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Abstract

This paper reflects on five years of the Workshop on Perspectivist Approaches to NLP (NLPerspectives) and
examines how this research community has helped to reconceptualise the notion of ground truth in human-labelled
data and its classification. As NLP research has increasingly engaged with social and affective tasks, traditional
assumptions about annotation reliability—centred on inter-annotator agreement and single ‘gold standard’ labels—have
proven insufficient for capturing the genuine diversity of human perspectives. | review the developments that have
driven the ‘Perspectivist Turn,” assess its influence on mainstream NLP practice, and highlight the methodological
challenges that arise when modelling disagreement, subjectivity, and annotator variation. In particular, | consider
unresolved questions around evaluation paradigms, task formulation, population representation, community norms,
and the implications of using pre-trained generative models as classifiers. By synthesising discussions from five
years of workshops, keynotes, and related publications, | outline open challenges and propose directions for future
work aimed at more rigorous perspectivist NLP. | argue that we should focus on more realistic task formulations
and the centering minoritised standpoints, and caution against viewing potentially harmful interpretations as equally
legitimate reactions to ‘subjective’ phenomena.
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1. Introduction Throughout this period, methodologies and stan-

dards were developed for establishing the reliability

"What is truth?’ asked Pontius Pilate (John 18:38),  of human labels applied to text data. These were
but famously, he did not provide or wait for an an-  believed to provide an indication of the reliability of
swer. In recent years a growing section of the Nat-  these annotations as markers of the ground truth
ural language processing (NLP) research commu-  categories to which individual data points belonged.
nity has been asking a similar question. In this Chief among these was the measurement of
paper marking the fifth edition of the Workshop  chance-adjusted inter-annotator agreement (IAA).
on Perspectivist Approaches to NLP (NLPerspec-  Borowed from Behavioral Science, this was intro-
tives),! | examine what we mean by (ground) truth duced to CL by Carletta (1996), who pointed out
when it has become (relatively) more commonto  hat the quality of previous work had been purely
collect, model, and attempt to represent multiple 'judged according to whether or not the reader
diverging responses in human label data. Here, | found the explanation plausible.” In comparison,
reflect on both progress made, and attempt to take e application of a rigorous statistical measure-
a snapshot of the field, including open questions,  ment was a common sense way to improve the
challenges, and limitations of current approaches.  ropuystness of data collection methods. An iterative
NLP corpus creation methodology was established

2. Background in which: (1) guidelines were drawn up explaining

the phenomena of interest, (2) data was annotated

As a field that grew out of the related discipline  following these instructions, (3) IAA was measured,
of computational linguistics (CL), from the early  (4) reasons for disagreement were interrogated,
2000s, NLP saw a shift away from more well  attempts made to iron them out, and guidelines
defined linguistic tasks such as part-of-speech  adjusted to avoid such deviance in the future. We
tagging and dependency parsing, which had been  then returned to step (1), and repeated until the Co-
the focus of research up to and including the turn ~ hen’s kappa, Krippendorf’s alpha, or another cho-
of the Millenium, to begin considering social and  sen statistic was deemed to be satisfactory, usually
affective tasks like sentiment analysis (e.g. Pang by meeting some quite arbitrary threshold (Warrens,
et al., 2002; Wiebe et al.,, 2005) and emotion  2015). Manuals were written with step-by-step ex-

recognition (e.g. Mohammad and Turney, 2013). planations of how to follow this procedure (Artstein,
2017; Pustejovsky and Stubbs, 2012).
"https://nlperspectives.di.unito.it/ One effect of this standardisation was that, as
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high 1AA scores became synonymous with reliabil-
ity, and therefore the quality of data collection, it
seemed to become almost impossible to publish
work that showed even moderate levels of varia-
tion in annotator behaviour (as many researchers
struggling to achieve high IAA at this time would
probably attest). Where disagreement was found,
this became reason for devising methods to weed
out supposedly unreliable annotators (Hovy et al.,
2013) and ’noisy’ labels (e.g., aggregation by major-
ity vote), or, as Aroyo and Welty (2013) pointed out,
to try to force consensus through over-specified
and overly ungeneralisable development.

The ‘Perspectivist Turn’ There are, in fact, a
number of examples of CL and NLP work acknowl-
edging the potential for finding ‘signal’ in the ‘noise’
of human label variation going back to the 2010s,
and beyond. Aroyo and Welty (2013) proposed to
collect the 'Crowd Truth’ distribution of annotator re-
sponses believing (dis)agreement levels provided
information about the relative ‘clarity’, ‘vagueness’,
or ‘ambiguity’ of a labelled item. Further examples
are Jurgens (2014), who considered annotator dis-
agreement as a proxy for item difficulty in a word
sense labelling task, and Plank et al. (2014), who
showed that such disagreements were systematic
for part-of-speech labelling. Arguing that the notion
of acceptability should replace that of ‘ground truth’,
Alm (2011) pointed to work on subjectivity in CL
and linguistics going as far back as the 1930s.

However, mainstream NLP methodology con-
tinued to prioritise the collection and modelling of
single ‘gold standard’ class labels until the field
saw the beginnings of a ‘Perspectivist turn’ in the
early 2020s. Signs of this included talk of the
‘end of the gold standard’ (Basile, 2020) and the
‘need to talk about disagreement’ (Basile et al.,
2021), the launch of a Perspectivist Data Manifesto
urging researchers to follow disaggregated data
practices,? a growing interest in ‘learning with
disagreement’ (Uma et al., 2021b), including the
launch of the Le-Wi-Di shared task (Uma et al.,
2021a; Leonardelli et al., 2023, 2025), publication
of a prominent survey of relevant resources (Plank,
2022), and an emerging interest in modelling of
individual annotators (Cercas Curry et al., 2021;
Davani et al., 2022; Vitsakis et al., 2023).

NLPerspectives at Five Which brings us to the
launch of the present workshop series. Conceived
of in 2021, and with its first edition taking place at
LREC in May 2022, NLPerspectives is now cele-
brating its 5th edition. During this time, it has seen
the publication of 68 research papers (up to edi-
tion 4, see Figure 1), the presentations of several

’https://pdai.info/

other non-archival works and research communi-
cations, and hosted five keynote talks on topics
relevant to and overlapping with perspectivist data
practices: Su Lin Blodgett on participatory design
(2022 LREC, Marseille), Przemystaw Kazienko on
personalised NLP (2023 ECAI, Krakow), Barbara
Plank on human label variation and model uncer-
tainty (2024 LREC-COLING, Turin), Jose Camacho
Collados on cultural factors in multilingual models
(2025 EMNLP, Suzhou), and now at LREC 2026
in Palma de Mallorca, Federico Cabitza, author of
‘the Perspectivist Turn’.®

Each workshop has ended with a panel discus-
sion featuring the organisers, invited speakers, and
other researchers from the community reflecting
on progress, challenges, the state of the field. In
this paper, | attempt to synthesise some of the
talking points from these conversations.
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Figure 1: Published papers over time at NLPer-
spectives. With the exception of 2023, when the
workshop was presented outwith the *ACL com-
munity (at ECAI), the workshop has seen steady
growth in submissions and accepted papers.

Influence on the wider NLP field The idea
of collecting, preserving, and modelling multiple
labels appears to have become considerably more
mainstream than it was five years ago. In a reversal
of the situation described previously, anecdotally
at least, peer reviewers sometimes now consider
a lack of consideration for legitimate annotator
disagreement to be a methodological weakness.
There have also been a number of developments
that indicate that the field may have been influ-
enced by the workshop and the research of those
working in this community. Other workshops and
events have sprung up with similar themes, such
as Proceedings of Context and Meaning: Navigat-
ing Disagreements in NLP Annotation (Roth and
Schlechtweg, 2025) and the choice of ‘subjectivity
and disagreement in abusive language data’ as
special theme for the 7th Workshop on Online Ab-

SInformation about the workshop is archived at
https://nlperspectives.di.unito.it/.
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Figure 2: Three perspectivist paradigms. For a given data point X;, and set of labels (here represented
by differently coloured squares), models (1) predict individual annotator labels; 92) output a prediction of
the distribution of labels; or (3) focus on grouping annotators according to their labelling behaviour. Figure

after Davani et al. (2022).

use & Harms (WOAH) (Chung et al., 2023).
Most notably, the ACL 2025 keynote speech
titted ‘Whose Gold?” was given by founding
member of the workshop’s organising committee,
Verena Rieser, and expounded on perspectivist
themes (Che et al., 2025).

3. Open questions and challenges

Although the developments described above indi-
cate a shift in the field towards more mainstream
acceptance of the tenets of perspectivist NLP,
there remain many challenges. In many ways, the
embrace of perspectivism opens more questions
than it resolves. While (Frenda et al., 2025)
reviewed work conducted under the perspectivist
banner, in the rest of this paper, | consider these
questions, and make suggestions for approaches.

3.1.

From the beginnings of the workshop, perhaps the
most frequently posed and least satisfactorily an-
swered question has been ‘how (or what) should
we evaluate?’ Here, three main paradigms have
emerged (see Figure 2):

Evaluation

1. The individual annotators responsible for
providing the labels are modelled, and a
label is output for each that represents a
prediction of what they would label the item
in question (e.g. Cercas Curry et al., 2021;
Davani et al., 2022; Lo et al., 2025; Orlikowski
et al.,, 2023). This represents a form of

descriptive relativism, in which all individual
truths are seen as equally valid.

2. Models are designed to predict the distribution
of labels, i.e., in the example illustrated in
Figure 2, the soft label is [0.33,0.33,0.33].
This has been used as the main evaluation
metric for the Le-Wi-Di shared task, where
it is referred to as ‘soft labelling’ (Leonardelli
et al., 2023). Other examples of this approach
include Madeddu et al. (2023), Parappan and
Henao (2025), Weerasooriya et al. (2023a),
and Weerasooriya et al. (2023b).

3. Some work is concerned primarily with mod-
elling the relationship between the labelling
behaviours of different people, often with the
aim of finding like-minded groups within the
cohort of annotators (Lo and Basile, 2023;
Liu et al., 2019; Prabhakaran et al., 2024;
Vitsakis et al., 2024) or with finding individuals
with particular attitides or beliefs (Chulvi et al.,
2023; Jiang et al., 2024).

Each of these formulations has some drawbacks
and theoretical weaknesses. For (1), beyond
the technical issues of it being difficult to scale
up and of problems arising when annotators are
represented sparsely in datasets (Leonardelli et al.,
2023), it is a little difficult to see many use cases
for this approach. One struggles, for instance, to
see how this paradigm might fit into any scenario
that requires a decision to be taken, such as a
content moderation pipeline.



We might make a similar criticism of paradigm
(2), which may need some kind of threshold to be
established for decision-making applications—in
which case we are not far from the majority vote
paradigm that perspectivism seeks to avoid. In
fact, some work uses the distribution of soft labels
primarily as a signal to improve prediction of aggre-
gated labels (e.g., Uma et al., 2020). However, it
is easier to see how this output could be informa-
tive for downstream tasks, particularly if we have
some information about who is represented in the
distribution (see subsection 3.3).

Paradigm (3) encompasses work that uses de-
mographic information (e.g. Gordon et al., 2022;
Prabhakaran et al., 2024), annotator behaviour (e.g.
Lo and Basile, 2023; Vitsakis et al., 2024), or un-
derlying beliefs and attitudes of annotators (e.g.
Chulvi et al., 2023; Jiang et al., 2024). A weakness
here, when compared to similar work in other fields,
is that NLP practitioners tend not to consider the
populations that they model, limiting both the rigour
of the research and the utility of the models (see
subsection 3.3).

3.2. Unclear Task Formulation

As discussed in subsection 3.1, there is some-
thing of a lack of clarity in the relationship between
much of the research published in this area and
the real-world tasks that motivate it. For all the
faults with traditional ‘gold label’ modelling that per-
spectivist NLP has attempted to address, it is far
easier to see how systems that output single label
predictions might be applied in practice. Perspec-
tivist researchers have so far failed to demonstrate
how their approaches—which currently seem more
suited to exploratory data analysis—might fit into
such decision-making or predictive systems.

One way to do this might be to consider collecting
evidence from extrinsic evaluation practices, which
have so far been lacking in the field (Reiter, 2025).

3.3. Increasing but Non-rigorous

Complexity

With the rise of perspectivism, researchers
have been gradually de-simplifying supervised
classification tasks, by adding further levels of
complexity, realism, and information that needs to
be accounted for.

Accepting that some annotation items are sub-
jective or ambiguous, or that readings of them can
legitimately differ, researchers became interested in
who holds which perspectives, seeking to harness
demographic and other information about them.
However, unlike social scientists, we have all but
ignored the concept of representing a target popu-

lation,* leaving the research open to accusations of
lack of rigour. Extreme examples include contend-
ing that three individual annotators can each repre-
sent conservative, moderate, and liberal points of
view (Almanea and Poesio, 2022).

Once it was accepted that there might be valid
variation in annotator responses, we began to look
at the causes of these differences, seeking to tease
apart fixed opinions, ambiguous and difficult data
items, and noisy and erroneous annotation work.
For example, in a series of longitudinal experiments,
Abercrombie et al. (2023a, 2025) found that anno-
tators are internally inconsistent on repeated an-
notation items around 75% of the time, which they
put down largely to ambiguity in the data. In a
field that collects labels primarily from anonymous
crowdworkers working in completely uncontrolled
environments, there are a number of factors that
might make one doubt that these represent any
kind of truth, even a subjective one.

As we acknowledge an increasing number of
factors that cause label diversity, we should be
careful to apply rigour in modelling them.

3.4. The Problem of Noise

A side effect of accepting that label variation can be
valid for a wide variety of reasons is that we have
lost the tools that we previously believed provided
evidence of the reliability of our data and collection
practices. In addition to IAA scores becoming vari-
ation analysis tools rather quality indicators, it has
become very difficult to apply previously common
methods such as attention check items. After all, if
many reactions are valid, how can we say that anno-
tators should label a particular item a certain way?

In situations where we are particularly interested
in minoritised perspectives, such as hate speech
detection, in which only those with lived experience
may be capable of recognising the phenomenon of
interest, a valid approach is to seek those people as
annotators (Abercrombie et al., 2023b; Fleisig et al.,
2024). While one method is to establish a pool of
tried and tested annotators (e.g. Jiang et al., 2024),
there is a danger of a lack of rigour and that this may
be done mainly on ‘vibes’. With the recognition that
the ‘crisis of reproducibility’ is firmly embedded in
NLP data practices (Belz et al., 2023; Dinkar et al.,
2024), and observed specifically in human labelling
for supervised classification (Sasidharan Nair et al.,
2024), we need to establish new methods for val-
idating the quality of the labels we collect.®

“Exceptions include Pei and Jurgens (2023), who
draw representative population samples, and Eckman
et al. (2025), who weight annotations by populations.

®See Fleisig et al. (2025) for an exploration of heuris-
tics for this purpose.



3.5. Subjectivity vs Community Norms

Undoubtedly the most researched topic in perspec-
tivist NLP has been that of hate speech and other
toxic language. While this is probably due to its
inherently contested nature, it has led to often re-
peated claims that hate speech is a subjective phe-
nomenon (e.g., Akhtar et al., 2021; Aimanea and
Poesio, 2022; Basile, 2020). This is not only un-
true from a philosophical (as well as legal) point
of view (Barendt, 2019), but creates the danger
of bothsidesing the points of view of perpetrators
and targets of hate speech. This may be partic-
ularly likely in the individual annotator modelling
paradigm (subsection 3.1), in which each annota-
tor may be given precisely equal weight (at least in
the absence of a well designed task formulation).
In fact, hate speech should be defined at the com-
munity level, preferably according to the norms of
those it impacts (Cercas Curry et al., 2024).

Researchers should be careful to define ‘sub-
jectivity’ precisely in relation to other phenomena
that influence label variation. When working on
hate speech phenomena (e.g., racism, sexism),
we should consider how to model the community
norms of those affected.

3.6. Taking a stand(point)

To do this, we may need to accept that objectivity in
research design is neither possible or desirable. As,
following standpoint theory, only people with rele-
vant lived experience are capable of recognising the
phenomena of interest, NLP researchers may need
to actively seek to foreground those voices. As one
of the theory’s principal proponents, Sandra Hard-
ing, put it ‘a standpoint is not the same as a view-
point or a perspective, for it requires both science
and a political struggle’ (Harding, 1998, p.150).

One approach to this is through participatory/co-
design with stakeholders. This can take many
forms, including focus groups, workshops, and Del-
phi studies (Wilson et al., 2025), but should aim to
involve participants beyond simple consultation and
validation of technical goals, and ideally hand over
a level of ownership of the research agenda (Caselli
et al., 2021; Delgado et al., 2023).

While it may not be easy to fully achieve these
aims (due to e.g. conflicting motivations and
funding issues (Wilson et al., 2025)), another
strand of research investigates how to scale such
work up to select specific crowdworkers that share
the values of these communities. This is important,
as there is growing evidence that demographic
information is not a reliable predictor of annotation
behaviour (see e.g. Orlikowski et al., 2023, 2025).
One approach is to collect information about
annotators’ underlying attitudes using validated
surveys (Jiang et al., 2024).

3.7. Generative Models as Classifiers

As Star and Bowker (1999, p.1) contend, ‘to classify
is human’. But is it also LLM? The vast majority of
work in this area has focused on the type of tasks
traditionally solved by discriminative machine learn-
ing models. However, since 2022—coincidentally
both the year of the first workshop and the re-
lease of ChatGPT—we are increasingly undertaking
classification tasks with pre-trained generative lan-
guage models (see e.g. Balestrucci et al., 2025;
Plaza-del Arco et al., 2024; Pavlovic and Poesio,
2024), often referred to as ‘LLM-as-a-judge’.

While discriminative models were designed to
output discrete labels, the latter, if left to their own
devices, will emit long screeds of text, expounding
on the topic in a vaguely knowledgeable style and
marked by formulaic rhetorical devices and bullet
points. In many cases this output has been guided
through reinforcement learning to appear as helpful
and engaging as possible, and models are known
to engage in seemingly obsequious behaviours,
changing their responses in order to affirm the view-
points of users (Ranaldi and Pucci, 2025). In short,
‘truth’ may be a somewhat secondary concern
for such models, optimised to satisfy users, and
referred to by Hicks et al. (2024) as ‘bullshitters’ .

As text generation models are now pervasive,
perspectivist research needs to take into account
these behaviours and consider what it means
to use such models for classification tasks,
when, in the real-world, users must contend with
non-deterministism, affirmation bias (Sharma et al.,
2023), refusal behaviour (Ouyang et al., 2022),
and generation of false information.

At the same time, we should broaden our focus
from classification tasks to the human preference
ranking data that to a large extent underlies the suc-
cess of these models. Despite the many sources of
disagreement in such data (Dsouza and Kovatchev,
2025), and indications that inclusion of disagree-
ments can lead to better performance (Gooding and
Mansoor, 2023), there is currently little evidence
that minoritised perspectives are actually main-
tained in RLHF training data for generative models.

4. Related Work

In addition to the historical work discussed in
section 2, two recent surveys take critical looks at
perspectivist NLP research. Frenda et al. (2025)
provide a systematic review of work published at
the workshop and beyond. They focus primarily on
thematic analysis of publications up until the writing
of the review (2024), and particularly highlight
the lack of a clear direction on how to evaluate
perspectivist modelling.

Fleisig et al. (2024) take a broader look at the
shift to perspectivist methods, highlighting several



issues that overlap with the points we make here.
They particularly highlight the need to make norma-
tive decisions highlighting annotators with expert
knowledge of the phenomenon of interest, including
relevant lived experience, and suggest particpatory
practices as a means of doing so, as | advocate in
subsection 3.5.

Combining the approaches of these two works,
in this position paper, | have tried to provide a snap-
shot of the field on the occasion of the 5th NLPer-
spectives workshop, and set out a personal view
of what is currently lacking in this area.

5. Conclusion

As NLPerspectives marks its fifth edition, we are
able to reflect on this research area’s growth from
a niche and fringe community challenging the
orthodoxy of ‘ground truth’ in NLP to a situation
approaching mainstream adoption in the field. At
the same time, a number of difficult questions and
unsolved challenges have come under discussion
at the workshop. In this paper, | have attempted
to set out some of these issues, and argued that
we need to be more rigorous and deliberate in
defining the truths that we seek to model.
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