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Abstract

Annotator disagreement is widespread in NLP,
particularly for subjective and ambiguous tasks
such as toxicity detection and stance analysis.
While early approaches treated disagreement as
noise to be removed, recent work increasingly
models it as a meaningful signal reflecting vari-
ation in interpretation and perspective. This
survey provides a unified view of disagreement-
aware NLP methods. We first present a domain-
agnostic taxonomy of the sources of disagree-
ment spanning data, task, and annotator factors.
We then synthesize modeling approaches using
a common framework defined by prediction
targets and pooling structure, highlighting a
shift from consensus learning toward explicitly
modeling disagreement, and toward capturing
structured relationships among annotators. We
review evaluation metrics for both predictive
performance and annotator behavior, and not-
ing that most fairness evaluations remain de-
scriptive rather than normative. We conclude
by identifying open challenges and future direc-
tions, including integrating multiple sources of
variation, developing disagreement-aware inter-
pretability frameworks, and grappling with the
practical tradeoffs of perspectivist modeling.

1 Introduction

NLP applications largely rely on supervised learn-
ing, which depends on annotated data. Annotation
is often operationalized through majority voting, an
assumption that can be problematic—particularly
for complex tasks where true experts may be out-
numbered, or for inherently ambiguous tasks that
admit multiple valid interpretations. Majority ag-
gregation can also obscure minoritized perspec-
tives, leading to biased models and representational
harm (Blodgett et al., 2020; Gordon et al., 2021).
This “single ground truth” assumption has been
increasingly challenged, especially with the rise
of subjective NLP tasks such as toxic language
detection and quality estimation. Early critiques

appear in Aroyo and Welty (2015), which ques-
tions the existence of a unique truth in crowd-
sourced annotation. This shift aligns with broader
efforts to make NLP systems more inclusive, as
consensus-based labels often disadvantage minor-
ity viewpoints (Blodgett et al., 2020; Gordon et al.,
2021). Building on this, Cabitza et al. (2023) for-
malized perspectivism in NLP, advocating for mod-
els that integrate diverse human viewpoints rather
than collapsing them into gold standards.

We formalize a taxonomy of disagreement by
synthesizing prior work into three sources: data,
task, and annotator factors. We trace the evolu-
tion of NLP approaches for learning from disagree-
ment, from latent-truth models to multi-annotator,
embedding-based methods. To unify these develop-
ments, we introduce a synthesis table highlighting
key trends, including the shift from treating dis-
agreement as noise to modeling it as a prediction
target, and the growing emphasis on structured rela-
tionships among annotators. We also survey evalu-
ation practices and fairness considerations. Finally,
we outline open challenges and future directions,
including jointly modeling multiple sources of vari-
ation and navigating the practical tradeoffs of per-
spectivist approaches. Our contributions are:

1. A unified taxonomy of disagreement across
data-, task-, and annotator-driven sources.

2. A synthesis of disagreement-aware meth-
ods, mapping approaches to disagreement
sources, prediction targets, and pooling struc-
tures.

Two recent surveys are closely related to our
work but differ in scope and emphasis. Frenda et al.
(2024) provides a broad, conceptual overview of
perspectivist NLP, focusing on definitions, dataset
practices, and sociotechnical motivations. We build
on their framing while shifting toward a more
model-centric and technical analysis. Uma et al.



(2021) survey disagreement-aware learning across
computer vision and NLP, emphasizing empiri-
cal training and evaluation strategies. Our survey
complements this work by centering NLP-specific
sources of subjectivity and by jointly examining
models and evaluation within a unified framework.
We survey over 120 prior works spanning disagree-
ment sources, modeling methods, and evaluation
paradigms. We discuss our survey scope and selec-
tion criteria in A.1.

2 Sources of Disagreement

Prior work has analyzed sources of annotator dis-
agreement across tasks and domains. Basile et al.
(2021) identify three broad contributors: individual
differences (partly linked to sociodemographics),
stimulus characteristics (e.g., linguistic or task am-
biguity), and contextual inconsistency in human
behavior. Sandri et al. (2023) propose a finer taxon-
omy (sloppy annotations, ambiguity, missing infor-
mation, and subjectivity) and show that in offensive
language detection, subjectivity driven by personal
bias and task design dominates disagreement. In
legal NLP, Xu et al. (2024b) introduce a taxonomy
highlighting genuine ambiguity, narrative uncer-
tainty, and annotation context. Overall, existing
taxonomies are largely domain-specific, emphasiz-
ing different facets of disagreement depending on
task formulation and application context.

2.1 Taxonomy of disagreement

We propose a unifying, domain-agnostic taxonomy
(Fig. 1) that synthesizes these views into three over-
arching sources of disagreement: data factors (e.g.,
ambiguity and data quality), task factors (e.g., for-
mulation and interface design), and annotator fac-
tors (e.g., demographics, preferences, and errors).
Importantly, different sources of disagreement can
interact with one another. Unclear task formula-
tion can lead to inconsistent annotator behavior.
Linguistic ambiguity can give rise to disagreement
that varies with annotators’ individual and group
identities, leading to systematically different inter-
pretations of the same text.

2.2 Data Factors

Prior work identifies three data-driven sources of
disagreement: data quality issues, linguistic am-
biguity, and epistemic uncertainty—cases with no
single ground truth, such as subjective or culturally
situated interpretations (Poesio, 2020; Uma et al.,
2021; Pavlick and Kwiatkowski, 2019). Missing

context or noisy inputs exacerbate inconsistency,
especially for short text (Plank et al., 2014). More
fundamentally, language is inherently ambiguous,
and in many subjective tasks disagreement reflects
irreducible multiplicity rather than annotation er-
ror (Pavlick and Kwiatkowski, 2019; Uma et al.,
2021).

2.3 Annotator Factors

Individual identities. Prior work documents sta-
ble, annotator-specific biases that introduce vari-
ance into training data and directly affect model
performance (Otterbacher, 2018; Larimore et al.,
2021; Pavlick and Kwiatkowski, 2019; Geva et al.,
2019). Beyond general disagreement, psycholog-
ical and moral traits systematically correlate with
annotation behavior. Personality dimensions such
as agreeableness and conscientiousness are asso-
ciated with evaluative leniency (Mieleszczenko-
Kowszewicz et al., 2023), while moral values exert
stronger influence on judgments of offensiveness
than geographic or cultural background (Davani
et al., 2024). Together, these findings show that
annotators bring stable individual preferences that
shape how they interpret and label language.

Group identities. Group-level attributes such as
gender, race, age, and political orientation influ-
ence annotation behavior, particularly in socially
grounded tasks. Gender-linked variation has been
observed in hate speech detection (Wojatzki et al.,
2018) and even in syntactic tasks (Garimella et al.,
2019), aligning with sociolinguistic evidence of
gendered language use (Mondorf, 2002). In subjec-
tive domains such as toxicity or sentiment, demo-
graphic shifts can substantially affect model perfor-
mance (Ding et al., 2022). Qualitative work further
shows that lived experience shapes interpretation:
community insiders label gang-related language
differently from academic annotators (Patton et al.,
2019), and political or racial attitudes correlate with
toxicity judgments, including treatment of African
American English (Sap et al., 2022; Sang and Stan-
ton, 2021; Luo et al., 2021). In these settings, dis-
agreement often reflects social perspective rather
than noise (Chulvi et al., 2023). However, iden-
tity effects are task-dependent. For less socially
salient tasks (e.g., word similarity, sentiment, NLI),
demographic attributes do not consistently explain
annotation differences (Biester et al., 2022), and
explicitly modeling sociodemographics may yield
limited gains (Orlikowski et al., 2023). These find-
ings caution against ecological fallacies (Robinson,
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Figure 1: Taxonomy of sources of annotator disagreement, with key citations for each sub-category. For each source
of disagreement, we denote systematic variation using solid lines, and random variation using dotted.

1950): group-level identity does not uniformly pre-
dict individual annotation behavior.

Annotator behavioral inconsistencies. Abercrom-
bie et al. (2025) found that annotators give inconsis-
tent responses around 25% of the time across four
different NLP tasks. Clark et al. (2021) also show
that untrained annotators identify GPT-3- versus
human-written text only at chance levels. Annota-
tors may also produce low-quality or strategically
chosen labels to maximize pay (Hovy et al., 2013).

2.4 Task Factors

Annotation task design—its formulation, structure,
and presentation—strongly shapes disagreement.
Ambiguous or underspecified tasks permit mul-
tiple valid interpretations, leading to systematic
divergence; in LLM-as-Judge settings, ambigu-
ous prompts elicit different interpretive strategies
(Zhang et al., 2025b). Interface design also affects
agreement: unclear guidelines increase inconsis-
tency, while alternative interfaces can surface am-
biguity rather than suppress it (Chang et al., 2017).
Annotation schemas and scales further modulate
disagreement: finer-grained ratings amplify vari-
ability relative to binarized labels (Mieleszczenko-
Kowszewicz et al., 2023), and different schemas
(e.g., scalar ratings vs. pairwise preferences) cap-
ture related but distinct judgments, particularly in
RLHF (Dsouza and Kovatchev, 2025). Presen-
tation and labor conditions likewise matter: or-
der effects, fatigue, and satisficing shift responses
over time (Strack, 1992; Krosnick et al., 1996;

Galesic and Bosnjak, 2009; Beck et al., 2024).Fine-
grained schemes may inflate disagreement due to

degraded consistency under poor working condi-
tions (Valette, 2024; Yang et al., 2023).

3 Learning from Disagreement

We discuss three families of disagreement model-
ing, tracing NLP’s shift from treating disagreement
as noise to modeling it as structured variation.

3.1 Latent Truth and Annotator Reliability
Modeling

Models in this family attribute disagreement to
annotator reliability, bias, or task difficulty, with
the goal of inferring latent true labels while es-
timating annotator behavior. Foundational work
by Dawid and Skene (1979) introduced an EM-
based framework to jointly infer latent labels and
annotator error rates from noisy annotations, un-
derpinning many later Bayesian and discriminative
models. Subsequent work incorporates task char-
acteristics, explicitly modeling difficulty (White-
hill et al., 2009; Ma et al., 2015) or latent top-
ics that align with annotator expertise (Fan et al.,
2015; Ma et al., 2015; Zhao et al., 2015; Welinder
et al., 2010). Parallel work has focused on anno-
tator modeling, representing competence as scalar
accuracies (Demartini et al., 2012; Karger et al.,
2011; Liu et al., 2012), confusion matrices (Dawid
and Skene, 1979; Raykar et al., 2010; Liu et al.,
2012), or bias—variance decompositions (Welinder
et al., 2010; Raykar et al., 2010). Confusion-matrix-



based models are more expressive and typically out-
perform simpler formulations (Zheng et al., 2017).
Formally, latent truth models posit a single hid-
den label z; for each item and represent annotator
disagreement as noise around this truth. These
approaches model annotations as

P(yijlzi, aj) €]

a; denotes annotator-specific parameters (such as
a confusion matrix), and marginalize over z; dur-
ing inference. The objective function (Dawid and
Skene, 1979; Hovy et al., 2013) maximizes the
marginal likelihood of the observed annotations by
marginalizing over a single true label per item.

maXZIOgZP z Hp vij | zioa;) ()

Disagreement reflects annotator unreliability rather
than item ambiguity.

Later work integrates these ideas into learning ar-
chitectures. Neural extensions such as CrowdLayer
(Rodrigues and Pereira, 2018) and label-transfer
approaches (Tanno et al., 2019) replace explicit
confusion matrices with differentiable components,
while other models introduce worker weighting or
structured noise modeling (Gao et al., 2022; Cao
et al., 2023; Wei et al., 2022; Chu et al., 2021).
Paun et al. (2018a) show that partial pooling—i.e.,
drawing annotator parameters from a shared popu-
lation distribution—best balances expressivity and
generalization. Despite their strengths, latent truth
models can struggle with scalability and estimation
under sparse labeling or weakly differentiated an-
swers. To address this, CROWDLAB (Goh et al.,
2023) combines annotator statistics with task-level
features by treating classifier predictions as an ad-
ditional annotator, improving robustness without it-
erative inference. Recent work further incorporates
task features and demographic structure: Simpson
et al. (2015) jointly models text, annotator bias,
and latent truth, while NUTMEG (Ivey et al., 2025)
extends truth inference to demographic subpopula-
tions, estimating competence and predicting labels
per group rather than collapsing to a single consen-
sus (Hovy et al., 2013; Paun et al., 2018b).

3.2 Task-based Annotator Models

This model family treats each annotator as a distinct
task, modeling labeling behavior directly rather
than collapsing annotations into a single truth. This
family reframes disagreement from noise to a struc-
tured signal. Given an input x;, a shared encoder

produces a representation h; = f(x;), and each
annotator j defines a task-specific predictor
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Model parameters are learned by minimizing a su-
pervised loss over annotator—item pairs,
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0 is all model parameters (shared encoders and
annotator-specific heads), A; is set of annotators
who labeled ¢, and £(-, -) is typically cross-entropy
for classification or squared error for regression.
Disagreement is captured implicitly through diver-
gence across annotator-specific predictions.

Early work by Cohn and Specia (2013) mod-
els annotators as correlated tasks in a Gaussian
Process framework, using an inter-annotator co-
variance matrix to control pooling. This nonpara-
metric analogue to hierarchical Bayesian models
identifies annotator similarity and outliers, with par-
tial pooling performing best (Paun et al., 2018b).
Neural extensions implement this idea via shared
backbones and annotator-specific heads, including
CrowdLayer (Rodrigues and Pereira, 2018) and re-
lated architectures (Guan et al., 2018). Fornaciari
et al. (2021) further reinterpret disagreement as a
regularization signal to reduce overconfidence on
ambiguous inputs, learning from both the gold la-
bels and the distribution over multiple annotators
(which they treat as soft label distributions in a
single auxiliary task). More recent work models
richer annotator structure. Mixture-of-experts ap-
proaches capture feature-level heterogeneity (Han
et al., 2025), while multi-head Transformers pre-
serve uncertainty aligned with empirical disagree-
ment (Mostafazadeh Davani et al., 2022). Group-
aware and loss-based extensions incorporate de-
mographic structure or explicit tradeoffs between
denoising and minority perspectives (Fleisig et al.,
2023; Jinadu and Ding, 2024). Collectively, task-
based models capture structured perspective varia-
tion beyond latent-truth formulations.

3.3 Embedding-based Annotator Models

The third family of embedding-based models de-
parts from latent-truth paradigms by treating dis-
agreement as systematic variation in annotator be-
havior rather than noise around a hidden true label.
Instead of assigning each annotator a separate pre-
diction head, these approaches encode annotator



differences in a shared latent space, enabling scal-
ability to thousands of annotators with sparse la-
bels, an important limitation of task-based methods.
Embedding-based models parameterize annotator-
level predictions as

P(Yij | his ej) 5

hi = f(z;) is an embedding of the input item and
ej = g(a;) is an embedding of the annotator j.
The loss function optimizes standard supervised
losses over annotator—item pairs, where 6 is all
model parameters (shared encoders and annotator-
specific heads), A; is the set of annotators who
labeled 4, and £(-,-) is typically instantiated as
cross-entropy for classification or squared error
for regression.

mein Z Z i, po(y | hisez))  (6)

i jeEA;

Disagreement is formalized as the interaction be-
tween item and annotator embeddings.

Early work introduced annotator embeddings to
capture individual biases in subjective NLP tasks
(Kocon et al., 2021). AART (Mokhberian et al.,
2024) extends this idea to large-scale crowdsourc-
ing with regularization for robustness and fairness.
Subsequent models enrich the framework by incor-
porating annotation embeddings (Deng et al., 2023)
or demographic structure. Jury Learning (Gordon
et al., 2022) combines content, annotator, and de-
mographic embeddings to predict individual votes
and compose configurable juries, while DEM-MoE
(Xu et al., 2025) explicitly models demographic
structure via a mixture-of-experts to capture in-
tersectional variation. Recent work further im-
proves scalability by replacing stored embeddings
with hypernetwork-generated, annotator-specific
LoRA adapters (Ignatev et al., 2025). Embedding-
based models show a progression in the granularity
of disagreement they represent: from individual
annotators (Kocon et al., 2021), to demographic
groups (Gordon et al., 2022), to population-level
distributions (Weerasooriya et al., 2023). This tra-
jectory points toward an important future direc-
tion: estimating subgroup-specific disagreement
rather than averaging across populations. Building
on prior work (Sap et al., 2022; Lakkaraju et al.,
2015), future work could focus on inferring how
social subgroups interpret the same item, enabling
perspective-aware predictions that surface when
disagreement reflects broader social divides.

Direct disagreement modeling. A subset of
embedding-based models predicts disagreement
directly rather than treating it as noise. These
approaches vary in how disagreement is repre-
sented—implicitly via soft supervision, as a scalar
score, or explicitly as a label distribution—but
share the goal of modeling disagreement as the
prediction target. Embedding-based architectures
are well-suited to this setting because they enable
generalization across annotators, conditioning on
demographic attributes, and marginalization over
annotator populations. Implicit approaches predict
aggregate disagreement without explicitly model-
ing a distribution. For example, Xu et al. (2024a)
predict empirical label proportions from text using
cross-entropy against soft labels, while Wan et al.
(2023) conditions predictions on annotator demo-
graphics and regresses a scalar disagreement score.
In contrast, distributional modeling treats disagree-
ment itself as the target, enabling prediction even
when not all annotators are observed by directly
parameterizing an item-level label distribution

p(y | ) (N

y is the expected distribution of annotators that
would be produced by the population, for in-
stance x;. Distributional models typically opti-
mize a composite objective (Parappan and Henao,
2025; Weerasooriya et al., 2023), combining super-
vised alignment with individual annotations and a
divergence-based term (e.g., KL or JSD) that aligns
predicted and empirical item-level distributions:
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annotator-level alignment
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distributional alignment

DisCo (Weerasooriya et al., 2023) models dis-
agreement at the response, item, and population lev-
els, aggregating over annotators at inference to esti-
mate population-level disagreement. The Learning
Subjective Label Distribution framework (Parap-
pan and Henao, 2025) extends this by conditioning
distributions on sociodemographic attributes and
semantic perspectives, enabling subgroup-specific
disagreement estimates. Collectively, these ap-
proaches move toward unified representations of
individual-, group-, and population-level variation.
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Figure 2: The distribution of the three main methods
across our identified taxonomy of sources of disagree-
ment. The lack of work modeling data and task factors
point to future directions.

4 Mapping Models to Sources of
Disagreement

We map the three model families onto our tax-
onomy of disagreement sources in Figure 2. La-
tent truth models span multiple regions, capturing
task factors (e.g., difficulty), annotator factors (e.g.,
competence), and approaches that condition anno-
tator behavior on the input. Within the intersection
of annotator and data modeling, we distinguish
between implicit and explicit data features. Im-
plicit approaches incorporate the input via shared
encoders or embeddings without explicitly mod-
eling item ambiguity as a source of disagreement
(Goh et al., 2023; Raykar et al., 2010; Rodrigues
and Pereira, 2018; Gordon et al., 2022). For ex-
ample, CrowdLayer (Rodrigues and Pereira, 2018)
and embedding-based models (Gordon et al., 2022)
condition predictions on text but treat it primarily
as contextual information. In contrast, explicit data
modeling treats properties of the input itself as a
structured source of annotator variation (Simpson
et al., 2015; Ivey et al., 2025). For instance, Ivey
et al. (2025) condition annotator competence on
item features to capture systematic subgroup re-
sponses. This category also includes distributional
approaches that directly predict item-level disagree-
ment distributions, explicitly representing data am-
biguity (Weerasooriya et al., 2023; Parappan and
Henao, 2025). Notably, the relative scarcity of
work modeling data factors alone—or jointly in-
tegrating data with task and annotator factors—
highlights promising directions for future research.
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Figure 3: Prediction targets and pooling assumptions
across methods for learning from annotator disagree-
ment. The table maps existing approaches by what
they predict (consensus labels, individual annotator re-
sponses, group-level outputs, or full disagreement distri-
butions) and how they pool information across annota-
tors. Fig. 4 is a more detailed table with representative
work.

S Prediction Targets and Pooling
Structures

We introduce a synthesis table (Figure 3) organized
along two dimensions: prediction target and pool-
ing structure. Prediction targets include consensus
(a single label per item), annotator (one prediction
per annotator), group (one prediction per annotator
group), and distribution (the full label distribution
across annotators). Pooling (Paun et al., 2018c)
is generalized across three model classes. Group
pooling forces all annotators to share a single la-
beling function. Unpooled models treat annotators
independently. Partial pooling encodes structured
relationships among annotators or between annota-
tors and the population (or subpopulations), though
it is instantiated differently across paradigms. In
Bayesian latent-truth models, annotator reliabilities
are drawn from a shared population prior. Gaus-
sian process multi-task models (Cohn and Specia,
2013) treat annotators as correlated tasks, while
neural multi-task models (Rodrigues and Pereira,
2018) use shared backbones with annotator-specific
heads. Embedding-based approaches (Mokhberian
et al., 2024) instead represent annotators as points
in a latent population space. Notably, none of the



surveyed disagreement-aware models employ full
group pooling. While group pooling corresponds to
majority vote or fixed aggregation, once annotator
behavior is modeled, methods necessarily adopt un-
pooled or partially pooled structures. We highlight
these temporal trends:

The field is gradually formalizing disagreement
as an object of prediction, not a source of noise.
The field of modeling annotation disagreement has
moved from consensus prediction to individual an-
notator modeling, to group-aware modeling, and re-
cently to population or subgroup distribution mod-
eling. There is a consistent upward shift on the
prediction target axis of the table over time.
Across the pooling structures, the field has
moved from unpooled to partial pooling. The
most successful models use partial pooling,
such as hierarchical priors (Paun et al., 2018c),
inter-annotator kernels (Cohn and Specia, 2013),
demographic-informed MoE (Xu et al., 2025), and
subgroup-aware distributions (Parappan and Henao,
2025), moving toward improved generalization and
fairness. The partial pooling of annotator or group
is the most expressive and successful. Most exist-
ing methods fall into these two cells. This combi-
nation would give generalization to new annotators,
the ability to reason about groups, and the ability
to scale with sparse labels.

Few works actually model disagreement dis-
tributions, but there is a convergence toward
distribution-level modeling in newer architectures
(Fornaciari et al. (2021) as a task-based model,
Parappan and Henao (2025); Weerasooriya et al.
(2023) as embedding-based models). Predicting
how much people disagree is becoming as impor-
tant as predicting what label they choose.

6 Evaluation Metrics

Evaluation metrics for modeling disagreement
broadly fall into two classes: those that compare
the predictions to the true annotations, and those
that evaluate annotator behavior, aiming to recover
latent structure such as inter-annotator relation-
ships. Hard metrics (accuracy, precision, recall)
assume a single gold label—problematic for sub-
jective or ambiguous tasks (Poesio and Artstein,
2005; Plank et al., 2014)—motivating a shift to-
ward probabilistic and soft metrics. Aggregation
models such as Dawid—Skene (Dawid and Skene,
1979) and MACE (Hovy et al., 2013) use like-
lihood or accuracy against inferred latent truth,

while latent-truth and reliability models adopt
ROC-AUC, negative log probability, predictive
density, and entropy-based measures (Raykar et al.,
2010; Paun et al., 2018c; Simpson et al., 2015; Ivey
et al., 2025). As models predict heterogeneous
judgments, evaluation extends to per-annotator met-
rics (MAE, RMSE, macro F1) (Cohn and Spe-
cia, 2013; Mostafazadeh Davani et al., 2022) and
group-level/distributional divergences (KL, JSD)
(Mokhberian et al., 2024; Gordon et al., 2022;
Weerasooriya et al., 2023). However, recent work
(Rizzi et al., 2024) has shown that Cross Entropy
(and to a lesser extent divergence-based measures)
may violate desirable properties like symmetry or
fair penalization, potentially obscuring meaningful
differences between models that aim to reproduce
disagreement distributions.

A complementary set of metrics evaluates anno-
tator quality directly. Likelihood-based measures
and annotator-model correlations assess inferred
behavior (Passonneau and Carpenter, 2014; Paun
et al., 2018c), while agreement metrics like Krip-
pendorff’s o and Cohen’s s quantify consistency
but conflate ambiguity with unreliability (Krippen-
dorff, 1980; Viera and Garrett, 2005). CrowdTruth
(Inel et al., 2014) treats disagreement as signal
via worker-, item-, and label-level metrics, later
extended to model their interactions (Dumitrache
et al., 2018). Recent work targets latent structure
more directly, using intra-annotator consistency
(Gordon et al., 2021) and relational metrics (DIC,
BAE) to test whether models preserve agreement
geometry (Zhang et al., 2025a). Overall, evaluation
increasingly emphasizes models’ preservation of
disagreement structure, not merely match labels.
Evaluating Fairness. Fairness becomes relevant
when disagreement is systematic and socially struc-
tured, reflecting genuine differences in perspective
tied to demographics or lived experience (Aroyo
and Welty, 2013; Pavlick and Kwiatkowski, 2019).
Collapsing annotations into a single consensus
can erase minority viewpoints, rendering pool-
ing a normative—rather than purely technical—
choice. Although fairness is increasingly invoked
in disagreement-aware modeling, most evaluations
remain descriptive (Binns, 2018). Disaggregated
and group-level metrics reveal disparities (Gordon
et al., 2022; Xu et al., 2025), but do not spec-
ify what outcomes should count as fair. Diag-
nostic frameworks such as AART (Mokhberian
et al., 2024) and PERSEVAL (Lo et al., 2025) re-
port parity gaps without explicit normative ground-



ing.  This gap motivates adapting fairness-in-
ML frameworks—such as statistical parity, equal-
ized opportunity, and subgroup fairness (Caton and
Haas, 2024)—to disagreement-aware modeling,
moving toward explicit normative reasoning about
what kind of fairness models ought to achieve.

7 Challenges and Future Work

LLM-based simulation of annotator variation.
Persona prompting and demographic conditioning
with LLMs are increasingly used to simulate anno-
tator variation, but remain methodologically lim-
ited. These approaches are largely unpooled (e.g.,
personas are simulated independently), highly sen-
sitive to prompts and model choice, and risk ampli-
fying stereotypes (Lee et al., 2023; Durmus et al.,
2023; Santurkar et al., 2023; Blodgett et al., 2020).
Empirically, persona variables explain only a small
fraction of variance (Hu and Collier, 2024), and
fine-tuning with demographic metadata appears to
rely more on annotator-specific signals than gener-
alizable group structure (Orlikowski et al., 2025).
More broadly, LLM judgments compress human
disagreement and rely on opaque priors, raising
concerns about reliability and epistemic validity of
replacing human annotation labor (Durmus et al.,
2023; Cazzaniga et al., 2024).

Modeling task-induced disagreement. While
annotator- and data-level variation are increasingly
modeled, task-level sources of disagreement re-
main underexplored. Instruction phrasing, label
schema design, presentation order, and interface
choices can systematically shape disagreement, yet
are rarely represented explicitly. Prior work shows
that task design strongly influences annotation out-
comes (Zhang et al., 2025b; Dsouza and Kovatchev,
2025), but most models incorporate task informa-
tion only indirectly. Future work could embed task
schemas directly, enabling models to capture how
task framing interacts with annotators and data.
Integrating task, annotator, and data variation.
Most existing methods focus primarily on anno-
tator bias as the source of disagreement. A few
latent-truth models and embedding models jointly
consider annotator and task factors, but task-based
approaches typically do not. Developing models
that integrate all three sources, task, annotator, and
data, remains an open challenge, partly constrained
by data availability.

Scarcity of detailed annotation data. Modeling
nuanced disagreement, particularly for minoritized

groups, is constrained by sparse annotator metadata
and noisy labels, highlighting the need for richer,
disaggregated annotation data.

Interpretability of disagreement-aware mod-
els. Explainability remains underdeveloped for
disagreement-aware NLP models. Most methods
for model interpretability target single-label predic-
tions and do not explain why annotators or groups
disagree (Molnar, 2020). While recent multi-
annotator models offer feature- or attention-based
explanations, these are rarely validated against
real annotator behavior. This gap is especially
salient for demographic-aware and mixture-of-
experts models, where expert specialization may
reflect spurious correlations. Emerging metrics
such as Behavior Alignment Explainability (Zhang
et al., 2025a) point toward more principled evalua-
tion, but robust disagreement-aware interpretability
remains an open problem.

Generalization and practical tradeoffs. Anno-
tator disagreement is highly dataset- and domain-
specific, and evidence on the benefits of demo-
graphic conditioning is mixed (Gordon et al., 2022;
Orlikowski et al., 2023). Models risk overfitting to
dataset-specific noise, suggesting a need for cross-
dataset and cross-domain training. Perspectivist
models introduce tradeoffs: they require richer
annotations and greater computation, complicate
filtering decisions, and raise normative questions
about whose perspectives should be preserved. As
a result, adopting disagreement-aware modeling is
not merely a technical choice, but a value-laden
one balancing fairness, interpretability, efficiency,
and annotation labor conditions (Valette, 2024).

8 Conclusion

We present a unified view of disagreement-aware
modeling in NLP, focusing on disagreement as a
meaningful signal rather than noise. We introduce
a taxonomy of data-, task-, and annotator-driven
sources and trace the shift from aggregation to
multi-annotator and persona-conditioned models.
Our synthesis highlights key gaps, including lim-
ited distributional modeling and largely descriptive
fairness evaluation. We also highlight future di-
rections, such as integrating multiple sources of
disagreement and developing interpretable, norma-
tively grounded evaluation frameworks.



9 Limitations

We recognize that our work has several limitations.
While thorough, decades of work in disagreement
make a fully exhaustive survey difficult. Our survey
reviews over 120 papers, and our selection reflects
methodological relevance to disagreement-aware
modeling. As a result, some related approaches,
such as LLM simulations of annotator personas, or
other methods that engage with human perspectives
tangentially rather than as a modeling target, have
been excluded. Additionally, the taxonomy we pro-
pose is a simplification. In real-world settings, data,
task, and annotator factors sometimes cannot be
separated cleanly. Future approaches, particularly
those that integrate the interaction between various
factors, might require extensions to this taxonomy.
Lastly, our discussion of open challenges and fu-
ture directions reflects our interpretations of the
most important gaps in the literature. These should
not be interpreted as a comprehensive or normative
research agenda. Other researchers might prioritize
different directions, such as efficiency, model de-
ployment concerns, or annotation practice design
to produce meaning disagreement.

A key limitation of the disagreement-aware liter-
ature (and thus our synthesis) is that disagreement
is often treated as an observed property of datasets
rather than as an outcome of annotation practice
design. Observed disagreement may conflate mean-
ingful perspective variation with annotator factors
such as confusion and fatigue. This limits cross-
paper comparability. Developing and standardizing
annotation practices that intentionally elicit mean-
ingful disagreement remains an important direction
for future work.
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A Appendix

A.1 Survey Scope and Selection

This survey focuses on research in NLP that studies,
models, or evaluates annotator disagreement in text-
based tasks. We restrict our scope to NLP settings
where disagreement is theoretically meaningful,
such as toxicity detection, stance analysis, senti-
ment, and other subjective or socially grounded
judgments, rather than domains where disagree-
ment primarily reflects measurement error. Our
goal is not to exhaustively catalog all work on an-
notation variability (of which there is decades of
work), but to synthesize lines of research that treat
disagreement as a signal relevant to learning, eval-
uation, or model design, with a slight focus on
connecting the most recent work.

We survey over 120 prior works spanning dis-
agreement sources, modeling methods, and eval-
uation paradigms. Table 1 provides the counts of
papers surveyed in each category we focus on. Pa-
pers may appear in multiple categories when rele-
vant. We also reviewed approximately 12 papers
on large language model-based persona prompting
and demographic conditioning; however, because
most of this work focuses on simulating personas
rather than explicitly modeling annotator structure
or disagreement, we discuss these primarily in the
Challenges and Future Work section.

We include work that makes a substantive
methodological contribution, defined as proposing
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Survey Category # Papers

Sources of Disagreement 25
Latent Truth & Reliability Modeling 22
Task-Based Multi-Annotator Learning 12
Embedding-Based Multi-Annotator Learning 15
Evaluation Metrics 18
Total Unique Papers Surveyed 120

Table 1: Distribution of papers surveyed across cate-
gories. Papers may appear in multiple categories.

a learning algorithm, prediction target, or evalu-
ation framework that explicitly accounts for mul-
tiple annotators or divergent interpretations. For
each of the three modeling families that we identify
(latent truth modeling, task-based multi-annotator
learning, and embedding-based approaches), we
emphasize seminal and highly-cited work (Dawid
and Skene, 1979; Cohn and Specia, 2013; Kocon
et al., 2021), alongside representative recent ad-
vances. Our taxonomy of disagreement sources
was developed iteratively in tandem with the liter-
ature review, with theoretical distinctions refined
through engagement with empirical findings.

Taken together, this scope allows us to posi-
tion our survey as a complement to existing work.
Whereas prior surveys are either primarily con-
ceptual (Frenda et al., 2024) or modality-general
(Uma et al., 2021), we center NLP as a domain
where disagreement is deeply tied to task design,
interpretation practices, and annotator identities.
By jointly examining modeling approaches, eval-
uation practices, and their fairness implications
within a unified framework, we aim to provide a
more technically-grounded synthesis of perspec-
tivist modeling that has not yet been articulated
in existing surveys. Finally, to capture emerging
trends, we closely follow work from the Workshop
on Perspectivist Approaches to NLP! and related
venues.

A.2 Detailed Synthesis Table of Prediction
Targets and Pooling Structures

We provide a detailed table mapping representa-
tive work in each modeling family to the axis of
prediction target and pooling structures (Fig. 4).

"https://nlperspectives.di.unito.it/
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POOLING

PATIAL POOLING

UNPOOLED

DISTRIBUTION

Jinadu et al. (2024) —
subjectivity-tunable loss
distinguishing noise vs
disagreement.

Weerasooriya et al. (2023, DisCo)
— predicts joint item + annotator
label distributions.

Parappan and Henao (2025) --
predicts label distribution using
sociodemographics +
LLM-generated perspectives

Fornaciari et al. (2021) — MTL
with soft labels as
ambiguity-based regularization

NUTMEG (lvey et al, 2025) -- Hierarchical
Bayesian annotator model with
demographic priors

Fleisig et al. (2024) — stakeholder-aware
MTL predicting harmed-group ratings.

Fleisig et al. (2024) —
aggregates group-specific
predictions for fairness-aware
consensus.

pseudo-annotator for
consensus.

% Gordon et al. (2022) — "“jury” model
O | combining demographic subgroup
x ;
© | embeddings.
Xu et al. (2025) — DEM-MoE experts
| o specialized by demographic/intersectional
L traits.
o
E:
=
P-4
9 Cohn & Specia (2013) — multi-task GP . .
= with learned inter-annotator kernel B. Davani et '?"-,(2022) — multi-head
(8] BERT predicting each annotator’s
B Rodrigues & Pereira (2018) — Crowd view.
E Layer learning bias transforms via Kocon et al. (2021) — introduced
backprop. annotator embedding for personal
g bias.
E Guan et al. (2017) — per-
= | doctor CNN heads with reliability Deng et al. (2023) — injects annotator
g weighting. + annotation embeddings into
E Transformer.
Mokhberis tal. (2023, AART) —
okhberian et al. (: o ) Ignatev et al. (2025) --
scalable annotator embeddings + . e
. \arizati parameter-efficient annotator-specific
sparsity regularization. LORA weights
Gordon et al. (2022)
Xu et al. (2025)
Paun et al. (2018) — hierarchical Dawid & Skene (1979) — EM
Bayes comparison of pooling model inferring latent truth + error
schemes. rates.
g Simpson et al. (2015) —
2 BCCWords links linguistic Raykar et al. (2010) — jointly
A features with bias. learns annotator expertise +
g Goh etal., (2023) — ensemble logistic regressor.
O [ using task-level classifier as

LATENT TRUTH ANNOTATOR MODELING

TASK-BASED MULTI-ANNOTATOR MODELING
EMBEDDING-BASED MULTI-ANNOTATOR MODELING

Figure 4: Prediction targets and pooling assumptions across methods for learning from annotator disagreement. The
table maps existing approaches by what they predict (consensus labels, individual annotator responses, group-level
outputs, or full disagreement distributions) and how they pool information across annotators. Modeling choices
implicitly encode different assumptions about population structure, perspective aggregation with recent work
increasingly favoring partial pooling and distributional targets.
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