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Abstract

Subjective judgments are part of several NLP
datasets and recent work is increasingly priori-
tizing models whose outputs reflect a diversity
of perspectives. Such responses allow us to
shed light on minority voices, which are fre-
quently marginalized or obscured by dominant
perspectives. It remains a question whether our
evaluation practices align with these models’
objectives. This position paper proposes seven
evaluation desiderata for subjectivity-sensitive
models, rooted in how subjectivity is repre-
sented in NLP data and models. The desiderata
are constructed in a top-down approach, keep-
ing in mind the user-centric impact of such
models. We scan the experimental setup of
64 papers and show that various aspects of
subjectivity are still understudied: the distinc-
tion between ambiguous and polyphonic input,
whether subjectivity is effectively expressed to
the user, and a lack of interplay between differ-
ent desiderata, amongst other gaps.

1 Introduction

For several NLP tasks, such as answering general
knowledge questions, there is a factual or correct
response that is generally accepted. However, for
some tasks, the “truth” depends on the context or in-
dividual interpretation. Consider, for example, the
task of determining whether an online comment
is offensive. There is no universally agreed no-
tion of offensiveness or hate speech (Vidgen et al.,
2019; Fortuna et al., 2020; Leonardelli et al., 2021;
Khurana et al., 2022). Instead, the sociocultural
background and experiences of the readers influ-
ence their judgments (Sap et al., 2022; Goyal et al.,
2022). Similarly, judgments depend on a personal
interpretation in many other tasks such as natu-
ral language inference (Pavlick and Kwiatkowski,
2019; Nie et al., 2020), semantic annotation (Som-
merauer et al., 2020), and understanding indirect

*Equal contribution.

answers (Damgaard et al., 2021). We refer to such
tasks that have multiple plausible labels rather than
a single valid ground-truth as subjective.

As language models are integrated into societal
applications, they increasingly engage with subjec-
tive concepts such as values, norms, and arguments
(Forbes et al., 2020; Lourie et al., 2021; Liscio
et al., 2023; Van Der Meer et al., 2024b). There-
fore, their behavior must align with varying human
preferences (Sorensen et al., 2024) and reflect mul-
tiple viewpoints (Cabitza et al., 2023; Plank, 2022).
Yet, such models have been shown to collapse to
a specific view (Hayati et al., 2024), typically as
a consequence of how labels are presented (aggre-
gated to a single majority label) or due to preva-
lent preference-tuning paradigms (such as RLHF
(Ouyang et al., 2022) and DPO (Rafailov et al.,
2023)) that optimize for the majority vote or gen-
eral preference (Casper et al., 2023). Obfuscating
minority or diverging viewpoints is problematic
when deploying models in real-world settings, run-
ning the risk of further disenfranchising marginal-
ized communities (Xu et al., 2021).

Subjectivity-sensitive models reflect variation in
judgment and enable the representation of minority
perspectives. As the NLP field pushes for such
models (Ovesdotter Alm, 2011; Basile et al., 2021;
Plank, 2022; Cabitza et al., 2023; Wang et al.,
2025b), a critical look at their evaluation practices
is necessary. Several aspects affect the evaluation
of subjectivity-sensitive models, including the ide-
als we outline, the extent to which subjective evalu-
ation metrics capture overall trends or fine-grained
model behavior (Chen et al., 2024a; Rizzi et al.,
2024), and the type of task (classification vs. gen-
eration). To this end, we address the following
question: which aspects of subjectivity should
evaluation metrics capture?

To address this question, in this position paper,
we first review how subjectivity is represented in
the data and incorporated into NLP models, high-
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Figure 1: The sequential nature of our proposed desiderata for evaluating a subjectivity-sensitive model.

lighting a previously underexplored aspect: the dis-
tinction between ambiguity (input that can warrant
multiple interpretations) and polyphony (input that
has multiple valid perspectives). These insights
further drive our top-down approach, in which we
propose a set of sequential desiderata to evaluate
subjectivity-sensitive models (outlined in Figure 1).
We identify aspects not yet addressed in the liter-
ature by drawing on insights from related fields.
Finally, we map these desiderata onto current eval-
uation practices, revealing gaps and opportunities
for future work.

Our key contributions are threefold: (1) desider-
ata for evaluating subjectivity-sensitive models, (2)
a systematic and indicative categorization of cur-
rent evaluation metrics, and (3) identified gaps and
opportunities.

2 Subjectivity in Data

To establish a fitting evaluation paradigm, we start
by describing how subjectivity and related concepts
are interpreted in the NLP field. Next, we discuss
what the sources of subjectivity are. Finally, we
reflect on the types of information to incorporate in
a subjectivity-sensitive dataset.

2.1 Subjectivity and Related Concepts

Subjectivity pertains to the existence of multiple
valid ground-truths (Vardomskaya, 2018; Rottger
et al., 2022; Plank, 2022). NLP literature also dis-
cusses other concepts related to subjectivity. Per-
spectivism (Cabitza et al., 2023; Frenda et al., 2025)
recognizes that ground-truth depends on individ-
ual perspectives. This has taken shape as a per-
spectivist framework for representing different per-
spectives in data: weak when multiple perspectives
are considered only during annotation, and strong
when extending this to incorporating multiple per-
spectives in the model output as well. Subjec-
tive interpretations can lead to disagreement (Uma
et al., 2021b) when different individuals have op-
posing views on a specific input. Plank (2022)

uses the term human label variation to refer to in-
stances with different plausible perspectives, since
disagreement could imply that at least one judg-
ment is incorrect. Disagreement can also arise in
factual matters, capturing annotator errors due to
misunderstanding (misinformation or misinterpret-
ing annotation guidelines) or attention drifts.

2.2 Sources of Subjectivity

Where do multiple subjective viewpoints or beliefs
stem from? Aroyo and Welty (2015) suggest three
potential sources of disagreement in their Triangle
of Reference framework that maps out the process
of interpreting an input: task ambiguity, input am-
biguity, and annotator attitude (Jiang and de Marn-
effe, 2022; Liu et al., 2023). For task ambiguity,
imprecise task definitions and annotation guide-
lines may (un)intentionally leave enough space for
an annotator to fill the gaps through their own in-
terpretation (Rottger et al., 2022). For instance,
in “Berlin decided ...”, the entity Berlin can be an-
notated as a location or an organization. Without
explicitly guiding annotators in such scenarios (in
this case, where a city name is used to refer to a
government), unintended disagreement can arise.
Even when the task is clearly defined, input ambi-
guity may still arise when more context is needed
for an accurate judgment. Consider an input that
contains a reclaimed slur; whether it is hate speech
requires the knowledge of who is behind the piece
of text. Finally, annotator-specific factors such as
an annotator’s demographic, emotional state, and
experience can yield different valid judgments (Sap
et al., 2022), particularly when there is no univer-
sally agreed-upon ground-truth.

2.3 Incorporating Subjectivity in Data

To train and evaluate models that can handle subjec-
tivity, adequate datasets should be available. Con-
ventionally, NLP datasets are built by collecting
n annotations per sample and aggregating them
into a single “gold” label, e.g., through majority
voting. However, when there is variation in anno-
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tator response, this results in a loss of information
on human disagreement. This has led to calls for
the release of raw annotations (Prabhakaran et al.,
2021; Cabitza et al., 2023; Pandita et al., 2026),
with recent work showing the importance of having
a large number of annotations per sample (Khurana
et al., 2024; Gruber et al., 2024).

To model the opinion of an individual (anno-
tator), we would need demographic information
(Bender and Friedman, 2018; Prabhakaran et al.,
2021) and a sufficient amount of annotated sam-
ples. Disagreement can also stem from annotation
mistakes (e.g., due to attention drift), requiring
methods (Gordon et al., 2021; Weber-Genzel et al.,
2024; Jinadu and Ding, 2024; Ivey et al., 2025)
and metrics (Dumitrache et al., 2018; Abercrombie
et al., 2025) that can distinguish such noise from
actual signal (i.e. ways to distinguish variation due
to errors from variation reflecting differences in
perspective) and indicate annotator reliability.

The part of the subjective spectrum that is
captured is influenced by the pool of annotators.
Smarter annotation techniques better capture how
an input is perceived, e.g., by having a variety of de-
mographics annotate a specific sample (Pei and Ju-
rgens, 2023; Van Der Meer et al., 2024a), selecting
annotators of a specific target group (Goyal et al.,
2022), or a framework for subjectivity throughout
the annotation stages (Díaz et al., 2022).

3 Dimensions of Subjective Input

What do the sources of subjectivity mean for a
subjectivity-sensitive model? We take inspiration
from the Triangle of Reference framework (Aroyo
and Welty, 2015) discussed earlier. Where task am-
biguity plays an overarching role when collecting
ground-truth labels across multiple samples, input
ambiguity and annotator attitude can primarily oc-
cur at a sample level. These two sources require the
model to handle subjectivity differently, an aspect
that has not yet been addressed in previous research.
We characterize model behavior when dealing with
different sources of subjectivity on two dimensions:
ambiguity and polyphony (Figure 2).

When an input is non-ambiguous and mono-
phonic, a model can directly incorporate the ob-
jective ground-truth. However, modeling scenarios
involving subjective factors is more challenging as
the following subsections illustrate.

polyphonic

monophonic

ambiguous non-
ambiguous

Wow, they are such 
a great community! I hate boomers…

I will take this 
b[*/i]tch out

Exclude those 
*** from society

: different perspectives : disambiguations/clarifications : clear ground-truth

Figure 2: Dimensions of sources of subjectivity at a
sample-level: ambiguity (x-axis) and polyphony (y-
axis). Each quadrant shows the desired model output (as
icons) with examples situated in hate speech detection.

3.1 Ambiguous ↔ Non-Ambiguous

An input is ambiguous when it can warrant differ-
ent interpretations because the information (e.g.,
context) needed to make a judgment is incomplete.
Inputs that can be interpreted without filling infor-
mation gaps are non-ambiguous.

Ambiguous. When faced with an ambiguous in-
put, a model should identify the spectrum of dif-
ferent possible interpretations and disambiguations.
For instance, in “I will take this b{*/i}tch out” the
ambiguity lies in who the b-word refers to; the slur
or the dog.

Non-ambiguous. A non-ambiguous input re-
moves the requirement for a model to understand
the different interpretations. In such a situation, the
model can directly give a suitable response based
on the exact information outlined in the input.

3.2 Polyphonic ↔ Monophonic

Independent of ambiguity, certain inputs may not
have an agreed-upon ground truth, allowing for
judgments based on an individual’s interpretation.
Personal taste, demographics, background, experi-
ence, and other factors influence this interpretation.
We consider such cases to be polyphonic: different
perspectives co-existing. Where there is unanimity,
we consider that to be monophonic.

Polyphonic. A polyphonic input is open to mul-
tiple valid perspectives, which the model should
capture. Take for example the statement “I hate
boomers”; the meaning is clear but the polyphony
lies in whether boomers are considered targets of
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hate speech. A model that can capture polyphony
for the right reasons will be able to generalize well
in the real world. Thus, the model should recognize
what aspect(s) of the input enable different perspec-
tives and why, e.g., is it the gender or culture that
potentially influences the opinion or are there other
factors? Not every different perspective has to be
attributed to specific demographics, as deviations
can also be due to individual differences.

Monophonic. When an input has a single valid
belief, often connected to factuality, the model can
directly predict the ground-truth without the need to
consider a variety of potential perspectives. For in-
stance, the phrase “Exclude those *** from society”
should not warrant any subjective interpretation
due to its overt form of hate speech.

3.3 Ambiguous and Polyphonic

Ambiguity and polyphony can be intertwined. Con-
sider an input that lacks context and warrants mul-
tiple perspectives, e.g., “Wow, they are such a great
community”. Here, the ambiguity lies in the sen-
timent of the sentence and the polyphony in the
gravity of the (potential) negative sentiment. In
such a scenario, a model is expected to capture
the appropriate disambiguation and clarification
questions, and the different possible perspectives.

4 Subjectivity in Models

How a model expresses subjectivity influences its
evaluation. Thus, we briefly discuss ways of ex-
pressing and instilling subjectivity in models. Most
papers on subjectivity focus on modeling, which
we refer to for detailed discussions (Frenda et al.,
2025; Xu and Jurgens, 2026). We notice a clear
lack of work surrounding how to evaluate subjec-
tivity, which we expound on in Sections 5 and 6.

4.1 Expressing Subjectivity

To move away from rigid responses in line with
the majority preference, the model’s output should
reflect the spectrum of different perspectives or be
aligned to an individual’s perspective; pluralisti-
cally aligned. Sorensen et al. (2024) operationalize
this as follows: (1) Distributional: the model out-
puts the distribution of perspectives. This can be
expressed in the logits or softmax distribution of
the model, or directly in the generated response
(Meister et al., 2025). (2) Overton: the output
summarizes different reasonable perspectives.The
summary should accurately reflect the window of

perspectives. (3) Steering: the model considers
multiple perspectives and values and steers its re-
sponse to the user’s. This is closely related to per-
sonalization, where preferences go beyond values
and include matters such as textual or linguistic
style (Zhang et al., 2025b).

4.2 Instilling Subjectivity

We categorize approaches based on whether sub-
jectivity is instilled when training or fine-tuning,
during specific alignment steps, or during infer-
ence. At inference-time, integrating subjectivity is
usually more computationally efficient than at the
training/fine-tuning stage, particularly in the case
of LLMs. A popular approach is persona prompt-
ing (Santurkar et al., 2023; Deshpande et al., 2023),
where the model is instructed in a prompt to imper-
sonate a specific persona. This can span different
demographics where the persona could steer to-
ward a specific perspective or provide a spectrum
of multiple perspectives. Typically, for subjective
modeling during fine-tuning we use soft labels,
i.e., the distribution of class annotations for a sin-
gle sample (Jamison and Gurevych, 2015; Uma
et al., 2021a). Instead of optimizing for a single
(aggregated) hard label, we minimize the distance
between the estimated and the actual distribution.
For this we use distance-based loss functions such
as cross-entropy, Kullback-Leibler divergence, or
Jensen-Shannon divergence. We can also learn
from individual annotators’ labels to make sets of
predictions that constitute annotation distributions
(Rodrigues and Pereira, 2018). Preference tun-
ing methods for large language models primarily
model majority preference (Casper et al., 2023)
but strategies are being developed to reflect diverse
preferences (Zhao et al., 2024; Poddar et al., 2024).

5 Desiderata for Subjective Models

After outlining the desired model output when fac-
ing a subjective input, the natural next step is to
evaluate its performance. But what does it mean
for a model to perform well on subjective input?

To answer this question, we propose desiderata
for a subjectivity-sensitive model. These desiderata
are motivated by three overarching ideals rooted
in our preceding discussion of how subjectivity is
represented in NLP data and models: (1) represen-
tation of all, including minority voices, (2) based
on the correct sources of subjectivity in the input,
and (3) the representation of subjectivity (in data
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and models) generalizing to the real world.

D1.Recognize when subjective modeling is
necessary. As we highlight in Section 2.1, in-
puts may elicit multiple valid perspectives. For a
model to make predictions that reflect this diversity,
the first step is to recognize when an input needs
to be treated subjectively versus objectively. Even
when a task is generally considered to be subjective,
this step is vital—there will be cases where raters
will have consensus, e.g., when dealing with a se-
vere case of hate speech; predicting an aggregate
estimate would be sufficient in that case.

D2.Recognize which type of subjective
modeling is needed. As we describe in Sec-
tion 3, model behavior depends on the type of
subjective input. Thus, a model should recognize
which type of subjectivity the input contains: am-
biguity, polyphony, or both.

D3.Recognize why there is subjectivity in
the input. Building on the desired model be-
havior we outline in Section 3, a model should
recognize why there is ambiguous or polyphonic
subjectivity in the input. Using this information,
the model can delineate the different disambigua-
tions, clarifications, or perspectives to resolve. This
facilitates better predictions and more reliable gen-
eralization to unseen scenarios.

D4.Predict subjectivity accurately. Af-
ter recognizing the source of the subjectivity, a
model should predict the subjectivity correctly. A
model can predict subjectivity in different ways,
as we discussed in Section 4.1.

D5.Calibrate the output with respect to
the frequency of opinions. As illustrated in
Section 4.2, certain models are trained to estimate
the distribution of human judgment for an input.
Depending on how subjectivity is expressed (dis-
tributional or overton), the predicted distribution
should be calibrated to the actual human judgment
distribution. This applies both when a probabil-
ity distribution is obtained directly from the model
and when an overton response (where linguistic
quantifiers should be well-calibrated) is generated.

D6.Represent all perspectives. The model
should account for the minority voices that are usu-
ally lost in aggregation, by representing diverse
viewpoints. Relevant perspectives should be de-
coupled from dominant perspectives. For example,

it should not only echo a Western perspective but
also other cultures when the input warrants it.

D7.Express subjectivity without hampering
user experience. A subjectivity-sensitive
model carries with it the responsibility of inform-
ing a user of different perspectives. This mirrors
the responsibility of showing users explanations
of decision-making in the field of explainable AI
(XAI). What counts as a “good” explanation de-
pends on the user (Ehsan and Riedl, 2020). In a
similar vein, we argue that subjectivity should be
expressed in a way that does not hamper user ex-
perience. A response that enumerates all potential
perspectives can overload the user.1 Though over-
load can sometimes be prevented by structuring re-
sponses, this desideratum can also be at odds with
D6. Ideally, the perspectives included in a response
should be useful. However, this is challenging as
what is useful is user- and context-dependent (e.g.,
to what extent do we consider minority opinions,
even when one person holds it? Does a user find
it important to expand their worldview? Or would
they rather know more about perspectives from sim-
ilar cultures? And is what a user wants always that
what the user needs?). To summarize, usefulness is
a complex notion and what this means in practice
requires more research.

Practical considerations. Our desiderata can be
evaluated sequentially and sometimes also indepen-
dently. They allow for a mix-and-match approach
depending on the nature and setup of the task at
hand. Certain desiderata are connected by looking
at the model output from different angles. We illus-
trate this complementary nature of desiderata D4,
D5, and D6 in Figure 3. Note that the model does
not have to be explicitly designed to address all of
the desiderata, but can capture them implicitly as
well (e.g., a model does not have to be explicitly
designed to output binary labels for D1, it can cover
this desideratum implicitly when directly predict-
ing the human judgment distribution). The applica-
tion also influences to what extent all the desiderata
should be covered by the model, as well as the or-
der of certain desiderata. For instance, for an NLI
model doing requirement analysis, D6. Represent
all perspectives is not a priority. There could
also be cases where the cause of subjectivity can
be identified without knowing what exact type of
subjectivity is being dealt with.

1This excludes a distributional output from the model.
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Would “Kermit the frog called and wants his 
voice back” be considered hate speech?

In general, many (80%) would say that it is not 
hate speech and some (20%) would say it depends 
on the context.  
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Is what is 
predicted correct?

ground-truth label 
“yes, no, maybe”

vs.

model output 
“no, maybe”

D5. Calibrate

Does the predicted 
frequency of 

perspectives align with 
real-world human label 

variation?

ground-truth label 
[40, 55, 05]

vs.
model output 

[0, 80, 20]

D6. Represent

Does the output 
include different 

perspectives,  not only 
of the majority?

ground-truth label 
people with a disability 

and non-disabled

vs.

model output 
no minority perspective 

mentioned explicitly

Figure 3: Complementary nature of the desiderata that
specifically evaluate the model output from different
angles: D4. Predict, D5. Calibrate, and D6.
Represent. The example (including all the values for
the labels) is for illustrative purposes only, showcasing
what each desideratum captures. In this case the input
text (taken from Schmidt and Wiegand (2017)) is highly
contextual and could potentially be harmful to people
with a speech disability. Each desideratum focuses on a
different angle, though D4 and D5 can have some overlap
if distance metrics are used for D4.

6 Subjectivity Evaluation Practices

In Section 5, we formulated the desiderata for a
subjectivity-sensitive model in a top-down fash-
ion. We now look bottom-up, exploring how these
desiderata translate to concrete evaluation practices.
We discuss existing metrics and analyze how cur-
rent evaluation practices relate to our desiderata in
both classification and free-text generation settings.

6.1 Existing Metrics

We first discuss metrics used to measure aspects of
how well a model captures subjectivity in its pre-
dictions. We review related literature and identify
the main metrics and evaluation practices.2

Predicting the full human judgment distribution.
Determining whether subjectivity is accurately pre-
dicted depends on how the model expresses it.
When disagreement is represented as soft labels,
we measure the distance between the soft labels
and the softmax distribution of the model. Widely
used metrics are (variations of) KL-divergence,
Jensen-Shannon Divergence, Mean Absolute Er-

2Our aim is not to provide an exhaustive list of existing
metrics, but to provide a snapshot of important metrics and
evaluation methods to identify gaps the field can focus on.

ror, Wasserstein, or Total Variation Distance (Rizzi
et al., 2024). To assess the spread of a single dis-
tribution, entropy H is used (Alies et al., 2025).
Whether the model captures human disagreement,
we can measure the correlation between the en-
tropy of the soft label and the softmax distribution
(Hcorr) (Uma et al., 2020). These metrics work
for classification, but are not applicable when eval-
uating free-text generated responses. For genera-
tion, NLI models are used to determine whether the
generated response covers the different necessary
perspectives (Feng et al., 2024; Shetty et al., 2025).

Single label scenarios. Although not suitable to
evaluate soft labels, ACCURACY and F1-SCORE are
still used in subjective scenarios, particularly when
modeling an individual user (steering) or evaluat-
ing an aggregation of the subjective predictions
to a majority label (Mostafazadeh Davani et al.,
2022). Additionally, looking at specific minorities
may reveal performance insights on the least rep-
resented annotators (Van Der Meer et al., 2024a).
F1-SCORE can also be used to determine whether
a model is good at recognizing subjective input
(Homayounirad et al., 2025), or turned into soft
versions (Kurniawan et al., 2026).

Demographical bias. Certain metrics measure
the extent to which a model represents (or is biased
toward) specific demographic groups. This can be
done by measuring the similarity in responses be-
tween a model and a specific country (Durmus
et al., 2024) or demographic (Santurkar et al.,
2023), or using a linear mixed-effects model (Sun
et al., 2025). Jiang et al. (2025) propose VALUE

INEQUITY INDEX for whether model responses are
sensitive to an individual’s demographic or not.

Reliability. Reliability metrics such as CORRE-
LATION and inter-annotator agreement (IAA) are
used for a variety of analyses. IAA is used mainly
to measure the agreement between the predictions
of the model and the human prediction (Masud
et al., 2024; Hoeken et al., 2025). Apart from
Hcorr, most commonly, such metrics can be used to
measure whether the behavior of an LLM globally
corresponds to human ratings of items in the dataset
(Sap et al., 2022; Ryan et al., 2024; Parappan and
Henao, 2025; Chen et al., 2024a), to specific demo-
graphics (Giorgi et al., 2024; Pihulski and Kocoń,
2025) or for other fine-grained analyses (Guo et al.,
2025; Luz de Araujo et al., 2025; Plepi et al., 2022;
Giorgi et al., 2024; Székely et al., 2007).
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Calibration. A model is deemed well-calibrated
when its confidence scores match its empirical per-
formance. For subjective tasks, this means pre-
dicted probabilities match the human judgment dis-
tribution. While DISTANCE METRICS already cap-
ture this, Baan et al. (2022) propose measuring on
an instance-level the difference in entropy between
the soft label and the model’s predicted distribution
and whether the class rankings match.

Other. The following metrics do not fall into the
categories above or are too infrequent to be a sepa-
rate category. Santurkar et al. (2023) propose mea-
suring consistency; does the model’s default output
consistently reflect the same demographic across
different topics? VISUALIZING important dynam-
ics has also gained traction (Wright et al., 2024;
Chen et al., 2024a). Alternatively, LLM judges are
used to evaluate whether a steered response is bet-
ter than no steering, represented through the WIN

RATE: the proportion of samples for which the
steered model is preferred (Chen et al., 2025; Tan
and Lee, 2025; Jang et al., 2024). Finally, Samuel
et al. (2025) propose PersonaScore, a human-
aligned score that evaluates the generated free-text
response according to persona agent-specific tasks.

6.2 Metrics and Desiderata in Papers

We analyze how the metrics are used in practice in
relation to our desiderata. Based on the metrics we
discussed, we distinguish the following categoriza-
tion of metrics that are regularly used for evaluating
aspects of subjectivity: DISTANCE METRIC, F1,
ACCURACY, RELIABILITY, and OTHER.

We describe our literature search and annota-
tion method in Appendix A. We found 64 papers
and annotated them, indicating the category of met-
rics used, the evaluation objective, and the covered
desiderata. Figure 4 shows our mapping. These
visualizations are meant to give a general idea of
evaluation practices; the distributions presented in
the figures are based on an indicative (not exhaus-
tive) literature search.

D1.Recognize when there is subjectivity
is captured as a binary classification task (subjec-
tive or not) or as a continuous task (how subjec-
tive). In the binary case, F1 (Wan et al., 2023;
Homayounirad et al., 2025) and ACCURACY are
used (Romberg, 2022). Depending on how the con-
tinuous label is represented, evaluation ranges from
using a distance metric (Wan et al., 2023) to Hcorr.

D2.Recognize which type of subjectivity
is not explicitly evaluated in the papers we con-
sidered. Few studies compare performance by
subjectivity type by either manually labeling each
sample’s subjectivity type (Jiang and de Marneffe,
2022; Sandri et al., 2023) or using datasets tailored
to specific types of subjectivity (Feng et al., 2024).

D3.Recognize why the input is subjective
is evaluated in a single study, which tests whether a
model can generate and recognize disambiguations
in NLI (Liu et al., 2023). For generation, EDIT-F1

(an F1-variant accounting for added and deleted
unigrams between reference and generation) was
used and ACCURACY for the recognition of disam-
biguations. Other papers conducted a qualitative
analysis of keywords responsible for prediction us-
ing feature attribution (Wan et al., 2023; Muscato
et al., 2025) or manually annotated the reasons for
subjectivity and compared model performance ac-
cordingly (Sandri et al., 2023; Hoeken et al., 2025).

D4.Predict subjectivity accurately is
evaluated through different metric categories, as
discussed in Section 6.1. Depending on the eval-
uation objective, variants of ACCURACY, F1,
RELIABILITY, DISTANCE METRIC, and OTHER

(VISUALIZATION or WIN RATE) are used.

D5.Calibrate the output with respect to
frequency of opinions is mainly evaluated
via DISTANCE METRICS. Some papers evaluate
calibration in terms of model confidence match-
ing empirical performance (Sorensen et al., 2025;
Parappan and Henao, 2025). However, such evalu-
ations are not specific to subjectivity.

D6.Represent all perspectives is evaluated
from a variety of angles. DISTANCE METRICS are
used to compare differences in predictions between
demographics or to measure similarity between a
model’s default output and specific demographics.
RELIABILITY metrics are used to investigate the
correlation between the model’s default output and
a specific perspective and to measure whether the
model can represent demographic groups well. AC-
CURACY is used for per-country or demographic
performance or VALUE INEQUITY INDEX to mea-
sure the extent to which model performance devi-
ates across different demographics.

In general, we find that the papers in our anal-
ysis focused primarily on D4.Predict and did
not investigate D7.Express subjectivity at all (Fig-
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Figure 4: Statistics from mapping subjective evaluation practices to our desiderata. We examine 64unique papers,
however note that a paper can be counted under multiple metric types and desiderata.

ure 4a). The most prevalent types of metric are DIS-
TANCE METRIC, F1, and ACCURACY (Figure 4b).
Single annotators are most popular as the evalu-
ation objective, followed by representing groups
(Figure 4d). Modeling the full human judgment
distribution, not conditioned on a demographic, is
also well-studied. Most papers consider one to two
metric types or desiderata (Figure 4c).

7 Opportunities and Challenges

We discuss the gaps ( ) we identified that present
opportunities ( ) for future work along with criti-
cal challenges, keeping our desiderata in mind.

The desideratum D7.Express is unaddressed.
None of the papers in our analysis study how to
express subjectivity to the user without hampering
their experience. Effective modeling of subjectivity
is of limited value if the outcome is not adequately
conveyed to the user. We can borrow insights and
metrics from other fields, e.g., Human-Computer
Interaction (HCI) (Ehsan and Riedl, 2020; Ben-
jamin et al., 2022), Affective Computing (Kunc
et al., 2024), or Computer-Supported Collaborative
Work (Lai et al., 2023), to guide new expression
evaluation strategies.

Use insights and metrics from adjacent fields
to evaluate D7.Express.

The desiderata D2.Recognize which and
D3.Recognize why are understudied. Subjec-
tivity type (D2) and reasons for subjectivity (D3) are
addressed implicitly through performance-based

analyses. For D3, only one paper explicitly evalu-
ates disambiguation (in NLI). Some papers resort
to qualitative feature-attribution analyses. Inter-
pretability or explainability techniques can play a
role in identifying key drivers in the input toward
the prediction made. We propose combining these
methods with manually annotated data to construct
metrics that verify whether the model is making its
predictions for the right reasons.

To study D2, we can start from the inherent un-
certainty of the input. Traditionally, neural net-
work uncertainty is decomposed into aleatoric and
epistemic uncertainty (Hüllermeier and Waegeman,
2021). Aleatoric uncertainty arises from the input
itself, such as ambiguity or noise; measuring it can
help identify ambiguous inputs. It remains chal-
lenging to measure the uncertainty surrounding the
polyphony of an input and we invite future work to
tackle this.

Design metrics to address D2.Recognize
which and D3.Recognize why, potentially
through methodologies for uncertainty estimation
and explainability.

The entanglement of polyphony and ambi-
guity has not been at the forefront yet. These
two have been studied in isolation. As illustrated
in Section 3, the two types of subjectivity can co-
occur and understanding how a model handles this
interplay can reveal broader insights into its sensi-
tivity to subjective input.

Study the entanglement of polyphony and am-
biguity at a sample-level.
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A multi-faceted and deployment-driven in-
vestigation of model behavior is missing. Con-
sidering all desiderata is challenging due to limited
evaluation practices and experimental constraints.
Yet, these aspects should not be studied in isolation
but their interplay must be studied as well. We
find that papers do not evaluate the consequences
of earlier desiderata on the subsequent desiderata
(e.g., the impact of the model performing badly on
D3.Recognize why on D4.Predict), while this
is crucial for ensuring reliable model deployment.

Study the interplay of different desiderata.
Further, NLP researchers may not know how the

model will express subjectivity, particularly in the
case of free-text generation scenarios (e.g., overton
vs steerable). Current research directions empha-
size steering or personalizing a model toward a
specific perspective, rather than investigating how
the model fares in capturing a wider or even the
(full) spectrum of perspectives. Thus, it is essential
to evaluate all three operationalizations of pluralis-
tic alignment for informed deployment decisions.

Evaluate modes of expressing subjectivity.

Evaluation of D4.Predict in free-text gener-
ation is limited. Most metrics are directly appli-
cable in classification scenarios, but require addi-
tional steps for free-text-generated responses. Fu-
ture work can focus on extending metrics beyond
NLI- and LLM-as-a-judge-based solutions. Using
LLMs to evaluate has been found to be unreliable
as it can come with biases, such as length, order,
or self-preferences (Koo et al., 2024), and can also
amplify human-like biases that we would like to
mitigate, such as gender or misinformation over-
sight bias (Chen et al., 2024b).

Design metrics to evaluate how well free-text
generation predicts subjectivity.

Current datasets still fail to meet standards
for subjective evaluation. Datasets are increas-
ingly being released with disaggregated labels
and annotator backgrounds (e.g., Sachdeva et al.
(2022); Aroyo et al. (2023)), including informa-
tion such as annotator confidence ratings (Alacam
et al., 2025). However, this might not be suffi-
cient to capture the full spectrum of perspectives.
Answering questions such as who should annotate
what requires interdisciplinary efforts, grounding
annotation strategies in fields such as intersectional
feminism (Klumbytè et al., 2022), moral philoso-
phy (Graham et al., 2013), or social science (Zhao,

2021). Future developments include metrics that
can measure the diversity of the annotator distribu-
tion for a given sample or datasets with annotations
that enable high-quality subjective representations
in the model and thorough evaluation approaches.

Develop interdisciplinary approaches to im-
prove datasets and annotation strategies.

8 Conclusion

This paper analyzes the current evaluation
paradigms of subjectivity-sensitive models. We
begin by understanding subjectivity and how it is
represented in NLP data and models, which leads
us to define desiderata for a subjectivity-sensitive
model. We take a top-down approach to design
seven desiderata, driven by our ideals for a model to
(1) represent all, based on (2) the correct source of
subjectivity to (3) generalize to the real world. We
analyze 64 papers to map evaluation metrics to our
desiderata. This allows us to identify gaps that can
be fruitful directions for future work. Among these
gaps, we find that existing work has overlooked
nuances in the types of subjectivity: polyphony
versus ambiguity, a distinction we argue is crucial
for effective evaluation. Additionally, current work
does not focus on the desideratum: Express, nor
the interplay between different desiderata.

Limitations

Scope of Evaluation Directions This paper aims
to demonstrate that the evaluation of subjectivity-
sensitive studies remains an open challenge.Our pri-
mary objective was to identify key gaps in the eval-
uation of subjectivity-sensitive models and outline
potential directions for future research . Although
we discuss potential strategies for evaluating such
models throughout the paper, the implementation
of concrete evaluation methodologies is left for fu-
ture work. However, inspiration from the concrete
metrics in Section 6.1 can be taken as a starting
point.

Literature Survey Methodology To support the
discussion of the desiderata introduced in this work,
we survey state-of-the-art work in Section 6.2. We
emphasize that the goal of this survey is not to pro-
vide an exhaustive overview of the field, as done
by Frenda et al. (2025); Xu and Jurgens (2026),
but rather to obtain a broad characterization of cur-
rent evaluation practices. The selection of metrics
(i.e., annotation labels) for the surveyed papers was
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performed in a top-down manner to align with our
proposed desiderata. While this choice enables
consistent alignment within our paper, it may also
have caused certain patterns to be overlooked; for
more comprehensive surveys, we refer the reader
to Frenda et al. (2025); Xu and Jurgens (2026). Fi-
nally, each paper was annotated by a single author,
which may introduce some degree of annotation
subjectivity. To mitigate this issue, the authors who
annotated discussed and calibrated the annotation
process after division of papers on a subset of pa-
pers (6 samples between one set of two authors
and 8 samples between another set of two others,
amounting to roughly 10% of the total amount of
papers).
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A Literature Review and Annotation

In Table 1 we give an overview of the annotations
for the papers we considered. We searched for pa-
pers on subjectivity in NLP through snowballing
from key papers and search terms such as “sub-
jectivity nlp/llms”, “disagreement nlp/llms”, “per-
spectivism nlp”, “persona prompting”. We found
64 papers and annotated them as follows: we in-
dicated the category of metrics used (DISTANCE

METRIC, F1-variant, RELIABILITY metric, ACCU-
RACY-variant, or OTHER), the evaluation objective
(single annotator/individual, all annotators/popu-
lation, specific group (e.g., demographic based),
subjective as a separate label, multi-label, or sub-
jective or not) and the covered desiderata.

Inclusion and Exclusion Criteria. We primarily
focus on papers explicitly focusing on subjectivity,
disagreement, or perspectivism in the field of NLP.
For completeness, we also include papers focus-
ing on persona prompting but leave out papers on
personalization. We do not limit our timeframe
but prioritize recent papers. While we aimed to in-
clude only peer-reviewed work, we do also include
preprints that give novel insights.

Annotation Procedure. Each paper was anno-
tated by one of the authors. To ensure alignment
between the authors of the paper who annotated,
we re-calibrated our decisions with each other on a
handful of samples (6 samples between one of the
two authors, and 8 between another set of two oth-
ers, roughly 10%) to ensure as much consistency
as possible and align our understanding of the an-
notation dimensions. For annotating the desiderata
that the paper addresses in its evaluation paradigm,
we only consider what the paper explicitly says
they evaluate for, not what they implicitly do with-
out their intention (e.g., using distance metrics for
whether subjectivity is done correctly but implicitly
also checking calibration).
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Desiderata Reliability Distance Metric F1 Accuracy Other Evaluation Objective

Orlikowski et al. (2025) D4 ✗ ✓ ✓ ✗ ✗ Individual
Van Der Meer et al. (2024a) D4 ✗ ✓ ✓ ✗ ✗ All, Individual
Wright et al. (2024) D4, D6 ✗ ✓ ✗ ✗ VISUALIZATION Groups
Feng et al. (2024) D2, D4 ✗ ✓ ✓ ✓ WIN RATE, NLI Groups, All
Wan et al. (2023) D1, D3 ✗ ✓ ✓ ✗ ✗ Subjective or Not
Poole-Dayan et al. (2025) D4 ✗ ✓ ✗ ✓ ✗ All
Sorensen et al. (2025) D4 ✗ ✓ ✗ ✓ ✗ All, Individual
Jiang and de Marneffe (2022) D1, D2, D4 ✗ ✗ ✓ ✓ ✗ Multilabel, Separate Label
Durmus et al. (2024) D4, D6 ✗ ✓ ✗ ✗ ✗ Groups
Sun et al. (2025) D4, D6 ✗ ✗ ✗ ✗ DEMOGRAPHIC Groups
Giorgi et al. (2024) D4, D6 ✓ ✗ ✗ ✗ ✗ Groups
Zhou et al. (2025) D4, D5 ✗ ✓ ✗ ✗ ✗ All
Dong et al. (2024) D4 ✗ ✗ ✗ ✓ ✗ Individual
Orlikowski et al. (2023) D4 ✗ ✗ ✓ ✗ ✗ Groups
Santurkar et al. (2023) D4, D6 ✗ ✓ ✗ ✗ CONSISTENCY Groups
Gupta et al. (2024) D6 ✗ ✗ ✗ ✓ ✗ Groups
Wang et al. (2025a) D3, D4 ✗ ✓ ✗ ✗ ✗ Groups
Li et al. (2025) D4 ✗ ✗ ✗ ✓ ✗ Groups
Homayounirad et al. (2025) D4 ✓ ✗ ✓ ✗ ✗ Individual, Subjective or Not
Lo et al. (2025) D4, D6 ✗ ✗ ✓ ✗ ✗ All, Groups, Individual
Chen et al. (2025) D4 ✗ ✗ ✗ ✗ WIN RATE Individual
Gordon et al. (2022) D4 ✗ ✓ ✗ ✓ ✗ Individual
Tan and Lee (2025) D4 ✗ ✓ ✗ ✗ WIN RATE Groups
Samuel et al. (2025) D4 ✗ ✗ ✗ ✗ PERSONASCORE Individual
Miehling et al. (2025) D4 ✗ ✓ ✗ ✗ ✗ Individual
Chen et al. (2024a) D4, D5 ✓ ✓ ✓ ✗ VISUALIZATION All
Lutz et al. (2025) D4 ✗ ✓ ✗ ✗ ✗ Groups
Alam et al. (2025) D1 ✗ ✗ ✓ ✗ ✗ Subjective or Not
Muscato et al. (2025) D3, D4 ✗ ✓ ✓ ✓ EXPLAINABILITY All
Sarumi et al. (2025) D4 ✗ ✓ ✓ ✗ ✗ Individual
Lee et al. (2023) D4, D5 ✗ ✓ ✗ ✓ ✗ All
Liu et al. (2023) D3, D4 ✗ ✗ ✓ ✓ ✗ Multilabel
Plepi et al. (2022) D4, D6 ✓ ✗ ✓ ✓ ✗ Individual
Zhang et al. (2025a) D1, D4, D6 ✗ ✓ ✗ ✓ ✗ Individual
Guo et al. (2025) D4, D5 ✓ ✓ ✗ ✗ ✗ Multilabel
Pihulski and Kocoń (2025) D4 ✓ ✗ ✗ ✗ ✗ Individual
Meister et al. (2025) D4, D5 ✗ ✓ ✗ ✗ ✗ All
Zhao et al. (2024) D4 ✗ ✓ ✗ ✓ ✗ Groups, Individual
Luz de Araujo et al. (2025) D4 ✓ ✗ ✗ ✗ ✓ Individual
Parappan and Henao (2025) D4 ✓ ✗ ✓ ✗ ✓ All, Groups
Ryan et al. (2024) D4, D6 ✓ ✓ ✓ ✓ ✗ Groups
Fornaciari et al. (2021) D4 ✗ ✗ ✓ ✓ ✗ All
Fleisig et al. (2023) D4 ✗ ✓ ✗ ✗ ✗ Groups, Individual
Deng et al. (2023) D4 ✗ ✗ ✓ ✓ ✗ Individual
Ignatev et al. (2025) D4 ✓ ✗ ✓ ✗ ✗ Individual
Weerasooriya et al. (2023) D4 ✗ ✓ ✓ ✓ ✗ All
Kocoń et al. (2021) D4 ✗ ✗ ✓ ✓ ✗ Individual
Sandri et al. (2023) D1, D2, D3 ✗ ✗ ✓ ✗ ✗ Subjective or Not
Mokhberian et al. (2024) D4 ✓ ✗ ✓ ✗ VISUALIZATION Individual
Alies et al. (2025) D1, D4 ✓ ✓ ✓ ✗ ✗ Subjective or Not
Pachinger et al. (2025) D4 ✗ ✗ ✓ ✗ ✗ All
Jang et al. (2024) D4 ✗ ✗ ✗ ✗ WIN RATE Individual
Hoeken et al. (2025) D3, D4 ✓ ✗ ✗ ✓ FEATURE ASSOCIATION Individual
Kurniawan et al. (2026) D4 ✓ ✓ ✓ ✓ ✗ All
Romberg (2022) D1 ✗ ✗ ✓ ✓ ✗ Subjective or Not
Lee et al. (2024) D4, D6 ✗ ✗ ✗ ✓ ✗ Groups
Masud et al. (2024) D4, D6 ✓ ✗ ✓ ✗ ✗ Groups, Individual
Mostafazadeh Davani et al. (2022) D4 ✗ ✗ ✓ ✗ ✗ All, Individual
Hwang et al. (2023) D4 ✗ ✓ ✗ ✓ ✗ Individual
Jiang et al. (2025) D4, D6 ✗ ✗ ✗ ✓ ✗ Individual
Sap et al. (2022) D6 ✓ ✗ ✗ ✗ ✗ Groups
Uma et al. (2020) D4 ✓ ✓ ✗ ✓ ✗ All
Uma et al. (2021a) D4 ✗ ✓ ✓ ✗ ✗ All
Shetty et al. (2025) D4 ✗ ✓ ✗ ✓ WIN RATE, NLI All, Groups

Table 1: Overview of papers considered and their annotations. Desiderata: the desiderata explicitly addressed
by the paper, with the following options; D1. Recognize when, D2. Recognize which type, D3. Recognize
why , D4. Predict, D5. Calibrate, D6. Represent, and D7. Express. Reliability: whether the paper uses
a reliability metric. Distance Metric: whether the paper uses a distance metric. F1: whether the paper uses F1.
Accuracy: whether the paper uses accuracy. Other: whether the paper uses any other metric, if so, which one?
Evaluation objective: who is the paper evaluating for, with the following options: individual annotator, full
human judgment distribution, a specific demographic or group, predicting whether an input is subjective or not,
subjective is a separate label to be predicted, and multi-label predictions.
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