks, 1990). However, it is not appropri-
ate for categories that are not frequently labeled.
For infrequently labeled categories, the statistical
reliability of the PMI is reduced because the occur-
rences of these categories are too sparse to yield
meaningful associations.

Through our analysis, it became clear that A3
showed a lexical bias, paying close attention to
words explicitly mentioning emotions, such as
hope for HOPE and angry for ANGER (see Table 3).
Our PMI analysis generally shows that annotations
are not random, reflecting diverse associations for
specific emotions. For example, A3 often assigns
labels based on explicit emotional terms, while
A1 links more indirect words such as equitable or



Topic ID  Topic Size Topic Name
0 470  Global Fossil Fuel Protests
1 234 Extreme Weather and Climate Change
2 144 XR Decentralized Climate Advocacy
3 184  Climate Crisis and Health Responses
4 104  Climate Activism and Donations
5 88  Extreme Global Heat Events
6 89  Nonviolent Civil Disobedience in Movements
7 104  Climate Action and Sustainability
8 87  Plant-Based Diet and Agriculture
9 130  Peaceful Protest and Arrests
10 83  Citizens’ Assemblies for Climate Action
11 94  Environmental Policy and Advocacy
12 99  Climate Change and Fascism Concerns
13 110 Climate and Resource Conflict in Congo
14 91  Critique of Economic Growth Models
15 45  Connecting with Local XR Groups
16 43 Environmental Pollution and Resource Extraction

Table 4: Topic modeling results from BERTopic including names generated by ChatGPT-40 and number of tweets
categorized with this topic (OpenAl et al., 2024; Grootendorst, 2022).

achieve with HOPE, and murdering or sentence
with ANGER. A2, in contrast, associates words like
comments and expiration with HOPE, or tree and
hundred with ANGER, indicating a stronger focus
on context over specific words. For instance, A2
labeled the following tweet as expressing HOPE:

That’s an understandable doubt, Donald. However, the
science isn’t telling us a better world isn’t possible. Sur-
passing 1.5C is a blow to everything we’ve been work-
ing towards, but there is no expiration on climate action.
Every fraction of a degree saved counts.

Overall, the PMI analysis highlights distinct
emotional associations and annotation strategies
among annotators, as shown in Table 3.

Clustering-Based Topic Modeling. We applied
BERTopic (Grootendorst, 2022) to examine po-
tential ropic biases in labeling the most prevalent
emotion categories (i.e., HOPE, ANGER, and CON-
CERN). This clustering method leverages semantic
embeddings and hierarchical density-based cluster-
ing (HDBSCAN) to automatically determine the
number of clusters based on parameters such as
min_cluster_size. To enhance interpretability, we
used ChatGPT-4o0 to generate cluster names based
on representative words (OpenAl et al., 2024). Our
full parameter settings are provided in Table 5 in
Appendix B. We clustered the dataset into 17 dis-
tinct topics (see Figure 2 for the resulted topics).
Subsequently, we analyzed the most prevalent top-
ics within tweets labeled with specific emotions for
each annotator. The results indicate that annotators

associated emotions with different topics, particu-
larly in the case of HOPE (see Figure 2). In contrast,
the emotions ANGER and CONCERN show greater
overlap in their most frequently assigned topics;
these results are included for completeness in Fig-
ures 5 and 6 in Appendix B.

Additionally, we computed pairwise Cohen’s
Kappa scores (Cohen, 1960) for each topic,
revealing substantial variation in agreement across
topics. This suggests that annotator disagreement
is topic-dependent rather than systematic (see
Figures 7, 8, and 9, Appendix B).

Temporal Analysis. We conducted a temporal
analysis by calculating the mean labels for every
set of 100 annotated tweets per annotator to track
shifts in annotation patterns over time. The trends
show that A1 assigned more emotion labels at the
beginning of the annotation process compared
to later stages, and also more than the other
annotators (see Figure 4 in Appendix A). This
could be due to the familiarization process, where
annotators typically experience fluctuations at the
start of the task, potentially influenced by feedback
discussions during the initial phase. Other factors,
such as annotators’ daily moods or emotional
states, and external influences like media exposure
to environmental issues, could also have biased
annotation patterns (Gautam and Srinath, 2024;
Bodenhausen et al., 2000; Englich and Soder,
2009; Vrselja et al., 2024).

Spearman Correlations. To assess co-labeling
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Figure 2: Plots showing the count of tweets by topic labeled with the emotion HOPE per annotator (A1, A2, A3).

frequency and potential difficulties in distin-
guishing categories, we calculated Spearman
correlations (Spearman, 1904) for all label pairs
separately for each annotator. With correlations
of up to 0.33 between most positive emotions, we
observe that A1 and A2 have higher correlations in
some cases, reflecting a higher number of co-labels
(see Figure 3 for the correlation patterns associated
with Al). Conversely, correlations for A3 labels
are predominantly near to zero. This suggests
varying interpretations of emotions, particularly
in their differentiation. For Al and A2, positive
emotions appear to be more closely related than
for A3. Additionally, a topic bias was clearly
observed, as Al showed a correlation of 0.28
between CLIMATE DETECTION and CONCERN,
indicating that tweets on climate change were
more often labeled with CONCERN. Correlation
matrices for all annotators are included in Figures
10, and 11 in Appendix C for completeness and
detailed reference.

Qualitative Interviews. To explore sources of
disagreement, we conducted qualitative interviews
with all three annotators. These aimed at under-
standing individual perspectives rather than draw-
ing statistical inferences.

All annotators reported following the same pro-
cedure that had been instructed, feeling confident
in their understanding of the task, and recognizing
that they should label emotions from the writer’s
perspective. However, they differed in their emo-
tional responses to environmental crises. Al
primarily experiences concern, while also labeling
CONCERN the most. A2’s response is dominated

by anger, which is also their most frequently as-
signed negative emotion. A3, despite reporting
fear as their dominant reaction, labeled it the least.
These differences may hint at subtle personal ten-
dencies, as Al and A2 more frequently assigned
emotion labels that align with their own reported
emotional reactions. We also explored annotators’
mental imagery or immediate associations with
environmental groups. Al mentioned groups such
as Extinction Rebellion and Last Generation and
labeled more emotions overall, which might sug-
gest a perceived link between radical activism and
emotional expressiveness (Ostarek et al., 2024).
In contrast, A2 and A3 associated environmental
groups with Fridays for Future and Greenpeace
and labeled fewer emotions, possibly reflecting dif-
ferences in how they perceive the emotional tone
of these groups.

Another key factor was personal affectedness.
Al did not consider themselves personally affected,
while A2 described their perceived affectedness in
their home country of Nigeria and A3 reported an
indirect sense of affectedness, emphasizing empa-
thy for strongly affected populations worldwide.
Notably, A1, despite feeling the least affected, la-
beled the highest number of emotions.

External factors may have also played a signifi-
cant role. A3 engaged with climate news daily,
Al consumed little, and A2 had difficulty engaging
with environmental news due to emotional reac-
tions, often avoiding such content. However, no
clear link emerged between news consumption and
annotation behavior. Procedural influences, such
as annotation guidelines and feedback discussions,
may have shaped interpretations, along with
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differences in prior knowledge and familiarity with
environmental discourse.

Final Considerations. Previous research has
shown that distinguishing between annotation er-
rors and perspectivism can be challenging (Weber-
Genzel et al., 2024). However, given our research
focus on understanding how individuals interpret
environmental communication, we argue that vari-
ation in annotation tendencies is meaningful rather
than problematic. Our study assumes that reading
and interpreting environmental texts is inherently
subjective, with recipient perspectives playing a
crucial role in annotation outcomes. While fac-
tors such as annotation guidelines, feedback dis-
cussions, and annotator expertise may influence
annotation subjectivity, they do not invalidate the
presence of diverse and valuable perspectives in the
data. This assumption aligns with prior research
showing that emotion labeling is inherently sub-
jective (Buechel and Hahn, 2022; Du et al., 2023),
a tendency that is likely amplified in highly vis-
ible and polarized topics such as environmental
activism (Ostarek et al., 2024).

4.2 Insights gained from Analysis

In this section, we discuss the valuable insights that
can be gained from the observed disagreement in
our annotations and how these insights can help
inform future annotation efforts, addressing RQ?2.
While our analyses provide an initial understand-
ing of the variability in annotation outcomes, the
conclusions drawn are specific to our dataset and
annotation context, and may not be easily general-
ized beyond this study.

The diversity in perspectives reflected in our
annotations may be influenced by both internal
and external factors. To improve the quality and
reliability of future annotation efforts, it is crucial
to systematically account for these influences. We
acknowledge that high-quality annotations, as
well as our proposed strategies to enhance them,
come with increased resource demands, which
are constrained by available research funding.
Nevertheless, we aim to propose best practices that
can be adapted based on available resources.

One potential approach is to collect annotator-
specific metadata prior to annotation, including so-
ciodemographic variables, domain expertise, prior
engagement with the topic, personal stance, and
emotional disposition toward the subject matter.



Additionally, intra-annotator variability should be
considered by incorporating daily self-reports on
factors such as recent exposure to the topic through
media consumption, current emotional states, and
subjective attitudes on the day of annotation. Fur-
thermore, external contextual variables, such as
ongoing political events or environmental incidents
(e.g., natural disasters), should be tracked on a
daily or weekly basis. Controlling for these factors
would enable a more nuanced understanding of an-
notator subjectivity and facilitate structured dataset
curation, allowing for more interpretable and repre-
sentative NLP models. This approach aligns with
the principles of human-centered NLP, which ad-
vocate for the explicit modeling of annotator subjec-
tivity and diversity to enhance the interpretability
and fairness of computational models (Soni et al.,
2024, Kotnis et al., 2022).

Ideally, annotations should either be represen-
tative of diverse perspectives or fully stratified
into distinct target audience segments. A poten-
tial implementation of this perspective-aware anno-
tation strategy could involve weak perspectivism,
where separate datasets are curated for different
audience segments, with majority voting applied
within each segment to create internally consis-
tent annotations (Cabitza et al., 2023; Holovenko,
2024). Given that our research focuses on environ-
mental communication, integrating author perspec-
tives into the annotation process—akin to citizen
science—could be highly beneficial when feasible
(Paramonov and Poletaev, 2024; Bono et al., 2023;
Klie et al., 2023). For instance, members of XR
could annotate texts to better capture the writer’s
perspective, while non-members could provide an-
notations reflecting the reader’s perspective. Alter-
natively, Large Language Models (LLMs) could
be leveraged to infer writer intentions based on
linguistic cues, while reader perceptions could be
analyzed separately through annotations segmented
by audience groups.

5 Conclusions and Future Work

This study examines disagreement in environmen-
tal communication annotation, particularly within
activist group discourse. Our findings highlight
the impact of internal factors, such as sociodemo-
graphic backgrounds and emotions, and external
factors like the annotation process. These chal-
lenges hinder achieving high TAA in subjective
language assessment, especially in emotionally

charged topics like environmental activism. Our
results align with previous research questioning the
idea of a single ground truth in annotation tasks
(Cabitza et al., 2023; Uma et al., 2021; Rodriguez-
Barroso et al., 2024; Valette, 2024). Perspectivism
in NLP tasks, such as hate speech detection and
emotion recognition, underscores the role of in-
dividual annotators’ perspectives on labeling out-
comes (Abercrombie et al., 2024; Larimore et al.,
2021; Frenda et al., 2024; Fleisig et al., 2023; Xu
et al., 2024; Abercrombie et al., 2023; Du et al.,
2023). This subjectivity is critical in environmental
communication, where diverse reactions provide
valuable insights into audience perceptions. Impor-
tantly, disagreements among annotators reveal the
varied emotional engagement with environmental
issues (Cabitza et al., 2023; Zaremba et al., 2024).

Future research should improve annotation meth-
ods to better address subjectivity. Adopting per-
spectivist frameworks, using pre-annotation sur-
veys to capture annotators’ backgrounds, and inte-
grating LLLMs to complement human labeling are
promising approaches. Expanding our dataset to in-
clude more environmental groups and studying the
temporal aspects of annotation subjectivity, such
as emotions or external events, could offer further
insights. Ultimately, applying these findings to
tailor environmental communication strategies for
diverse audiences will be crucial in bridging NLP
and environmental communication.

Limitations

While our study provides valuable insights, it is
imperative to acknowledge its limitations. First,
the analysis is based on a relatively small group
of annotators (n=3), all of whom are female stu-
dents residing in Germany. While this approach is
useful for an in-depth exploration of subjectivity,
it limits the generalizability of our findings. De-
spite these limitations, our study is a first attempt
to understand perspectivism in environmental com-
munication. To enhance the range of perspectives
that can be captured, future studies should aim to
recruit a more diverse and larger pool of annotators.
Second, the dataset consists solely of tweets from
XR, a highly visible and polarizing activist group.
While this allows for a focused analysis, it does
not account for the full diversity of environmen-
tal communication used by different organizations.
While we assume a higher likelihood that this group
employs more radical and emotionally charged lan-



guage, other groups may exhibit significantly less
emotional language in their communication. Ex-
panding the dataset to include posts from a wider
range of environmental groups would enhance the
robustness of the findings.

Third, part of our study relies on qualitative in-
terviews conducted after the annotation process
to infer annotator subjectivity. While these inter-
views provide valuable self-reported insights, they
do not allow for real-time tracking of changes in
annotation tendencies over time. Furthermore, it is
not clear whether the results of the interviews de-
pend on the previous annotations. For example, an
annotator may have reported more concern about
environmental crises simply because they labeled
it more frequently in the tweets.

Additionally, we did not check reliability by giving
our annotators the same tweets a second time. Im-
plementing daily or real-time self-assessments dur-
ing the annotation process would provide a more
precise and accurate measurement of fluctuating
annotator subjectivity.

Ethical Considerations

The annotation process involved reading environ-
mental and climate-related texts, some of which
addressed extreme weather events or broader envi-
ronmental crises. Such content may evoke strong
emotional responses, including feelings of eco- or
climate anxiety, which can impact annotators’ well-
being. All annotators were financially compen-
sated for their work, which involved engaging with
potentially repetitive and emotionally challenging
content.

To address these concerns, we took steps to pro-
tect the annotators’ mental well-being. Annotators
were informed that they could pause or discontinue
the task at any time without providing a reason. We
regularly checked in with them about their well-
being during the annotation process and provided
contact information for support services in case
of psychological distress. Additionally, the anno-
tators were fully informed about the purpose of
their work, including the creation of a dataset for
research purposes.

We also treated annotators’ personal information
with care. All sociodemographic data and mentions
of individual annotators included in this paper were
disclosed with their explicit consent.

Regarding the dataset, the collection and planned
publication of tweet IDs were reviewed and ap-
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proved in consultation with the university’s data
protection officer. The dataset does not contain
personal data, as we only worked with group-level
content (i.e., tweets published by the environmental
activist group Extinction Rebellion). All usernames
appearing in the dataset were anonymized, except
for public figures such as politicians, in accordance
with established ethical guidelines for working with
social media data.
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A Temporal Analysis
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Figure 4: Set of plots showing the distribution of true labels assigned by each annotator across specific categories,
illustrating the amount of labels given per category over time.
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B Clustering-Based Topic Modeling

Component Setting
Embedding Model SentenceTransformer("all-MiniLM-L6-v2")
UMAP Configuration random_state=777, n_neighbors=29

metric="euclidean’, min_cluster_size=31,
HDBSCAN Configuration  cluster_selection_method="eom’,
prediction_data=True, min_samples=5

Table 5: Parameter settings used for BERTopic modeling (Grootendorst, 2022).
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B.1 Topics for Anger and Concern
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Figure 5: Plots showing the count of tweets by topic labeled with the emotion ANGER per annotator (A1, A2, A3).
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Figure 6: Plots showing the count of tweets by topic labeled with the emotion CONCERN per annotator (A1, A2,
A3).
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B.2 Inter-Annotator Agreement for A1 and A2 by Topics
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Figure 7: Set of plots showing the calculated Cohen’s Kappa (Cohen, 1960) values per topic for annotator pair Al

and A2.
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B.3 Inter-Annotator Agreement for A1 and A3 by Topics

Anger Concern

10

Cohen's Kappa

n o
-

©

=%

g

i

[~

[}

=

o

o
n o
-

0.8 4 1

Cohen's Kappa

S N M T N W~ e O s T T s T = o A4 ~Noom T on w9 ~ @ o A ™NoMm s N W0
I B B T B L B B B B ]
Topic Topic
Sadness Solidarity
10
0.8
2
§C!}[).G-
0
T
2 04
004
o
0.2 4
0.0 - — T T T T T T T T T T
O A oSN M T N 0 ~ o & O A ™o M T N O o M~ @ & o A ©~N m % 0 W0
I e s L B B B B ]
Topic Topic

Figure 8: Set of plots showing the calculated Cohen’s Kappa (Cohen, 1960) values per topic for annotator pair Al
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B.4 Inter-Annotator Agreement for A2 and A3 by Topics

Anger Concern
10
0.8 b
2
a 0.6
2
In
]
s 0.4
0
0.2
0.0 -
Topic Topic
Fear Hope
10
0.8 b
ol
(=8
(=8
2
In
c
u
=
<]
0
o
—
Topic Topic
Joy Pride
ol
(=8
g ]
2
In
c
u
2 ]
<]
0
T T T — e e
H oM T nm e ~ O+ N MmN W0 O A N 0 m T on w ~ ® 9o A ~NomMm T N 9
I e s L B B B B ]
Topic Topic
Sadness Solidarity
10
0.8 b
2
o 0.6 4
]
"
5
5 0.4 4
o
0.2 b
0.0 - T T T T T T T T T T T T T T T T T
(=] — o~ Laa] = [Tal w0 ~ o0 [=2] (=] - o~ m =+ 3] w0 o — ™~ Laa] [al w0 ~ w o o — ™~ m = n o
I e s L B B B B ]
Topic Topic

Figure 9: Set of plots showing the calculated Cohen’s Kappa (Cohen, 1960) values per topic for annotator pair A2
and A3.

1

el



C Label Spearman Correlation Matrices

L.00
Cl T
o Slimate 0.00 0.07 0.10 0.03 -0.05 -0.03 0.02 -0.03
cl e .
o Simate -0.01 -0.08 -0.12 0.00 0.04 0.03 -0.03 0.02 075
anger - 0.00 -0.01 [BReY 0.08 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01
-0.50
Concern- 0.07 -0.08 0.08 [BNOeY 0.19 0.00 0.01 -0.01 -0.01 0.01
-0.25
Fear- 0.10 -0.12 -0.01 0.19 [FENN -0.01 -0.01 -0.00 -0.00 -0.01
Hope- 0.03 0.00 -0.02 0.00 -0.01 [FRQ 029 0.11 -0.01 0.03 .00
Joy--0.05 0.04 -0.01 0.01 -0.01 0.29 [FRNY 0.28 -0.01 0.04
-—=0.25
mride--0.03 0.03 -0.01 -0.01 -0.00 0.11 0.28 [PENY -0.00 0.07
sadness - 0.02 -0.03 -0.01 -0.01 -0.00 -0.01 -0.01 -0.00 [EReY 0.07 030
soidarity--0.03 0.02 -0.01 0.01 -0.01 0.03 0.04 0.07 0.07 K o
25 5 & & & & & 8 § £
Ej g2 £ ¢ ¢ 02 Ef s
gg L—ji (] ;] E
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Abstract

Human annotations in natural language cor-
pora vary due to differing human perspectives.
This is especially prevalent in subjective tasks.
In these datasets, certain data samples, i.e.
annotatable instances, are more prone to la-
bel variation and can be indicated as ambigu-
ous. This paper investigates methodologies
for quantifying such label ambiguity by lever-
aging uncertainty estimation techniques when
fine-tuning transformer-based models. We con-
ducted experiments on three tasks characterized
by subjective content and inherent label ambi-
guity: classifying sentiment, emotions and hate
speech. The selected datasets include multi-
annotator labels, which we use to derive a label
ambiguity score for each data sample. This
score is the entropy of the empirical probabil-
ity distribution of annotator labels. The results
indicate that uncertainty estimation techniques
can measure label ambiguity to some extent.
Deep Ensembles consistently outperform other
techniques, increasing the correlation coeffi-
cients between model uncertainty and anno-
tator disagreement, but the observed correla-
tions are low. When comparing the annota-
tor label distributions with the predicted class
distributions, we see that Label Smoothing is
able to notably reduce this difference, however
a discrepancy still exists. This suggests that
uncertainty estimation techniques improve the
quantification of label ambiguity, however their
ability remains limited, highlighting the need
for further research !

1 Introduction

Natural language processing often relies on anno-
tated corpora. Due to the subjective nature of lan-
guage (Mohammad, 2016), annotation tasks often
involve subjective judgments, where the meaning
of text can be open to multiple interpretations due
to personal perceptions, cultural backgrounds or

'Code available at: https://github.com/halra/raala
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Figure 1: Example text snippet for emotion classifica-
tion, showing the diverse emotion labels assigned by a
group of annotators. Given these labels, we calculate
the empirical probability distribution over classes. We
use the characteristics of this distribution to define the
label ambiguity score for the given text snippet.

contextual nuances. This subjectivity leads to label
ambiguity, a phenomenon where different annota-
tors assign different labels to the same piece of text,
reflecting the inherent uncertainty in human lan-
guage understanding (Mostafazadeh Davani et al.,
2022; Khurana et al., 2025). This issue is particu-
larly pronounced in applications requiring nuanced
understanding of human emotions or opinions. For
example, consider a movie review stating:

“The film was surprisingly unconven-
tional and thought-provoking.”

Some annotators might label this as positive due
to its praise of originality, while others might per-
ceive it as negative if they prefer traditional narra-
tives. Such discrepancies highlight the difficulty
in assigning definitive labels to subjective content
(Plank et al., 2014b).

Current models excel in well-defined tasks with
clear, objective labels, such as spam detection,
where the distinction between spam and not-spam
is relatively straightforward. However, they often
underperform in subjective tasks due to their in-
ability to account for label ambiguity (Pavlick and
Kwiatkowski, 2019). These models tend to pro-
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vide overconfident predictions even on inherently
ambiguous samples, lacking mechanisms to reflect
uncertainty in their outputs (Guo et al., 2017). This
overconfidence can lead to misguided trust in the
model’s predictions and obscure the identification
of samples, i.e. annotatable items, that require fur-
ther human review or special attention (Zhang and
Yang, 2021).

Furthermore, traditional evaluation metrics and
training methodologies do not address the chal-
lenges posed by label ambiguity sufficiently
(Beigman and Klebanov, 2009). Models are usually
trained to minimize error, based on the assumption
that there is a single correct label for each sample,
which is not always the case in subjective tasks
(Uma et al., 2021). This can result in models that
are ill-equipped to handle the variability present in
real-world data (Aroyo and Welty, 2015).

The core problem addressed in this paper is the
lack of effective methodologies for detecting and
quantifying label ambiguity in text classification
models. Without proper identification and handling
of ambiguous samples, models cannot differenti-
ate between confidently correct predictions and
those that are uncertain due to inherent ambiguity
in the data. This limitation may hinder the develop-
ment of reliable NLP systems capable of managing
the complexities of human language interpretation,
particularly in applications where understanding
nuance and subjectivity is crucial.

To address this problem, the paper investigates
whether techniques for estimating uncertainty in
model predictions can serve as a means to measure
label ambiguity.

Label ambiguity is often demonstrated in
datasets with crowd-sourced annotations, which ex-
hibiti varying degrees of annotator agreement. For
instance, in the GoEmotions dataset — a corpus
for fine-grained emotion classification (Demszky
et al., 2020) — some text samples receive unani-
mous labels, while others have annotations spread
across multiple emotion categories. The variance
in annotations indicates the level of ambiguity for
each sample. Traditional models might still assign
high confidence to a single label, disregarding the
underlying uncertainty reflected in the annotators’
disagreement (Mostafazadeh Davani et al., 2022).

Given many annotators for each sample, we
frame the empirical probability distribution over
classes as a ground truth measure for sample-level
ambiguity, as shown in Figure 1. This allows us
to evaluate how well the sample-level uncertainty
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scores from various techniques align with ambi-
guity, by comparing them against the empirical
probability distribution. In an additional ambiguity
detection experiment, we define a threshold and
have the models, equipped with stated uncertainty
estimation techniques, predict which samples are
ambiguous; samples with uncertainty scores within
the threshold are marked as ambiguous.

Our contributions can be summarized as follows:

* We propose an empirical label ambiguity mea-
sure. This includes framing the annotator la-
bel distribution over classes as a ground truth
measure for sample-level ambiguity.

* We evaluate uncertainty estimation techniques
for measuring label ambiguity. These tech-
niques are trained using a single label, and not
a distribution, and we evaluate how well their
output class distributions capture the inherent
label ambiguity. We see that the techniques
successfully improve over the Baseline Soft-
max in quantifying label ambiguity, but their
performance is limited.

* We present an ambiguity detection task and
evaluate the methods. We conduct ex-
periments that classify samples as ambigu-
ous based on defined uncertainty thresholds,
demonstrating modest improvements over
standard fine-tuning and random baselines.

2 Evaluation Data for Label Ambiguity

In this section, we outline the evaluation data and
metrics employed to investigate label ambiguity
in subjective tasks. We utilize publicly available
datasets with inherent annotation ambiguity, each
annotated with multi-annotator labels, described in
Section 2.1. We define the label ambiguity score as
the entropy of the empirical probability distribution
over annotator labels, explained in Section 2.2.

2.1 Datasets

We employ publicly available datasets with multi-
annotator labels, which demonstrate annotator dis-
agreements. In our experiments, we utilize GoE-
motions (Demszky et al., 2020), Rotten Tomatoes
Reviews (Pang and Lee, 2005), and the GAB Hate
Speech Corpus (Kennedy et al., 2020). For each
dataset we used 70% for training, 15% as validation
and 15% as a holdout test set.

Table 1 summarizes the dataset characteristics.
This includes the original characteristics of each



Samples Classes Annotators

. orig. 58,009 28 4.3
GoEmotions modif. 23,990 9 2.8
orig. 4,999 2 3.55

Rotten Tomatoes modif. 4,999 2 5.55
orig. 27,665 13! 3+

GAB Hate Speech modif. 4,674 2 3.12

Table 1: Overview of the three datasets. The columns
show the total number of samples, number of classes
and average number of annotators per sample.

dataset, as well as the modified ones used in this
paper. Following are the modifications we applied:
GoEmotions: We reduced the label set to 9 pri-
mary emotions: sadness, neutral, love, gratitude,
disapproval, amusement, adminration, annoyance,
approaval. We also removed examples with only
one annotator vote, and balanced the dataset across
classes.

GAB Hate Speech: We consolidated the multi-
ple hate categories into a binary hate label and
balanced the resulting subset. Merging all hate cat-
egories into one class brings more variety into the
hate class, which induces more disagreements than
according to the original label set.

2.2 Label Ambiguity Score

We define the label ambiguity score using empir-
ical probability distributions. These distributions
consist of empirical probabilities for each class
computed using labels from multiple human anno-
tators. The empirical probabilities are computed as
the proportion of annotators who choose that class
relative to the total number of annotators. This dis-
tribution reflects annotator consensus and allows
us to compute the label ambiguity score, given that
ambiguous samples exhibit higher disagreement
among annotators.

We use the entropy of this distribution as a label
ambiguity score, calculated for each dataset exam-
ple. Higher entropy indicates greater disagreement
among annotators and ambiguity, whereas lower
entropy corresponds to stronger consensus.

We analyse the distribution of label ambiguity
scores for each dataset in Figure 2. We can see
that the GoEmotions and Rotten Tomatoes datasets
have wide distributions, with the data samples ex-
hibiting either total agreement (label ambiguity
score close to zero), or different levels of ambi-

2Total number including various types of hate speech.
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Figure 2: Distribution of label ambiguity scores

guity. The high label ambiguity scores in GoEmo-
tions overall, larger than 1, are due to the larger
number of classes, whereas Rotten Tomatoes and
GAB Hate Speech have only two classes. For GAB
Hate Speech, we see a bimodal histogram with
two very narrow peaks, indicating two very distinct
groups of samples - low ambiguity around O or high
ambiguity around 0.6.

3 Methods

We describe our methodology for uncertainty es-
timation to assess label ambiguity. Our goal is to
use uncertainty estimation either to directly predict
the label ambiguity score or to approximate the
full label distribution across classes. We detail the
uncertainty estimation techniques employed in Sec-
tion 3.2, and explain how we derive an uncertainty
score from the model outputs in Section 3.3.

3.1 Baseline Softmax and Oracle Softmax
Distribution

First, we will briefly explain the standard fine-
tuning approach for classification, used as a base-



line in our paper.

Baseline Softmax. In this approach, the tar-
get labels used are the majority vote of the multi-
annotator labels. This means that the model is
trained on one-hot encoded labels where each sam-
ple is assigned exactly one class - the most frequent
one of the crowd annotations. The model outputs a
softmax distribution (Bridle, 1990) over the classes,
which can be interpreted as a probability distribu-
tion. This predicted distribution is used to later
calculate the uncertainty score.

Additionally, we include another standard ap-
proach, that is common when dealing with multi-
annotator datasets (Plank et al., 2014a).

Oracle Softmax. Instead of the majority vote,
this approach uses soft training labels, obtained
from the full distribution of annotations. The fre-
quency of annotator votes for each class is used as
a corresponding soft label. This represents an ideal
scenario where the distribution of human annotator
labels for the training samples is known. Again,
the softmax distribution is used to calculate the
uncertainty score.

The goal of this paper is to measure label ambi-
guity when annotator distributions are in fact not
available and all of our evaluated approaches train
with a single label for each sample. This makes the
Oracle Softmax approach infeasible, however we
include it as an upper performance bound, because
it could inform us on the potential of ambiguity
quantification when richer labels are available.

3.2 Uncertainty Estimation Techniques

We focus on three techniques: Monte Carlo
Dropout, Deep Ensembles and Label Smoothing.
These techniques all involve fine-tuning models
for classification, using the majority vote of the
multi-annotator labels and no additional informa-
tion about the annotator distribution.

Deep Ensemble (DE) involves training multiple
neural networks independently, each initialized dif-
ferently (Lakshminarayanan et al., 2017). In our
case, we use multiple instances of the same model
architecture, which are just multiple instances of
the previously explained Baseline Softmax. Each of
these models outputs a predicted distribution over
classes. We use the average of these distributions
to calculate the uncertainty score.

Monte Carlo Dropout (MCD) is a method used
for estimating uncertainty in neural network predic-
tions (Gal and Ghahramani, 2016). By randomly
disabling neurons during inference, it provides mul-
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tiple stochastic predictions that help measure model
uncertainty. We use the average of these predicted
distributions to calculate the uncertainty score.

Label Smoothing (LS) is a technique that mod-
ifies the target labels to reduce model overconfi-
dence by assigning soft probabilities to non-target
labels (Szegedy et al., 2015). Instead of using hard
one-hot encoded labels, we uniformly distribute a
fraction of the label probability mass across other
classes which helps mitigate overfitting. Similar to
the other methods, the output softmax distribution
is used to calculate the uncertainty score.

3.3 Uncertainty Score

Each uncertainty estimation technique outputs a
predicted probability distribution over the classes.
Given this probability distribution, we calculate its
entropy as an uncertainty score. Entropy quanti-
fies the amount of uncertainty or randomness in a
probability distribution (Namdari and Li, 2019).

In addition to the entropy, we can calculate
other uncertainty metrics, such as variance and the
Jensen-Shannon divergence (JSD). We initially ex-
perimented with all three of them, however our
results showed that they perform very similarly.
The comparison of the three uncertainty metrics
for the task of ambiguity detection can be found in
Appendix A. Due to this, we only use entropy in
the remainder of this paper.

4 Experiment: Measuring Label
Ambiguity

In the first experiment, we evaluate the effective-
ness of the uncertainty estimation techniques in
measuring label ambiguity. Here, we compare how
correlated the ambiguity and uncertainty scores are,
as well as how close the empirical and predicted
distributions are.

4.1 Experimental Setup

We compare the three uncertainty estimation tech-
niques (Section 3.2) with the Baseline Softmax and
Oracle Softmax fine-tuning. We perform the exper-
iment using three datasets, listed in Section 2.1.
We selected well-known models that have con-
sistently demonstrated robust performance across
natural language processing tasks. Namely BERT
(Devlin et al., 2019), RoBERTa (Liu et al., 2019)
and XLNet (Yang et al., 2020). Table 2 provides
a high-level overview of the key specifications for
BERT, RoBERTa, and XLNet. Despite differences



in training strategies and data volumes, all three
models share a transformer-based architecture. By
employing three different models we can verify the
generalizability of our findings.

BERT RoBERTa XLNet
Vocab. size 30,522 50,265 32,000
Max. seq. length 512 512 512
Training data 16GB 160GB+ 158GB+
Pre-train object. MLM, NSP MLM Permut. LM

Table 2: Comparison of Architectural Specifications

All experiments were ran for 3 random seeds and
tables show the mean scores and standard devia-
tions. Further implementation details can be found
in Appendix C.

We calculate multiple metrics to evaluate how
well the techniques measure ambiguity. To com-
pare the scores themselves, we calculate the Pear-
son correlation coefficient between the predictive
entropies (uncertainty scores) and the empirical
entropies (label ambiguity scores). A high corre-
lation indicates that the model’s uncertainty esti-
mates align with human perceptions of ambiguity,
suggesting that the model can effectively identify
ambiguous samples.

To compare the empirical and predicted distri-
butions directly, we calculate the Jensen-Shannon
divergence (JSD), Kullback-Leibler divergence
(KLD) and mean squared error - averaged over
all classes (MSE). With this, for each sample, we
evaluate how close the distribution of predicted
class probabilities is to the empirical distribution of
the annotator labels. These metrics are calculated
for each sample independently, and then averaged
over samples.

4.2 Results - Baseline Softmax

The classification metrics for the Baseline Soft-
max model can be found in Appendix B. We see
that the three tasks have different difficulty levels.
The F1 score for sentiment classification (Rotten
Tomatoes) is the highest - 0.87, followed by hate
speech classification (GAB Hate Speech) with 0.77
and emotion classification (GoEmotions) with 0.64.
Additionally, we see that the scores on each dataset
are consistent across the three transformer models.

Additionally, we compare the most common
cases of disagreements in the models’ predictions
and the human annotations. On the GoEmotions
dataset we compare the classifier’s confusion ma-
trix with human annotation co-occurence counts.
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Half of the ten most frequent pairs neutral <+ ap-
proval, neutral < disapproval, neutral <> sadness,
and annoyance < disapproval appear in both rank-
ings, giving a 50% overlap. This shows that the
models often make prediction mistakes exactly
where annotators tend to attribute multiple emo-
tions, which means these mistakes can be attributed
to annotator disagreement and label variation. On
another hand, the remaining pairs in Table 3a) are
class distinctions genuinely difficult for the model.

The complete confusion and co-occurrence heat-
maps are shown in Figure 6 in Appendix E.

4.3 Results - Measuring Label Ambiguity

Table 4 shows our aggregated results—averaged
over the three model architectures.

As expected, Oracle Softmax has the highest cor-
relation and lowest JSD, KLLD and MSE out of all
the methods. The average correlations for Oracle
Softmax are in the range 0.290 - 0.375 across all
datasets and models, indicating moderate correla-
tion (Hopkins, 2000). This is expected, since it
incorporates annotator distribution information dur-
ing training, while the other techniques do not. A
minor exception is the GoEmotions dataset, where
even though the Oracle Softmax method achieves
the lowest MSE and highest correlation, its rela-
tively higher JSD and KLD suggest that, while it
minimizes squared differences, it does not fully
capture the distribution. One reason for this could
be the larger number of classes in GoEmotions,
compared to the other two datasets.

In all cases, all uncertainty estimation techniques
improve over Baseline Softmax. The Deep Ensem-
ble technique achieves the highest mean correlation
coefficients of 0.218 and 0.212 for GoEmotions
and Rotten Tomatoes. Monte Carlo Dropout also
shows substantial improvement, with average cor-
relations of 0.216 and 0.167 for GoEmotions and
Rotten Tomatoes.

On the GAB Hate Corpus, we generally observe
much lower correlations than for the other two
datasets. One potential reason for this could be the
very narrow peaks in the histogram of this dataset
(see Figure 2) when compared to the other two,
which means that this dataset includes a very lim-
ited variety of label ambiguity scores. Addition-
ally, for this dataset we applied the most significant
modification, which was changing the target into
binary classification (hate or no hate), by merging
all various hate classes into one.

Overall, our results suggest that using uncer-



Rank  Pair Count
1 neutral <> approval 74
2 annoyance <+ disapproval 62
3 approval <> neutral 56
4 neutral <> disapproval 55
5 annoyance <> neutral 47
6  neutral <+ annoyance 47
7  disapproval <> neutral 46
8 approval <> admiration 45
9  neutral <+ sadness 41

10  disapproval <+ annoyance 38

(a) Classifier confusion pairs.

Rank Pair Count
1 neutral < approval 226
2 approval <> neutral 226
3 sadness <> neutral 159
4 neutral <> sadness 159
5  neutral <+ disapproval 151
6  disapproval <> neutral 151
7  annoyance < neutral 143
8  neutral <> annoyance 143
9  annoyance <+ disapproval 116

10  disapproval <+ annoyance 116

(b) Human co-occurrence pairs.

Table 3: Most frequent emotion pairs in the misclassifications of the baseline classifier (Ieft) and in the human
co-annotations (right) on the 9-class GoEmotions dataset.

tainty scores derived from uncertainty estimation
techniques, particularly Deep Ensembles and MC
Dropout, enhance the model’s ability to detect am-
biguous samples. However, it is important to note
that the correlation coefficients between the uncer-
tainty and ambiguity scores are low, with values
close to 0.2, indicating that while there is a posi-
tive relationship, it is small (Hopkins, 2000). This
suggests that the techniques’ ability to detect ambi-
guity is limited and there is room for improvement.

When comparing the distributions, Label
Smoothing significantly reduces the discrepancy
between the predicted and annotator distributions,
much better than Deep Ensemble and Monte Carlo
Dropout. This is opposite from the correlation anal-
ysis, where in terms of overall correlation of en-
tropies, Label Smoothing scores much lower than
the other methods. With this, we see that training
with soft labels significantly improves the predicted
class distributions and makes them more ambiguity-
aware, even when the soft labels are only in the
form of a uniform smoothing factor.

Figure 3 showcases the improvement the Deep
Ensemble brings over the Baseline Softmax, by vi-
sualizing the correlation across all data samples
on the GoEmotions dataset. The scatter plots
show that the Deep Ensemble technique results
in a stronger positive correlation, with data points
more closely following an upward trend compared
to the baseline. This highlights the finding that the
uncertainty score derived from ensembles of mod-
els improves the measuring of label ambiguity, as
opposed to using a single model.

As an additional insight, for BERT on Rotten
Tomatoes we selected the top-100 most-uncertain
sentences for MC Dropout, Deep Ensemble, and
Label-Smoothing. Eighteen sentences (18 %) occur
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Figure 3: Correlation between label ambiguity scores
and uncertainty scores across all data samples. Results
for the GoEmotions dataset using XL Net.

in all three lists, and the pair-wise Jaccard overlaps
average 0.244-0.01. Across the entire score vectors
the mean Spearman correlation is 0.50£0.20 (after
aligning on common IDs). Each estimator nonethe-
less brings novel evidence: 39%, 43%, and 40%
of their respective top-100 sentences are unique to
MC, Smoothing, and DE.

5 Experiment: Detecting Ambiguous
Samples

This experiment demonstrates our methodology
for detecting ambiguous samples in text classifica-
tion using model uncertainty estimates. We apply
percentile-based thresholds and flag samples that
exceed these thresholds. With this, we assess the
overlap between model-identified and annotator-
identified ambiguous samples and evaluate how



Distribution Ambiguity Score
Dataset Technique Mean JSD| Mean KLD,| Mean MSE | Correlation T % Improv. T
Baseline Softmax 0.342 + 0.005 5.303 4+ 0.440 0.0608 4 0.0009 0.084 + 0.007 -
Deep Ensemble  0.285 £ 0.002 3.271 + 0.050 0.0443 £+ 0.0003 0.218 4 0.007 163%
GoEmotions MC Dropout 0.294 + 0.002 2.799 + 0.039 0.0478 + 0.0003 0.216 %+ 0.003 161%
Label Smoothing 0.340 £ 0.002 1.115 + 0.007 0.0407 & 0.0004 0.155 + 0.012 87%
Oracle Softmax  0.382 + 0.006 1.489 +0.042 0.0125 £+ 0.0003 0.375 £ 0.009 354%
Baseline Softmax 0.150 £+ 0.002 2.662 + 0.102 0.1174 + 0.0027 0.081 + 0.015 -
Deep Ensemble  0.115 +0.002 1.788 +0.051 0.0880 4+ 0.0017 0.212 4 0.009 174%
Rotten Tomatoes =~ MC Dropout 0.125 £ 0.005 1.754 +£0.093 0.0989 + 0.0045 0.167 + 0.020 122%
Label Smoothing 0.084 &+ 0.003 0.245 4+ 0.009 0.0745 4+ 0.0033 0.135 £+ 0.010 78%
Oracle Softmax ~ 0.070 + 0.003 0.208 + 0.013 0.0543 + 0.0024 0.290 + 0.020 279%
Baseline Softmax 0.208 £ 0.003 3.262 + 0.224 0.1794 + 0.0032 0.036 % 0.043 -
Deep Ensemble  0.165 £ 0.002 1.922 + 0.078 0.1390 + 0.0019 0.073 + 0.013 185%
GAB Hate Speech MC Dropout 0.176 + 0.004 1.970 £0.107 0.1536 + 0.0036 0.084 + 0.033 173%
Label Smoothing 0.132 £ 0.003 0.381 + 0.009 0.1205 + 0.0039 0.046 + 0.033 65%
Oracle Softmax  0.104 + 0.010 0.355 £ 0.048 0.0916 + 0.0109 0.375 + 0.031 1075%

Table 4: Evaluation of the experiment of measuring label ambiguity. Three distribution metrics: Jensen-Shannon
divergence (JSD), Kullback—Leibler divergence (KLD) and mean squared error (MSE) are shown. The Pearson cor-
relation coefficients of the uncertainty and ambiguity scores are also shown, together with percentage improvement
over the Baseline Softmax (%Improv.), in terms of the correlations. The scores are averaged over all test set samples,
and then averaged over the three models. The table shows mean = std., where the standard deviation is calculated
over the models. In each column, the best scores are bolded, and the second-best are underlined.

Metric Value
Common to all three 18 /100 (18%)
Mean Jaccard 0.24 +0.01
Mean Spearman p 0.50 = 0.20
Unique to MC Dropout 39 %
Unique to Label Smoothing 43 %
Unique to Deep Ensemble 40 %

Table 5: Overlap statistics for the top—100 most-
uncertain Rotten-Tomatoes items.

well our model-derived uncertainty works for de-
tecting human ambiguity.

The first experiment, gives us correlation coef-
ficients which are positive, but low. This does not
tell us what these values imply for the practical use
of these methods. With this second experiment, we
hope to get better insights into whether these cor-
relation values are sufficient to guide downstream
filtering of ambiguous samples.

5.1 Task Setup

With this experiment, we transform the task into a
binary classification task, where the two classes are
ambiguous and non-ambiguous. We refer to this
setup as ambiguity detection. We assign ground
truth labels based on the label ambiguity scores. A
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sample is labeled as ambiguous if its label ambigu-
ity score exceeds a pre-defined threshold.

We set this threshold dynamically, to always
match the 60th percentile of the ambiguity scores.
We chose this threshold as it has been adopted in
some prior works with limited backing (Dumitra-
che et al., 2015). Intuitively, in Figure 2, we see
that applying a dataset-specific threshold using the
60th percentile, would result in a large number of
samples flagged as ambiguous. This is confirmed
in Table 6, where we see that the shares of ambigu-
ous samples are close to 50%?>. In other words, we
flag as ambiguous almost all samples that do not
have perfect agreement among the annotators.

This is one way to separate samples into two
classes according to their annotator agreement
scores. In reality, determining this threshold and
defining the difference between ambiguous and
non-ambiguous samples is a very significant ques-
tion, but also challenging to answer and out of the
scope of this paper.

During inference, we apply the same type of
thresholding using the 60th percentile to the model-

3The 60th percentile threshold implies that 40% of the
samples will be flagged. However, with 2-5 annotators per
item, ambiguity scores are limited to a few possible values.
For some datasets, like GAB Hate Speech, this includes a lot
of ties, which raises the ambiguous shares to over 40%, but
avoids arbitrarily splitting items with identical agreement.



derived uncertainty scores. This determines the
predicted label for each sample: if the uncertainty
score is above the threshold the sample is predicted
as ambiguous.

5.2 Random Baseline

For this task, we also include a random baseline
in the evaluations. Here, instead of calculating an
uncertainty score, we randomly generate a number
between 0 and 1 for each sample. Then, on these
random scores we apply the same threshold as ex-
plained in the previous section: if the random score
is above the threshold the sample is predicted as
ambiguous. This helps us assess the practical effec-
tiveness of the uncertainty techniques in detecting
ambiguous samples.*

5.3 Results

The main results of this experiment, in terms of
error rates, are shown in Table 6. We can see that
all methods consistently outperform the Random
baseline, which has error rates of around 50%. This
indicates that all methods are helpful in flagging
ambiguous samples.

Out of the techniques, and consistent with our
previous experiments, Deep Ensemble achieved the
lowest error rates, with average of 41.19%. No-
tably, these rates are promising when compared to
a Random Baseline, indicating that our techniques
capture meaningful predictive information. We ob-
tained comparable scores across the three datasets.
On the GoEmotions dataset, all three techniques
outperformed the Baseline Softmax, whereas on the
Rotten Tomatoes and GAB Hate Speech datasets,
Label Smoothing and Monte Carlo Dropout per-
formed worse than the Baseline Softmax. The Ora-
cle Softmax approach again provided an advantage
by reducing the average error rate to around 37%.

In Figure 4, we present the ROC curves of the
ambiguity detection task. The ROC curves illus-
trate the trade-off between the true positive rate and
the false positive rate at various threshold settings.

Out of the methods, the Deep Ensemble exhibits
the highest area under the curve (AUC) of 0.61, in-
dicating the best overall performance where Monte
Carlo Dropout performs slightly below Deep En-
semble but still surpasses the Baseline Softmax and

*An alternative random baseline is to always output the
majority class (non-ambiguous). This will result in error rates
equal to the share of ambiguous samples, which are sometimes
better than the random baseline we use. However, this would
also give us a zero precision and recall scores of the class of
interest, making it unusable for this task.
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Figure 4: ROC curves for ambiguity detection, on the
GoEmotions dataset with RoBERTa. Each sample is
annotated as ambiguous if the empirical entropy (label
ambiguity score) is over 60% of the maximum value.

Label Smoothing techniques. All four methods
outperform the Random baseline.

These results are consistent with our previous
analysis, reinforcing the conclusion that the Deep
Ensemble technique is more adept at capturing la-
bel ambiguity.

6 Related Work

There have been numerous studies addressing hu-
man label variation and label ambiguity. Snow et al.
(2008) highlighted the variability in annotations ob-
tained from non-expert annotators and the impact
of this variability on NLP tasks. They demonstrated
that aggregating multiple annotations can improve
the quality of labels.

Another study proposed leveraging annotator
disagreement instead of resolving it, suggesting
that disagreement can provide valuable informa-
tion.They advocated for models that learn from
soft labels reflecting annotator probabilities rather
than hard labels (Plank et al., 2014a). We include
this as our Oracle Softmax approach.

Uncertainty estimation techniques have gained
attention as a means to quantify model confidence
(Gal and Ghahramani, 2016; Lakshminarayanan
et al., 2017). In the context of deep learning, meth-
ods such as Monte Carlo Dropout (Gal and Ghahra-
mani, 2016) approximate Bayesian inference by
performing dropout at inference time, enabling
models to estimate predictive uncertainty. Simi-
larly, Deep Ensembles (Gal and Ghahramani, 2016)
improve uncertainty estimation by training multiple
models with different initializations and aggregat-



GoEmotions

Rotten Tomatoes

GAB Hate Speech  Average

JDeAmbiguous 53.81 42.80 45.93 -
Error Rate (%)

Random 51.52 £ 0.61 52.34 £ 0.77 50.21 £ 0.25 51.36
Baseline Softmax 45.01 +1.75 41.64 £1.23 44,13 +2.84 43.59
Deep Ensemble 40.90 + 0.29 39.75 £ 0.57 4291 + 3.57 41.19
Monte Carlo Dropout  40.73 4+ 0.37 42.79 + 0.68 4576 + 291 43.09
Label Smoothing 42.83 + 0.68 45.73 £ 1.78 47.99 +2.95 46.18
Oracle Softmax 37.62 + 0.49 3713 £ 1.10 37.39 + 1.09 37.38

Table 6: Ambiguity rates and error rates (mean = std) for ambiguity detection. The results are averaged over the
three models. In each column, the best scores are bolded, and the second-best are underlined.

ing their predictions.

These techniques have shown effectiveness in
improving model calibration and detecting out-
of-distribution samples. Bley et al. (2024) evalu-
ated various uncertainty estimation methods under
dataset shift and found that ensembles generally
provide better calibration and uncertainty estimates
compared to single models.

Malinin and Gales (2018) introduced Prior Net-
works to model predictive uncertainty, distinguish-
ing between data uncertainty and model uncertainty
in text classification tasks.

Recent research has begun to explore the rela-
tionship between model uncertainty and label ambi-
guity. Braiek and Khomh (2024) studied how incor-
porating human-like uncertainty into models can
improve robustness in image classification tasks.
They showed that models trained with uncertain
labels can better handle ambiguous inputs.

Despite these advancements, there is limited
work specifically focusing on leveraging uncer-
tainty estimation techniques to detect label ambi-
guity arising from annotator disagreement in sub-
jective text classification.

7 Conclusion

In this paper, we focused on three subjective tasks
of great interest: sentiment, emotion, and hate
speech classification. For each task, we used pub-
lic datasets with published multi-annotator labels.
For every sample in these datasets, we defined a
label ambiguity score as the entropy of the annota-
tor label distribution, which measures the inherent
randomness in the labeling process.

We assessed the effectiveness of uncertainty es-
timation in quantifying label ambiguity. Our eval-
uation included three techniques—Deep Ensem-
ble, Monte Carlo Dropout, and Label Smooth-
ing—which we compared with both a Baseline

29

Softmax model and an Oracle Softmax approach,
the latter serving as an upper performance bound.
For each method, we computed an uncertainty
score defined as the entropy of the predicted la-
bel distribution.

First, we evaluated whether predictive uncer-
tainty techniques could effectively capture label
ambiguity by calculating the correlation between
uncertainty scores and label ambiguity scores. Our
findings indicate that these techniques—most no-
tably Deep Ensembles—outperform the Baseline
Softmax approach, with both Deep Ensembles and
Monte Carlo Dropout showing a low positive cor-
relation with label ambiguity. Additionally, we
assessed the alignment between predicted class dis-
tributions and annotator class distributions. Here,
the Label Smoothing approach was successful in
reducing the discrepancy between the distributions,
making the predictions more ambiguity-aware.

Next, we applied the uncertainty estimation tech-
niques to an ambiguity detection task, classifying
each sample as either ambiguous or non-ambiguous
using a fixed threshold. Under these conditions, the
Deep Ensemble approach achieved an error rate of
about 40%, reducing it when compared to the Base-
line Softmax approach.

Our results indicate that when fully leveraging
annotator labels, as in the Oracle Softmax fine-
tuning, the models’ ability to quantify ambiguity
improves, but the performance improvements re-
main modest. Although the current uncertainty
estimation techniques do not perfectly capture all
aspects of label ambiguity, the findings are promis-
ing and indicate further research in this direction
is needed. We believe this paper can provide a
foundation for future research into more robust and
effective methods for quantifying label ambiguity.



Limitations

Several limitations of our study should be acknowl-
edged. First, our experiments were primarily con-
ducted on the GoEmotions, Rotten Tomatoes and
GAB Hate Corpus datasets, which, while exten-
sive and diverse, may not capture all nuances of
subjective expressions across different cultures, lan-
guages or contexts.

Second, uncertainty estimation techniques like
Deep Ensembles require training multiple models,
increasing computational complexity and resource
requirements. This may limit their practicality in
environments with constrained resources or real-
time processing needs. While uncertainty estima-
tion techniques provide valuable information about
model confidence, interpreting these estimates in a
meaningful way for end-users remains a challenge.

And third, we focus on single-label classification
which has inherent limitations as opposed to multi-
label classification and may not be the most suitable
for tasks such as emotion classification.
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tion task. For MC Dropout and Deep Ensemble, we
also see different variants of the uncertainty score.
We see that all three variants (JSD, variance and en-
tropy) behave similarly across all thresholds, which
is why we chose to use one of them throughout the

paper.
B Baseline Softmax Results

Table 7 shows the classification metrics of the Base-
line Softmax fine-tuning runs.

C Implementation Details

We fine-tuned three transformer-based models:
BERT (bert-base-uncased) (Devlin et al., 2019),
RoBERTa (roberta-base) (Liu et al., 2019) and
XLNet (x1lnet-base-cased) (Yang et al., 2020).
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* Learning Rate: 5 x 107°
* Batch Size: 8

* Number of Epochs:
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Dropout and Label Smoothing experi-
ments

— And [10, 11, 13, 14, 15] epochs for Deep
Ensembles to introduce diversity among
ensemble members
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Figure 5: XLNet with GoEmotions ROC/AUC

Model Dataset Precision Recall F1 Score Accuracy
Rotten Tomatoes 0.87 0.87 0.87 0.87
RoBERTa GoEmotions 0.64 0.64 0.64 0.64
GAB Hate Corpus 0.78 0.78 0.78 0.78
Rotten Tomatoes  0.85 0.85 0.85 0.85
BERT GoEmotions 0.64 0.65 0.64 0.65
GAB Hate Corpus  0.77 0.77 0.77 0.77
Rotten Tomatoes  0.88 0.87 0.87 0.87
XLNet GoEmotions 0.64 0.64 0.64 0.64
GAB Hate Corpus 0.77 0.77 0.77 0.77

Table 7: Classification Metrics for the Baseline Softmax Models
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* Dropout Rate: 0.1

Specific parameters for each uncertainty estima-
tion technique were:

* Monte Carlo Dropout:

— Number of Stochastic Forward Passes
during inference: 100

— Dropout enabled during inference

— Dropout during inference: 0.5

* Deep Ensembles:

— Ensemble Size: 5 models

— Different random seeds and epochs for
each ensemble member

* Label Smoothing:

— Smoothing Factor: € = 0.3

We split each dataset into training, validation and
test sets using a 70/15/15 stratified split to maintain
class distribution.

D Correlation between Ambiguity and
Uncertainty Scores

Table 8 shows the correlation coefficients and per-
centage improvement over baseline, averaged over
all data samples. The rightmost column shows the
average correlation over the 3 datasets.

As expected, Oracle Softmax has the highest
correlation out of all the methods, with average
correlations around 0.35 across all datasets and
models, indicating moderate correlation (Hopkins,
2000).

In most cases, all uncertainty estimation tech-
niques improve over Baseline Softmax. The Deep
Ensemble technique achieves the highest mean cor-
relation coefficients ranging between 0.204 and
0.226 for GoEmotions and RottenTomatoes, across
the three models. Monte Carlo Dropout also shows
substantial improvement, with correlations rang-
ing between 0.126 and 0.229 for GoEmotions and
RottenTomatoes across models.

On the GAB Hate Corpus, especially in combi-
nation with XLNet the results do not align with the
patterns observed in the other datasets and models.
For this dataset, we even see lower correlations than
the baseline, when using Monte Carlo Dropout and
Label Smoothing.
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E Class-Level Analysis - Heatmaps

Figure 6 shows the heatmaps comparing the dis-
agreements in the model (baseline BERT) and in
human annotations.



GoEmotions Rotten Tomatoes GAB Hate Speech Average

Model Method Corr. % Improv. Corr. % Improv. Corr. % Improv. Corr.
Baseli.  0.081 4+ 0.002 - 0.101 %+ 0.009 - 0.024 £ 0.042 - 0.069
DE 0.204 + 0.008 152% 0.207 &£ 0.004 105% 0.078 £ 0.016 225% 0.163
BERT MCD 0.196 4+ 0.003 142% 0.126 + 0.030 25% 0.087 £ 0.031 262% 0.136
LS 0.141 £ 0.011 74% 0.123 £ 0.013 22% 0.070 £ 0.038 192% 0.111
Oracle  0.372 + 0.013 359 % 0.264 + 0.012 161% 0.399 + 0.014  1562% 0.345
Baseli.  0.075 % 0.007 - 0.083 £ 0.009 - 0.031 £ 0.037 - 0.063
DE 0.224 4+ 0.005 199% 0.224 + 0.013 170% 0.076 %+ 0.009 145% 0.175
RoBERTa MCD 0.229 + 0.006 205% 0.191 £ 0.024 130% 0.112 + 0.039 261% 0.177
LS 0.169 4+ 0.019 125% 0.131 4+ 0.009 58% 0.056 + 0.041 81% 0.119
Oracle  0.383 + 0.008 411% 0.303 £ 0.030 265% 0.379 £ 0.010 1123% 0.355
Baseli.  0.095 £ 0.011 - 0.059 + 0.028 - 0.054 £ 0.049 - 0.069
DE 0.226 &+ 0.008 138% 0.204 £ 0.010 246% 0.065 £ 0.013 20% 0.165
XLNet MCD 0.223 + 0.001 135% 0.183 + 0.005 210% 0.052 £ 0.029 -4% 0.153
LS 0.155 £+ 0.007 63% 0.150 £ 0.009 154% 0.012 £ 0.020 -78% 0.106

Oracle  0.371 + 0.006 291% 0.302 + 0.019 412% 0.346 £ 0.069 541% 0.340

Table 8: Correlation coefficients (mean = std.) and percentage improvement over Baseline for each model. In each
column, per model, the best scores are bolded, and the second-best are underlined.
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Figure 6: Heat-maps of model confusions (left) and human co-occurrences (right) on GoEmotions.
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Abstract

Discourse structure annotation is known to in-
volve a high level of subjectivity, which often
results in low inter-annotator agreement. In
this paper, we focus on ‘legitimate disagree-
ments’, by which we refer to multiple valid
annotations for a text or text segment. We
provide a new dataset of English and German
texts, where each text comes with two paral-
lel analyses (both done by well-trained annota-
tors) in the framework of Rhetorical Structure
Theory. Using the RST-Tace tool, we build a
list of all conflicting annotation decisions and
present some statistics for the corpus. There-
after, we undertake a qualitative analysis of
the disagreements and propose a typology of
underlying reasons. From this we derive the
need to differentiate two kinds of ambiguities
in RST annotation: those that result from in-
herent linguistic ambiguity, and those that arise
from specifications in the theory and/or the an-
notation schemes.

1 Introduction

Natural language contains many ambiguities with
varied possible interpretations, especially in the
domains of pragmatics and discourse. The differ-
ences and similarities of annotations from individ-
ual coders, the inter-annotator agreement (IAA), is
often used to demonstrate that annotation guide-
lines are effective, the annotators have worked in
a precise way, and that overall, the annotations
are of a high quality. In recent years, however,
the instances of disagreement have gained interest
as a resource for more informative models of the
underlying task, often under the heading of ‘per-
spectivism’ (Uma et al., 2021).

In this study, we focus on the annotation of dis-
course structure using Rhetorical Structure Theory
(RST; Mann and Thompson, 1988). RST annota-
tions provide information about how segments in
a text are related to each other with semantic or
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pragmatic relations such as cause, background,
or contrast; we give a brief overview in Sct. 2.1.

With its focus on pragmatic aspects of language
use, RST annotation is generally considered to be
highly subjective, and as discussed by Marchal
et al. (2022), disagreement in alternative annota-
tions can reflect either incorrect annotations or —
more interestingly — instances of item ambiguity
or of inherent task subjectivity. So far, empirical
studies on annotator disagreement in RST (and also
for similar frameworks) have been scarce, as we
show in Sct. 2.2; one reason is probably the fact
that comparing entire tree structures as alternative
analyses is a relatively complicated undertaking.
To make it more effective, in this paper, we utilise
the RST-Tace software (Wan et al., 2019) to com-
pute the individual points of disagreement between
two annotators, which we then analyse further.

We use a dataset of English and German corpora
that have recently been made available and partly
were extended by us with a secondary annotation
(see Sct. 3), and we add to this the double-annotated
part of the English RST Discourse Treebank (Carl-
son et al., 2003), which to our knowledge has so far
not been analysed for the reasons of the disagree-
ments. For these corpora, we manually inspect
a motivated subset of the points of disagreement
and build a typology of categories for legitimate
alternative analyses.

Our results have multiple implications. Firstly,
they provide insights into the variability of dis-
course structure, as it is comprehended by different
annotators. Secondly, our results can lead to im-
provements on the RST annotation process, with
guidelines being made more precise and annotators
being made aware of areas of particular difficulty.
Thirdly, our disagreement data and typology can be
used to improve evaluation methods of discourse
parsers and provide inspiration for evaluation of
other similarly subjective tasks.

In Sct. 2 we give a brief overview of RST and
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outline previous work that has looked at annota-
tion disagreement, and in Sct. 3 we introduce the
composition of our dataset. Sct. 4 explains RST-
Tace (henceforth: Tace), which provides us with
the starting point for our analyses that we present
in Sct. 5. In Sct. 6 we discuss these results, before
Sct. 7 concludes and outlines possible avenues for
future work.

2 Background and Related Work

2.1 A brief overview of RST

Idea. According to Mann and Thompson (1988),
an analysis in Rhetorical Structure Theory is con-
ducted by first breaking the text into its Elementary
Discourse Units (either simple sentences, or certain
types of clauses), which we henceforth call ‘EDUs’,
and then recursively combine adjacent EDUs to
form larger units (henceforth: ‘spans’). We will
use the term ‘unit’ to refer to a portion of text that
is either an EDU or a span. Each combination of
adjacent units is labelled with a coherence rela-
tion; Mann and Thompson proposed a set of ca.
25 relations. Most of them join one unit that is
“more important for the author’s purposes” — the
‘nucleus’ — with a unit that is less important — the
‘satellite’. The result is a projective tree where
units are marked for their nuclearity status. An
example in the original notation proposed by Mann
and Thompson (but with actual text removed for
brevity) can be seen in Figure 1. Nucleus units have
an incoming arrow and a vertical line connecting it
to the next upper level.

Corpora. For English, the RST Discourse Tree-
bank (RST-DT; Carlson et al., 2003) was intro-
duced in 2003; it is based on annotation guidelines
by Carlson and Marcu (2001), where the size of
the relation set has been increased to 78. A part of
the corpus comes with two annotations and will be
part of our dataset (see Sct. 3). A second important
English corpus is GUM (Zeldes, 2017), which is
being continuously extended with new data and
also with new annotation layers. The annotation
guidelines of RST-DT and GUM differ in terms
of EDU characterisation and relation set, so that
the corpora are not immediately comparable. A
smaller English corpus that was recently released
contains speeches from the UN Security Council
(Zaczynska and Stede, 2024). A part of that has
two distinct RST analyses, and these will also be
used in our study.
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For German, a collection of RST data was re-
cently made available by Shahmohammadi and
Stede (2024). A part of that material is double-
annotated and will be used in our analyses. This
data, as well as the UNSC data, were annotated
according to the guidelines by Stede et al. (2017).

2.2 Earlier research: disagreement in
discourse structure

Annotation projects in all areas of NLP feature
some level of disagreement, with possible sources
of disagreement at the level of the annotator, the
data, or the context (Basile et al., 2021). In the case
of RST, disagreements can arise at the annotator
level due to ambiguous EDUs being interpreted dif-
ferently or genuine errors being made (Mann and
Thompson, 1988). At the context level, the same
annotator can acknowledge that multiple annota-
tions are reasonable — but in traditional annotation
practice has to select one of them. At the data level,
text spans (whether they are ambiguous or not) can
belong to multiple categories simultaneously.!

This final aspect of multiple concurrent rela-
tions is included in the proposal by Zeldes et al.
(2024) for eRST, which aims to provide solutions
for some of the limitations of RST. It allows for
so-called ‘secondary relations’ to be annotated on
a unit, which breaks the tree property of the over-
all structure. Zeldes et al. (2024) mention that
allowing for multiple relations could also help in
providing more information on RST parser ‘errors’,
which in fact constitute legitimate predictions. Liu
et al. (2023) explore the types of errors that RST
parsers make, finding that implicit discourse re-
lations and long-distance relations are difficult to
identify. They use the double annotated English-
language RST-DT corpus subset and find that some
of the ‘errors’ found when comparing a parsers’
output to a gold annotation, do actually correspond
to plausible relations in alternative trees produced
by other annotators.

In a recent study, Zikdnova (2024), using the
Prague Dependency Treebank in addition to a small
set of five Czech texts with RST annotations, out-
lines seven factors which lead to different inter-
pretations of coherence. These include the inter-
pretation of relations due to polysemous or under-

'A discussion on the systematicity of many such ambigui-
ties, due to RST’s supplying both ‘intentional’ and ‘informa-
tional’ relations, originated shortly after RST was originally
published; see, e.g., (Moore and Pollack, 1992). Correspond-
ingly, ambiguities arising from the multi-faceted notion of
nuclearity were dissected by (Stede, 2008).



specified nature of discourse connectives, or the
interpretation of scope due to abstract coreferential
expressions.

In the context of discourse parsing, Huber et al.
(2021) propose using nuclearity distributions rather
than a binary nucleus-satellite distinction, for the
benefit of nuclearity-sensitive downstream appli-
cations. They create ‘silver-standard’ trees using
summarisation and sentiment analysis data, which
feature nuclearity distributions and compare these
to the doubly annotated section of the RST-DT.
They find that these distributions capture disagree-
ment more than the binary assignment.

3 The corpus

Overall, the corpus used in this study consists of
156 texts in English and German, coming from four
sources. All texts have two annotations that were
produced by well-trained annotators, and the pair
always features identical EDU segmentation. This
makes a systematic disagreement analysis much
easier, and it reflects an annotation procedure con-
vention to separate the segmentation process from
the tree building step. (But see our remark in the
Limitations section at the end.)

The English texts are from the RST-DT (Carlson
et al., 2003) and the UNSC-RST corpus (Zaczyn-
ska and Stede, 2024). The texts in the RST-DT
are articles from the Wall Street Journal from the
late 1980s. We use a subset of the corpus which
consists of texts having two annotations that are
based on identical segmentation. The UNSC-RST
corpus contains transcripts of speeches from the
UN Security Council in the years 2014/15, and we
work with its doubly-annotated subset.

The German-language data consist of the doubly-
annotated subsets of the APA-RST corpus, which
are newspaper articles and their manual simpli-
fications into ‘easy language’ (Hewett, 2023),
and of the Potsdam Commentary Corpus (PCC),
which collects commentaries from local newspa-
pers (Shahmohammadi and Stede, 2024).

Five different trained annotators created the anal-
yses of the APA-RST texts, and there was a follow-
up step that corrected obvious errors or violations
of the schema. The same procedure was applied in
UNSC-RST, with a team of four annotators. Two
well-trained annotators were involved in building
the PCC subset, and also at the time in producing
the RST-DT.

Since the two German corpora are based on the
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same annotation guidelines, we fuse them into a
single set that we call APA+PCC. UNSC-RST had
the same guidelines but is in English; the RST-
DT features a much more fine-grained relation
set and hence different guidelines. We thus have
three subcorpora for which disagreements can be
analysed, but cross-corpus comparisons have to
keep in mind the differences. For instance, the
PCC/UNSC-RST guidelines were conceived for
opinionated text, with the goal of supporting ar-
gumentation analysis. Hence they distinguish be-
tween the relations Evidence, Reason and Cause
with different constellations of objective/subjective
material. The RST-DT uses many relations that
are absent in the PCC/UNSC-RST, such as six fine-
grained versions of Elaboration, or the relations
Topic-Shift and Example. (A proposal for map-
ping between the relations sets was made as part of
a shared task on RST parsing (Braud et al., 2023).)

Statistics on our corpus size can be found in
Table 1. We make available the parallel APA+PCC
and UNSC data as XML files in the customary rs3
format, and as a csv that builds on the output of
Tace (see below).”> The RST-DT data is licensed
from the LDC?; therefore, only the list of IDs of
the texts that we used is part of the repository.

4 Mapping out the disagreements:
RST-Tace

We use Tace (Wan et al., 2019) on our corpus to
compare the pairs of plausible annotations. Tace
takes two RST annotated texts as input, which have
identical segmentation, and produces a table com-
paring the two annotations. Tace calculates IAA
using four different aspects: nuclearity (N), rela-
tions (R), constituents (C) and attachment points
(A), based on a proposal by Iruskieta et al. (2015).
A constituent is the satellite span, the attachment
point is the span which the constituent is linked
to. Pairs of annotated units are matched accord-
ing to the overlap between central subconstituents
(CS); the nuclear units of the satellite of the rela-
tion above, or the satellite if the relation is between
two EDUs. In Figure 1a, for the e-elaboration
relation spanning the EDUs 1 and 2, the constituent
is 2, the attachment point is 1, and the CS is 2.
Based on the type of mis/match between the two
annotators, we create five bins of “annotation deci-

The repository can be found at https://github.com/
discourse-lab/RSTmulti/.
3https://www.ldc.upenn.edu
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Figure 2: Two parallel extracts from example annotations to illustrate different versions of ‘scope mismatch’.

sions” that can be extracted from Tace’s output4, in and (iii) the same units but the N/S distribu-
the form of a spreadsheet where each row contains tion is reversed. Example: The different re-
inter alia the EDU numbers participating in the lations between EDUs 1 and 2 (cause versus
annotation decision, the actual text spans, and the e-elaboration) in Fig. 1 belong to category
relations assigned by the annotators. We illustrate 2(1).

the bins with examples from Figures 1a, 1b and 2: . .
3: Scope mismatch — Annotators disagree on the

1: Perfect match — Annotators analysed two units scope of a relation. This comprises six differ-
in the same way. Example: The attribution ent constellations: (i) identical overall span;
relation in Fig. 1 constitutes a perfect match. identical relation; different split points; (ii)

different overall spans; identical relation; iden-

2: Relation mismatch — Annotators identified the tical split point; different argument spans; (iii)
same pair of units but chose a different re- different overall spans; identical relation; one
lation. We can distinguish (i) two mononu- identical argument span; (iv) different overall
clear relations with the same N/S distribution, spans but one common end point; identical re-
(i1) one mono- and one multinuclear relation, lation; different split point, different argument

“Details on how we convert the output from Tace to these SPanS; (V) ldentlcaq ove‘rall p a.n’ (#fferent rela-
annotation decisions can be found in Appendix A.2. tions, different split points; (vi) different over-
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all spans, different relations, identical split
point, one identical argument span. Example:
The elaboration relation that encompasses
the EDUs 1 to 5 in Fig. 1 belongs to the cate-
gory 3(i). All cases of scope mismatch can be
seen in ascending order from top to bottom in
Fig. 2.

4: Left/right priority mismatch —  Annotators
identified one identical unit, but one attaches
it to the left context and one to the right
context. Example: The span 3-4 in Fig. 1.

5: No match — Decisions of the first annotator that
are not matched at all by the second annotator.

5 Analysis

Table 1 provides some corpus statistics and the
distributions of the five bins and the average unit
lengths for our three corpora.’

In this Section, we cover the three biggest (ignor-
ing “no match”) mismatch groups: We will make
observations on the perfect matches and then give
the results of a qualitative analysis of all relation
and scope matches in the corpora APA+PCC and
RST-DT. (Analysis of the UNSC corpus and of
the remaining bins for the other corpora is left
for future work.) For this qualitative analysis, we
approach the task from the perspective of a third
trained annotator who, however, does not add a
third annotation but instead makes a qualitative
judgement on the existing two annotations, for each
individual mismatch. Section 5.1 discusses the sta-
tuses of mismatch and judgement, while in Section
5.2, we present a categorization of underlying rea-
sons for the disagreements.

5.1 Status of mismatches

For the status of a mismatch, we distinguish four
types of judgement that the third annotator can
make on a mismatch:

* Disagree: One of the annotations does not
seem agreeable, but the other does.°

* Both are correct and important: A “good” an-
notation would actually use both relations to

>We note that all matches consist of two annotated spans,
except for ‘no matches’, which are counted individually.
Therefore the counts for no matches are inflated.

®1n principle, the situation of disagreeing with both anno-
tations could also arise, but we did not encounter this.
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S

Figure 3: Corpus APA+PCC combined with UNSC-
RST: The proportion of relations that occur in a ‘perfect
match’: i.e. the constituent, attachment point, nuclearity
and relation are the same.

do full justice to the text unit (this is the situ-
ation that is captured by eRST, as mentioned
above).

* Vague: One could see things either way, de-
pending on some factors that are to be anal-
ysed further (see below).

* Either/Or: One can see things either way, but
the two ways are actually mutually exclusive.

5.1.1 Perfect match

Fig. 4 shows the confusion matrix for APA+PCC,
bins 1 and 2 combined.” The diagonal corresponds
to perfect matches, which make up between 26%
and 49% of all decisions — see Table 1. The
avg. number of involved EDUs shows that perfect
matches have a clear tendency to occur at the leaf
nodes of the trees. Figure 3 shows the relations
that occur in a perfect match in the UNSC and the
APA+PCC subcorpora combined.® Attribution,
condition, and conjunction occur frequently in
perfect matches, which are relations that often have
a clear signal.

For our present purposes, we decided to not anal-
yse the perfect matches; i.e., no status labels were
assigned.

5.1.2 Relation mismatch

According to Table 1, this is the largest group of
mismatches, and similar to the perfect matches it
occurs predominantly at the leaf nodes. When two
annotators link the same units but use different

"The confusion matrices for the UNSC (Fig. 5) and for the
RST-DT (Fig. 6) can be found in Appendix A.1.

8We do not include RST-DT in this plot, as it uses a differ-
ent relation set.



Subcorpus APA+PCC UNSC RST-DT
Size 46 texts 640 EDUs 84 texts 1346 EDUs 26 texts 768 EDUs
Agreement N R C A N R C A N R C A

S50 | 33 | 46 | 42 60 | .38 | .55 | .51 S56 |37 | 53 | .49
Tace output bin n Span length n Span length n Span length
Perfect match 183 (26%) 3.1 410 (29%) 44 397 (49%) 5.9
Relation mismatch 135 (20%) 3.7 288 (20%) 42 165 (20%) 4.9
Scope mismatch 152 (22%) 7.1 301 (21%) 5.9 125 (15%) 11.3
Left/right mismatch 25 (4%) 32 49 (3%) 32 8 (1%) 44
No match 197 (28%) 74 369 (26%) 7.6 115 (14%) 13.6

Table 1: Statistics on the corpora and the six bins from Tace output. The average span length is the average number
of EDUs contained in the overall relation span. Agreeement values are calculated by Tace and represent F1 values.

relations, this provides the clearest indications for
problems with the relation set or with individual
definitions provided in the annotation guidelines.

For the 135 instances in APA+PCC, we limit the
scope of our analysis to the relation text span that
we extracted, i.e., we do not study them in their sur-
rounding context. We find 25 cases of Dis, many of
which are mismatches between elaboration and
entity-elaboration, where only one appears to
actually apply. In 15 cases, no judgement seemed
possible because of the missing context; the vast
majority are from group 2(ii), involving a mononu-
clear relation and a list, where it is not clear
whether other 1ist members would warrant the
analysis. Of the 28 Both cases, many involve a
conjunction relation, where the other annotator
opted for a more informative relation (which points
to a guideline problem; see Sct. 6). Roughly half
of the Both cases do not exhibit a clear linguis-
tic signal and thus would not be annotated in the
eRST approach. We find 72 Vague cases, and their
two biggest subgroups are (i) those where annota-
tors use one of the contrastive relations contrast,
antithesis, concession; and (ii) those involving
one or two causal relations. When both annotators
chose a causal relation, the mismatch is due to
different decisions on subjectivity (e.g., cause vs.
reason), while cases with one annotator using a
causal relation it is not clear whether a causal con-
nection should be inferred or not (these cases all
have no explicit connective).

Within the 165 instances of relation mismatches
in the RST-DT, approximately 90 were Vague, with
a large subset of these (around 50) involving rela-
tions that seem to be very similar, such as analogy
and comparison. The second largest subset in-
volved a causal relation in one annotation. Overall,
around half of the Vague category have some kind
of elaboration relation in at least one annotation.
Around 50 of the relation mismatches represented

cases where one annotation does not seem agree-
able (Dis). The RST-DT has a larger relation set
with more fine-grained relations, which has several
implications, particularly for this Dis category. 12
Dis cases involved the same relation, where one
relation had the additional suffix ‘-e’ to signify
an embedded unit, 19 cases involved a mismatch
between elaboration-object-attribute and
elaboration-additional, which mostly differ
due to the elaboration being restrictive or non-
restrictive. We note that the majority of the Dis
cases were of this nature and therefore represented
negligible ‘errors’.

5.1.3 Scope mismatch

In APA+PCC, of the various subcategories listed
for (3) at the end of Sct. 4, (i), (ii) and (iv) each
occur at most eight times in the data, so that we ig-
nore them here. (iii) has 50 instances and is actually
quite close to a ‘perfect match’, the only difference
being that one of the arguments of the relation is of
different length in the two annotations. Since this
can only be evaluated in context, we studied the 50
instances in their full tree context. In 8 cases (16%),
the judgement was Dis, as the underlying ‘logic’ in
one of the two analyses seemed implausible. We
found a single instance of EQ, where the different
scopes of a background relation actually lead to
different implications in the surrounding context.
The vast majority is Vague, usually involving an
EDU or very short span being attached to the tree
one level lower/higher in the two analyses. One
example is a sequence ‘If A, then B. Then C.”°
which can be analysed by first linking B and C into
a list that forms the satellite of the condition,
or by stacking two separate conditions.

°This sounds somewhat uncommon in English, but in Ger-
man, it is a way of deriving two conclusions from the same
antecedent.
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Figure 4: Relations in the categories ‘Perfect match’ or
German-language subcorpora (APA+PCC).

For longer spans, one recurring pattern stems
from annotators applying the “strong nuclearity
principle”.!® In one example, annotator A sees
span 8-13 as evaluating the preceding span 1-7;
for annotator B, EDU 13 evaluates span 1-12, but
therein, span 1-7 is the central nucleus. Both anal-
yses are plausible, the preference depends on the
“weight” one gives to the strong nuclearity principle
in the decision process.

Another prominent group of disagreements re-
sults from ambiguous contrastive/concessive ad-
verbials such as aber and dabei (which in En-
glish are best rendered by the conjunction ‘but’) or
stattdessen (‘instead’). When they appear sentence-
initial, their scope is not restricted by syntax, and
their function can be a “strong” contrast between
propositions or merely a “weak” signal of topic
change, which can lead to different assignments of
the boundary of the preceding span (and sometimes
of the following span).

Regarding (v) (16 instances) and (vi) (68 in-
stances), they are by their definition rather differ-
ent, sharing only the overall span (v) or only one
argument span (vi). Thus they are the closest con-
stellations to “no match”, and for now we leave
their investigation to future work.

The same patterns can be found in our RST-
'0This principle states that when a relation holds between

two spans, it also holds between the central nuclei of the spans
(Marcu, 2000).
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‘Relation mismatch’ in the double annotated subsets of the

41

DT subcorpus within the subcategory 3(iii), which
consists of 49 cases (of a total of 125 scope mis-
matches). We note that of these 49, the rela-
tion elaboration-additional is presentin 19 of
these cases (almost 40%), compared to its presence
in the whole corpus at 17%. The over-proportional
presence of this relation makes it clear that it is
difficult to pinpoint boundaries between what is
being elaborated upon and what constitutes an elab-
oration, particularly at a higher level in an RST
tree. Attribution also occurs frequently within
3(iii), and whilst some cases were judged to be Dis,
i.e. the scope of the attribution did not seem plau-
sible, other cases were ambiguous, with it being
difficult to tell how much of the information can
be attributed to a source. Examples of this include
citing a report or statement without direct quotes.
Overall, as the RST-DT has segmentation rules
that result in more EDUs per text, and generally
more embedded segments, other scope mismatches
involved relations such as sameunit, and both an-
notations are equally correct. We also note that
the RST-DT texts are mostly longer than those in
the German subcorpora and often consist of mul-
tiple paragraphs; this formal aspect leads to some
annotations which follow these text boundaries,
and others which do not, resulting in scope mis-
matches or left/right mismatches. The RST-DT
texts also represent different types of text that can
be found in a newspaper; some feature multiple



different topics which each have a lead sentence.
An annotator can choose to include the lead sen-
tence directly in the block of text related to the
lead, or can separate the lead with a relation such
as summary. The nature of this relation, as well as,
e.g., comment or circumstance, combined with
the mention of specific entities, can make it diffi-
cult to pin down exactly what is being commented
on or summarised. We also have three cases which
we classified as EO: These were all due to deci-
sions higher up in the tree, where more specific
relations were used, which then limit the scope of
elaborations in a specific way. One example of this
involved the relation Topic-Drift at the highest
level in the tree, which meant that an elaboration
was limited to the left-hand side of this relation.

5.2 Reasons for disagreement

Following the categorization of mismatches in the
Tace-induced five “formal” bins (step 1) and our
judgements on the statuses for a large subset of the
mismatches in APA+PCC and RST-DT (step 2) in
the previous subsection, we now propose categories
of the underlying reasons of the disagreements;
they resulted from our observations while conduct-
ing the status judgements that we just discussed
above.

Formal structural alternatives. When a se-
quence of EDUs plays the same rhetorical role
toward a common nucleus, this can be represented
either by stacking the same relation, or by first link-
ing the EDUs into a List, which is then attached
to the nucleus. Annotation guidelines should pro-
vide guidance for these situations. Likewise, they
should specify whether multinuclear relations with
more than two nuclei should be binarized or not.
(The GUM guidelines“ do this; others do not.)

Relation definition overlap. As RST defini-
tions operate with different notions, they are by no
means mutually exclusive. Elaboration, for ex-
ample, applies to many EDU pairs where another
relation (causal or other) is also appropriate, as
our mismatch data shows. Guidelines can suggest
to prefer relations that are more informative over
very general ones. Another domain where anno-
tators struggle to distinguish similar relations is
Antithesis/Concession/Contrast, as our con-
fusion matrices show.

Epistemic status of propositions. Evidence,
reason and cause differ in whether the satellite

Mhttps://wiki.gucorpling.org/gum/rst
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is presented as a factual or as a subjective state-
ment. In many of our corpus instances this is a
case of vagueness, where two analyses are equally
plausible.

Presupposed knowledge, subjective bias.
We found many cases where the decision on
non/indentity of referents (e.g., two names of lo-
cal geolocations) entails topic continuity or switch
and hence different coherence relations. Besides
such factual knowledge, other mismatches result
from subjective interpretation. One example from a
corpus text about raising children is the coherence
relation depending on whether the expression all
Sfamilies includes single parents with their children,
or not.

Assignment of ‘importance’. When annotators
apply the aforementioned strong nuclearity prin-
ciple, they assign degrees of importance to spans
and recursively to EDUs. This can be done by
using relations with a ‘good’ nucleus/satellite as-
signment (e.g., choosing between Background and
Elaboration, or between Cause and Result) or pre-
ferring a multinuclear relation like Joint. Percep-
tion of relative importance can be highly subjective,
however, and the interdependencies between rela-
tion/nuclearity decisions on low and high levels of
the tree lead to ensuing annotator disagreements.

Text structure. Attachment decisions on higher
levels can be influenced by the tension between
accounting either for common text structure pat-
terns (in editorials: opening—core—conclusion)
or for topic shift, which can run across the borders
of the structure blocks. Similarly, in the RST-DT
we found examples where the format of the article,
esp. paragraph breaks, seems to affect annotation
decisions.

Scope of adverbial connectives etc. This is not
as much an underlying reason but rather a surface
phenomenon that facilitates disagreements. We
mentioned examples of ambiguous connectives in
Sct. 5; other cases concern demonstratives (Due to
this, ..) and also ambiguous boundaries of indirect
speech: A said that B. C. Sometimes it is not clear
whether C is in the scope of said.

6 Discussion

Our findings on disagreements confirm and extend
those of Zikanova (2024), and provide a much
larger dataset for further study. We also find that
the ambiguity of coreferential expressions or at-
tributive verbs lead to scope mismatches in parallel
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annotations, while on the annotator level the percep-
tion of importance can lead to relation mismatches.
These sources of ambiguities are not specific to
RST annotation but a fact of language use, and they
connect to earlier findings that implicitness — the
lack of an overt signal clearly associated with a
specific relation — leads to more disagreement (Liu
et al., 2023; Pastor and Oostdijk, 2024). This is of
particular relevance to automatic discourse parsing
and led to the emphasis on signal annotation in
eRST (Zeldes et al., 2024).

Ambiguity that is inherent in language, however,
needs to be kept distinct from aspects of the the-
ory and the annotation guidelines that create some
undesirable choice points for annotators. Our ob-
servations on the interaction between perception
of importance and nuclearity assignments on all
levels of the tree reinforces the concerns stated by
Morey et al. (2018), who pointed out that the strong
nuclearity principle — and the degree to which an-
notators rely on it — leads to an inherently unclear
notion of the argument of a coherence relation in an
analysis. ‘Perception of importance’ is inherently
subjective, like the ambiguities discussed above,
but it should not propagate to an array of other
annotation decisions and cause additional variabil-
ity in the structures of longer texts. A large num-
ber of disagreements that we classified as due to
Vagueness result from this.

The second important source for them is the rou-
tine applicability of multiple relation definitions to
a given text span. Our ‘status’ categories distin-
guish Vague from Both, where the former may to
some extent be curable by clearer relation defini-
tions, while the latter corresponds to the situation
where an annotator should have the option to in
the first place assign two relations rather than one.
The eRST approach offers this, though only in the
presence of overt signals; it can be worthwhile to
investigate annotators’ behaviour if it would also
be allowed in implicit contexts. In addition, other
forms of underspecification (of the scopes of cer-
tain relations) could be a way of reflecting actual
vagueness from the viewpoint of an annotator.

Offering annotators the means to make their un-
certainties transparent requires a revised model of
discourse structure, and still we will usually work
with multiple annotators, so that their potentially-
underspecified representations need to be compared
in systematic ways to one another. In addition, the
consequences for machine learning in discourse
parsers and for their evaluation need to be con-

43

sidered — all aspects of perspectivism need to be
attended to.

7 Conclusions

This is the first study of RST annotation disagree-
ment that uses a sizeable English/German dataset
with two alternative trees, which (except for the
RST-DT) we also make publicly available. We
have proposed a method for systematically study-
ing the disagreements in three steps of analysis: (i)
A formal analysis that extends the output of Tace
and builds a list of individual points of disagree-
ment between the annotators. (ii) An evaluation of
the status of these disagreements. (iii) A typology
of reasons for these disagreements. Using parts of
our corpus — 480 instances of disagreements in to-
tal — we undertook a first qualitative analysis in this
way, and then discussed some implications for po-
tential improvements of annotation guidelines and
for incorporating uncertainty into the annotation
process.

Limitations

Our study started out with alternative RST analyses
that are built on identical EDU segmentations. We
believe this is a good decision when first embarking
on the empirical analysis of RST structures, but
ultimately, segmentation needs to be included into
the overall picture.

The judgements made from the perspective of
the ‘third annotator’ in Sct. 5 are the decisions of
one of the authors of this paper; from a method-
ological perspective they can be strengthened by
adding a second expert and determining agreement.

Our approach makes inspecting many types of
agreement more efficient, but removing the context
from the material that is being judged obviously
creates some limitations. For scope mismatches,
we consulted the full text, but for relation mis-
matches on identical spans we did not. This might
lead to some inaccurate judgements.

Finally, using Tace limits the approach to han-
dling concurrent annotations pairwise; if more than
two are available, they cannot be immediately inte-
grated into the present workflow.
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A Appendix

A.1 Confusion matrices

Figures 5 and 6 show the confusion matrices for
perfect matches and relation mismatches in the
UNSC and the RST-DT, respectively.

A.2 Tace categories

Table 2 shows how we produced our annotation la-
bels using the output from Tace.!? In a first step, we
used all the matches from Tace. Tace distinguishes
between three different categories when comparing
two RST trees: ‘no matching’, ‘partially identi-
cal CS’ and ‘completely identical CS’. For each
category, it is further specified which of the four as-
pects match (nuclearity, relations, constituents, and
attachment points). More information on what con-
stitutes a match can be found in Wan et al. (2019).
We used the categories outlined in Table 2. We then
went through the ‘no matches’ category, according
to Tace, and applied simple rules to find further
members of our categories. We did this as we are
interested in all cases of e.g. relation mismatch,
regardless of whether the central subconstituent is
the same (which is the method Tace uses to classify
matches). We applied the rules in the following
order: relation mismatch, relation mismatch with
nuclearity switched, left/right mismatch, scope mis-
match. An annotated unit can only occur once in
our categorisation.

2More information can be found in our script: https://
github.com/discourse-1lab/RSTmulti/. Tace is available
here: https://github.com/tkutschbach/RST-Tace.
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Tace output Matching Agreement Disagreement Other conditions
Perfect match NRCA
Relation mismatch NCA
Ci=C2 and N/N-N/S, # R
Al=A2 or CI=A2
and A1=C2
Ci=C2 and | A N/N-N/S, # R
Al=A2
Ci=A2 and N/S, #R
Al=C2
Left/right mismatch Completely identi- | C N/S, # R
cal CS
Partially identical N/N-N/S, # R One span identical, the
CS non-identical span on left
in first annotation and on
right in second annotation
Scope mismatch NR
NRC
NRA

Not in any of the above
categories, other condi-
tions are outlined in Sec-
tion 4

No match

Not in any of the above
categories

Table 2: Information on how our categories were derived using Tace’s (Wan et al., 2019) output.
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Abstract

Bridging refers to the associative relationship
between inferable entities in a discourse and the
antecedents which allow us to understand them,
such as understanding what "the door" means
with respect to an aforementioned "house". As
identifying associative relations between enti-
ties is an inherently subjective task, it is difficult
to achieve consistent agreement in the annota-
tion of bridging anaphora and their antecedents.
In this paper, we explore the subjectivity in-
volved in the annotation of bridging instances
at three levels: anaphor recognition, antecedent
resolution, and bridging subtype selection. To
do this, we conduct an annotation pilot on the
test set of the existing GUM corpus, and pro-
pose a newly developed classification system
for bridging subtypes, which we compare to
previously proposed schemes. Our results sug-
gest that some previous resources are likely
to be severely under-annotated. We also find
that while agreement on the bridging subtype
category was moderate, annotator overlap for
exhaustively identifying instances of bridging
is low, and that many disagreements resulted
from subjective understanding of the entities
involved.

1 Introduction

Bridging is an anaphoric phenomenon where a
newly introduced discourse entity is dependent on
an associated, non-identical antecedent entity for
interpretation. The term “bridging” refers to a dis-
course participant’s construction of an implicature
from the entity they are currently processing back
to an antecedent entity (Clark, 1975). This asso-
ciative relation can be triggered by a broad variety
of linguistic mechanisms, including lexical part-
whole relations (a house - the door) and implicit
arguments (a murder - the victim). Since the phe-
nomenon was first commented on by Clark (1975),
it has received a variety of theoretical treatments,
including Prince (1981)’s closely related notion of
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Inferrables which centers information status as the
key component in identifying anaphoric bridging
relations. Such theoretical divides have resulted
in a number of different annotation formalisms
varying in their definitions of bridging, as well
as in their delineations of sub-varieties of bridg-
ing (Kobayashi and Ng, 2020). While there has
recently been some effort to harmonize bridging
annotations across different corpora (Levine and
Zeldes, 2024), the current landscape of bridging
resources remains heterogeneous. The lack of con-
sistency in and across bridging resources largely
stems from their differing definitions for bridging,
as well as the subjective annotator judgments that
go into identifying instances of bridging.

In this paper, we explore subjectivity in the anno-
tation of bridging anaphora in order to understand
how to account for that subjectivity and create more
consistent annotations in future efforts. We exam-
ine three stages in the annotation process where
annotators must make subjective judgments: (1)
recognition of the bridging anaphor, (2) resolving
back to its associated antecedent, and (3) identify-
ing the subtype category of the bridging pair. To
this end, we conduct an annotation pilot on the
test set of an existing English corpus, GUM (v10)
(Zeldes, 2017). While the GUM corpus includes
bridging annotations, the annotation guidelines are
underspecified and do not include bridging subtype
annotations. This annotation pilot is a preliminary
phase in the development a new bridging resource,
GUMBridge. For this effort, we develop a new
classification system for bridging subtypes orga-
nized under 3 relation types: COMPARISON rela-
tions, ENTITY relations, and SET relations, as well
as an additional OTHER category. We also create
annotation guidelines for how to identify instances
of bridging anaphor-antecedent pairs and how to
classify them into subtypes.

Analyzing the results of this pilot, we find on the
one hand that we are able to identify substantially

Proceedings of the 19th Linguistic Annotation Workshop (LAW-XIX-2025), pages 48-59
July 31, 2025 ©2025 Association for Computational Linguistics



more and denser attestation of bridging than sug-
gested by several previous resources. In terms of
subjectivity, we find moderate agreement for the
selection of the bridging subtype category and for
the selection of an antecedent for a given anaphor.
However, the annotator overlap in the recognition
of bridging anaphora is considerably lower, despite
mostly plausible precision. We conduct a qualita-
tive evaluation of the annotations from the pilot,
and we find that subjectivity plays a role in each
of the three annotator judgment stages listed above,
especially for recall. We explore this role for each
stage, and then give recommendations on how to
structure the annotation of bridging anaphora in
order to account for subjectivity in annotator judg-
ment.

2 Background

As mentioned above, there are a number of differ-
ent annotation formalisms for bridging, all with
somewhat different definitions of bridging as a phe-
nomenon. In English, the evaluation of bridging
resolution systems (systems which aim to automat-
ically identify bridging anaphora and resolve back
to their associative antecedents) is commonly con-
ducted using the following three corpora: ISNotes
(Markert et al., 2012), BASHI (Rosiger, 2018), and
ARRAU RST (Poesio and Artstein, 2008; Uryupina
et al., 2019). While ARRAU RST annotates bridg-
ing instances by identifying mention pairs that es-
tablish cohesion in text and then classifies then via
a set of predefined semantic relations, ISNotes and
BASHI annotate bridging anaphora based on the
information status of entities, considering bridging
to be a sub-variety of mediated information.

The information status (IS) of an entity refers to
the extent to which the entity is accessible to the
reader/hearer of a discourse (Nissim et al., 2004).
Generally speaking, "New" information is unrec-
ognized by the reader/hearer, while "Given" in-
formation is recognized. "Given" entities may be
recognized by the reader/hearer for various reasons:
the entity may have been previously introduced in
the discourse (coreference), the entity may be ac-
cessible via generics/world knowledge, or, in the
case of bridging, the referent of the entity may be
inferred from a previous entity in the discourse. In-
stances of bridging and generics/world knowledge
are both considered "Accessible" in that they are
recognized by the reader/hearer when they are first
introduced to the discourse, but only instances of
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bridging depend on an associative antecedent for
comprehension.

Bridging Bridging per

Tokens Instances 1k Tokens
ARRAU RST 229k 3.7k 16.5
ISNotes 40k 663 16.6
BASHI 58k 459 7.9
GUM (v10; full) 228k 1.9k 8.3
GUM (v10; test only) 26k 222 8.5
GUMBridge (v0.1) 26k 401 154

Table 1: Frequency of bridging instances several English
bridging resources.

There are also a number of other existing bridg-
ing resources: in English, GUM, SciCorp (Roe-
siger, 2016), corefpro (Grishina, 2016), RED
(Richer Event Descriptions, O’Gorman et al. 2016);
as well as in other languages: GRAIN (Schweitzer
et al., 2018) and DIRNDL (Eckart et al., 2012) in
German, PDT (Nedoluzhko et al., 2009) in Czech,
and PCC (Ogrodniczuk and Zawistawska, 2016)
in Polish, to name a few. There have additional
been efforts in areas closely related to bridging,
such as Recasens et al. (2010), which puts forward
a typology for classifying near-identity relations
(NIDENT) for coreference, and Modjeska (2004)’s
work on other-anaphora, which we now consider a
subtype of bridging. We provide background on IS-
Notes, BASHI, and ARRAU RST, as they are com-
monly used in bridging resolution evaluation (Yu
et al., 2022; Kobayashi et al., 2023), and they illus-
trate diverging perspectives on identifying bridging
instances. Table 1 shows comparative statistics for
these three resources, the original GUM bridging
annotations, and the bridging annotations produced
in the GUMBridge annotation pilot described in
this paper.

ISNotes is a corpus of 50 Wall Street Jour-
nal (WSJ) documents from the OntoNotes corpus
(Weischedel et al., 2011) annotated for fine-grained
information status. ISNotes distinguishes three
main categories of IS: New, Old, and Mediated.
01d information is that which known to the hearer
and/or has been refereed to previously, while
New information is introduced for the first time.
Mediated information has not been introduced
before, but is not independently comprehensi-
ble, requiring either an inference from a previ-
ous mention or from general/real-world knowl-
edge. Within the Mediated category, there are
six subcategories, including bridging. The cor-
pus contains 663 instances of bridging in the



mediated/bridging category, and there are an
additional 253 instances of comparative anaphora
in the mediated/comparison category, which is
considered a variety of bridging (~16.6 bridging
instances per 1k tokens). Markert et al. (2012)
report Cohen’s x for annotator pairs, ranging
~0.6-0.7 for mediated/bridging, and ~0.8 for
mediated/comparison. They note that the agree-
ment for mediated/bridging is more annotator
dependent relative to the other IS categories.

The BASHI corpus is also annotated on top of
50 WSJ documents from the OntoNotes corpus,
and it includes a total of 459 bridging pairs (~7.9
bridging instances per 1k tokens). Rosiger (2018)
introduces the contrast between referential bridging
and lexical bridging, where referential bridging is a
properly anaphoric relation (antecedent is required
for the interpretation of the anaphor) and lexical
bridging is a non-anaphoric semantic relation be-
tween two entities. The corpus specifically contains
annotations only for referential bridging, not lex-
ical bridging. The bridging instances in BASHI
have the subtypes definite, indefinite, and compar-
ative anaphora. Annotator agreement is reported
for these categories individually and together. The
joint agreement for identifying bridging pairs is
59.3%, with a higher rate for comparative anaphora
at 71.4% and lower agreement for definite at 63.8%
and indefinite at 42.3%.

ARRAU is a multi-genre corpus covering a vari-
ety of anaphoric phenomena, composed of 4 sub-
corpora, each with its own annotation specifica-
tions. ARRAU RST is the largest sub-corpus, and
also the one most used in evaluation for bridg-
ing resolution. It is composed of WSJ news data,
and it includes 3,777 bridging annotations (~16.5
bridging instances per 1k tokens). ARRAU’s bridg-
ing annotation connects related mentions which
establish "entity coherence" via non-identity rela-
tions, but as this casts a very broad scope, annota-
tion is limited to a fixed set of semantic relations.
The corpus uses an inventory of 9 bridging sub-
types for annotation: possession, element-set,
subset-set, anaphora marked with ‘other’, along
with accompanying inverse relations of the previ-
ous, and an additional under-specified relation.
The annotation schema and guidelines for bridg-
ing in ARRAU were extended from the GNOME
project (Poesio, 2004). Coders in the GNOME
project displayed high agreement (95.2%) in the
choice of bridging subtype labels from its fixed set
of relations, but low recall (22%) in unanimously
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identifying instances of bridging.

Limiting annotation to a predefined set of re-
lations restricts the scope of bridging as a phe-
nomenon, but also aims to increase consistency
in the annotation. However, as has been noted in
Rosiger (2018), annotating from predefined rela-
tions can also introduce false positives, in the case
that an instance of a semantic relation is not actu-
ally a case of associative anaphoric reference that
would constitute referential bridging. For instance,
the case of Europe - Spain displays a meronomy
relation, but it is not anaphoric because Spain can
be interpreted without reference to Europe. Anno-
tating from an information status informed perspec-
tive aims to avoid such false positives, providing
a more concrete linguistic criteria for identifying
instances of bridging when compared to the notion
of "entity coherence", and eliminating the need
to only annotate a predefined set of relations for
scoping reasons. However, this information sta-
tus based approach also greatly widens the scope
of what should be considered bridging, which in
turn increases the influence of subjective judgment
by annotators. As such, in order to forward an in-
formation status informed annotation perspective,
we must develop means of dealing with additional
subjectivity it produces.

As we can see in Table 1, there has been consid-
erable variation in the frequency of bridging anno-
tations in previous resources, with ARRAU RST
(counting both lexical and referential bridging) and
ISNotes identifying bridging instances with approx-
imately twice the rate per 1k tokens as the annota-
tions in BASHI and GUM v10. This suggests that
some previous bridging resources, such as BASHI
and GUM, have likely been under-annotated for
bridging instances and prompts a need for the reex-
amination of bridging annotation procedures.

3 Annotation Pilot

The analysis on subjectivity in the annotation of
bridging instances in this paper is conducted using
the results of an annotation pilot for the creation of
a new bridging resource called GUMBridge. Built
on top of GUM, an existing multi-genre corpus
of English, GUMBridge aims to unite aspects of
currently existing formalisms: using an informa-
tion status-informed view of identifying bridging
instances (as in ISNotes and BASHI), followed
by subtype categorization using a taxonomy of
semantic relations (as in ARRAU). Additionally,



GUMBridge aims to add genre diversity to the core
English bridging resources, as ISNotes, BASHI,
and ARRAU RST are all composed of WSJ news
data from more than 30 years ago, offering little
to analyze in terms on genre diversity. While the
development of this resource is still underway, an
adjudicated version of the bridging annotations for
the GUMBTridge test set (version 0.1) is released
with this paper!. The details of this adjudication
process are described in Section 3.5. The guide-
lines for identifying instances of bridging (v0.1)
are described in Section 3.1, and the classification
system for bridging subtypes (v0.1) is described in
Section 3.2.

3.1 Identifying Bridging Instances

In the GUMBTridge annotation effort, we adopt an
information status-informed perspective on identi-
fying instances of bridging anaphora. As stated in
Section 2, the information status of an entity refers
to the extent to which an entity is accessible to the
reader/hearer of a discourse upon its introduction.
We say that an entity is “Accessible” if it has not
been mentioned before but its reference is infer-
able for a reader/header. Bridging occurs when
the first mention of an entity is “Accessible” via
an inference from a previous, non-identical entity
in the discourse. In contrast with entities which
are accessible due to being generic, or being part
of world knowledge or the discourse situation, the
bridging anaphor is not accessible by itself, but
dependent on the previous entity for interpretation.
Annotators are provided with an overview of this
definition of bridging and accessibility and are in-
structed to consider the following when deciding
whether a particular entity is a bridging anaphor:

1. Do you judge this entity to be to some degree
accessible in the discourse?

Does that accessibility rely on the understand-
ing of a previous entity in the discourse? If
so, identify that previous entity’s most recent
mention.

If the entity passes the above criteria, it is a bridg-
ing anaphor and the previous entity is its associative
antecedent. Once identified, a bridging pair can
then be assigned a subtype category as described
in the following section.
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3.2 Classification of Bridging Subtypes

In order to categorize the varieties of bridging
present in GUMBridge, we create a new classi-
fication system for bridging subtypes. The classifi-
cation system is composed of 11 categories, 10 of
which are organized under 3 relation types: COM-
PARISON relations, ENTITY relations, and SET re-
lations, and an additional OTHER category. The
bridging subtype classification system developed
for GUMBridge (v0.1) is shown in Figure 1. A
brief description of each of the bridging subtypes
follows below. A brief comparison to the bridging
subtypes of ARRAU is included in Appendix C.

COMPARISON-RELATIVE The anaphor is pre-
ceded by a comparative marker (other, another,
same, more, etc.), ordinal (second, third, etc.), or
comparative adjective (larger, smaller, etc.), which
implies a comparison to the antecedent (or vice
versa).

(1

Several women walked into the room.
Other women soon followed.

COMPARISON-TIME The anaphor refers to a
specific time/time frame which is understandable
with reference to the time/time frame expressed by
the antecedent (or vice versa).

2) I went shopping Wednesday, March 3rd. 1

will go again the following Wednesday.

COMPARISON-SENSE The type of the anaphor
is omitted but inferable via comparison to the an-
tecedent (or vice versa).

3)

I’ve been to the Chinese restaurant. I want
to go to the Italian one.

ENTITY-ASSOCIATIVE The anaphor is an at-
tribute or closely associated entity of the antecedent
(or vice versa). This frequently manifests as im-
plicit arguments of a predicate as in example (4),
relational nouns as in example (5), and prototypical
associations as in example (6):

4 There was a murder last night. The victim
has yet to be identified.

(5) There is a child in the park. The parent
must be nearby.

(6) I went to a wedding last week. The recep-

tion was really fun.

"https://github.com/lauren-lizzy-levine/gumbridge
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Figure 1: Bridging Subtype Classification in GUMBridge vO0.1.

ENTITY-MERONOMY The anaphor is a subunit
of the antecedent (or vice versa), i.e., there is some
part-whole relation between the anaphor and the
antecedent.

@) I saw a large house by the lake. The door

was red.

ENTITY-PROPERTY The anaphor is a physical
or intangible property of the antecedent (or vice
versa). For example: smell, length, style, etc.

()

I picked up a bouquet of roses. The scent
was lovely.

ENTITY-RESULTATIVE The anaphor is logically
inferable from the antecedent (or vice versa). This
is typically the result of a transformative or product
producing process, such as cooking.?

€))

Though my flour was a strange texture, the
bread came out perfectly.

SET-MEMBER The anaphor is an element of the
antecedent set (or vice versa).

(10) I got several books for my birthday. The

mystery novel was my favorite.

SET-SUBSET The anaphor is a subset of the an-
tecedent set (or vice versa).

(11) A group of students entered the hall. The

boys wore neckties with their uniforms.

This subtype subsumes the TRANSFORMED type pro-
posed by Fang et al. (2022) specifically for recipe outcomes.
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SET-SPAN-INTERVAL The anaphor is a sub-span
of the spatial or temporal antecedent interval (or
vice versa).

(12) If you want to meet up on Sunday, I will

be free in the morning.

OTHER The anaphor and antecedent fit the crite-
ria for identifying a bridging pair, but do not fall
into any of the bridging subtypes detailed above.
For instance, Ogrodniczuk and Zawistawska (2016)
give examples of metareference:

(13) I went to Sensational Cakes yesterday, but

I didn’t think the cakes were very good.

Metareference allows for reference back to a
name or label, as in example (13). Such instances
are unique and interesting enough to wish not to
shoehorn them into another category, but are not
common enough to warrant a separate category in
the subtype classification.

As stated in Section 3.1, the criterion for iden-
tifying instances of bridging is anaphoric, relying
on information status and resolution back to an
associative antecedent. The subtype labels primar-
ily allow us to understand how the phenomenon
manifests in a discourse, and, as such, there is no
theoretical reason to limit the number of subtypes
that can apply to an instance of bridging to just one.
Indeed, there are cases of bridging where multiple
subtypes may apply:

(14) Several women walked into the room.

One left immediately.



(15) I will come to visit this week, as I could

not come the previous week.

Example (14) shows an instance for which
COMPARISON-SENSE and SET-MEMBER both ap-
ply, while example (15) show a case where
COMPARISON-RELATIVE and COMPARISON-TIME
apply. In this annotation pilot, annotators where
instructed to select a single bridging subtype, priori-
tizing certain categories over others if they occurred
together. However, in principle, all applicable sub-
types could be annotated. In our subsequent efforts
to annotate the remaining data in GUM and pro-
duce a full version of GUMBridge, we intend to
support the annotation of multiple bridging sub-
types for a single bridging pair for the entire cor-
pus.

3.3 Annotation Procedure

The GUMBridge annotation pilot was conducted
on the test set of the existing GUM (v10) cor-
pus, which consists of 26 documents (~26k to-
kens) across 16 genres (academic writing, biogra-
phies, courtroom transcripts, essays, fiction, how-
to guides, interviews, letters, news, online forum
discussions, podcasts, political speeches, sponta-
neous face to face conversations, textbooks, travel
guides, and vlogs). The GUM corpus already in-
cludes annotations for entity spans, coreference,’
and information status, i.e., "New", "Given", and
"Accessible" (not including accessibility from in-
stances of bridging).

The documents of the test set were double anno-
tated, with one author of this paper acting as An-
notator A and various linguistics graduate students
acting as Annotator B for different documents in
the test set. Each of the 8 annotators acting as An-
notator B was assigned between 2 and 4 documents
of the test set. The annotation was completed using
the GitDox annotation interface (Zhang and Zeldes,
2017). For the existing entity annotations in the
document, the annotator was instructed to identify
whether the entity is a bridging anaphor, and, if
so, create a link between the anaphor and its asso-
ciative antecedent. The annotator was instructed
to also update the IS of the bridging anaphor to
“Accessible” and select a bridging subtype annota-
tion for the anaphor. The full annotation guidelines

3The coreference scheme considers all mentions eligible
for bridging, including indefinite anaphors, discourse deixis
to non-nominal antecedents and more, see Zeldes (2022) for a
detailed discussion.
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provided to the annotators are included as supple-
mentary materials.

3.4 Agreement Study

In Table 2, we provide agreement numbers for three
stages of the bridging annotation process: anaphor
recognition, antecedent resolution, and subtype cat-
egorization.

Precision Recall F1 Score
Anaphor 0.44 0.34 0.38
Recognition
Anaphor+Ar.1t'ecedent 032 095 028
Recognition
Accuracy
Anteced.ent 072
Resolution
Cohen’s
Bridging
Subtype 0.58

Table 2: GUMBridge pilot inter-annotator agreement.

For the recognition of bridging pairs
(anaphor+antecedent) and recognition of the
bridging anaphor alone, we give the PRF of
Annotator B relative to Annotator A. We see
that the F1 for bridging anaphor recognition is
0.38, and the F1 for bridging pair recognition is
only 0.28. As the recognition of bridging pairs
is inherently limited by the recognition of the
anaphor, we also give the accuracy of Annotator
B selecting the antecedent entity when both
annotators agree on the bridging anaphor, which
is 72% of a total of 133 cases. Finally, for the 96
instances where both annotators agreed on the
anaphor and antecedent of a bridging pair, the
Cohen’s Kappa for the bridging subtype annotation
is 0.58, which indicates moderate agreement.
These numbers suggest that the key hurdle is in
anaphor recognition, though antecedent resolution
and subtype labeling are also non-trivial.

In Figure 2, we show a confusion matrix of
the bridging subtype labels assigned by Annota-
tor A and Annotator B to the overlapping bridg-
ing pairs. We see that the subtypes with the
most overlap are the COMPARISON categories and
ENTITY-ASSOCIATIVE. And while there are some
categories for which the disagreement is spread
among a number of categories, we see that the cat-
egories of ENTITY-MERONOMY and SET-MEMBER
are particularly confusable, which indicates how
part-whole and set-member relations can be quite
similar. The categories of ENTITY-ASSOCIATIVE
and OTHER are also particularly confusable, which
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Figure 2: Confusion matrix of bridging subtypes for
bridging instances with matching anaphor and an-
tecedent annotations.

speaks to how ENTITY-ASSOCIATIVE may be an
overly broad category. Although agreement on
bridging subtype annotation is moderate, it is clear
that refinement in the guidelines for the categories
is still needed. However, as agreement on the identi-
fication of bridging instances is substantially lower,
recognition of bridging anaphora forms the limiting
point in the annotation process.

3.5 Data Adjudication

As shown in the previous section, the results of
the annotation pilot had low annotator agreement,
necessitating a qualitative analysis of annotations
to determine the cause of the disagreements. As
a part of this process, the annotations from the
pilot were adjudicated to produce a single set of
reference bridging annotations for the test set of
GUMBridge (v0.1), available with the release of
this paper under the Creative Commons Attribution
(CC-BY) version 4.0 license. The composition of
the GUMBTridge test set by bridging subtype after
the adjudication is shown in Appendix A. The test
set of GUMBridge has a total of 401 bridging anno-
tations, with an average of 15.4 bridging instances
per 1k tokens. This is on par with the higher rate
of bridging instances per 1k tokens found in IS-
Notes and ARRAU RST as shown in in Table 1.
While the limited size of the data set annotated in
this pilot limits our ability to make observations
on genre effects, for completeness, a breakdown of
the bridging relation types observed in each genre
is included in Appendix B .

Notably, the number of instances in the test set of

Completely Matching 61
Different Subtype 35
Different Antecedent 37

Annotator B Only 172
Annotator A Only 257
Total 562

Table 3: Counts of annotator agreement/disagreement
types in GUMBTridge pilot annotations.

the GUM (v10) annotations nearly doubles, going
from 222 instances of bridging to 401 in GUM-
Bridge test, suggesting a significant improvement
in coverage of bridging instances in this new anno-
tation effort. Even though there is less consistency
in this annotation effort compared to some of those
discussed in Section 2, numbers suggest higher re-
call, which allows us to capture a greater scope
of bridging instances. As bridging is generally a
sparse phenomenon, the annotations can be man-
ually reviewed and validated in the adjudication
process even if initial agreement is low. As such,
we believe it is preferable to favor a high recall
method of annotation and eliminate false positives
upon review, rather than risk many interesting cases
that will remain unidentified.

The adjudication process involved comparing all
of the diverging judgments from Annotator A and
Annotator B at the level of anaphor, antecedent, and
subtype. Table 3 shows the proportion of such dis-
agreements in the pilot annotations. Of the 172 in-
stances that Annotator B labeled as bridging which
Annotator A initially did not label as bridging at all,
upon reevaluation, it was concluded that 64 (37%)
could reasonably be considered a form of bridging.
Many of these judgments relied on subjective un-
derstanding of the discourse entities involved. In
the following section, we provide an analysis of the
impact of subjectivity in this annotation pilot and
how it may be better handled in the future.

4 Subjectivity in Bridging Annotation

Previous work on subjectivity in the development
of linguistic data has heavily featured areas where
annotator judgments can be highly variable, such
as hate speech detection and sentiment analysis
(e.g., Waseem (2016); Kenyon-Dean et al. (2018)),
though attention has also been given to tasks which
seem more objective, such as part of speech an-
notation (e.g., Plank et al. (2014)). Several works
discuss the paradigms for and implications of in-
cluding subjective judgments in annotation efforts,
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rather than trying to eliminate all ambiguity (Oves-
dotter Alm, 2011; Réttger et al., 2022). Ultimately,
the appropriate approach depends on the linguistic
task at hand and what the researchers are hoping to
achieve with the annotation effort.

Although detailed guidelines are provided to an-
notators in this paper’s annotation pilot, subjective
judgment is still an inherent part of the annotation
of bridging instances, as annotators are making
decisions based off their understanding of the im-
plicit relationships that exist between entities in
a discourse. As previously noted, there are three
decision points in the annotating of bridging in-
stances that can introduce subjective judgment: (1)
recognition of the bridging anaphor, (2) identifying
the corresponding associative antecedent, and (3)
selecting the bridging subtype category of the pair.
The sections below give examples to illustrate the
unique considerations regarding subjectivity that
are present at each of these annotation stages.

4.1 Subtype Categorization

Selecting a bridging subtype category relies on un-
derstanding the relationship between the anaphor
and the antecedent in a bridging pair. The exact
nature of the relationship between two entities is
dependent on the annotator’s subjective conception
of the two entities. It is possible that a lack of fa-
miliarity with related entities may cause annotation
eITors:

(16)

In example (16), “the cuttings” refer to cactus cut-
tings, each of which is a whole pad. Without this
particular knowledge, it would be reasonable for
an annotator to assume that a pad is a portion of a
cutting or that a cutting is a portion of a pad.
There may be additional uncertainty in interpret-
ing an entity based on the context of the discourse:

the cuttings — the first pad

(17)  peppermint plants — the mint

In the discourse context of example (17), it is un-
clear whether “the mint” is referring back to a spe-
cific part of the peppermint plant (e.g. the leaves),
or whether it is an instance of synecdoche, referring
to the plant as a whole.

There are also instances where multiple subtypes

are possible in the context of the discourse:
(18) some basil — seed

In the discourse context of example (18), a ques-
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tion is being posed whether “some basil” can be
grown from “seed”. As such, it is reasonable to
say that the basil comes from the seed in which
case the subtype would be ENTITY-RESULTATIVE.
However, it is also reasonable to say that seed is a
part of the basil plant, in which case the subtype
would be ENTITY-MERONOMY. In such cases, it
is necessary to have a priority hierarchy for de-
ciding which bridging subtype category should be
assigned, or we must allow for multiple subtype
annotations. In future work, we intend to support
the annotation of multiple bridging subtypes for
the entire GUMBTridge corpus.

4.2 Antecedent Selection

When an annotator is selecting the associative an-
tecedent of a bridging anaphor, there are also op-
portunities for subjective judgments to be made.
In some cases, it is possible that multiple preced-
ing entities could be reasonable candidates for a
bridging antecedent:

(19) your mouth — other body parts...

teeth — other body parts...

The example (19) refers to a case where a dental
cast is being made and the narrator wonders what
other body parts can be given the same treatment.
It is not clear whether “the other body parts” are
more appropriately in contrast with the “mouth” or
“teeth”, or even both, if we accept both teeth and
mouths as body parts.

There is also the possibility for disagreement on
the denotation of the anaphor:

(20) the bridge — the edge

the upper levels — the edge

In example (20), the narrator considers looking
over “the edge”, and it is unclear whether it is the
edge of a particular bridge, or if it is the edge of
some general upper level. In such cases, it may be
beneficial to impose an easy to execute heuristic,
such as selecting the option nearer to the bridging
anaphor, assuming we are aiming for a single ref-
erence decision. Note that this is different from
cases in which multiple labels apply, since the two
interpretations, while both possible, are mutually
exclusive.

4.3 Anaphor Identification

When identifying a bridging anaphor, annotators
must make subjective judgments on whether an



entity is accessible due to world knowledge (and
hence not bridging) or whether the accessibility
can be attributed to an antecedent entity. For in-
stance, one annotator had “Leucippus and Democri-
tus” bridge from “ancient Greek philosophers”, but
not “Aristotle” who is more widely known. This il-
lustrates how an annotator’s world knowledge may
influence what they consider to be “Accessible” in
a manner that is undesirable as it will lead to in-
consistencies among annotators. We recommend
that concrete criteria for generic/world knowledge
accessibility should be tied to a knowledge base,
such as Wikipedia, rather than left up to individual
annotator judgment. For named entities, this type
of linking or Wikification is already available for
GUM (Lin and Zeldes, 2021) and will be integrated
in future annotation efforts.

5 Conclusion

In this paper, we examine the influence of subjec-
tivity in annotator judgment on the various stages
of annotating instances of bridging. We make this
examination using the resulting annotations from a
pilot to create a new resource for bridging annota-
tions, GUMBridge. We also release an adjudicated
version of the bridging annotations for the prelimi-
nary test set of GUMBridge (v0.1). In subsequent
work, we plan to refine the guidelines and annota-
tion procedure used in this pilot, which we will then
use to annotate the remainder of the GUM corpus
(dev and train) to produce a full version of GUM-
Bridge, as well as extending our annotations to
GUM’s out-of-domain challenge test set, GENTLE
(GEnre Tests for Linguistic Evaluation, Aoyama
et al. 2023). As the time and effort required to
manually annotate bridging limits the scalability
of the annotation process, we will also investigate
incorporating semi-automated methods, such as
combining LLMs or other systems for bridging res-
olution with human correction in order to improve
the efficiency of the process.

In our development of GUMBridge test (v0.1),
we found that annotators’ agreement on selecting
the subtype of a bridging pair was moderate, but
that it was more difficult to get the annotators to
align on the identification of bridging anaphora.
This indicates that recognition of bridging anaphora
is the stage in the annotation process that is most
vulnerable to the subjective judgment of annotators,
and that should be given the most consideration
when trying to account for annotator subjectivity.
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While some subjectivity arises from the inherent
ambiguity of language in context, other aspects
of subjectivity can be accounted for by providing
guidelines on how to decide on preferable judg-
ments when multiple options are available.

Limitations

The analysis presented in this paper on subjectivity
in the annotation of bridging anaphora is based on
a pilot annotation study for a new resource that is
still in development. This limits the amount of data
available for analysis to a test set of 26k tokens.
The reliability of the annotation schema is also
a limitation, as the results of the annotation pilot
showed agreement on identification of bridging
anaphora to be undesirably low, and the annotation
schema/instructions will need to undergo revision
in future work.
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A Subtypes in GUMBridge Test

Table 4 shows the counts of the bridging subtypes
in the adjudicated version of GUMBridge test v0.1.

B Subtypes by Genre in GUMBridge Test

Figure 3 shows the number of bridging instances
per 1k tokens of each bridging relation type
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COMPARISON

RELATIVE 59
TIME 27
SENSE 45
Subtotal 131
ENTITY
ASSOCIATIVE 124
MERONOMY 37
PROPERTY 9
RESULTATIVE 21
Subtotal 191
SET
MEMBER 31
SUBSET 14
SPAN-INTERVAL 18
Subtotal 63
OTHER 16
Total 401

Table 4: Counts of bridging subtypes in adjudicated
GUMBridge data.
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Figure 3: Counts of bridging relation types by genre in
adjudicated GUMBridge data.

(COMPARISON, SET, ENTITY, and OTHER) in each
of the 16 genres in GUMBridge test (v0.1).

C Comparison with ARRAU Bridging
Subtypes

In order to allow for better comparison between
the resources of GUMBridge and ARRAU, we in-
clude a brief comparison of how ARRAU’s bridg-
ing subtypes* map onto the proposed schema for
GUMBridge:

*As the GUMBridge schema does not differentiate the
relative roles of the anaphor and antecedent in the subtype
relation, ARRAU’s inverse subtypes map the same as their
regular subtypes.
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possession —  Part-of relations that will mostly
fall under ENTITY-MERONOMY or ENTITY-
PROPERTY.

element-set — Maps to SET-MEMBER.
subset-set — Maps to SET-SUBSET.

‘other’ anaphora — Maps to COMPARISON-
RELATIVE, which encompasses additional compar-
ative markers not covered in ARRAU, including
ordinals and comparative adjectives.

under-specified — ENTITY-ASSOCIATIVE un-
less one of the other ENTITY subtypes is a better fit
based on the context. However, sense anaphora
(green shirt — red one) should be mapped to
COMPARATIVE-SENSE.
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Abstract

This paper presents strategies to revise an au-
tomatically annotated corpus according to the
Universal Dependencies framework and dis-
cusses the learned lessons, mainly regarding
the annotators’ behavior. The revision strate-
gies are not relying on examples from any spe-
cific language and, because they are language-
independent, can be adopted in any language
and corpus annotation initiative.

1 Introduction

The construction of annotated datasets is a challeng-
ing task, especially for low-resource languages. In
order to take advantage of the experience of high-
resource languages, projects in other languages
have adopted successful annotation models, “skip-
ping” the steps of instantiating a theory (i.e., the
linguistic model to be used) and creating tag sets,
which are steps discussed by Hovy and Lavid, 2010
and Pustejovsky et al., 2017. Reutilizing annota-
tion models is important, but is also key to have
information on how to design an annotation task.
It has become clear to the scientific community
that sharing the know-how to building annotated
corpora can encourage other research groups to
undertake their own annotation projects. For this
reason, over the last two decades, discussion on the
corpus annotation process has been gaining promi-
nence in the Natural Language Processing (NLP)
scene.

Seminal works laid the foundations of “annota-
tion science” (Ide, 2007; Hovy and Lavid, 2010;
Ide and Pustejovsky, 2017). The availability of
new technologies has brought new possibilities,
such as crowdsourcing the annotation (Snow et al.,
2008; Hovy et al., 2013) and using LLMs as annota-
tors (Pavlovic and Poesio, 2024; Weissweiler et al.,
2023; Torrent et al., 2024). In addition, annotation
has expanded its purposes, as shown by the case
of perspectivism (Leonardelli et al., 2023; Akhtar
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et al., 2021), which takes into account annotation
disagreements. However, perspectivism hardly ap-
plies to the traditional prescriptive paradigm, which
is the case of the annotation discussed here (see
Rottger et al., 2022 for a comparison between pre-
scriptive and descriptive annotation paradigms).

Depending on the annotation model, differ-
ent annotation formats and standards are adopted.
For the Universal Dependencies (UD) framework
(de Marneffe et al., 2021) — the focus of this paper
—the CoNLL-U format is the standard. This format
is an evolution of CoNLL-X (Buchholz and Marsi,
2006) and was developed to annotate datasets used
in the shared tasks of 2017 and 2018 (Haji¢ and
Zeman, 2017; and Zeman et al., 2018).

To get an idea of the scope of the UD, its cur-
rent version (May, 2025) has 319 treebanks and
179 languages, representing a valuable resource for
training multilingual models and developing cross-
language studies. Thanks to this resource, sev-
eral multilingual parsers have been trained, such as
UDPipe 2 (Straka, 2018), UDify (Kondratyuk and
Straka, 2019) and Stanza (Qi et al., 2020), which
makes it possible to start a new annotation project
by automatically pre-annotating the corpus and pos-
teriorly manually revising it, which is another well
established annotation method.

The revision of a pre-annotated corpus is sig-
nificantly different from annotating from scratch.
Correcting an entire corpus in order to improve the
performance in some NLP task is a big challenge.
It is not evident which sentences contain errors or
how many errors there are. In particular, when the
tool used for pre-annotation already has good ac-
curacy, the annotators need to be very good judges
in order to analyze the sentences, identify errors
and propose corrections. In the particular case of
CoNLL-U, annotators have to deal with dozens of
labels and a multilayered annotation.

Drawing on five years of experience with an-
notation, this paper presents adopted (language
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agnostic) annotation strategies and discusses the
lessons learned — mainly those regarding annotator
behavior — for a corpus of news texts in Portuguese,
following the UD framework. We believe that the
fundamental lessons can provide insights for simi-
lar projects in other languages, and, for this reason,
we have purposely not presented any examples in
Portuguese, and, where we considered important
to provide an example, we have given it in English
to increase its usefulness.

Basically, we decided to adopt a “divide-and-
conquer” strategy, which consisted of revising
linguistic layers (in some of the 10 CoNLL-U
columns) separately and sequentially, as the infor-
mation of one layer benefits from the corrections
made in the others. This strategy allowed us to
learn during the process and inspired us to develop
resources to improve consistency, a fundamental
requirement for building a gold standard corpus.

This paper is organized as follows. In Section 2,
we comment on our project and on the reasons
that led us to choose the UD annotation. Section 3
presents our approach to annotation revision and
the strategies developed to iteratively combine the
best of human annotation skills with the best of
computational power, doing our best to ensure con-
sistency and to save time. Section 4 comments on
related work, and Section 5 draws some conclu-
sions and presents insights for future work.

2 The Porttinari Project

The aim of the Porttinari (Pardo et al., 2021) project
is to annotate corpora from different genres ac-
cording to UD, with a view to train robust and
multigenre parsers in Portuguese that benefit down-
stream applications.

The idea of choosing language-dependent theo-
ries, instantiating them, and creating our own an-
notation model was soon discarded, as this would
limit the future use of our parsers in multilingual
tasks. The reasons that led us to choose the UD
“universal” annotation model were:

* it is a model that has come a long way in refin-
ing tag sets applicable to different languages;

* 179 languages have already been annotated
with UD tag sets (UD v2.16, May, 2025);

* the maintainers are speakers of different lan-
guages, constituting a multilingual initiative;
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* the community is active and open to discus-
sion, taking into account problems from dif-
ferent language families;

the set of annotated corpora has already
proven results both in multilingual applica-
tions and in typological studies;

although the tag sets of Universal Part-of-
Speech tags (UPOS, hereafter) and depen-
dency relations (DEPRELs, hereafter) are
fixed and do not allow changes, the CoNLL-
U model reserves a column for annotating
language-specific Part-of-Speech tags and al-
lows DEPRELSs to have subtypes, which gives
some flexibility for language-specific phenom-
ena to be covered (the CoNLL-U format is de-
scribed in Table 1 and exemplified in Table 2);

In what follows, we describe and comment on
the main steps of the annotation effort carried out
on our initial corpus, called Porttinari-base, com-
posed of news texts, containing 168,080 tokens and
8,418 sentences.

2.1 Tokenization and sentence segmentation

It is important to note that the minimum scope of
UD annotation is the token (which almost always
coincides with the concept of a word) and the maxi-
mum scope is the sentence. Therefore, the segmen-
tation into sentences and tokenization processes
need to be carried out carefully so that the CoNLL-
U files are well formed. Errors on these levels may
result in structural changes to the CoNLL-U files
and affect the entire annotation.

2.2 Selection of parser and annotation tool

We opted for UDPipe 2 (Straka, 2018) to pre-
annotate our data because it was already widely
adopted in the international research community,
reaching state-of-the-art results. We also previously
evaluated annotation tools and chose Arborator-
Grew (Guibon et al., 2020) because it has a very
user-friendly graphic interface and allows several
annotators to work at the same time, both in blind
and visible modes. Moreover, in Arborator-Grew
we can choose which layers to exhibit. Fig. 1 shows
the graphic interface used for human revisions, with
all layers exhibited.

2.3 Drawing up guidelines in Portuguese

When we started our annotation project following
the UD model, there were already annotated UD



1 2 3 4 5 6 7 8 9 10
ID FORM LEMMA UPOS XPOS FEATS HEAD DEPREL DEPS MISC
Token Token form Lemma of PoS tag in Optional List of mor- ID of the Dependency HEAD- Any
identifier (word or the token the UD tag extended phological ~ token’s head  relation tag DEPREL additional
(numeric) symbol) form set (language- features for the of the token  pairs for the annotation
specific) associated to  dependency  towards the enhanced
PoS tag the token tree token’s head  dependency
graph

Table 1: CoNLL-U 10-columns format to each token of a sentence (official UD abbreviation and content description).

ID FORM LEMMA UPOS XPOS FEATS HEAD DEPREL DEPS MISC

1-2 Id _ _ _ _ _ _ _ _

1 1 1 PRON  _ Case=Nom/Number=Sing|Person=1/PronType=Prs 3 nsubj _ _

2 would would AUX _ VerbForm=Fin 3 aux _ _

3 love love VERB _ VerbForm=Inf 0 root _ _

4 to to PART _ _ 5 mark _ _

5 set set VERB _ VerbForm=Inf 3 xcomp _ _

6 them they PRON  _ Case=AcclNumber=PlurlPerson=3|PronType=Prs 5 obj _ _

7 free free ADJ Degree=Pos 5 xcomp _ SpaceAfter=No
8 PUNCT _ 3 punct _ _

Table 2: Example of CoNLL-U annotation for the sentence “I’d love to set them free.”.

corpora in Portuguese, but they had only used the
generic UD guidelines. As Rottger et al. (2022)
argue, annotation for training models needs to be
prescriptive and accompanied by very clear guide-
lines, so that annotators can consult them during
the annotation process, improving the annotation
consistency. For this reason, our first step was
to produce two manuals explaining and exempli-
fying, in Portuguese, the use of the two UD tag
sets: UPOS and DEPREL, bridging the gap be-
tween general UD guidelines and observable phe-
nomena in Portuguese (Duran, 2021; and Duran,
2022). The first versions of both manuals were en-
riched throughout the process, adding examples of
not-so-frequent constructions found in the corpus
(currently the UPOS manual has 55 pages, and the
DEPREL manual has 166 pages with 308 annotated
examples).

3 The annotation strategy:
divide-and-conquer

Differentiating among 17 UPOS and 37 DEPREL
labels is a complex task, even for experienced lin-
guists. For this reason, we divided the revision task
into four steps, based on CoNLL-U columns:

Step 1 - column 4: UPOS;

Step 2 - column 3: LEMMA;
Step 3 - column 6: FEATS;

Step 4 - columns 7 and 8: HEAD/DEPREL.

This revision strategy was adopted with the be-
lief that it would create a cascade effect, yielding
the following outcomes:
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gradual accumulation of expertise in the tasks;

the mitigation of error propagation across an-
notation layers, as errors corrected in initial
columns reduce the likelihood of inconsisten-
cies in later ones;

the ability to select and train annotators for
the tasks, starting with those deemed simpler;

the opportunity to retrain the parser at the con-
clusion of each step and to apply it to the
portion of the corpus yet to be revised.

Although we did not anticipate a cyclical nature,
any decision that affected the entire corpus was
followed by a punctual revision of the already an-
notated sentences, in order to maintain consistency.

The remaining columns of CoNLL-U were not
revised: columns 1, 2, and 10 (ID, FORM, and
MISC) were only changed when we corrected seg-
mentation and tokenization problems; column 5
(XPOS) was left blank because we had no need to
use another PoS tag set; column 9 (DEPS) was left
blank because multilingual parsers were not (and
are not at the time of writing this paper) prepared
to simultaneously annotate enhanced dependencies.
In the following, we comment on lessons learned
during each of the four revision steps.

3.1 STEP 1 - Revising UPOS

We started with UPOS because it constitutes the
smallest and simplest set of UD labels with great
equivalence to the set of labels of the Brazil-
ian grammatical nomenclature. Furthermore, this
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Figure 1: Example of the tree representation of a sentence — codified in CoNLL-U — using Arborator-Grew.

nomenclature is a background that annotators al-
ready had and which could facilitate their training.
Additionally, from the UPOS, we can restrict the
FEATS and DEPREL accepted, making the next
steps easier.

The task of UPOS revision proved to be more
laborious than we first imagined. As the parser
we used had a good performance!, finding errors
required an “eagle eye” and the ability to stay fo-
cused. Not all annotators had this ability and this
step helped us to identify annotators with best per-
formance in revision tasks, whom we invited to the
next steps.

The task involves two sub-tasks: identifying the
error and suggesting the correct UPOS label. In
each package, all disagreement cases were ana-
lyzed by an experienced linguist who made the
adjudication and used what she learned during this
experience to give feedback to the annotators. The
assessment of the annotators’ work, therefore, was
based on the adjucator’s analysis of the disagree-
ments. This does not guarantee that all errors in
the corpus have been corrected. In fact, the main-
tenance of the corpus always brings some correc-
tions to errors identified after the first annotation
has been completed.

In some cases, annotators overlooked errors and
made no changes (a). When corrections were made,
three scenarios emerged: the error was correctly
identified and appropriately corrected (b); the error
was detected, but an incorrect correction was ap-
plied (c); or, more rarely, a non-existent error was
mistakenly introduced (d). Fig. 2 shows the results

'UPOS: 92%, LEMMA: 90%, FEATS: 76%, UAS (correct
HEAD): 88%; LAS (correct HEAD and DEPREL): 87%.
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of UPOS correction for the first 2,177 sentences
from a total of 8,418 sentences in the corpus and
the learning curve during this initial phase. It is
very interesting to note that:

* the proportion of tokens that needed correc-
tion but were missed by annotators decreases
as the annotation process runs (probably due
to acquired annotation experience);

the proportion of tokens that should be and
were corrected increased (same reason above);

in the last week, there are still 2.38% of tokens
that showed annotation problems (cases (a),
(c) and (d)), but this value is almost half of
what occurred in the first week (4.48%).

In the first four weeks, the sentences were shorter
(around 14 tokens per sentence) than in the last
week (29 tokens per sentence). Following this revi-
sion, these sentences were used to retrain the parser,
and the remaining sentences were re-annotated and
manually revised until all UPOS were corrected.

We selected ten annotators for this step (under-
graduate linguistics students) because we wanted to
speed up the task without overburdening the annota-
tors. That expectation, however, did not materialize.
There were many disagreements, both in the errors
detected and in the proposed corrections, which re-
quired a lot of adjudication. As the errors detected
were distributed among the sentences, in the first
weeks almost 50% of the sentences needed adju-
dication. However, these disagreements in errors
detected and corrected do not stand out when we
used Kappa (Carletta, 1996), as the unchanged PoS
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Learning Curve Trends Over Weeks

2 3 a4 5
Week Number
(a) (b) (© (d)
week total total tokens needing tokens that tokens that tokens already
num- num- num- correction that should and were should be correct, but
ber ber of | ber of were missed corrected corrected, but changed (error
sen- tokens were changed to insertion)
tences an incorrect tag
1 481 6,857 | 213 3.11% 65 0.95% 72 1.05% 22 0.32%
2 492 6,919 | 194 2.80% 62 0.90% 88 1.27% 24 0.35%
3 482 6,787 | 108 1.59% 106 1.56% 37 0.55% 9 0.13%
4 480 6,553 89 1.36% 129 1.95% 29 0.44% 3 0.05%
5 242 7,104 | 117 1.65% 150 2.11% 45 0.63% 7 0.10%
total 2,177 | 34,220 | 721 2.11% 512 1.50% 271 0.79% 64 0.19%

Figure 2: Manual revision outcomes for the first five weeks of UPOS revision.

tags (more than 90%) counted as agreements (and
they really should be counted, because, although
it may not seem obvious, all the tokens were actu-
ally revised, even those left unchanged). During
the analysis of disagreements, we learned that the
majority was not always right, which means that
a majority voting strategy would not be a good
solution to substitute adjudication.

Dealing with remote annotators was underesti-
mated (in 2021 we were in isolation due to Covid-
19). We even implemented a log in the annotation
tool to study the behavior of annotators who missed
many errors. This was important to identify unde-
sirable behaviors, such as annotators who checked
sentences a few seconds after opening them for
annotation, without enough time to at least read
them. Then we realized an important feature of
the revision task: as there is no blank space to fill
in, it is difficult to distinguish an annotator who
has agreed with the automatic annotation from an
annotator who has barely read the sentence.

3.1.1 Splitting the workload into packages

We made packages of 20 sentences, starting with
the smallest sentences in the corpus, and when we
learned something recurrent, we systematized the
automatic revision of what had already been anno-
tated, ensuring homogeneity. Every 200 sentences,
we automated the correction of recurring errors in
the next packages. Every 2,000 sentences, we re-
trained the parser, so that the number of errors in
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the packages to be revised gradually decreased.

In the final count, 168.080 UPOS (one per token)
were human revised, of which 6,437 (3.83%) were
manually corrected. In addition to correcting the er-
rors, the most important thing is that we confirmed
the accuracy of the unedited UPOS, which led us
to obtain a corpus with 100% of the revised UPOS,
as far as we could tell, correct.

3.1.2 New lexical resources

Within this step, we developed lists of non-
ambiguous single tokens and non-ambiguous co-
occurring tokens (regardless of whether they consti-
tute multiword expressions or not) and used them to
automatically annotate the respective UPOS (Lopes
et al., 2021).

These lists mainly contain function words (con-
junctions, adpositions, determiners, etc.) and crys-
tallized constructions.

3.2 STEP 2 - Revising LEMMA

Our initial plan was to make a fully automatic re-
vision of the lemmas, using a lexicon. We thought
that, by providing the token form and its UPOS as
input, we would obtain a unique possible lemma,
so that only out-of-vocabulary tokens would re-
quire human revision. This is true in most cases,
but we found exceptions: in Portuguese, there are
identical forms of nouns and verbs, with the same
UPOS (NOUN or VERB), with different lemmas.
For example, “fui”, “foi”, “fomos”, “foram” are



verbal forms of both verbs “ir” (to go) and “ser” (to
be), both in the present tense, requiring humans in
the loop to “disambiguate” the lemma in context.

We employed a single annotator (with lexico-
graphical expertise) for the whole task: revision
of the lemmas of 1,825 tokens (out of the 168,080
tokens), being 1,708 of them disambiguated and
117 annotated (out-of-vocabulary words).

When searching for a lexicon to correct the lem-
mas, we found one that contained all possible PoS
tags for each form, with all possible lemmas and
morphological features such as: gender (used for
nouns, adjectives and pronouns), tense, mode, per-
son (used for verbs), and number (used for various
categories). We saw the opportunity to map the tag
set used by the resource to the UD tag set, which
allowed us to automatically check the lemma and
feature annotations. This mapping proved to be
more complex than expected, and we ended up hav-
ing to make several improvements in the process,
but the resulting lexicon (Lopes et al., 2022) has
helped us automate several tasks ever since.

This step turned out to be the shortest (exclud-
ing the time spent on building the lexicon), since
98.91% of the lemmas were automatically revised
using the lexicon and only 1.09% required manual
revision.

3.3 STEP 3 - Revising FEATS

Unlike the UPOS and LEMMA columns, which
have a label and a lemma for each token respec-
tively, the FEATS column does not have a one-to-
one relationship with the tokens. In fact, 42.8% of
the 168,080 tokens in the corpus did not require any
feature, and 57.2% required one or more features,
depending on their UPOS. The corpus has a total
of 281,970 features unequally distributed among
the 96,134 tokens that require them. Given a token,
plus its LEMMA and UPOS, we expected to auto-
matically solve the FEATS revision, using the lexi-
con we customized in the previous step. However,
even with this triple data input, there were tokens
that admit more than one possible set of features
in Portuguese. In this step, human intervention
was required to resolve 8,050 cases (7,933 ambigu-
ities and 117 out-of-vocabulary words). These am-
biguous tokens pertain to the VERB (7,543 cases),
PRON (3,822) and NOUN (132) classes, while the
out-of-vocabulary words pertain to NOUN (93),
ADJ (22), VERB (1), and ADP (1).

Therefore, the FEATS revision was predomi-
nantly automatic, with only 4.79% of the tokens
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requiring human revision, as described in more
detail in Lopes et al. (2024).

3.4 STEP 4 - Revising HEAD-DEPREL

The task of revising dependency relations involves
several operations: identifying HEAD errors, de-
tecting DEPREL errors, and suggesting both a cor-
rected HEAD and an appropriate DEPREL label
to replace the incorrect annotation. Furthermore,
when the error affects the annotation of the sen-
tence root, a series of additional modifications is
required, making this step the most complex in
the entire process. Just like in the UPOS step, in
some instances annotators overlooked errors and
made no changes. However, when corrections were
made, several scenarios occurred:

* the error was correctly identified and appro-
priately corrected;

* the error was correctly identified, and the DE-
PREL was correctly changed, but a necessary
change of HEAD had not been made;

the error was correctly identified, but an in-
correct correction was applied to HEAD or
DEPREL or both;

the error was incorrectly identified and the
correction introduced a HEAD or DEPREL
error or both.

In this phase, our team consisted of four annota-
tors and one adjudicator. The best annotators from
the UPOS step were hired for the DEPREL step.
However, not all of them repeated their good per-
formance, perhaps because DEPRELs are harder
and require more in-depth logical thinking, which
is not always the case with the UPOS revision.

At the beginning of this step, 400 sentences re-
ceived double-blind annotation from two annota-
tors (200 of each pair) and, after calculating the
inter-annotator agreement, all the sentences were
analyzed by a more experienced linguist, in order
to check the complexity of the task as a whole.

The inter-annotator agreement (Table 3) com-
bines relations that were revised and considered
correct and relations that were changed in the same
way by both annotators (which we refer by pairs
of annotators A1-A2 and A3-A4), but does not re-
flect all possible scenarios. When analyzing the
results of the first 400 sentences, we noticed that in
most cases one annotator saw an error and another



annotator saw another, both of which were rele-
vant. In several cases, both annotators missed an
error. In addition, we noticed some cases of intra-
annotator disagreement (when annotators deviated
from the guidelines and disagreed with their own
earlier decisions for similar cases).

Annotators DEPREL (%) HEAD (%) HEAD+DEPREL (%)
Al-A2 96.92 97.21 95.96
A3-A4 97.67 97.79 96.62
average 97.50 97.29 96.29

Table 3: Human annotators agreement for HEAD-
DEPREL revision.

To overcome these problems, instead of using
double-blind annotation and inter-annotator agree-
ment to guide the adjudication, we adopted in this
step the double non-blind revision: the annotators
checked each other’s work (each package received
a first and a second revision sequentially) and they
were allowed to communicate to discuss disagree-
ments. This proved to be an appropriate decision,
as we combined the revision capacities, generating
synergy. Moreover, we noticed greater motivation
on the part of the annotators when the task was
no longer totally solitary. The cases in which the
annotators were unable to reach a consensus were
revised by an experienced linguist. These cases
sometimes required study before a decision was
adopted and became part of our annotation man-
ual. Problems for which we could not find a clear
solution were discussed via issues on UD’s github.

At this step, we verified two facts that probably
occur in other languages: a) there is not always
a direct correlation between sentence length and
annotation complexity (many long sentences are
a combination of very simple clause patterns); b)
nominal predicates presented more difficult con-
structions to annotate than verbal ones.

During DEPREL revision, we noticed correla-
tions between UPOS and DEPREL, as well as
correlations between some features and DEPREL,
which could be used to identify recurring errors.
These findings inspired the construction of an error
checker (Lopes et al., 2023), which played a crucial
role in improving the consistency of the annotation.

The HEAD and DEPREL of the 168,080 tokens
(100% of the corpus) were fully revised by humans.
Of this total, 15,358 (9.14%) had a HEAD change
and 13,816 (8.22%) had a DEPREL change. Of
these, a total of 6,542 (3.89%) tokens had their
HEAD and DEPREL changed simultaneously.

The DEPREL revision provides a very suitable
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scenario for doing what Pandey et al. (2020) pro-
posed: studying annotation as a psychological pro-
cess. Building on that, we observed these interest-
ing things on our psychological process analysis:

* when annotators realize that the parser makes
few mistakes, they begin to “trust” the parser
and start to question the annotation less, miss-
ing the errors;

annotators believe that, if the parser gets dif-
ficult things right, it will not get easy things
wrong; therefore, things that are considered
“easy” are taken out of the focus of the revision
and “silly” mistakes are no longer corrected
(for example, in Portuguese, as in English, the
copula verb is also a passive auxiliary (to be),
but this is so often well distinguished by the
parser that a label mistake goes unnoticed);

annotators also believe that the “lightning
does not strike the same tree twice” and, when
they find an error in a sentence, they some-
times are blind to other errors in the same
sentence;

annotators often do not recognize patterns in
less frequent constructions, separated by a
long time interval (3 days or more); this leads
them to annotate similar constructions in dif-
ferent ways, what seems to be a case of slip,
that is, an error type caused by reasons dif-
ferent from absence of knowledge, probably
due to memory decay (with specific regard
to memory decay in human annotation, see
Pandey et al. 2020);

annotators miss most frequently errors regard-
ing functional words, as they naturally tend to
engage in a “skimming and scanning” reading
process, focusing more on content words.

3.5 Overview of the process

We gained valuable insights throughout the process.
Primarily, we learned that each annotation layer re-
quires different linguistic knowledge and different
annotator profiles. The cascade approach required
human annotators at all steps, including STEPS 2
and 3, where the automation of most cases relieved
the workload. Although both STEPS 1 and 4 heav-
ily employed human resources, STEP 1 required an-
notators focused on pattern recognition with some



CoNLL-U human tool performed required automatic tokens tokens
step  column revision to revise tasks knowledge revision changed unchanged
1 UPOS 168,080 100.0% Arborator-Grew revision morphosyntax - 0% 6,440 3.83% 161,640 96.17%
2 LEMMA 1,825 1.09% spreadsheet disamb./annot. morphology 166,255 98.91% 3,649 2.17% 164,431 97.83%
3 FEATS 8,050  4.79% spreadsheet disamb./annot.  lexicography 160,030 95.21% 29,274 17.42% 138,806 82.58%
4 HEAD 168,080 100.0%  Arborator-Grew revision syntax - 0% 15358  9.14% 152,722 90.86%
DEPREL 168,080 100.0% Arborator-Grew revision syntax - 0% 13,816  822% 154,264 91.78%

Table 4: Summary of revision steps.

knowledge of morphosyntax, while STEP 4 re-
quired annotators with in-depth logical reasoning
and solid knowledge of syntax. As the learning
curve is long, we should avoid hiring a workforce
with high turnover and, ideally, multitasking anno-
tators should be trained. People with knowledge
of Computational Linguistics are essential both for
designing the tasks and for spotting opportunities
to optimize them. Likewise, computer support is
essential at all stages of the process. Table 4 sum-
marizes the results of each step.

4 Related work

The lack of a parser was a barrier for low-resource
languages to start annotation for the morphosyn-
tactic and syntactic layers. However, with datasets
and multilingual models, the barrier is no longer
the lack of a parser, but the lack of resources and
systematic procedures to efficiently revise the pre-
annotated corpus. In recent years, various propos-
als have been put forward to save effort in human
revision. The following are some of them.

Hovy et al. (2014) adopt crowd-sourced lay an-
notators to annotate PoS tags, putting the target
word in bold, one context token on the left and one
on the right, and presenting multiple choice ques-
tions, abridging the process of annotating from
scratch. They used majority voting to decide dis-
agreements. The model trained on the resulting
data achieved slightly less than an expert in the
task (82.6% and 86.8%, respectively). Using a lexi-
con, they performed a new task, only restricting the
labels available for a given token, achieving 83.7%.

Weissweiler et al. (2023) examined the morpho-
logical capabilities of ChatGPT in 4 languages (En-
glish, German, Turkish and Tamil) and found that
in none of them did LLM achieve human-level per-
formance in the proposed tasks, nor did it match
the state-of-the-art models.

Freitas and de Souza (2024) used two differ-
ent models to annotate the corpus (UDPipe 2 and
Stanza) and performed a human revision of all
cases of disagreement between the two automatic
annotations, adopting the heuristic that the agree-
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ment of the systems would be indicative of the
correct annotation.

Machado and Ruiz (2024) evaluated 3 LLMs
in PoS tag assignment using UD tag set in texts
written in Brazilian Portuguese and showed that
the best performance was achieved by ChatGPT-3,
with 90% of accuracy.

None of them, however, covers the complete

revision of the corpus.

5 Final remarks

Porttinari-base was launched in 2023 (Duran et al.,
2023) and has been used to train a state-of-the-art
parser (Lopes and Pardo, 2024), reaching over 96%
of accuracy. We have been using this parser to pre-
annotate corpora of new genres within the larger
multi-genre project Porttinari.

The divide-and-conquer strategy was very suc-
cessful: the expected cascade effect was achieved,
leading to an increasing reduction in errors. We
hypothesize that, just as one annotation layer ben-
efits greatly from improvements in another layer,
small improvements in the performance of a tagger
or parser can significantly impact the performance
of downstream applications.

For the interested reader, all the resources and
tools that we mentioned are freely available on
the POeTiSA project website: https://sites.
google.com/icmc.usp.br/poetisa
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Abstract

Multiword expressions (MWEs) are a key area
of interest in NLP, studied across various lan-
guages and inspiring the creation of dedicated
datasets and shared tasks such as PARSEME.
Puns in multiword expressions (PMWEs) can
be described as MWEs that have been "un-
frozen" to acquire a new meaning or create
wordplay. Unlike MWEs, they have received
little attention in NLP, mainly due to the lack
of resources available for their study. In this
context, we introduce the French Unfrozen
Idioms in Tweets (FRUIT) corpus, a dataset
of tweets spanning three years and compris-
ing 60,617 tweets containing both MWEs and
PMWE candidates. We first describe the pro-
cess of constructing this corpus, followed by
an overview of the manual annotation task per-
formed by three experts on 600 tweets, achiev-
ing an inter-annotator agreement score « up to
0.83. Insights from this manual annotation pro-
cess were then used to develop a Game With
A Purpose (GWAP) to annotate more tweets
from the FRUIT corpus. This GWAP aims to
enhance players’ understanding of MWEs and
PMWEs. Currently, 13 players made 2,206 an-
notations on 931 tweets, reaching an « score
of 0.70. In total, 1,531 tweets from the FRUIT
corpus have been annotated.

1 Introduction

Multiword Expressions (MWEs) have long posed
a significant challenge in Natural Language Pro-
cessing, sometimes referred to as a "pain in the
neck" (Sag et al., 2002). The term MWE corre-
sponds to a large span of linguistic objects, more or
less subject to variations and with a certain degree
of idiomaticity at the lexical, syntactic, semantic,
pragmatic and/or statistical levels (Baldwin and
Kim, 2010). Constant et al. (2017) describe them
as both idiosyncratic and pervasive across different
languages. MWEs are valuable not only for linguis-
tic analysis but also for improving NLP tasks such
as Machine Translation.
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Wordplays and puns created from MWEs (here-
after PMWESs) can be described as MWEs that have
undergone lexical, syntactic, semantic and/or prag-
matic changes to create a wordplay. Their idiomatic
status has been broken, leading to the emergence
of a new meaning (Eline and Zhu, 2014). In lin-
guistics, this phenomenon is often referred to as
"défigement" (FR, "unfreezing"), which is often
found in French linguistic literature. Mejri (2013)
claims that the underlying MWE should always re-
main identifiable in a PMWE. Therefore, the MWE
(1) is still recognisable in the PMWE (2).

1. Tu quoque mi fili (Latin, you too, my son)

2. Tu quoque mi chili (Latin, you too, my chili)

PMWE studies in NLP present several inter-
ests: (I) it can help to characterise MWEs by their
productivity in wordplay (Lecler, 2006), (II) it al-
lows the real-time detection of wordplays and even
MWEs (HaBler and Hiimmer, 2005; Cusimano,
2015) and (IITI) they shed light on the cognitive
processes that allow human speakers to recognise
these particular MWEs. We argue that such a study
could also benefit MWEs recognition in NLP as
PMWEs share the same linguistic challenges, such
as idiomaticity across multiple levels, making them
particularly challenging for NLP tasks like Ma-
chine Translation.

In this paper, we introduce the French Unfrozen
Idioms in Tweets corpus (FRUIT), which consists
of 60,617 tweets collected for the identification
of French PMWEs. To our knowledge, no previ-
ous effort has been made to annotate PMWEs or
create a dedicated corpus for them. The FRUIT
corpus builds upon and expands an existing Twit-
ter (now X) dataset (Bezangon and Lejeune, 2023).
Section 3 details the corpus construction and the
methodology for identifying PMWEs. We then
introduce two annotation tasks:
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Manual Annotation Task Three experts in NLP
and linguistics annotated 600 tweets containing
potential MWEs and PMWEs, highlighting chal-
lenges in the identification of these entities, which
we discuss in Section 6. The results of this annota-
tion are available on GITHUB'.

Annotation through a GWAP Using insights
from the manual annotation task, we designed
a GWAP to facilitate large-scale annotation of
MWEs and PMWEs by a broader audience.
The source code of this GWAP is available on
GITHUB?.

Through these annotation tasks, we aim to as-
sess the difficulty of identifying both MWEs and
PMWE:s in tweets, combining expert knowledge
with a gamified approach to enable non-expert con-
tributors to participate in the annotation process.
We provide the scripts used for tweet collection,
along with all tweet IDs, in a dedicated GITHUB
repository>.

2 Related Work

MWE Identification As explained by Constant
et al. (2017), MWE processing involves two main
tasks: (i) discovery (ii) identification. Discov-
ery involves detecting and adding MWEs to a
lexicon, whereas identification focuses on auto-
matically annotating MWEs in text. MWE iden-
tification is made very difficult by the evasive
nature of MWEs (Geeraert et al., 2018). Savary
et al. (2019) claims that without the creation of
syntactic lexicons and at least some morphosyn-
tactic information, we will not make significant
progress on this task. Various approaches have
been explored to build such lexicons, including
crowdsourcing (Ramisch et al., 2016) and gami-
fied platforms (Krstev and Savary, 2017; Fort et al.,
2018, 2020). The PARSEME shared tasks (Savary
et al., 2017) further demonstrate the community’s
commitment to improving MWE processing. As
with MWEs, we believe that the creation of dedi-
cated resources is a major challenge for identifying
PMWEs.

GWAPs GWAPs (Games With A Purpose) corre-
spond to games designed to let the machine learn
from human inputs (Lafourcade et al., 2015). They
have been widely used in NLP, particularly for

lhttps ://github.com/JulienBez/ForbiddenFrUIT
2https ://github.com/CERES-Sorbonne/Defricheur
Shttps://github.com/JulienBez/FrUIT

resource creation (Lafourcade, 2007) and anno-
tation (Hiebel et al., 2024; Madge et al., 2019).
GWAPs offer several advantages: (i) they attract
different types of players, such as the ones iden-
tified by Bartle (1996) and (ii) they provide an
efficient alternative to traditional crowdsourcing
methods (Fort et al., 2011; Fort, 2022). GWAPs
have been successfully applied to MWE annota-
tion, as demonstrated by RIGORMORTIS (Fort
et al., 2020).

Wordplays While wordplay has been studied to
some extent in NLP — particularly through shared
tasks such as JOKER-CLEF (Ermakova et al.,
2022, 2023, 2024) or the SEMEVAL tasks (Miller
et al., 2017) — PMWEs remain largely unexplored.
However, like Wordplays, PMWEs present unique
challenges, both in terms of understanding linguis-
tic creativity (Partington, 2009) and generating
computationally creative text (Valitutti et al., 2013).

3 Building a French Tweets Corpus
Containing PMWEs

3.1 Getting PMWESs Candidates

We compiled a list of 216 French MWE:s to query
the TWITTER API over a three-years period (from
2020 to 2023), yielding a dataset of 3,369,636
tweets. These MWEs were manually selected by
four researchers specializing in NLP or linguistics.
The only selection criterion was the conventionality
of a MWE. Conventionalized MWEs tend to have
a non-compositional meaning and are commonly
recognized by speakers of a given language (Nun-
berg et al., 1994). Among these MWEs, we find (i)
advertising slogans, (ii) famous quotes, (iii) movie
catchphrases and (iv) other types of MWEs:

* (1) "C’est le second effet Kisscool" ("it’s the
second Kisscool effect", French advertising
slogan for a chewing-gum brand)

* (i) "Travailler plus pour gagner plus" ("work
more to earn more", Nicolas Sarkozy, 2007)

* (ii1) "Dans l’espace, personne ne vous en-
tend crier" ("in space, no one will hear you
scream”, Alien movie catchphrase, 1979)

* (iv) "Au bout du rouleau" (" At the end of the
rope")

Each tweet of this corpus is linked to the MWE
that prompted its extraction (hereafter seed). Con-
sequently, every tweet has some likelihood of con-


https://github.com/JulienBez/ForbiddenFrUIT
https://github.com/CERES-Sorbonne/Defricheur
https://github.com/JulienBez/FrUIT

N tweets

10000 4

1000 4

100 4

104

10 20 30
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taining either a MWE or a PMWE, as it shares at
least one word with its seed.

3.2 Filtering Steps

To retain only the most relevant tweets, we applied
a three-step filtering process: (i) we discarded any
tweet containing less than 50 % of the words of
its corresponding seed (without preprocessing), (ii)
we filtered out duplicates (tweets with identical IDs
or texts) and (iii) we excluded tweets associated
with seeds that appeared in fewer than ten tweets.
This final step ensured that we retained only the
most productive seeds.

After filtering, 60,617 tweets and 77 seeds re-
mained. Figure 1 shows that the top ten seeds
generated 86.51 % (56,769 tweets) of our dataset.

3.3 Asserting the Presence of PMWE
Candidates

To complete the corpus creation, we aimed to ver-
ify the presence of PMWE candidates. To achieve
this goal, we applied the algorithm introduced
in (Bezancon and Lejeune, 2023). This algorithm
uses token-level alignments between a MWE and
a sentence to extract PMWE candidates, as illus-
trated in Table 1. It then ranks candidates for each
MWE according to a cosine similarity score, mea-
suring how closely a candidate resembles the origi-
nal MWE. The higher the score, the closer a candi-
date is to a MWE (see Appendix A.1).

When comparing the MWE "que la force soit
avec toi" ("May the force be with you", Stars Wars
franchise) with the sequence "que la force ouvriere
soit avec toi" ("May the worker force be with
you"), found in a tweet, we observe the insertion
of the word "ouvriére", creating the term "Force
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toi
toi

soit
soit

avec
avec

la force
la force

que

que ouvriere

Table 1: Token level alignment between the MWE "que
la force soit avec toi" (may the force be with you) and a
PMWE candidate.

Candidate Score
quela - force du x2 soit - avec toi 0.85
quela - force - soit  tjrs avec toi 0.83
quela - force update soit - avec toi 0.83
quela - force rhétorique soit - avec toi 0.83
quela - force tranquille soit - avec toi 0.83
quela - force - soit  toujours avec toi 0.83
quela - force marocaine soit - avec toi 0.83
quela  vraie force - soit - avec toi 0.83
quela tri  force - soit - avec toi 0.81
quela - force ouvriere soit - avec toi 0.78

Table 2: Examples of aligned segments found with our
methodology. For each candidate, we give its cosine
score.

Ouvriere" (“worker force”), which is the name of
a labor union in France. This change is captured
in the alignment. Table 2 shows an example of
the ranking obtained with this algorithm with the
MWE "que la force soit avec toi". We used this
algorithm to prioritize tweets most likely to contain
PMWE:s for annotation in Section 4.

4 Setting up the Annotation Tasks

4.1 Creating Annotation Samples

To generate annotation samples, we applied the al-
gorithm presented in Section 3. First, we filtered
tweets based on their similarity scores, removing
those with a score below 0.5 under the assump-
tion that such candidates were unlikely to contain
PMWE:s. This process excluded 10,605 tweets.

Additionally, we removed tweets with a simi-
larity score exceeding 0.99, eliminating another
29,960 tweets, as these were highly likely to con-
tain only MWEs without modifications. Following
this filtering, 25,052 tweets remained for annota-
tion.

4.2 Annotation Guidelines

Defining both MWEs and PMWESs from a linguistic
and a NLP perspective can be challenging. While
linguistic literature does not always agree on all
aspects of MWEs (Lamiroy, 2008), PMWEs have
been scarcely studied in NLP. For annotation pur-
poses, we adopted the following definitions:



Multiword expression A multiword expression
is a fixed sequence of words, either in statistical
terms (the words frequently appear next to each
other) or in semantic ones (the sequence has a
global, non-compositional meaning).

Pun in multiword expression Wordplays or
puns created from multiword expressions can be
described as multiword expressions that have been
unfrozen. To formally identify a wordplay or a pun
created from a multiword expression, we must be
able to recognise the multiword expression from
which it is derived.

Unfreezing Process by which a multiword
expression becomes a wordplay or a pun. It
involves a formal modification, usually paired with
a semantic shift within the multiword expression.
This process must not be misjudged for a tense or
a number variation, for instance.

We bear in mind that, in the long term, these
definitions are intended for non-expert individuals
who will learn about these concepts during the an-
notation process. In addition to these definitions,
we give some examples of PMWE:s, such as (2), (4)
and (6):

1. "Mangez cing fruits et légumes par jour"
("eat five fruits and vegetables a day")

"Mangez cing riches et légumes par jour"
("eat five rich and vegetables a day")

"Repris de justice"
("convicted")

"Repris de justesse"
("narrowly recovered")

"C’est le deuxieme effet Kisscool"
("it’s the second Kisscool effect")

"C’est le deuxieme effet confinement"
("it’s the second lockdown effect")

(1) becomes (2) (seen at a demonstration in
Paris) and (3) becomes (4) (Le Canard Enchainé,
2017) by word substitution and are well-known
MWE:s in French. (4) also has a phonetic dimen-
sion (3ys + tes VS 3ys + tis). (5) becomes (6) (seen
in our corpus) by word substitution as well, but is
an older MWE dating from the 80’s, so that it may
be hard to recognise for some younger speakers.
We also introduced true counter-examples found
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in our corpus, which show variations that do not
create a PMWE from a MWE. For instance:

7. "Max a cassé sa pipe"
("Max kicked the bucket")
8. "Max avait cassé sa pipe"
("Max kicked the bucket")
9. "Pierre qui roule n’amasse pas mousse"
("arolling stone gathers no moss")
10. "Pierres qui roulent n’amassent pas mousse"

("rolling stones gather no moss")

(8) shows a tense change and (9) a number
change. Nevertheless, these 2 examples do not
contain any PMWE. They show minor variations
of MWE:s that mustn’t be confused with unfreezing
processes, as specified in our PMWE definition.

5 Manual Annotation Task

The annotation task was performed by 3 annotators,
Aj, Ag, and Az, who are also authors of this pa-
per. All had prior experience working with MWEs
and PMWE:s and had participated in previous an-
notation tasks. A3 specializes in linguistics while
Aq and A work in NLP and computer science.
The participants were asked to answer two binary
questions:

¢ Does the tweet contain a PMWE ?

* Do you recognize a MWE, unfrozen or not ?

The goal was to directly identify PMWESs with-
out requiring further analysis. After each annota-
tion phase, adjudication sessions were conducted to
review the annotations, discuss encountered issues,
and resolve disagreements.

5.1 Annotation Phase I: Pilot

Initially, 100 tweets were provided to all three an-
notators without additional information (such as
guidelines or the seed used to fetch them). This
sample aimed to assess the difficulty of the an-
notation task and the annotators’ intuition. Krip-
pendorft’s (Krippendorff, 2013) « score was 0.19,
indicating a significant lack of agreement and high-
lighting the complexity of identifying PMWEs. An
adjudication session followed, where annotators re-
viewed each tweet and collaboratively established
the first set of annotation guidelines.
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Figure 2: Number of identified PMWESs and recognised MWEs for each annotator and consensus on our three

annotation samples.

5.2 Annotation Phase II: First Consolidation

A second set of 100 tweets was provided to the
annotators using the newly established guidelines.
The resulting Krippendorff’s v score improved sig-
nificantly to 0.77. However, the adjudication ses-
sion revealed that this sample was easier to annotate
due to the high recognizability of PMWEs, leading
to fewer disagreements.

5.3 Annotation Phase III: Second
Consolidation

A final common sample of 100 tweets was provided.
The initial Krippendorff’s « score was 0.67, lower
than in Phase II but still an improvement over the
pilot study.

Discrepancies in annotation strategies emerged:
A; and A, focused on formal changes in MWEs,
while A3 placed greater emphasis on contextual in-
fluences. Additionally, A3 was stricter about vari-
ations in quotations and MWEs involving word
order changes. Based on these observations, we
corrected our annotation guidelines, as explained
in Section 6 and each annotator revised its annota-
tions for this sample. The a score for this phase
increased to 0.83.

5.4 Annotation Phase I'V: Individual
Annotations

Beyond the three annotation phases, we proceeded
to an individual annotation phase in which each
annotator was allocated an additional 100 tweets to
annotate.

5.5 Manual Annotation Overview

In total, we annotated 600 tweets. Table 3 shows
the frequency of each annotation type across the
steps of our annotation process. Of the 600 an-
notated tweets, 137 (22.83 % of the annotated
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[PMWE [MWE | I [ 0] 0] IV ] Total |
T m 7] 22| 26| 72| 137
+ - 0] o of o 0
- + 50 | 37| 42| 122 251
- - 33| 41| 32106 | 212
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Table 3: Frequency of annotations at each step of the
manual annotation process : Pilot (I), First consolidation
(IT), Second consolidation (IIT) and Individual (IV).
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Figure 3: Merged confusion Matrix for the 3 annotators
on the 300 tweets they annotated in common.

tweets) were identified as containing a PMWE,
whereas 251 (41.83 %) contain only a MWE and
212 (35.33 %) contain nothing. Notably, all identi-
fied PMWESs were consistently paired with a recog-
nised MWE. This is expected, as a PMWE should
always be linked to an underlying MWE.

Figure 2 presents the number of identified
PMWEs and recognised MWESs by each annota-
tor across each annotation phase. We included a
consensus column that reflects the final annotations
after adjudication. Figure 3 displays the merged
confusion matrix for all three annotators.



6 Issues Encountered During the Manual
Annotation Task

Throughout the manual annotation process, we
identified three major discrepancies between an-
notator Az and the other two annotators: (i) Ag
considered contextual influences more heavily, (ii)
applied a stricter approach when annotating MWEs
derived from quotations, and (iii) exhibited a dif-
ferent stance on MWEs with word order changes.
These differences may stem from As’s linguistic
background, whereas A; and A, specialise in NLP.
Below, we explain how we addressed these dis-
crepancies and refined our annotation guidelines
to minimise ambiguity in future PMWE-related
annotation tasks.

(i) Contextual influences Although this is a rare
scenario, a MWE can unfreeze itself without un-
dergoing a formal modification (Eline and Zhu,
2014). In such cases, only the surrounding con-
text signals the presence of a PMWE. Following
the adjudication mentioned in Section 5.3, we de-
cided not to annotate as PMWE any MWE where
contextual influences alone reveal a PMWE. This
type of PMWE is both infrequent and challenging
to identify, introducing significant complexity and
inconsistency to the annotation task.

(ii) MWEs corresponding to quotations A; and
Ag allowed for minor variations in MWESs origi-
nating from well-known quotations. For example,
the meme-derived phrase "Moi je trouve la ques-
tion elle est vite répondue” ("l think the question
is quickly answered") was frequently truncated to
"La question elle est vite répondue" ("The ques-
tion is quickly answered"). While A3 annotated
this as a PMWE, A; and A, did not. To maintain
consistency, we opted for a more flexible approach,
permitting slight modifications in MWEs originat-
ing from quotations.

(iii) MWEs with word order changes Some
PMWEs closely resemble their base MWEs, differ-
ing only by slight shifts in word order. The most
notable example in our dataset was "Maurice, tu
pousses le bouchon un peu trop loin" ("Maurice,
you’re pushing things a little too far"), sometimes
reordered as "Tu pousses le bouchon un peu trop
loin, Maurice" ("You’re pushing things a little too
far, Maurice"). Since this variation does not appear
to involve intentional wordplay, but rather an igno-
rance of the original quote, we chose not to classify
it as a PMWE. However, we encountered a case
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where the MWE "Que la force soit avec toi" ("May
the force be with you") became "avec toi la Force
est"("with you the force is") in a tweet. In this case,
the unfreezing process deliberately played with the
original word order, so we decided to annotate it as
a PMWE.

We also noticed that annotators sometimes re-
peated the same mistakes from previous annotation
phases. To minimise this, we decided to share all
consensus annotations among annotators. This way,
whenever an annotator encounters a previously dis-
cussed case, they can easily refer to our established
decision. Moving forward, we plan to leverage our
manual annotation findings to develop a GWAP
for annotating both MWEs and PMWEs in tweets.
This approach will allow us to collect a larger num-
ber of annotations efficiently and is presented in
the next section.

7 Expanding Annotations with a GWAP

To scale up the annotations of the FRUIT corpus,
we developed a participatory science task in the
form of a Game With a Purpose (GWAP). This ini-
tiative incorporates lessons from our manual anno-
tation task to improve both accuracy and participant
engagement.

7.1 Annotation Task Design

Players assume the role of investigators tracking a
criminal organisation that manipulates MWEs to
conceal hidden messages. Their mission is to iden-
tify tweets containing disguised MWEs (PMWEs),
following the guidelines established in Section 4.
For each tweet, the game highlights a potential
MWE and players have to determine (i) if they can
identify the indicated MWE and (ii) if this MWE
corresponds to a hidden message (i.e. a PMWE).
Figure 4 provides a screenshot of the annotation
interface.

To encourage engagement, the game features
a scoring system and badge collection: players
earn points when they annotate a tweet and receive
badges when they annotate multiple tweets sharing
the same MWE (see Figure 8). Each badge has
a design associated with its corresponding MWE.
By gamifying this annotation task, we aim to at-
tract different types of players, such as the ones
described in Bartle (1996).
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box contains the tweet and the questions we ask the players to answer. The green box contains the correction given

for this tweet.

7.2 Progressive Learning

As shown in Section 6, identifying PMWE and
even MWE can be ambiguous. To address this
challenge, we incorporated several features into our
GWAP to help players gradually learn key concepts
related to MWE and PMWEs. Figure 9 illustrate
this GWAP annotation process.

Guidelines Players receive a simplified version
of the guidelines from Section 4. Prior research
shows that clear instructions significantly improve
annotation accuracy (Nédellec et al., 2006; Hiebel
et al., 2022).

Training set Previous studies suggest that train-
ing annotators enhances their performances (Dan-
dapat et al., 2009). To this end, we created a train-
ing set of 20 tweets, which players must complete
before proceeding to the real annotation task. We
selected 20 representative tweets from our previ-
ous annotation task, illustrating various MWEs and
PMWEs to train the players. After the annotation
of each of these tweets, we give feedback and cor-
rections, helping them refine their understanding
of the task.

Redundant MWE  We dynamically generate ran-
dom sets for each player, with each set containing
up to 20 tweets for annotation. All tweets in a set
share the same indicated MWE, allowing players
to become more familiar with it and produce more
consistent annotations. Once a set is completed, a
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new one is generated. Players can always revisit
previous annotation sets to review or revise their
work, fostering continuous learning.

Control Tweets To ensure annotation quality, we
randomly distribute 80 of the 600 annotated tweets
in Section 5 as control tweets. These tweets have
been selected because of their unambiguous anno-
tations. Players receive immediate feedback on
these tweets, reinforcing learning and improving
consistency. Control tweets can be annotated more
than once by a player, allowing us to assess the
player’s consistency over time.

7.3 Playerbase

As for now, our GWAP has been tested with a
limited number of researchers with varying de-
grees of familiarity with both MWEs and PMWE:s.
We count 13 players, including Ao, who had not
worked on the annotation of PMWEs for over a
year at that time. All players speak fluent French
and work either in linguistics, computer science or
literature. We plan to expand the annotation task
available to a wider audience soon.

7.4 Annotation Results

2,206 annotations were made by the 13 players,
with an average of 169.7 annotations per player.
In total, 931 unique tweets were annotated (1,031
by taking into account training and control tweets).
Figure 5 shows the distribution of tweets per num-
ber of annotations. We computed an « score of 0.70
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Figure 5: Discrete distribution of tweets per number of annotations for every tweet annotated at least once.

[PMWE [MWE [ N| R]| P[ F|]
T + | 61 | 92.14 | 93.14 | 92.63
+ - 0 / / /
- + | 29| 8543 | 84.61 | 85.02
- - 10| 7659 | 81.81 | 79.12

[ Mean | [ [ 8472 ] 8652 | 85.59 |

Table 4: Recall (R), precision (P) and F-score (F) ob-
tained by comparing annotations made by the players
with annotations made by the experts for each possible
annotation made.

by taking into account every tweet which were an-
notated more than once (595 tweets, training and
control tweets included). We compared our crowd-
sourced annotations on the training and control
tweets with the annotations made by the experts
in Section 5. All the 80 control tweets and the
20 training tweets were annotated more than once,
therefore, we include them all in this comparison.
Table 4 summarises the results we obtained for
each annotation category.

We observe that the mean F-score is high (85.59),
indicating a high level of agreement between play-
ers and experts. Surprisingly, PMWE identification
has a better F-score than MWE recognition (92.63
against 85.02). This can likely be attributed to
the fact that our guidelines are more focused on
PMWEs. No annotator has identified a PMWE
without recognising a MWE, which is why we do
not report metrics for this particular scenario. Ta-
ble 7, 8, 9 and 10 in the Appendix show the 100
tweets (control + training) given to our players.

8 Discussion

In this paper, we introduced the FRUIT corpus,
containing 60,617 tweets among which 1,531 have
been manually annotated through (i) an expert re-
view and (ii) a GWAP. The results of the manual
annotation task show that both MWE and PMWE
identification tasks are challenging, even for ex-
perts with substantial experience in these two no-
tions. We argue that the low inter-annotator score
of 0.19 obtained during our pilot annotation (Sec-
tion 5.1), alongside the discussion presented in Sec-
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tion 5.3, may be attributed to differences in the in-
terpretation of MWEs and PMWEs between NLP
experts and linguistics experts. Despite these chal-
lenges, by developing clearer guidelines and organ-
ising adjudication sessions, we improved our under-
standing of both MWEs and PMWEs, which likely
contributed to an increase in our inter-annotator
score to 0.83.

The GWAP demonstrates that it is possible to
teach non-expert individuals how to recognise and
identify both MWEs and PMWEs. To achieve this,
we leveraged the guidelines developed during the
manual annotation task. We also allowed our play-
ers to improve their understanding of the key no-
tions through progressive learning (Section 7.2).
The results exhibit a high level of agreement be-
tween players, with an inter-annotator score of
0.70. Furthermore, we unveil that our players tend
to agree with the reference annotation made by
our three experts, with an observed mean F-score
of 85.59 for every type of annotation (92.63 for
PMWE identification).

This result might be influenced by the fact that
our players are primarily from the research area,
and some of them having already basic knowledge
on MWEs and occasionally PMWEs. Despite this
potential bias, the insights obtained from this anno-
tation task will inform future improvements to the
GWAP and the annotation process.

Looking ahead, we intend to continue annotating
the FRUIT corpus through the GWAP presented
here. In particular, we want to make this GWAP
available to a wider non-expert audience so that we
can observe the quality of our progressive learning.
We also plan to create a second annotation task,
whose goal will be to annotate found PMWEs at
different levels.

We plan to assemble a multilingual dataset con-
taining MWEs and PMWEs from films and article
titles (media and scientific). Such a dataset could
help us analyse differences in PMWE construction
across languages. This future work could benefit
from a participatory annotation task, such as the
one described here.



Ethical Considerations

We have ensured that our annotators remain anony-
mous. To sign up for GWAP, we only ask for a
username and password, without collecting any ad-
ditional data. We have also anonymised every tweet
in the FRUIT corpus. Finally, we inform players of
the potential presence of offensive content in tweets
(violence, hatred, inappropriate content, etc.). If a
player identifies an offensive tweet, we invite them
to contact us so that we can deal with it.
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A Appendix

Table 5 shows the number of tweets of the FRUIT
corpus filtered at each step. Figure 6 shows the
confusion matrices obtained at the end of our man-
ual annotation task. We discuss several aspects
regarding our methodology for building the FRUIT
corpus in Section A.1. In Section A.2, we further
describe our GWAP.
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Figure 6: Confusion matrix for each annotation pair for the 300 tweets annotated in common by the 3 annotators.

Initial < 50% | Dup. | Byseeds
Filtered / 3,268,394 | 15,381 | 20,244
Total 3,369,636 | 101,242 | 85,861 | 60,617

Table 5: Statistics on each filtering step. < 50 % cor-
responds to the number of tweets with less than 50 %
of the words of their seed, Dup. to filtered duplicate
tweets and By seeds to tweets filtered according to their
seed.

A.1 Corpus Building Details

Each query made on Twitter consisted of one of
our MWESs. We queried Twitter daily, issuing one
query per MWE. Among the returned tweets, we
only retained those that contained more than half
of the words in the corresponding MWE, filtering
out the rest.

These MWEs were primarily selected for their
conventional nature, which mean that they must
remain recognisable to a broad audience. We adopt
a broad definition of MWE, encompassing verbal
MWEs, phrasemes, collocations, idioms, and even
citations, especially well-known ones, as they tend
to be conventionalised. For example, we consider a
citation such as "travailler plus pour gagner plus"
a MWE because (i) it is conventionalised, and (ii)
it carries an additional meaning, making it some-
what non-compositional. This particular citation,
used by Nicolas Sarkozy in 2007, is now often
referenced satirically as a symbol of capitalism.

To compute similarity scores, we vectorised each
candidate and seed expression using the TFID-
FVECTORIZER feature from the SCIKIT-LEARN
library. We used word bigrams and trigrams. This
process was repeated across multiple linguistic rep-
resentation layers obtained with the SPACY library,
incorporating POS tags and lemmas in addition to
tokens.
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Figure 7: Number of annotations produced by each
player.

A.2 Annotation Tasks Details

We take into account the fact that the FRUIT cor-
pus is imbalanced (86.51 % of the tweets were
found with the top 10 first seeds) when creating
our annotation samples. For the manual annotation
task, each sample was created using a maximum of
5 tweets related to the same seed to ensure diversity.
For our GWAP, we limited to 500 the maximum
number of tweets for a seed, randomly selecting
500 tweets if a seed has more than this number. We
plan to add more tweets over time.

Figure 9 summarises the annotation process we
implemented in our GWAP. Figure 7 shows the
number of annotations made by each player, while
Figure 8 shows the top four players in our ranking
system. More annotations were made during the
redaction of this paper, which is why the scores
shown here are higher than the number of anno-
tated tweets we indicate. Table 6 contains every
tweet used for the training phase of our GWAP,
alongside with the consensus annotation made dur-
ing the manual annotation task. We also show our
control tweets in Table 7, Table 8 and Table 9.
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Tweet MWE | PMWE
« Pourquoi ils n’ont pas de programme ? Parce que le programme de Giscard et de Macron c’est le + +
méme : travailler plus pour méme plus gagner plus et réduire les impdts des riches. Ca fait 50
ans qu’il existe ce programme, vaut mieux pas qu’il I’énonce ! » https://t.co/m28301zbZ]J
@utilisateur @utilisateur Travailler plus pour gagner moins !!! + +
@utilisateur Sans oublier qu’il s’agit de salariés ayant un niveau de vie "confortable" (euphémisme) + +
sans difficultés a boucler leurs fins de mois, donc absolument pas motivés a "travailler plus pour
gagner autant".

@utilisateur C’est le deuxieme effet covid + +
@utilisateur_Danaos C’était peut étre pas son intention mais c’est le résultat. Le deuxieme effet - -
étant une réserve de voix au second tour ...

@utilisateur Mais ouiiii, ca coule d’eau de source mdr + +
@utilisateur ca coule de source apres donc bon + -
Tant qu’il y a de ’amour il y a de la vie! https://t.co/ AUOmrWeGJa + +
J’aime mon pays France mondial j’aime la planete Terre I’eau le vent le gel le froid le soleil la lune + +
la nuit I’hiver 1’été 1’automne et le printemps quand je vois tout cela tant qu’il y a la vie il y a de

P’amour il y a de I’espoir j’aime la plancte Terre

Travailler pour plus tard la gater c’est mon objectif - -
@utilisateur Casse toi en Espagne pauvre con + +
@utilisateur_pic @utilisateur Et pour compléter, tous les profs du secondaire ne 1’ont pas mais tous + +

font de I’orientation etc. Alors oui c’est injuste. Mais ce que tu décris ce sont des missions liées a
des primes. Travailler plus pour gagner a peine plus n’était pas le sujet initial. Bonne journée.
La question, elle est vite et parfaitement répondue ce samedi par Eric Neuhoff (qui a re- + +
gardé les #Cesar2021 jusqu’au bout, lui...) sur le site du @utilisateur_Figaro. C’est oui.
https://t.co/10cBkKZXMFe

@utilisateur C’était un beau pays la France. Mais elle n’est plus. Plus aucune valeur, plus rien. + +
Le combat de certains derniers irréductibles est vain, perdu d’avance. Egalité , fraternité ,
liberté=confiné.

@utilisateur__anton Nn toi en ce moment tu fais 1’aigri, ma France tu I’aimes ou tu I’as quittes + +
fin .

Mohamed SALAH que la force de l’Egypte Antique soit avec toi Ouvre le chapitre vengeance + +
face au REAL MADRID https:/t.co/Pp9trT2OWF

@utilisateur Que la Force (du Droit) soit avec toi alors ! En souhaitant qu’en plus vous trouviez + +
un meilleur appart’ !

@utilisateur @utilisateur @utilisateur Mais bon faire autrement ce serait discriminatoire... . Le + +

patriarcat... C’est fini ou pas ? A un moment faut prendre position ! Le beurre I’argent du beurre
et les glawis du crémier... Ca va 5mn!

@utilisateur @utilisateur @utilisateur_ alors la Maurice tu pousses le bouchon un peu trop loin + -
@utilisateur Ce dossier survient au plus mauvais moment pour Emmanuel Macron dans la mesure + -
ou celui-ci fournit des armes de destruction massive a son(a) futur(e) adversaire du second tour.
L’épilogue de ce scrutin présidentiel devient désormais indécis.

Table 6: Training tweets given to our players, with the consensus annotations from the manual annotation phase.
We highlight PMWE:s in bold and underline MWE:s.
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Tweet MWE | PMWE
Allez on inaugure ces perles en beauté ! Que la force d’Apoula Edel soit avec toi champion | oui oui
https://t.co/xkpU2JOAtm

@utilisateur_blond Regard au dela doit porter, que la force de découverte avec toi, soit oui oui
@utilisateur aller ryzeuh que la force du cookie monster soit avec toi oui oui
Rien ne les obligent a travailler a la SNCEF. Il y a plein de jobs ouverts pour lequels les horaires sont | oui oui
plus souples. Vous voulez la vache, le lait, le beurre et ’argent de la cremiere. Ne plus céder

aux methodes marxistes de la CGT, c’est la seule solution. https://t.co/iu01c3VOFG

@utilisateur_ BLITZERS IIs font le tour du monde en ce moment ou quoi ? J*ai raté un épisode ? non non
@utilisateur_Lol Maurice tu pousses le bouchon un peu trop loin oui non
@utilisateur La j’avoue tu pousses le bouchon un petit peu trop loin Maurice! oui non
@utilisateur Jean tu pousses le bouchon un peu trop loin et T es pas Maurice oui oui
@utilisateur C’est le deuxieme effet coupe du monde oui oui
@utilisateur C’est le deuxieme effet kiss cool oui non
@utilisateur C’est le deuxieme effet qui se coule de la politique de Biden: balkaniser I’'UE quand | oui oui
les victimes de I’ultra libéralisme vont commencer a étre déstabilisés donc livrés aux mafias!

Il y a bien longtemps, dans une galaxie trés lointaine... @utilisateur_LiT_Sand oui non
Il y a bien longtemps, dans une galaxie tres lointaine. . . oui non
La question est vite répondue : le public vote a l'unanimité pour @utilisateur.| oui non
https://t.co/c33004Zyuk

@utilisateur Pour gagner plus et travailler moins pardi. Ca ne va pas aider les gens a trouver | oui oui
facilement un médecin.

@utilisateur C’est le deuxieme effet grumpy lol oui oui
C’est plus le deuxieme effet kisscool, c’est le deuxieme effet médiapart: y a toujours une deuxieéme | oui oui
révélation apres la premiere pour enfoncer le clou https://t.co/AZAHfWRQEK

La vie n’essaie pas de la prévoir La vie c’est la pluie, le beau temps C’est une larme, des souvenirs | non non
Des espoirs de I’amour C’est un sourire a tes 1évres. https://t.co/zgGRxkrX8m

@utilisateur Que la force du #digital soit avec toi ! https://t.co/4BO002Qlgj oui oui
@_clemparker_ Que la fibre.. euuuh la force soit avec toi..! Et 1a-bas, tu auras un nouveau chez oui oui
toi.

Il y aura deux grands choix de société en 2022 : travailler plus pour gagner pareil ou travailler | oui oui
moins pour gagner pareil. Les innombrables candidats se répartissent dans ces deux catégories.
#Presidentielle2022 https://t.co/28M1LA1WnA

@utilisateur @utilisateur @utilisateur @utilisateur Ah oui si on est contre une immigration non | oui oui
contrdlée on est raciste. Je m’en fout de la couleur de peau ou de la provenance des immigrés.

Ce que je souhaite c’est préserver notre mode et niveau de vie. On ne peut pas et ne veut pas

accueillir toute la misére du monde!

Table 7: Control tweets given to our players, with the consensus annotations from the manual annotation phase. We
highlight PMWE:s in bold and underline MWEs.
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Tweet MWE | PMWE
Tu préferes étre suivi(e) par Christine Lagarde dans ton sommeil comme une personne de basse | oui non
classe sociale ou bien épiler des maitres chiens a chaque fois que tu rencontres une nouvelle
personne ? Moi je pense la question elle est vite répondue. Bisous.

@utilisateur_Opin @utilisateur L’ ourse est morte a cause d’un type venu chez elle, armé jusqu’aux | oui non
dents et avec I’intention de tuer. Pour moi la question est vite répondue !
TRAVAILLER PLUS POUR GAGNER MOINS L’ accord pour la modernisation des ressources | oui oui
humaines de la police nationale 2022/2027 signé par les syndicats « maison » est historique. . .
POUR LA IRE FOIS ILS ONT ACTE LA FUTURE BAISSE DE SALAIRE ! Lire en ligne
https://t.co/P3BMuAp1Xp https://t.co/jz2YdfDZ2n

Nous ne sommes pas les seuls étres vivants sur terre. Quand nous gérons mal nos déchets, c’estles | non non
animaux qui en souffrent ! #StopPollution https://t.co/Jq2oqHTuQo

@utilisateur Et nous ne sommes pas les seuls, j’en suis convaincu... non non
@utilisateur @utilisateur @utilisateur @utilisateur La thrombose c’est 1a protéine Spike en revanche. | oui non
L’oxyde de graphene c’est pour plus tard, c’est le deuxieme effet kiss cool. Bon rétablissement a lui

@utilisateur Ca coule de source hehe oui non
@utilisateur Ca coule de source oui non
@utilisateur Comment faire pour discréditer une personne, et bien tous les coups sont permis. | oui non

Pauvre France, c’est ¢a qu’on appelle liberté, égalité, fraternité. Vive Reconquéte, vive Eric
Zemmour et vive la France

@utilisateur @utilisateur_Danaos @utilisateur On se connait ? Non. Alors faut s’en tenir a ce oul non
que vous connaissez. Des le moment ol on avoue que tous les coups sont permis car "c’est la
campagne" vous discréditez le politique. Un cirque. Pas plus. Et tout ce qui sera dit pourra étre
remis en cause a travers ce prisme.

@utilisateur_morel Ces gens utilisent un vocabulaire complexe qui demande d’avoir étudié et | oui non
pratiqué. Mais la I’éducation qu’ils ont recue ne semble pas soutenue par de I’intelligence. On a
donné de la confiture aux cochons. ..

@utilisateur_Desouche @utilisateur Bravo pour I’initiative de toute facon c’est donner de la | oui non
confiture a des cochons quand on voit ce qu’ils font des quartiers, dommage car il y’a certainement
des gens bien qui vont en patir a cause de ces raclures

@utilisateur_ Non tkt ¢a va aller on y croit que la force soit avec toi oui non
@utilisateur_Ringo Ouai enfin tu comprends rien visiblement x) Pas grave, bonne journée mon | oui non
brave et que la force soit avec toi

Le plus grand chagrin d’amour c’est quand la mort s’en méle. Tant qu’il y a la vie, il y a de ’espoir. | oui non
As long as you live, fight for what you love

Je ne sais pas ce qu’il reste de ces 3 mots : Liberté, égalité et fraternité ! oui non
@utilisateur Travailler moins pour gagner plus donc voila votre solution ? heureusement vous | oui oui
serez jamais au pouvoir

@utilisateur @utilisateur Il m’est arrivé la méme chose ; nous ne sommes pas les seuls, mal- | non non
heureusement. .. de plus en plus de censure !!!

Ca va coulé de source #adp2020 https://t.co/mRga33whi6 oui non
@_NdRoussel @utilisateur_steiger Ca fait grave penser a "la France tu 1’aimes ou tu la quitte" de | oui non

Sarko. Y’a des moods chelou au PCF en ce moment.

Table 8: Control tweets given to our players, with the consensus annotations from the manual annotation phase. We
highlight PMWE:s in bold and underline MWEs.

84



Tweet MWE | PMWE
@utilisateur Euh je ne trouve pas c’est un tweet qui reflete malheureusement une triste réalité. Mais | oui oui
bon Zazou tu dois faire partie de ces gens qui pensent que 1’on peut et doit accueillir toute la
misere du monde. J’ai hite qu’ils frappent a ta porte

En "douce France de 1’omerta", n’aurais été victime d’agressions crapuleuses, frappes répétées, | oui oui
LGBTI Phobies caractérisées homophobes, d’humiliation, d’harcelement &amp; bénéficié d’aucune
hospitalisation! Liberté égalité dignité fraternité justice?! &gt; https://t.co/Q6C6cb5ihd
https://t.co/2tAzZONA6Kt

@utilisateur_C_O_N_S Tu pousses le bouchon un peu trop loin Farid pour ne pas t’appeler | oui oui
Maurice grrrrrr
@utilisateur Le mec a peur que les grands méchants patrons utilisent le pied dans la porte pour | non non

faire travailler les pauvres employés plus, mais diminuer les salaires unilatéralement par le saccage
monétaire c’est OK

@utilisateur @utilisateur_liberal On est en train de toujours s’occuper a travailler plus pour | non non
I’occupation et 1’agitation de nos démarches au niveau de. Point.

@utilisateur c’est le deuxieme effet du décolleté d’hier? (soignes toi bien) oui oui
@utilisateur @utilisateur @utilisateur @utilisateur_ Bonne chance ! Que la force d’Eren soit avec | oui oui
toi

Bon vent @utilisateur. Que la force du panda soit avec toi. https://t.co/AAAPfSITKd oui oui
@utilisateur Merci pour I’info et que la Force de guérir soit avec toi ! oui oui
@utilisateur_ghostz @utilisateur A défaut de la Force, que la chance soit avec toi @utilisateur | oui oui
Comme on dit: Fingers crossed

@utilisateur_canna Looooool que la force de la weed soit avec toi ! oui oui
@utilisateur_ "Alors, tu préferes le beurre, ’argent du beurre ou le cul de la crémieére ? Pour | oui oui
moi, la question elle est vite répondue" https://t.co/CgyZcXgKMj

@utilisateur On ne sait pas mais peut on encore se permettre d’accueillir toute la misere du | oui oui
monde ?

@utilisateur Hé Maurice macron tu pousses le bouchon un peu trop loin tout va te péter ala G.... | oui oui

(en 6 lettres) Achtung achtung ... Pour que cette folie s’arréte je sais ce qu’il faut faire mais j’vous
I’dirai pas ou du moins pas tout suite ! Tout arrive a celui qui sait attendre ...

J’ai encore lu que Macron veut «augmenter les profs qui travailleront plus». Ca a été dit 100 fois | oui oui
mais rappelons quand mé&me que ¢a n’a aucun sens. Une augmentation c’est gagner plus sans
travailler plus. Gagner plus en travaillant plus c’est juste normal.

@utilisateur, Conseiller Regional @utilisateur, soutient les salariéees de #BREGAMS en lutte contre oul oui
un Accord de Performance Collective (APC) qui les fait travailler plus pour gagner beaucoup
moins! https://t.co/1I9ANI3MAZo https://t.co/kfalDVFJRE

@utilisateur @utilisateur @utilisateur Ca nous coltera notre maison et tout nos biens, méme nos | oui non
enfants et notre corps, quand il faudra payer 1’addition de I’argent magique dans quelques années.
C’est le deuxieme effet kisscool, le plan pour installer une société comme en Chine et justifier
I’injustifiable.

@utilisateur C’est le deuxiéme effet du coup de coeur vaccin oui oui
@utilisateur_Stream Que la force du requin soit avec toi oui oui
@utilisateur Que la force de I’amour soit avec toi pour vaincre cette saloperie ! oui oui

Table 9: Control tweets given to our players, with the consensus annotations from the manual annotation phase. We
highlight PMWE:s in bold and underline MWEs.
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Tweet MWE | PMWE

@utilisateur Que la (Tri)force soit avec toi ! oui oui
@utilisateur_philippot Gros con qui se la joue plus francais que tout le monde. La devise c’est | non non
liberté, égalité, fraternité. Le reste n’est pas francais. Traitre.

@utilisateur_dufour IlIs se vengent de votre position. Assumez non non
@utilisateur_trading @utilisateur @utilisateur @utilisateur Vous n’avez toujours pas compris que | non non

votre position est nauséabonde parce qu’elle se défile/cache derriere une notion juridique qui n’a
pas de sens d’étre utilisée, au lieu de tout simplement assumer le fait de dire "je ne crois pas les
victimes". Dites le, allez, assumez un peu.

jusqu‘ici tout va bien oui non
@utilisateur Et ces gens qui soutiennent Macron vont eux-aussi impactés par cette politique de | oui oui
destruction massive du modele économique et social issu du CNR, des idéaux républicains etc.

@utilisateur_lere Mais qu’attendent donc la #NUPES et toutes ces ONG de destruction massive | oui oui

pour enfin revendiquer le droit de cuissage, ou une dotation de quelques vierges, pour tout migrant
illégal qui arriverait en #France? Un accueil digne pour ces pauvres gens, serait la moindre des
choses.

Terrible !Ces gens la sont nos pires ennemis : cette oligarchie mondialiste qui se trouve dans | oui oui
tous ces pays qui ont participé a cette mascarade criminelle. Ceux-ci ont utilisé les pays a leur
solde comme instrument de destruction massive contre les peuples d’y trouvant:tromperie
https://t.co/7G5U6x8QXP

NOUVEAUTE / Sinaive, Dasein EP (Buddy Records) / Reprise Party (Langue Pendue) Il y a bien | oui oui
longtemps, dans une tres petite galaxie fort lointaine, nous nous battions au sujet de I’'usage de
la langue francaise dans un contexte noisy pop. Par @utilisateur https://t.co/e4dQHjnWGqS
Rappel : 1a seule "nouvelle mission" qui intéresse Macron sera les remplacements bouche-trous. | oui oui
Soit, compte tenu de I’inflation, travailler plus pour gagner aussi peu qu’avant. Et ca passera,
parce que la profession est désormais dépolitisée. #Cassandre https://t.co/GSWCFTIZgX
@utilisateur_morel Cette photo montre aussi, qu’hormis la petite foule de "journalistes" qui se | oui oui
pressent autour de la Raclure néo nazie, la salle, qu’on apergoit a I’arriere plan, est déserte Ca, c’est
le deuxieme effet ''grand angle"

@utilisateur_man_one Le futur est déja derriére nous oui oui
@utilisateur_delb Putain mais j’ai honte pour lui... A genoux en rampant devant les racistes | oui oui
pseudo-damnés de la terre

@utilisateur Mes excuses et courage ! Que la force des dieux soit avec toi toujours en ta faveur ! | oui oui
https://t.co/fFDyU175Sc

Go mon #Bilou ! Que la force du champs de lin soit avec toi ! @utilisateur @utilisateur | oui oui
@utilisateur @utilisateur https://t.co/LONjqVzRRi

On ne peut pas et accueillir toute la miseére du monde en prendre soin & grands coups de milliards | oui non

et s’occuper de nos bébés placés qui EUX sont notre futur. L’Etat a clairement fait son choix!
https://t.co/bbDFXivU26

@utilisateur Président momo '"Maurice' tu pousses le bouchon un peu trop loin et Il n’y a pas | oui oui
de musulmans modérés.
@utilisateur Qui a été formé a Bordeaux, joue en principauté et sera le futur joueur du PSG ?La | oui non

question elle est vite repondue

Table 10: Control tweets given to our players, with the consensus annotations from the manual annotation phase.
We highlight PMWE:s in bold and underline MWE:s.
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Abstract

Emotion annotation, as an inherently subjec-
tive task, often suffers from significant inter-
annotator disagreement when evaluated using
traditional metrics like kappa or alpha. These
metrics often fall short of capturing the nu-
anced nature of disagreement, especially in
multimodal settings. This study introduces Ab-
solute Annotation Difference (AAD), a novel
metric offering a complementary perspective
on inter- and intra-annotator agreement across
different modalities. Our analysis reveals that
AAD not only identifies overall agreement lev-
els but also uncovers fine-grained disagreement
patterns across modalities often overlooked by
conventional metrics. Furthermore, we propose
an AAD-based RMSE variant for predicting
annotation disagreement. Through extensive
experiments on the large-scale DynaSent cor-
pus, we demonstrate that our approach signifi-
cantly improves disagreement prediction accu-
racy, rising from 41.71% to 51.64% and out-
performing existing methods. Cross-dataset
prediction results suggest good generalization.
These findings underscore AAD’s potential to
enhance annotation agreement analysis and pro-
vide deeper insights into subjective NLP tasks.
Future work will investigate its applicability to
broader emotion-related tasks and other subjec-
tive annotation scenarios.

1 Introduction

Despite the significant progress in multi-modal
NLP (Garg et al., 2022), such as GPT-40', accu-
rately recognizing and interpreting human emo-
tions across different modalities (Zhang et al.,
2024) remains a substantial challenge. This dif-
ficulty primarily arises from the complexity and
variability of emotional expressions (Lindquist and
Barrett, 2008; Barrett, 2009), which often manifest
themselves differently across modalities. Conse-
quently, there is a growing demand for fine-grained

"https://openai.com/index/hello-gpt-4o/
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and reliable datasets to support the training and
evaluation of emotion recognition systems (Yang
et al., 2023; Ridley et al., 2024).

As a common and popular practice, the use of
evaluation metrics like the kappa/alpha family has
almost become a standard step in dataset construc-
tion (Zhao et al., 2018). However, even with careful
dataset design, many annotated (multimodal) emo-
tion datasets exhibit low kappa/alpha scores (Busso
et al., 2008, 2016; Zadeh et al., 2018; Zhao et al.,
2022; Du et al., 2025), and few studies have ex-
plored the reason behind these low scores. Given
that the interpretation of kappa/alpha values can be
significantly influenced by factors such as the num-
bers of annotators and categories(Antoine et al.,
2014), and considering the inherently subjective
nature of emotion annotation (Chou et al., 2024;
Plaza-del Arco et al., 2024; Maladry et al., 2024),
we propose the complementary use of the Absolute
Annotation Difference (AAD) as an intuitive met-
ric to better measure and examine agreement and
disagreement patterns, particularly in datasets with
low kappa/alpha scores.

To validate this proposal, we conducted two ex-
periments. The first is a pilot study on a small
multimodal emotion dataset, where (dis)agreement
was assessed using both kappa/alpha and AAD.
The findings suggest that AAD provides a dis-
tinct perspective on (dis)agreement and effectively
uncovers annotation patterns. Building on these
insights, the second experiment applied AAD to
(dis)agreement modelling and prediction, achiev-
ing an accuracy improvement of nearly 10%. To-
gether, these experiments highlight the added value
of AAD in enhancing the analysis and prediction
of (dis)agreement in emotion annotation tasks.

By offering a complementary view to conven-
tional metrics, our work contributes to a more nu-
anced understanding of annotation reliability. We
hope this research can inspire further methodologi-
cal innovation in dataset evaluation and design.

Proceedings of the 19th Linguistic Annotation Workshop (LAW-XIX-2025), pages 87-102
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2 Related Work

Many tasks in natural language processing and
computer vision sometimes suffer from dis-
agreement (Basile, 2020; Uma et al., 2021;
Mostafazadeh Davani et al., 2022), as they in-
volve tasks (e.g. emotion detection, hate speech
detection) which are difficult to define and influ-
enced by an annotator’s cultural, social, ethnic, and
other backgrounds. In addition, annotation differ-
ences might also just be caused by attention slips
(Beigman Klebanov et al., 2008). In their survey
paper, Uma et al. (2021) identified several sources
of disagreement, including annotator errors, annota-
tion schemes, ambiguity, subjectivity and item dif-
ficulty. Although disagreement is sometimes unde-
sirable, there are also scholars embracing disagree-
ment and proposing to preserve disagreement as
different perspectives to the same stimuli (Akhtar
et al., 2020; Plepi et al., 2022; Cabitza et al., 2023).

2.1 Disagreement Measurement

Irrespective of the provenance of this disagree-
ment, annotation disagreement is usually measured
with statistical approaches, such as Cohen’s kappa
(1960), Fleiss’ kappa (1971) or Krippendorff’s al-
pha (2007). According to Landis and Koch (1977),
for categorical data, kappa values smaller than O
are regarded as poor agreement, and these values
can increase from slight (0.01 to 0.20), fair (0.21
to 0.40), moderate (0.41 to 0.60) and substantial
agreement (0.61 to 0.80), up until 0.81 to 1.00 as al-
most perfect agreement. Kappa is usually used for
categorical ratings, while Krippendorff’s alpha is
more adaptive with different levels of measurement
(Stevens, 1946), able to measure agreement in nom-
inal, ordinal, interval and ratio data (Krippendorff,
2011). As for Krippendorff’s alpha, it is suggested
to rely on data when the alpha is greater than 0.8,
discard data when the alpha is smaller than 0.667,
and only draw tentative conclusions when the alpha
is in-between (Krippendorff, 2004).

Although the use of such metrics has become the
de facto standard for agreement measurement — of-
fering a single, comprehensive score to summarize
overall agreement across a dataset — these metrics
have notable shortcomings. For Kappa, the pri-
mary concerns are the prevalence problem and the
bias problem (Di Eugenio and Glass, 2004), two
major paradoxes that complicate its interpretation
(Wang and Xia, 2019). Specifically, kappa values
fluctuate significantly when category distributions
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are imbalanced or when annotators favour certain
categories. Similarly, Krippendorff’s alpha is not
only affected by skewed category distributions but
it is also highly sensitive to the choice of distance
function and levels of measurement (Krippendorff,
2011).

In emotion annotation tasks, these limitations
are even more pronounced. Emotion datasets of-
ten exhibit a natural skew toward more frequently
used categories (Zadeh et al., 2018), and defining
the appropriate levels of measurement for emotion
annotations poses additional challenges. Emotions
are commonly annotated using both categorical and
dimensional labels (Busso et al., 2016; Labat et al.,
2024), which can be interconverted under specific
conditions(Park et al., 2021). While Antoine et al.
(2014) advocate for the use of weighted Krippen-
dorff’s alpha as a more reliable metric for ordi-
nal annotations, achieving the commonly accepted
threshold of 0.667 (Landis and Koch, 1977) in emo-
tion annotation remains elusive in empirical studies
(Antoine et al., 2014; Wood et al., 2018). This diffi-
culty has led to increased scrutiny of these metrics,
particularly in subjective domains such as emotion
annotation, where the interpretation of scores often
comes into question(Wong et al., 2021).

To address these challenges, we propose the use
of the intuitive Absolute Annotation Difference
(AAD) method as a complementary approach to
measure agreement and examine (dis)agreement
patterns in emotion annotation tasks. As the name
suggests, AAD refers to the absolute difference be-
tween two or more sets of annotations. For dimen-
sional annotations, AAD can be straightforwardly
calculated as the absolute difference between two
annotations, which can be formulated as

Dlz|xi—yl~], 1eM (D)
whereby z; and y; represent the assigned dimen-
sional labels (i.e., valence values) respectively for
the instance ¢ in the dataset M. For categorical
annotations, we propose converting them into two-
or multi-dimensional representations and comput-
ing Euclidean differences, as suggested by Antoine
et al. (2014). For example, when categorical anno-
tations are projected into the valence-arousal space,
the absolute difference will be formulated as

ieM
)
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whereby z;; and x;5 correspond to the projected

valence values and ;1 and y;2 denote the projected
arousal values for the instance 7 in the dataset M,
respectively. This ADD approach offers another
perspective on agreement and provides deeper in-
sights into (dis)agreement patterns, particularly in
datasets with low kappa or alpha scores.

2.2 Disagreement Prediction

In addition to measuring agreement after emo-
tion annotation, an equally compelling question is
whether, and to what extent, it is possible to predict
disagreement before the annotation process. While
previous studies have focused on predicting indi-
vidual annotators’ ratings or the label distributions
within a group (Fleisig et al., 2023; Weerasooriya
et al., 2023), these approaches address disagree-
ment only indirectly. To the best of our knowledge,
direct disagreement prediction has been explored
in only one prior study, specifically on sentiment
analysis, conducted by Wan et al. (2023).

In their work, Wan et al. (2023) fine-tuned a
RoBERTa model (Liu et al., 2019) on the DynaSent
dataset (Potts et al., 2021) to predict disagreement
using both binary disagreement labels and continu-
ous disagreement rates. Additionally, they incorpo-
rated demographic information, such as age, gen-
der, and ethnicity, to enhance the model’s predic-
tive performance. However, the inclusion of demo-
graphic data raises significant concerns related to
annotator privacy and the potential for misrepre-
sentation or underrepresentation of diverse social
values and opinions (Weerasooriya et al., 2023).

We propose an alternative approach that lever-
ages AAD to quantify disagreement and predict
annotator disagreement based solely on textual fea-
tures within the task, without relying on additional
demographic information. This approach ensures
privacy preservation and avoids biases associated
with demographic-based selection, while providing
an effective framework for disagreement predic-
tion.

3 Data

To thoroughly investigate annotator disagreement
within and across modalities and identify factors
that make certain data types (textual, audio, silent
video, or multimodal) challenging to annotate, we
designed a two-session annotation study.

In the first session, four annotators independently
annotated a small dataset across four modality se-
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tups: text, audio, silent video, and multimodal, pro-
viding distinct sets of annotations for each modality
to assess inter-annotator agreement.

In the second session, one annotator re-annotated
the dataset twice — 114 and 290 days later. These
additional annotations enabled intra-annotator
agreement analysis by comparing the three sets
over time. The annotator reported vaguely remem-
bering the content of some instances but stated not
to have a recollection of the previous annotations.

Data collection and annotators Following Du
et al. (2025), we use a subset of their Unic dataset,
consisting of 94 YouTube video clips featuring au-
thentic emotional expressions, unlike the exagger-
ated portrayals common in movies or TV series.
Each video clip spans about 10 seconds, which was
deemed sufficient in preliminary tests for identify-
ing emotional states across modalities (Du et al.,
2025). Four annotators (two male, two female col-
lege students proficient in English) participated af-
ter training on the annotation method and tools,
ensuring consistent and informed annotations.

Annotation method All 94 video clips were an-
notated across three separate modalities — text, au-
dio, and silent video — and also received a holistic
multimodal emotion annotation. To capture emo-
tional states as comprehensively as possible, both
categorical and dimensional approaches were em-
ployed. For the categorical framework, we adopted
the same labels as Du et al. (2025): disgust, disap-
pointment, confusion, surprise, contentment, joy,
and neutral. These categories were curated by clus-
tering a larger set of emotions to reduce potential
noise. For example, love is grouped under joy due
to its lower frequency and closely related meaning.
In the dimensional framework, emotional states
were rated based on valence and arousal, using a 5-
point scale ranging from very negative or very calm
(1) to very positive or very excited (5), respectively.
The dataset is available upon request.

4 Annotation Difference Analysis

To evaluate the annotations across annotators and
modalities, we performed significance tests using
the four sets of annotations from the first annota-
tion session. Chi-Square test results suggest that
both the categorical and dimensional emotion anno-
tations are significantly influenced by the modality
(p = 6.068¢75, p = 0.002), and the annotators
(p = 3.669¢72°, p = 2.660e42).



text audio video all

eq .32 27 .19 .29
K U4 33 .23 21 .27
aq .04 06 .11 .09
a vg —nominal [lunweight 33 23 22 27
va — ordinal /weight 64 48 46 .52
v4 —interval /weight .64 48 46 .52
v4 — ratio/weight 59 42 38 46
a4 — nominal /unweight .05 .07 .12 .09
as — ordinal Jweight .01 21 32 .23
aq — interval /weight 01 17 30 .21
as — ratio/weight <01 .08 .19 .12

Table 1: Agreement with Fleiss’ kappa and Krippen-
dorff’s alpha for the 4 annotation setups and in which
all refers to the multimodal setup. vy, ay4,and ey refer
to the agreement of valence, arousal and emotion across
4 annotators.

As a common practice in dataset construction,
we calculated both Fleiss’ kappa and (weighted)
Krippendorff’s alpha. For emotion and valence, the
kappa results, ranging from 0.19 to 0.33, suggest
low agreement in the annotations, and similarly,
the Krippendorft’s alpha results, ranging from 0.22
and 0.64, reflect the same conclusion. This holds
true even when considering different levels of mea-
surement (e.g., ordinal and interval, etc.) or using
weighted versus unweighted approaches valence
annotations. Note that in our experiments, valence
is scaled as integers from 1 to 5, which can be inter-
preted as very negative, negative, neutral, positive
and very positive, making it a hybrid of multiple
data types (Stevens, 1946). Default weights were
applied in the calculation across these data types.
For arousal, the results indicate less agreement.

The results in Table 1, along with similarly
low agreement scores from other datasets, such
as k = 0.27 in IEMOCAP (Busso et al., 2008) or
a = 0.25 in CMU-MOSEI (Zadeh et al., 2018),
prompted us to further investigate emotion annota-
tion differences in the following sections.

4.1 Inter-annotator agreement across
modalities

In addition to the common agreement statistics used
to evaluate inter-annotator agreement among the
four annotators, we also calculated the absolute
annotation difference (AAD) between each pair
of annotators. This approach allowed us to gain
deeper insights into the specific areas where annota-
tors agreed or disagreed, and to investigate whether
any systematicity could be identified in these dis-
agreements.

We begin with the valence annotations. Recall
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that valence was annotated on a scale of 1 to 5, rang-
ing from very negative, weakly negative, neutral,
over weakly positive to very positive. A valence
difference of 0 or 1 between a pair of annotators in-
dicates that they share the same or a similar assess-
ment of the valence of a given fragment. However,
when the valence difference is 2 or greater, it sug-
gests that annotators hold a significantly different
interpretation of the polarity (i.e., weakly negative
versus weakly positive, neutral versus positive) ex-
pressed in the fragment.
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Figure 1: Absolute valence difference in texts be-
tween each pair of annotators (represented with different
colours). The X-axis and Y-axis stand for valence differ-
ence and frequency respectively. Results for the other
modalities are available in Figure 7 in Appendix B.

Diff Text/% Audio/% Video/% All/%
0 52.84 50.35 45.74  49.65
1 39.72 39.36 4291 3848
2 5.85 8.33 10.28  10.46
3 1.60 1.77 1.06 1.06
4 0.00 0.18 0.00 0.35

Table 2: Valence difference distribution in percentage
across modalities, averaged from the six pairs of anno-
tators.

As shown in Figure 1 and Table 2, the va-
lence difference highlights (dis)agreement patterns
among annotators. Figure 1 indicates that most
of the valence differences between the six pairs of
annotators are indeed limited to O or 1, with this
tendency being consistent across the text, audio,
video and multimodality setups. Table 2 confirms
this, showing that in 52.84%, 50.35%, 45.74% and
49.65% of the text, audio, video and multimodality
annotations, respectively, annotators selected the
same valence score. Additionally, in around 40%
of the cases, annotators chose a valence score in
the nearest neighbouring category. This suggests
that approximately 90% of the annotations show
a strong agreement, with annotators consistently
selecting the same or similar sentiment labels.

An interesting observation is that, according to



the kappa scores for valence, the agreement in the
multimodal setup (0.52) is higher than in the au-
dio setup (0.48). However, based on the results
in Table 2, fewer annotators choose the same or
similar labels in the multimodal setup (49.65% and
38.48%) compared to the audio setup (50.35% and
39.36%). One possible explanation is that the same
or similar choices (diff = 0, 1) focus solely on agree-
ment, whereas kappa combines both agreement and
disagreement (diff > 1) into a single score. This
suggests that while there is a greater degree of over-
all agreement in the multimodal setup, the higher
kappa/alpha score may reflect less frequent or less
severe disagreement compared to the audio setup.

Diff Text/% Audio/% Video/% All/%
0 33.51 37.41 41.67 35.28
1 38.65 45.39 4450 43.44
2 22.34 15.07 13.12  18.26
3 4.96 2.13 0.71 2.84
4 0.53 0.00 0.00 0.18

Table 3: Arousal difference distribution in percentage
acorss modalities, averaged from the six pairs of anno-
tators.

Similarly, the absolute arousal differences, as
presented in Table 3, suggest that annotators gener-
ally select the same or similar arousal labels with
consistency. However, the frequency of identical
choices is lower compared to valence.

12 w13 w14 ©23 m24 w34

Figure 2: Emotion difference on the text modality be-
tween each pair of annotators. The X-axis and Y-axis
stand for emotion (Euclidean) difference and frequency
respectively. Results for the other modalities are avail-
able in Figure 8 in Appendix B.

As for the emotion annotations, we projected
the different categorical emotion labels into a two-
dimensional space as a vector, using their averaged
valence and arousal scores (Table 8 in Appendix
A). The Euclidean distance between the two vec-
tors is the difference between two emotions. Then
we plotted the distribution of emotion differences
among the four annotators for the same instance.
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Diff Text/% Audio/% Video/% All/%

0 46.28 44.68 3546  43.62
0.1 1.42 0.35 1.95 2.13
0.4 5.32 1.06 2.3 5.67

Table 4: Distribution of top 3 minimum differences in
percentage for different modalities, averaged from the
six pairs of annotators. Diff stands for the absolute
difference value in ascending order, ranging from O to
2.25.

As expected, the results in Figure 2 and Table 4
suggest a relatively high inter-annotator agreement.
About 46.28%, 44.68%, 35.46% and 43.62% of
the instances in the text, audio, video and multi-
modality setups, respectively, are annotated with
identical emotions. Meanwhile, the most common
confusing emotion pairs were contentment and
joy, accounting for more than 10% of the instances
in all modality setups. This indicates that it is more
challenging to differentiate emotions with similar
valence values.

Based on the results of the valence, arousal and
emotion analysis across modality, we can conclude
that rather than relying solely on a single and com-
prehensive score provided by kappa/alpha, the ab-
solute annotation difference (AAD) reveals valu-
able and insightful phenomena in emotion anno-
tation. For instance, we found that most of the
disagreement occurs between labels in the nearest
neighbouring categories. Specifically, for valence,
confusion frequently arose between labels with the
same polarity but varying intensity. In the case of
emotion annotations, disagreement often stemmed
from emotions with similar valence but different
arousal levels.

4.2 Intra-annotator agreement across
modalities

Given the complexity of emotion annotation, we
also calculated the absolute valence, arousal and
emotion differences between three sets of anno-
tations from the same annotator, who annotated
the same dataset 114 days and 290 days after the
initial annotation. The results as shown in Fig-
ure 3 confirm our earlier insights with respect to
inter-annotator agreement. However, as expected,
since inter-annotator differences in cultural and
emotional background were minimized, the num-
ber of instances with identical annotation between
the two annotation rounds was higher.
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Figure 3: Absolute valence, arousal difference and emo-
tion difference in text from three sets of annotations
from the same annotator. Results of other modalities are
available in Figure 9 and Figure 10 in Appendix B.

4.3 Qualitative analysis

The previous analysis focused on each modality
setup individually, but it is also valuable to examine
all setups together. Therefore, we further investi-
gated the annotations with the most and least inter-
annotator agreement on valence across all modality
setups. This allowed us to gain a broader under-
standing of the patterns of (dis)agreement when
considering all modalities simultaneously.

No. | text | audio | video | all
12 | 0,50 | 0,50 | 1,17 | 0,50
13 | 0,50 | 0,67 | 0,67 | 0,50
14 | 1,50 | 1,00 | 1,17 | 0,50
15 | 0,67 | 1,17 | 1,00 | 1,17
16 | 0,00 | 0,50 | 0,00 | 0,00
17 | 0,67 | 0,00 | 1,17 | 0,50
18 | 0,00 | 0,00 | 0,00 | 0,50

Figure 4: Part of the valence difference heatmap across
modalities. Adequate agreement (< 0.5) is in blue while
poor agreement (> 0.5) is in orange.

To identify the annotations with the most and
least inter-annotator agreement, we first calculated
the averaged valence difference score for each in-
stance across all modality setups, ranging from 0
to 2.5, as shown in Figure 4. Since no instance
has a full agreement (diff = 0) across all modality
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setups, we set a difference score of 0.5 (e.g. at most
two annotator pairs showing a minimal annotation
difference of 1) as the cut-off between adequate
and poor agreement. As a result, weobserved that,
19% of the 94 instances exhibit adequate agreement
across all four modality setups, 8.5% show poor
agreement, while the large majority of the instances
reside in between. Therefore, the top 19% (18 in-
stances) and the bottom 8.5% (8 instances) were
selected for further analysis as the high-agreement
and high-disagreement annotations, respectively.

Although there is no actual gold standard an-
notation for the dataset, we assumed the emotion
annotations obtained in the second annotation ses-
sion (114 days after the first annotation) as silver
standard to match the averaged valence difference
score of each instance with a corresponding cate-
gorical emotion label.

With the emotion labels attached to the instances,
it is found that for the 18 instances with adequate
agreement in all four modality setups, only 2 neg-
ative emotion labels (two disappointment) ap-
peared out of 72 labels, accounting for 2.8%. In
contrast, for the 8 instances with poor agreement
across all four modality setups, 12 negative emo-
tion labels were recorded (11 disappointment and
1 disgust) out of 32 labels. This trend was also
observed in the instances with adequate/poor agree-
ment in three out of four modality setups (27 and 21
instances respectively), where the negative labels
account for 22.2% and 40.5%, respectively.

This interesting finding suggests that, in our
dataset, annotators tend to agree more on non-
negative emotion states, but exhibit greater dis-
agreement on negative emotions. One possible ex-
planation for this phenomenon is that people tend
to express positive emotions more openly, while
they may feel less inclined to fully reveal negative
emotions (Du et al., 2023).

S Disagreement Prediction

Based on the insights from our agreement analy-
sis, we also explored the potential of using AAD
to model and predict disagreement, with the goal
of identifying instances where annotators exhibit
diverse interpretations, which can reveal valuable
insights into the data. However, there are only a
few studies on disagreement prediction, particu-
larly concerning modalities such as audio or video.
One recent research that caught our attention is
the work of Wan et al. (2023) who performed dis-



agreement prediction on a dataset of over 100,000
textual instances (Potts et al., 2021). Given the con-
straints of data availability and computation cost,
we conducted our initial investigation on texts, tak-
ing the research of Wan et al. (2023) as a starting
point.

5.1 A novel rating strategy

We began by defining and scaling disagreement, as
there are varying degrees of disagreement that we
intend to investigate in greater detail. In the experi-
ment of Wan et al. (2023), labels agreed by more
than half of the annotators are considered the major-
ity labels, while labels different from the majority
are viewed as minority labels without looking at the
nature of the underlying label. Since 5 annotators
were involved in the annotation, Wan et al. (2023)
calculated their disagreement rate as the number
of minority labels divided by 3, where 3 is the bor-
derline of minority labels in case of a majority, as
formulated in the following:

Nminority
N, Nminorit
D — tgtal — 3 Y (3)
Ntotal

Annotation distribution Binary label Wan's Ours

OOV ©C disagree 067 077

OO © W disagree 067 1.26

LY © W disagree = 0.67 N/A
\'fj, -negative \'j'/ -neutral ':'/ -positve ; -mixed

Figure 5: Comparison of two disagreement rating strate-
gies on the same annotation distributions.

For example, as shown in Figure 5, there are
three sets of annotations where the majority labels
share the same sentiment positive, but the minor-
ity labels differ. The first minority labels are both
neutral, and while the second are neutral and neg-
ative, both sets of annotations are assigned with a
disagreement rate of 0.67. Considering the fact that
the distance between positive and negative is much
greater than that between positive and neutral, it
is not appropriate to assign them the same level of
disagreement.

As an alternative to the disagreement rating
method of Wan et al. (2023), we propose to uti-
lize the information from the absolute annotation
difference (AAD) to evaluate the disagreement
rate. Specifically, we take a variant of the root
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mean square error (RMSE) of the label distribu-
tion, which compares the differences between ev-
ery two annotations (of an annotation set) that may
vary. This approach is useful because, in practice,
there are no “truth” annotations and aggregated an-
notations should not be considered as the “truth”
(Cabitza et al., 2023). The variant is formulated as:

Di= | Y (@i-p ieM @&

(;) (a:,y)e/\f

whereby n is the annotator number of the annotator
set NV, (%) is the number of different ways to select
two annotators from the annotator set N, z,y € N/
are the considered annotators, and x; and y; repre-
sent the assigned sentiment labels respectively for
the instance ¢ in the dataset M. Figure 5 provides
further examples of the formula’s application.

Our rating strategy considers sentiment annota-
tion more like ordinal/interval variables rather than
nominal ones. If we assign different sentiments
with distinctive values, for example, {negative : -1,
neutral : 0 and positive : 1}, we would derive more
fine-grained disagreement rate scores, as shown
in Figure 5, which effectively represent the sen-
timent distance among all the labels. Since it is
difficult to assign a value to the mixed label and our
evaluation dataset does not contain the mixed label,
we excluded the instances with this label from the
original DynaSent (Potts et al., 2021) dataset. The
remaining instances, annotated with negative, neu-
tral and positive labels, were mapped to -1, 0, and
1, respectively. The final reduced <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>