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Abstract
Accounting for disagreement among annotators
is important for a variety of NLP applications.
However, understanding what insights can be
drawn from disaggregated annotations remains
an open question. We introduce FLOCKE, a
framework that jointly learns a task and models
latent groups of annotators with similar behav-
ior. We first formalize six analyses enabled by
our framework, including annotator-group dis-
covery, group- and individual-level label predic-
tion, and finding the items most prone to cause
disagreement. We then validate FLOCKE with
a controlled synthetic benchmark, creating pre-
defined annotator groups and labeling patterns,
and showing that it can recover group structure
with very high accuracy. We apply FLOCKE
to two real-world datasets, where it predicts
individual annotations, discovers interpretable
annotator groups, and shows that groups are not
explained by socio-demographic traits alone.

1 Introduction

The long-standing paradigm of a single “ground
truth” in annotated data has been challenged in
the last years by studies proposing human label
variation (Plank, 2022) as a way to accommodate
multiple plausible annotators’ views on the same
linguistic item. In fact, not all disagreement stems
from sloppy annotation, but may be due to multi-
ple valid views that cannot be reconciled (Frenda
et al., 2025) because they legitimately represent
people with diverse values (Sorensen et al., 2024),
especially when dealing with subjective annotation
tasks. This new pluralistic paradigm poses chal-
lenges that cover the whole pipeline of machine
learning systems, from the annotation of training
data (Leonardelli et al., 2025) to the implementa-
tion of perspectivist systems (Romberg, 2022) and
the development of novel metrics for evaluation
(Rizzi et al., 2024; Lo et al., 2025).

Following initiatives such as the Learning with
Disagreement (LeWiDi) shared tasks (Leonardelli

et al., 2023, 2025) and Perspectivist Approaches
to NLP workshop series (Abercrombie et al., 2022,
2023, 2024), an increasing number of benchmarks,
frameworks and datasets with disaggregated an-
notation has been made available to the NLP re-
search community (Lo et al., 2025; Meister et al.,
2025). However, understanding what insights can
be drawn about annotator behavior and data charac-
teristics from this kind of resources is still an open
challenge.

We address this issue by proposing FLOCKE, a
novel framework for the analysis of disaggregated
datasets. Beyond predicting labels, FLOCKE en-
ables several downstream analyses of annotation
behavior, such as identifying latent groups of anno-
tators that exhibit similar labeling patterns, estimat-
ing group-specific label distributions and detecting
ambiguous or subjective examples. In doing so,
FLOCKE provides a compact and interpretable in-
termediate solution between majority-vote aggre-
gation and more fine-grained alternatives, such as
soft-label distributions or perspectivist modeling.

This work proposes a novel validation paradigm
based on synthetic annotations and groups derived
from HateCheck (Röttger et al., 2021), a template-
based hate speech test suite. This paradigm allows
the assessment of group quality and disagreement
patterns identified by FLOCKE under controlled
conditions. Unlike evaluations based only on real-
world annotation datasets, where latent group struc-
ture and disagreement-driving items are not directly
observable, our setup provides reference points to
evaluate model outputs. After validating FLOCKE

in this controlled setup, we further apply it to real-
world data and compare our insights with those
obtained by existing methods.

FLOCKE is available on PyPI1; the code for vali-
dation and experiments is released on GitHub2.

13 flocke
2§ dhfbk/flocke-annotator-latent-groups
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Capabilities

Method ↓ Latent
groups

discovery

Group
number

detection

Annotator
group dis-
tribution

Group
label

prediction

Annotator
label

prediction

Generalize
to unseen

items

Most
relevant

items

FLOCKE (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓
Venanzi et al. (2014) ✓ ✓ ✗ ✓⋆ ✓ ✗ ✗
Fell et al. (2021) ✓ ✗ ✗ ✗ ✗ ✗ ✓⋆

Lo and Basile (2023) ✓ ✓⋆ ✗ ✓ ✗ ✓ ✗
Li et al. (2024) ✓ ✓⋆ ✓ ✓ ✓ ✗ ✗
Vitsakis et al. (2024) ✓ ✓⋆ ✗ ✗ ✓ ✓⋆ ✗
Sorensen et al. (2025) ✓ ✗ ✓ ✓ ✓ ✓ ✓⋆

Table 1: Comparison of methods that perform latent group discovery, across seven different tasks. FLOCKE, thanks
to its joint probability modeling, integrates all capabilities. ✓⋆ identifies capabilities that are only partially supported,
as well as those that may be supported but were not considered by their authors.

2 Related Work

Work on annotation modeling can be broadly
grouped into individual, group-level, and distribu-
tional approaches (Kocoń et al., 2021). Individual
modeling predicts annotator-specific labels through
multi-task architectures, annotator embeddings, or
value-conditioned inference (Mostafazadeh Davani
et al., 2022; Deng et al., 2023; Mokhberian et al.,
2024; Homayounirad et al., 2025; Sorensen et al.,
2025), though these methods are often limited
by annotation sparsity (Mokhberian et al., 2024).
Group-level approaches instead model shared bi-
ases or latent clusters, either using demographic
information (Liu et al., 2022; Fleisig et al., 2023;
Prabhakaran et al., 2024) or unsupervised perspec-
tive discovery (Venanzi et al., 2014; Lo and Basile,
2023; Li et al., 2024; Vitsakis et al., 2024; Sorensen
et al., 2025). Distributional approaches aim to pre-
dict full soft-label distributions rather than single
labels (Khurana et al., 2024; Benito-Santos and
Ghajari, 2025), while other works focus on pre-
dicting which instances are likely to induce anno-
tator disagreement (Rizzi et al., 2025). Lo et al.
(2025) combine several of these ideas through user-
and population-conditioned adaptation strategies.
While a relatively small number of works perform
latent group discovery, they differ from FLOCKE

in joint-task modeling by adopting separate steps.
Table 1 summarizes these differences, highlighting
how FLOCKE integrates all considered tasks, and
is capable of generalization to new annotators and
items without recomputing steps, unlike existing
pipeline-based approaches. Finally, our framework
is validated with ground-truth latent groups, while
previous works use internal validity measures or
socio-demographics.

Few approaches move towards calibration and

steering. Khurana et al. (2024), Benito-Santos and
Ghajari (2025), and Kurniawan et al. (2026) show
that training on soft or disagreement-aware label
distributions can improve calibration, accuracy, and
fairness. Beyond calibration, Hwang et al. (2023)
model users’ prior opinions to align LLM outputs
with individual perspectives, and Li et al. (2024) in-
troduce data-driven persona embeddings that steer
LLMs toward specific viewpoints without prede-
fined demographic categories. Recent work also
shows that LLMs cannot reliably replace human
annotators in subjective settings (Orlikowski et al.,
2025; Ni et al., 2026). Overall, these methods fo-
cus on decoding control and calibration of LLMs,
while FLOCKE performs annotation prediction.

Finally, research on annotator variation also
spans analyses and taxonomies of disagreement
(Plank, 2022; Sandri et al., 2023; Jiang and
de Marneffe, 2022). FLOCKE differs from this
body of work because it addresses a complemen-
tary question: it models behavioral patterns across
annotations to discover latent annotator groups,
rather than focusing only on the presence or source
of disagreement.

3 Methodology

Our approach is based on modeling latent group
behaviors, which can be jointly learned together
with a task model, given a dataset with disaggre-
gated annotations. While our method is general in
principle, in this paper we will focus on binary clas-
sification as the target task. A schematic overview
of our methodology is presented in Fig. 1.

3.1 Formulation

We consider a Machine Learning task that involves
associating labels (e.g., numeric values or classes)
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Figure 1: A schematic overview of FLOCKE with the six types of analysis it enables (L refers here to log-likelihood).

to contextual information (e.g., text, demographics,
user profiles based on question-answering). In our
empirical evaluation, the task consists of binary
classification of text embeddings. We assume the
training data to include identifiers for the annotators
themselves. We use random variables X,A, Y to
represent the contextual information, annotator ID,
and label. The training data then consists of a
sample S = {xi, ai, yi}mi=1 ∼ P (X,A, Y ), where
xi is the contextual information, ai the annotator,
and yi the annotation for the i-th example.

We model group membership via a (latent) ran-
dom variable Z with support {1..n}, where n is the
number of groups. We also assume independence
between groups and contextual information, i.e., no
bias for having certain inputs annotated by specific
groups. As discussed in Appendix A, this enables
factoring the full distribution P (X,A, Y, Z) as:

P (Y | X,Z)P (Z | A)P (X,A) (1)

where P (Y | X,Z) corresponds to the group be-
havior and P (Z | A) to the group membership
distribution for the annotator. By introducing an
estimator P̂θ(Y | X,Z), with parameter vector θ,
for the group behavior, we can define the sample
likelihood by marginalizing out the Z variable:

LS(θ) =
m∏

i=1

Ez∼P̂θ,S(Z|ai)

[
P̂θ(yi | xi, z)

]
(2)

=
m∏

i=1

n∑

z=1

P̂θ,S(z | ai)P̂θ(yi | xi, z) (3)

where P̂θ,S(z | ai) represents here a posterior esti-
mate for P (Z | A), i.e., one performed by taking
advantage of the available data. As discussed in
Appendix A, we use the Bayesian estimate:

P̂θ,S(z | ai) =
1

Z
m∏

j=1
aj=ai

P̂θ(yj | xj , z)P̂ (z) (4)

Algorithm 1 TRAIN({xi, ai, yi}mi=1)

init P̂ (Z) as uniform, and init θ
for k = 0..niter − 1 do

if k mod nreassign = 0 then
compute P̂θ(z | a) for all annotators

perform a gradient descent step
update the prior P̂ (Z) for later inference

where Z is the partition function, and P̂ (z) is a
prior on the group distribution – which can be
assumed to be uniform in case of lack of infor-
mation. We use a Neural Network, specifically a
Multi-Layer Perceptron (MLP), for the estimator
P̂θ(Y | X,Z), and we train it via the Expectation-
Maximization process described in Algorithm 1.
The procedure alternates between nreassign gradi-
ent descent steps where we optimize the group
behavior estimator, and the recomputation of the
group assignment posterior P̂θ,S(Z | A). During
training, we use a uniform prior P̂ (z), which is up-
dated after the process to reflect the inferred group
distribution. Additional details can be found in Ap-
pendix B, which also covers tempering techniques
that can be applied to mitigate sampling noise.

3.2 Analyses Enabled by FLOCKE

By relying on the learned group behavior estima-
tor, FLOCKE enables several types of analysis on
datasets with disaggregated annotations, presented
in this section. We assume a classification task,
but in most cases the described procedures can be
easily adapted to regression. An overview of the
analyses enabled by FLOCKE is shown in Fig. 1.

3.2.1 Group Number Detection
Since our groups are behavior-based, and there-
fore implicit, their number is not known a-priori.
FLOCKE allows inferring group number via Maxi-
mum Likelihood Estimation: one can test multiple
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numbers of groups n, and assess the corresponding
likelihood values, computed as in Eq. (2). Once n
matches the number of groups naturally occurring
in the data, the likelihood should plateau or de-
crease, so that an optimal number of groups can be
estimated via the elbow method commonly used in
clustering. Such evaluation can be performed either
on the training data (as in conventional clustering),
or on a held-out dataset.

As a performance metric for this analysis, we
use the calibration gain ∆ℓL, defined as the differ-
ence between the likelihood for a reference number
of groups ngt (e.g., the elbow method estimate, or
a known ground truth in a controlled setting) and
that for ngt − ℓ groups. For example, if ngt = 3,
∆−1L is the likelihood score gain between n = 3
and n = 2 and ∆−2L is the likelihood score gain
between n = 3 and n = 1. When the calibra-
tion gain ∆ℓL > 0, then assuming more than one
group is leading to a better model for the anno-
tation behavior. Conversely, ∆ℓL ≤ 0 indicates
that introducing groups does not provide further
explanatory power.

This task is a prerequisite for all subsequent
types of analysis. It can also be used to gauge
the level of behavioral diversity in a dataset.

3.2.2 Annotator Group Distribution
Given examples for a single annotator, FLOCKE

can be used to estimate their group membership,
based on the annotation pattern. This is done by
computing P̂θ,S(z | ai) as described in Eq. (4) with
fixed (pre-trained) model weights. This task can be
understood as a form of soft-clustering (if we use
the group probabilities) or a hard-clustering (if we
assign annotators to their most likely group). The
analysis can also be performed on a novel dataset,
possibly annotated by different individuals, i.e.,
our approach can predict the group distribution for
annotators not seen during model training.

If examples are available for multiple annotators,
the level of representation of each group z can
be estimated by aggregation, i.e.,

P̂θ,S(z) =
1

|A|
∑

a∈A
P̂θ,S(z | ai) (5)

where A is the annotator set and |A| its cardinality.
One can use this analysis to better quantify the

behavioral diversity in a pool of annotators, or to
compare different annotator pools. By recruiting
annotators based on their estimated group member-

ship, one could also improve the level of annotation
diversity, or build a fairer annotator pool.

3.2.3 Annotation Prediction
The group behavior estimator P̂θ,S(Y | X,Z), can
be directly used to perform group-level annotation
prediction. Specifically, we can either estimate
the group response distribution (by straightforward
evaluation), or a single label prediction (by taking
the output with the largest estimated probability).

We can also perform individual annotation pre-
diction, by averaging the group predictions over
the group distribution for a single annotator a:

P̂θ,S(y | x, a) =
n∑

z=1

P̂θ,S(z | a)P̂θ(y | x, z) (6)

Note that this task requires having estimated the
group distribution for the annotator, based on a set
of examples S . As in the previous case, we can use
Eq. (6) either to estimate the label probabilities or
to predict the most likely label. Finally, given a set
A of annotators, we can estimate the aggregated
label distribution (i.e., the soft label):

P̂θ,S(y | x,A) =
1

|A|
∑

a∈A
P̂θ,S(y | x, a) (7)

with the requirements already discussed.
Inspecting group predictions may highlight fair-

ness issues, or just to compare groups. Group pre-
dictions can also provide deeper insight into group
behavior, for example via explainability methods
such as SHAP (Lundberg and Lee, 2017), if the con-
textual information x is interpretable. Individual
predictions and soft labels can assist in the investi-
gation of disagreement, or be used to optimize the
assignment of examples to annotators in empirical
user studies.

3.2.4 Most Relevant Items
Group-level annotation prediction can be employed
to identify the most relevant items in terms of their
ability to elicit group disagreement. In particular,
given two groups z′, z′′, the relevance of an exam-
ple x can be measured in terms of the difference
between the two predicted label distributions, e.g.,
using the Jensen-Shannon divergence:

JSD(P̂θ,S(Y | x, z′) ∥ P̂θ,S(Y | x, z′′)) (8)

Any statistical distance can be used in place of JSD.
The relevance for multiple groups can be assessed
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by averaging over all pairwise relevance values, at
the cost of a less interpretable outcome.

Isolating the most relevant items can provide
a form of explainability when the contextual in-
formation x is not easily interpretable (as in our
experiments, where we use text embeddings). It
can also play a role in the design of experiments
to investigate disagreement, or in assessing how
much of the observed disagreement is due to noise,
as opposed to actual subjective point of views.

4 Method Validation

We validate FLOCKE through experiments based
on synthetic data, allowing us to simulate anno-
tator disagreement in a controlled setting. Since
the synthetic setup provides access to the ground-
truth annotator groups, we can directly evaluate
whether FLOCKE is able to recover the underlying
disagreement structure.

4.1 Synthetic Annotator Groups

To validate our framework, we rely on HateCheck
(Röttger et al., 2021), a functional test set for hate
speech detection models composed of hateful and
non-hateful synthetic texts created using 406 tem-
plates (e.g., “I hate/love [target identity]”), includ-
ing 7 identity groups (e.g., immigrant, woman) and
29 functionalities (e.g., hate expressed using slur)
to cover distinct expressions of hate and non-hate.
It includes 3,728 examples annotated with a binary
hate speech label.

Given the template-based structure of Hate-
Check, the underlying template semantics provide
us with ground-truth labels. We exploit this fea-
ture to create different sets of artificially controlled
annotations, simulating different annotator behav-
iors. Specifically, we introduce variations along
the Target identity dimension to simulate groups of
annotators following specific annotation patterns.3

Annotator group patterns consist in systemati-
cally labeling as non-hateful all examples mention-
ing one or more specific target identities, while
examples not involving those identities retain their
original HateCheck labels.4 Figure 2 shows an
example of synthetic labels. The target identities
associated with the non-hateful labeling pattern, as

3The Functionality dimension is instead used to introduce
individual-level biases independent of group membership (see
Appendix C.2).

4The pattern introduced is unidirectional with systematic
shifts toward non-hateful labels, whereas no meaningful oppo-
site shift is possible, given the semantic of the templates.

Figure 2: Example of synthetic labels with 2 annotator
groups and the women target identity for Group 1.

well as their possible combinations, are assigned
randomly across groups. This construction pro-
vides a ground truth number of groups ngt and a
labeling pattern for each annotator group. We can
therefore systematically vary the number of annota-
tor groups, as well as the number of annotators per
group, and the number of annotations collected for
each item. Annotators are then randomly assigned
to annotate items, such that a given item may be an-
notated either by annotators from different groups
or by multiple annotators belonging to the same
group. Despite this randomized annotation process,
the underlying ground-truth label associated with
each group-item pair remains known.

4.2 Validation Design

We evaluate FLOCKE across multiple synthetic con-
figurations by varying the number of ground-truth
ngt annotator groups generated through the pro-
cedure described above. Since our objective is to
identify a small number of coherent annotator per-
spectives, for the purpose of validation we adopt
ngt ∈ [2, 5], as in real scenarios a larger number of
groups would reduce interpretability.

To isolate the effect of each factor and avoid
introducing excessive variability at once, for each
value of ngt we repeat the experiments with differ-
ent configurations by varying the number of anno-
tators per group (10, 20, 50, and 100) and the num-
ber of annotations collected per item (2, 5, and 10).
This results in a total of 12 experimental configura-
tions for each choice of artificial number of groups,
that range from a minimum number of synthetic
annotations per annotator5 of 74 to a maximum
of 3,728. To account for stochasticity, each con-
figuration is evaluated across 5 independent runs
with different randomly generated group annota-
tion patterns. The goal of this synthetic setup is
not to reproduce the full complexity of naturally
occurring disagreement, but to create a controlled
benchmark in which the latent group structure is
known and the method can be directly evaluated.

The input features for FLOCKE consist of the

5Note that these figures refer to the “average annotator”.
Since (a, x) pairs are assigned randomly, one annotator can
have more annotations than another.
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sentence representation of the item embedded with
multilingual BERT (Devlin et al., 2019).6 This
model has been selected due to its widespread adop-
tion in the NLP community, its native multilingual
capabilities, and the computationally efficient em-
bedding size of 768.

4.3 Validation Tasks and Results

We validate FLOCKE along the analyses detailed in
Section 3.2.

4.3.1 Group Number Detection
We first aim to validate the ability of the algorithm
to recover the ground-truth number of annotator
groups. For each experimental configuration, we fit
FLOCKE varying n as mentioned in Section 3.2.1.
Fig. 3 shows the likelihood score aggregating re-
sults across different n with respect to ngt, e.g., if
we define ngt = 3 groups in the synthetic data and
set n = 3 in FLOCKE, then we are in the correct
case; while if we set n = 4, then we are in the +1
case. In Fig. 3 we observe the likelihood increas-
ing until the correct number of groups is reached,
plateauing afterwards. Across the tested ngt, we ob-
serve an average ∆−1L = 0.13 and ∆−2L = 0.17.
This validates the ability of FLOCKE to recover the
ground-truth number of groups.

-2 -1 correct +1 +2
# Groups

0.5

0.6

0.7

0.8

0.9

1.0

Sc
or

e

Figure 3: Calibration of the number of groups on val-
idation data. The box-plots show the likelihood score
distribution across different configurations, with median
scores (middle lines) and outliers (dots).

4.3.2 Annotator Group Distribution
We validate FLOCKE’s ability to correctly clus-
ter annotators according to their simulated annota-
tion behavior. To evaluate clustering quality, we
measure Accuracy, Purity (“does each predicted
group mostly contain annotators from a single true
group?”), and Completeness (“does each true group
mostly fall into a single predicted group?”). This
assessment utilizes a hard clustering approach from

6huggingface.co/google-bert/bert-base-multilingual-cased

FLOCKE, assigning each annotator to their most
probable group. The resulting clusters are then
evaluated against the ground-truth groupings to
compute performance metrics. For this analysis,
we fix n to the correct number of groups, after
having demonstrated how this can be identified in
Section 4.3.1, in order to focus on the ability to
correctly cluster annotators. We observe an aver-
age accuracy of 0.93 (σ = 0.16, purity = 0.93;
completeness = 0.99), validating the clustering
capabilities of our approach (more details in Ap-
pendix C). In particular, the high completeness
score demonstrates that each true group mostly
falls into a single predicted group. Despite vari-
ability, we observe no consistent trend with respect
to the number of annotators or annotations/item,
showing that FLOCKE remains effective with as
few as two annotations/item.

4.3.3 Annotation Prediction
We validate the ability to predict group-level anno-
tations on the training set and on a held-out set. In
order to assess FLOCKE performance in modeling
group behaviors, we measure the macro F1 score
in predicting group-level annotations, as described
in Section 3.2.3.

First, in each configuration, we validate the
performance of FLOCKE in predicting labels on
the training set. This gives us a reference of the
method’s ability to reconstruct group annotation
patterns. Then, we split training and testing data
(80% and 20% respectively), and measure FLOCKE

performance in predicting labels on the test set
when trained only on the first split. The results, pre-
sented in Fig. 4b, show the annotation prediction
performance across all settings. We observe an av-
erage F1 score of 0.82 (compared to 0.94 obtained
on the training set). Fig. 4a visually compares the

(a) (b)

Figure 4: Validation results of FLOCKE ability in pre-
dicting group-level annotations on a held-out test set.
(a) Comparison of density functions of F1 scores for dif-
ferent experiments, on train- vs test-set. (b) Macro-F1
group-level label prediction averaged across all experi-
mental configurations and runs.
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annotation prediction performance achieved on the
training and the held-out set for all configurations.
We observe that, despite a generally lower F1 score
on the test set, FLOCKE correctly predicts specific
group behavior in the large majority of cases.

4.3.4 Most Relevant Items
We validate the ability of FLOCKE to identify items
with disagreement across groups, even when the
observed annotations, randomly assigned, originate
from annotators belonging to the same group.

For any two groups g1, g2, the ground-truth set
of most relevant items, i.e., examples on which the
two groups would assign different labels, is known
and has size mg1,g2 . The predicted relevance of an
item can be computed using the Jensen-Shannon
divergence as explained in Eq. (8). An example
of relevance-based item ranking is presented in
Fig. 5a. For each configuration, we evaluate re-
trieval performance independently for every pair
of groups (g1, g2). The prediction of the model
is evaluated by computing the F1 score between
the predicted and ground-truth top-mg1,g2 items for
that pair. The final score for a configuration is ob-
tained by macro-averaging the F1 scores across all
group pairs.

We study how this performance metric varies
across different numbers of annotators and anno-
tations (Fig. 5b), observing that even in the most
challenging configurations (i.e., 2 annotations/item)
the F1 score is consistently higher than 0.74, thus
confirming the ability of our method to retrieve
group-level relevant items.

4.3.5 Robustness Checks
To further assess the stability of the validation re-
sults, we test FLOCKE also with imbalanced anno-

(b)(a)

Figure 5: Validation results of FLOCKE’s ability in re-
trieving most relevant items. (a) Distribution of Jensen-
Shannon divergence values (between group predictions)
across examples. The most relevant items predicted
by FLOCKE are clearly separated and clustered around
JSD = 0.80. (b) Prediction of most relevant items (F1
Score); for each configuration, the score is computed by
averaging across group-pair F1 scores.

tator groups, in which group sizes are randomly
varied while keeping the total number of annota-
tors fixed. Then, we introduce individual-level bi-
ases, modeled as annotator-specific variations inde-
pendent of group membership. In both cases, the
results are consistent with the main validation ex-
periments, showing that FLOCKE can still recover
group structure and identify disagreement-relevant
items under more challenging conditions. Detailed
results are reported in Appendix C. Moreover, we
perform the same analyses with different language
models other than multilingual BERT (namely,
RoBERTa,7 RoBERTa-large8 and SBERT9), in or-
der to assess robustness across vector spaces. The
models yield largely consistent results, despite mi-
nor variations in specific outcomes. In particular, as
embedding size increases, we observe weaker cali-
bration gain (SBERT: ∆−2L = 0.16; RoBERTA-
base: ∆−2L = 0.13; RoBERTa-large: ∆−2L =
0.11) and lower F1 scores in retrieving most rele-
vant items (SBERT: F1 = 0.88; RoBERTA-base:
F1 = 0.74; RoBERTa-large: F1 = 0.73). A possi-
ble explanation is that lower-dimensional represen-
tations encourage the model to capture behaviors
shared across groups, while higher-dimensional
embeddings encode finer item-specific semantic
distinctions, so that FLOCKE no longer needs latent
groups to explain annotation variation. A complete
summary of results is provided in Appendix C.3.

5 Analyses on Real-World Data

After validating FLOCKE in a controlled synthetic
setting, we show how it can be used to analyze real
datasets with disaggregated annotations.

5.1 MD-Agreement

We apply FLOCKE to the MD-Agreement dataset
(Leonardelli et al., 2021), a dataset for offensive-
ness detection containing 10,753 tweets, with 5
annotations per item, annotated by 819 sparsely
represented annotators.

Groups characterization We first estimate the
number of annotator groups by varying the number
of latent groups n, as described in Section 3.2.1.
The likelihood scores plateau at n = 3, suggesting
the presence of three main annotator groups in the
dataset, with a calibration gain of ∆−2L = 0.06.10

7huggingface.co/FacebookAI/roberta-base
8huggingface.co/FacebookAI/roberta-large
9huggingface.co/sentence-transformers/all-MiniLM-L12-v2

10Not only do we observe a positive gain relative to n = 1,
but we also see negative values for n > 3 (∆+1L = −0.02
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After fixing n = 3, we inspect the distribution of
annotators across the inferred groups in the training
set. The resulting distribution is moderately imbal-
anced: 277 annotators are assigned to Group 0, 188
to Group 1, and 205 to Group 2. This suggests
that the dataset contains a dominant annotation
behavior, together with smaller groups capturing
alternative labeling patterns.

We then use the trained group-level predictors
to analyze the held-out test set. Performing the
analysis on the test set allows us to assess whether
the inferred group structure generalizes to unseen
items, rather than only capturing patterns present
in the training data. For each test item, we compute
the average pairwise JSD between group-level pre-
dicted label distributions. Groups 0 and 2 emerge
as the most distant pair, with a median JSD of
0.289, compared to 0.170 for Groups 1 and 2 and
0.123 for Groups 0 and 1. This suggests that
Groups 0 and 1 capture more similar annotation
patterns, while Group 2 is more clearly separated.

Most-relevant items To further characterize the
differences between inferred groups on unseen data,
we rank test items according to their average pair-
wise JSD across group-level predictions. We ob-
serve that items in the upper part of the ranking are
generally associated with lower annotator agree-
ment, while full-agreement items become more
frequent toward the bottom of the ranking.11 This
suggests that FLOCKE’s most-relevant items cap-
ture meaningful variation in annotator behavior:
items with lower observed agreement tend to be
more group-discriminative, while full-agreement
items are more often assigned lower divergence.
The ranking can therefore be used to identify ex-
amples that are likely to reveal differences between
inferred annotator groups. We manually inspect
the 100 most relevant disagreement items by com-
paring the text of each instance with the labels
assigned by the groups. Sources of disagreement
are not defined a-priori, but rather discovered dur-
ing observation. The main sources of disagreement
seem to concern how sensitive each group is to po-
litically charged content, direct insults, profanity,

and ∆+2L = −0.01), suggesting that additional groups do
not improve the modeling of annotation behavior beyond
n = 3.

11The test set includes low-agreement, medium-agreement,
and full-agreement items in comparable proportions. When
dividing the ranked test items into three equally sized portions,
full-agreement items increase from 38.7% in the first third
to 54.8% in the last third. Conversely, low-agreement items
decrease from 30.5% to 20.1%, while medium-agreement
items decrease from 30.8% to 25.1%.

Item G0 G1 G2

<user> <user> Flying in the face of
science logic and common sense. People
are dying and you don’t give a shit

0 0 1

Table 2: Top-ranked item for group-level (G0, G1, G2)
disagreement and labels predicted by each annotator
group (“0” = non-offensive).

and identity-related discourse. In particular, group
2 appears to adopt a broader criterion for defining
offensive language, while group 0 appears to be the
least sensitive. Table 2 illustrates this pattern with
the top-ranked disagreement item.

Soft-label prediction. Finally, we evaluate
FLOCKE on the prediction of soft annotation distri-
butions on the held-out test set. We first compute
the cross-entropy obtained by each group-specific
predictor, corresponding to 0.782 for Group 0,
0.699 for Group 1, and 0.801 for Group 2. These
values reflect the performance of each inferred
group when considered independently.

We then exploit the estimated group-
membership distribution of each annotator
to obtain annotator-level predictions. For the
109 test annotators observed during training,
predictions are conditioned on their learned
group-membership distribution. The test split
also includes 137 annotators not observed during
training. For these unseen annotators, FLOCKE

estimates their behavior as a weighted combination
of the learned group-level distributions. When
annotators are represented through these group
weights, the overall cross-entropy decreases to
0.67.12 This indicates that combining group-level
predictors according to annotator-specific group
membership provides a better approximation of
soft annotation distributions than considering
each group independently, also in a setting with
annotators that were not observed during training.

5.2 MultiPICo

We further apply FLOCKE to MultiPICo (Casola
et al., 2024), a dataset for irony detection consisting
of 18,778 post-reply pairs in 9 languages, annotated
by 506 individuals. This dataset also includes socio-

12In terms of the LeWiDi shared-task ranking, this score
would correspond to 22nd place out of 26 submitted systems.
However, FLOCKE is not optimized as a leaderboard system:
our objective is to learn a compact and interpretable set of
latent annotator groups. Using more groups or tuning the
model primarily for predictive performance may improve CE,
but would make the resulting group structure less interpretable.
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demographic traits of annotators (age, gender, eth-
nicity, student status, employment status, country
of birth, country of residence, and nationality),
which allows us to investigate associations between
latent groups and socio-demographics. While Ca-
sola et al. (2024) found that age and student status
are the most polarizing dimensions, they did not
perform a statistical test of independence with an-
notator groups, as they did not explore annotator
clustering.

For our analysis, we focus on the subset of
English conversations and annotators. We es-
timate the number of latent groups (with the
method presented in Section 3.2.1), finding a like-
lihood plateau after three groups (∆−2L = 0.07
and ∆+1L = −0.01). Statistical association be-
tween learned latent groups of annotators and their
socio-demographic data is then tested, perform-
ing a Pearson chi-square test. For variables with
fine-grained, sparse categories, coarser groupings
are adopted: age is grouped into five bins (18–
24, 25–34, 35–44, 45–54, 55+), while continent
is used instead of country of birth/residence and
nationality. We find no statistically significant as-
sociations either for individual socio-demographic
variables or for their pair-wise intersections. In
particular, the smallest p-values are observed for
country of residence (p = 0.229) and the inter-
action ⟨gender,nationality⟩ (p = 0.111), respec-
tively. These findings indicate that learned latent
groups emerge independently from the considered
socio-demographic traits.

5.3 Discussion
Our framework is a probabilistic model that jointly
learns the task at hand and the latent groups of an-
notators. This is not just a mere convenience of
having multiple analyses in a unique framework,
but rather a paradigm with practical implications:
FLOCKE enables both individual and group-level
prediction, the characterization of latent groups
through the most relevant items (unavailable in
Venanzi et al., 2014 and Fell et al., 2021), and
supports the prediction of items most prone to dis-
agreement, differently from Vitsakis et al. (2024)
and Li et al. (2024).

The MultiPICo case study illustrates the possibil-
ity of testing, instead of assuming, a link between
latent groups and socio-demographics. We find
no significant associations, suggesting that what
differentiates annotators is not well captured by ap-
proaches using socio-demographics as a proxy of

perspective (Fell et al., 2021; Lo and Basile, 2023;
Vitsakis et al., 2024; Li et al., 2024).

Finally, we do not assume a fixed number of
latent groups, but rather treat it as an empirical
(likelihood-based) question, in order to observe
how annotators are genuinely divided. This is in
contrast to approaches adopting a fixed number
of groups (Fell et al., 2021), relying on internal
metrics (Lo and Basile, 2023; Li et al., 2024), or
assessing validity against socio-demographic vari-
ables (Vitsakis et al., 2024).

6 Conclusion

We introduced FLOCKE, a framework for analyz-
ing disaggregated annotations by jointly learning
group-level annotation behavior and latent anno-
tator group membership. We also formalized six
kinds of analyses enabled by our method, such as
group-level annotation prediction and most relevant
items retrieval (which require finding the optimal
number of groups). Additionally, we introduced a
novel validation method using synthetic data.

FLOCKE offers an intermediate solution between
majority-vote aggregation and more fine-grained
alternatives, such as perspectivist modeling and
soft-label distributions, as promoted in the LeWiDi
shared tasks. While these approaches move beyond
single-label supervision, they can be difficult to
operationalize in real-world scenarios with sparse
annotator-level data or pipelines designed around
discrete labels. FLOCKE instead captures meaning-
ful variation through latent annotator groups, keep-
ing the representation compact and interpretable.

The framework can be applied and customized to
any existing dataset with disaggregated annotations.
FLOCKE can also be used beyond retrospective
analysis: given a small set of annotations from
an unseen annotator, the model can estimate their
group distribution and predict their labels on new
items as a weighted combination of group-specific
predictions. The contribution of each group can
also be reweighted to simulate different annotator
populations or to give more importance to under-
represented perspectives. Finally, FLOCKE can
be straightforwardly applied to model LLMs as
annotators and analyze their latent group quality
and disagreement patterns, or in a mixed scenario
with human and LLM annotations to create datasets
with different perspectives.
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Limitations

A limitation of our work is that the validation is
based mostly on synthetic data. This choice is actu-
ally necessary from a methodological point of view,
as existing datasets with disaggregated annotations
typically provide annotators’ socio-demographic at-
tributes, but none provide different annotator group
behaviors. As our goal was not that of coupling be-
havior with sociodemographic attributes (as done in
previous work), we constructed a synthetic dataset
with ground-truth annotator behavior structure in
order to validate our method. To mitigate this weak-
ness, we also test FLOCKE on real-world data. Al-
though this means that we do not have ground-truth
annotator behavior groups for real data, it allows
us to test our framework in a real-world scenario,
to understand its potential usefulness.

Furthermore, FLOCKE validation and the anal-
yses on real data are performed on binary classi-
fication tasks of short texts in similar scenarios,
i.e., hate speech detection for HateCheck, offen-
siveness detection for MD-Agreement, and irony
detection for MultiPICo. Due to space constraints
we could not show results for other tasks. How-
ever, FLOCKE is task-agnostic and could indeed
be applied to any dataset with disaggregated an-
notations, both with textual and non-textual input.
Also, its adaptation to multi-label classification or
regression tasks would be possible, requiring mini-
mal effort. We leave these additional analyses and
implementations to future work.

Additionally, our analysis with MultiPICo is re-
stricted to the English subset. While this is justified
by the fact that there is a distinct set of annota-
tors for each language, it prevents us from drawing
conclusions on how latent groups relate to socio-
demographics in languages other than English.

Finally, FLOCKE relies on observing sufficiently
informative annotation patterns to infer stable la-
tent annotator groups. In settings with very sparse
annotations per annotator, limited overlap between
annotators and items, or very low number of anno-
tators, group assignments may become unstable or
less identifiable.

Ethics Statement

We do not envision any specific ethical risk related
to this work. On the contrary, one of the appli-
cations of FLOCKE is the identification of annota-
tor groups to ensure that different perspectives are
taken into account in a dataset with disaggregated

annotations. Furthermore, FLOCKE does not re-
quire any socio-demographic information to model
annotators and no explicit profiling is performed,
keeping predicted groups agnostic with regards to
socio-demographic characteristics. Moreover, we
respected the intended use of all artifacts used in
this work.

FLOCKE does not require extensive computa-
tional resources, making it a feasible choice in low-
resource scenarios, as it is possible to run it on CPU.
All experiments of this paper were conducted using
in-house computational resources, totaling around
150 hours on a Nvidia Titan Xp GPU.
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A Probabilistic Model and Assumptions

Overall, our probabilistic model involves 4 random
variables: X , representing the contextual informa-
tion; Y , representing the label/output; A, represent-
ing the annotator; Z, representing the group. We
refactor the joint distribution as follows:

P (X,Y, Z,A) (9)

= P (Y | X,Z,A)P (X,Z,A) (10)

= P (Y | X,Z)P (Z | X,A)P (X,A) (11)

= P (Y | X,Z)P (Z | A)P (X,A) (12)

where: 1) in Eq. (10) we assume that discrepancies
between annotators are captured through their (la-
tent) group distribution; 2) in Eq. (12), we make the
(trivial) assumption that groups are associated to
annotators rather than items. Both assumptions are
consistent with viewing the annotator behavior as
determined by the groups, as stated in Section 3.1.

The likelihood expression from Eq. (2) is derived
from Eq. (12) by: 1) relying on the sample data
to capture P (X,A), i.e., via Empirical Risk Mini-
mization; 2) marginalizing out the latent categori-
cal variable Z; and 3) using a posterior distribution
to estimate P (Z | A) based on the available data.

Concerning such posterior distribution, let Sa
be a set of observed input/output pairs for a single
annotator a, i.e., a sample from P (X,Y | a). Then
we start by observing that:

P (Z | X,Y ) =
P (X,Y, Z)

P (X,Y )
(13)

=
P (Y | X,Z)P (X,Z)

P (X,Y )
(14)

=
P (Y | X,Z)P (X)P (Z)

P (X,Y )
(15)

=
1

ZP (Y | X,Z)P (Z) (16)

where in Eq. (14) we use the fact that X and Z
are assumed to be independent, again as stated in
Section 3.1, while in Eq. (16) we simply model via
a partition function all terms that do not depend
on the group. The estimate from Eq. (4) is then
derived by relying on the sample Sa for X and Y
and using a prior for P (Z).

B Comments on the Training Algorithm

The training algorithm we use in our implementa-
tion follows closely Algorithm 1, but a few points
deserve further discussion. First, as the vast ma-
jority of modern differentiable Machine Learning

approaches, we rely on (mini-batch) stochastic gra-
dient descent, rather than classical gradient descent.
Specifically, the algorithm is implemented in Py-
Torch and we use the AdamW optimizer. We use
the default PyTorch weight initializer for θ.

Second, after the training process is over we up-
date the P̂ (Z) prior to reflect the group prevalence
observed in the training data. This is done as:

P̂ (z)← β′P̂θ,S(z) + (1− β′)
1

n
(17)

where P̂θ,S(z) is the group prevalence, computed
as in Section 3.2.2, and β′ ∈ [0, 1] is a tempering
parameter. For β′ = 1, the inferred group preva-
lence on the training data becomes the new prior;
for β′ = 0, the prior stays uniform.

Third, the algorithm features an optional temper-
ing mechanism to mitigate overconfidence in the
inferred group distribution for an annotator. Specif-
ically, we determine the group distribution via a
slightly more complex version of Eq. (4):

β′′

√√√√√
1

Z
m∏

j=1
aj=ai

P̂θ,S(yj | xj , z)P̂ (z) (18)

where β′′ ≥ 1 is a second tempering parameter,
which smooths the group distribution when it takes
a value larger than 1. In particular, for β′′ = m the
accumulation of evidence from multiple samples
is largely ignored, while for β′′ = 1 we recover
Eq. (4). All reported experiments are performed
with β′′ = 1.

C Validation

Fig. 6 shows the detailed results of annotator group
distribution for all configurations.

C.1 Modeling with Imbalanced Groups

In real world setting, the distribution of annotators
across groups can be imbalanced. For this reason,
we repeat the validation set of experiments, where
in each configuration the total number of annotators

∆−1L ∆−2L F1 Accuracy

Balanced .13 .17 .89±.18 .93±.16

Imbalanced .06 .13 .80±.17 .95±.09

Table 3: Comparison of validation results with Balanced
vs Imbalanced groups: calibration gain (∆L); most
relevant items (F1 score); and grouping Accuracy.
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Figure 6: Grouping performance of FLOCKE across all configurations. The averaged score is showed, since for each
configuration multiple sets of groups are tested.
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(a) Modeling with imbalanced groups.
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(b) Modeling with individual bias.

Figure 7: Detailed results of robustness checks, with (a) imbalanced groups and (b) individual bias.

is the same as in the previous validation, but group
size ratios are randomly assigned so that the ratio
of each group z is rz ∈ [0.1, 0.9]. The results
presented in Table 3 validate the possibility to learn
groups under imbalances. In particular on average
∆−2L = 0.13, proving how the number of groups
can be detected with imbalanced groups, despite
a less accentuated difference. Similarly, a high
grouping accuracy is observed (0.95), while F1
for most relevant items has a considerable drop.
Detailed results are available in Fig. 7.

C.2 Modeling With Individual Bias

In order to assess the impact of individual bias, we
introduce annotator-specific variations. These are
assigned to each annotator independently, by se-
lecting a random bias among functionalities. Such
bias causes the group-level label to be changed
with random probability p ∈ [0.1, 0.4]. Constrain-
ing individual-level bias prevents the emergence of
spurious data groupings, aligning with our objec-
tive to model group behaviors rather than individual
variations. A comparison of results is presented in
Table 4. For all metrics, we observe scores close to
the case without individual bias. Such observations

∆−1L ∆−2L F1 Accuracy

w/o bias .13 .17 .89±.18 .93±.16

w/ bias .10 .15 .82±.16 .95±.09

Table 4: Comparison of validation results with and with-
out individual bias. Results are expressed in terms of
calibration gain (∆L); most relevant items (F1 score);
and grouping Accuracy.

suggest that FLOCKE can learn group behaviors
from annotations reflecting also individual biases.
Detailed results are shown in Fig. 7.

C.3 Different Language Models

We validate FLOCKE using multiple language mod-
els. The results (Table 5) validate the method’s
capabilities across different embedding spaces, de-
spite some variations in specific outcomes.

∆−1L ∆−2L F1 Accuracy

MultiBERT .13 .17 .89±.18 .93±.16

RoBERTa-base .07 .13 .74±.18 .72±.24

RoBERTa-large .07 .11 .73±.18 .74±.23

SBERT .11 .16 .88±.16 .92±.11

Table 5: Validation results with different embeddings.
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