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Abstract

We introduce Guideline-Centered Anno-
tation Methodology (GCAM), a novel
methodology designed to report the anno-
tation guidelines associated with each data
instance. GCAM addresses four key limita-
tions of the standard application of the pre-
scriptive annotation methodology by reduc-
ing the information loss during annotation,
ensuring adherence to guidelines, and en-
abling the efficient reuse of annotated data
across multiple tasks that rely on the same
guidelines. We evaluate GCAM with a fo-
cus on text classification tasks through (i)
a human annotation study and (ii) an ex-
perimental evaluation with several machine
learning models. Our results highlight the
advantages of GCAM from multiple per-
spectives, guaranteeing a transparent eval-
uation of the successful application of the
prescriptive paradigm and enabling a fine-
grained model error analysis.

Warning: This paper contains examples of
offensive and explicit content.

1 Introduction

The widespread application of machine learning
models and, in particular, Large Language Mod-
els (LLMs) has led to a surge in demand for data
availability. This also encouraged research on data
quality, annotation, and regulations. A notable ex-
ample is the introduction of Data-Centric AI ter-
minology (Zha et al., 2025) to encompass a suite
of best practices for dataset development. This
is due to relevant factors, such as data quantity
reaching a plateau (Villalobos et al., 2024) and
guaranteeing data quality for large-scale datasets
is challenging (e.g., the abattoir-effect (Raji et al.,
2020)). Several contributions underscore the im-
portance of clear and well-structured guidelines

for producing high-quality data annotation, in-
cluding annotators eligibility (Zhang et al., 2023),
disagreement resolution (Mostafazadeh Davani
et al., 2022; Sandri et al., 2023), human evalu-
ation (Krishna et al., 2023), checklists for data
maintainability and reproducibility (Gebru et al.,
2021; Pushkarna et al., 2022; Díaz et al., 2022),
recommendations for mitigating harmful biases or
information leakage (Klie et al., 2024), and data
annotation methodologies (Paullada et al., 2021;
Peng et al., 2021; Santy et al., 2023). Researchers
have recently framed data annotation methodolo-
gies into distinct annotation paradigms. Paradigms
provide recommendations on how to structure the
annotation process to address annotation issues,
a well-known challenge in subjective tasks such
as hate speech detection (Plank et al., 2014; Sap
et al., 2022) and subjectivity detection (Riloff and
Wiebe, 2003; Savinova and Moscoso Del Prado,
2023). Each paradigm is designed to support the
specific intended use of the collected data.

Rottger et al. (2022) were the first to propose
the prescriptive and the descriptive paradigms.
The prescriptive annotation paradigm enforces a
shared belief of the task conveyed into a unique set
of annotation guidelines on which annotators are
instructed. In contrast, the descriptive paradigm
favors annotators’ perspectives and beliefs, which
can be reflected in the resulting annotation. An-
other notable annotation paradigm is the perspec-
tivist one (Cabitza et al., 2023), where multiple
ground truths for the same data instance are al-
lowed, while sharing a unique set of annotation
guidelines similar to those from the prescriptive
paradigm.

The existing annotation methodologies follow-
ing these paradigms are centered on text classi-
fication tasks where data instances are annotated
with class labels (Sap et al., 2022; AlDayel and
Magdy, 2021; Kenyon-Dean et al., 2018; Antici
et al., 2024). We denote this approach as the Stan-
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Term Symbol Definition

Data instance x Textual instance to be annotated.
Guideline g Textual definition describing an annotation criterion.
Guideline set (or guidelines) G A collection of annotation criteria.
Guideline subset Gx Guideline set associated with instance x, Gx ⊆ G.
Class set C Set of classes associated with a classification task.
Class subset Cx Class set associated with instance x, Cx ⊆ C.
SAM annotation function f Function mapping a data instance x to a class subset Cx.
GCAM annotation function h Function mapping a data instance x to a guideline subset Gx.
GCAM class grounding function r Function mapping a guideline g ∈ Gx to a class c ∈ C.

Table 1: Notation of the main concepts discussed in this article.

dard Annotation Methodology (SAM). When con-
sidering an annotation paradigm that relies on an-
notation guidelines, like the prescriptive one, we
argue that SAM has four main limitations that can
notably affect the quality of the data: (i) an in-
formation loss during data annotation, where the
specific components of the guidelines used by an-
notators are not explicitly recorded; (ii) the lack
of transparency in evaluating annotator adherence
to the guidelines, making it difficult to assess
whether annotation decisions were based on the
provided instructions or subjective interpretations;
(iii) the task-specific annotations resulting from
SAM, which ties annotations to a task-specific
class set, limiting the reuse of annotated data for
other tasks that share the same annotation guide-
lines, unless undergoing additional human anno-
tation efforts; and (iv) unclear model adherence
to guidelines, where machine learning (ML) mod-
els are trained with class supervision only, despite
using data annotated according to specific guide-
lines, thus making unclear to what extent model
learning aligns with the task description conveyed
by the guidelines. We elaborate on our hypothesis
by analyzing the prescriptive annotation paradigm
in text classification tasks, where convergence to
the shared belief is an indicator of data quality and
annotation guidelines are a mandatory require-
ment for annotation (Rottger et al., 2022).

In this work, we formalize and discuss the
four main limitations of SAM (§2) and pro-
pose a novel annotation methodology to address
them: Guideline-Centered Annotation Methodol-
ogy (GCAM) (§3). Unlike SAM, GCAM decou-
ples the data annotation from the class set by re-
quiring annotators to map data instances to rel-
evant parts of guidelines rather than directly as-
signing class labels. Class labels are then asso-

ciated with selected guideline parts based on the
given problem formulation, defined by task in-
structors. This two-stage process provides fine-
grained guideline information for each annotation,
allowing for transparency in evaluating annota-
tion quality and flexibility in reusing annotated
data across multiple tasks that share guidelines.
We evaluate GCAM through a human annota-
tion study (§5) and machine learning experiments
(§6), comparing it to SAM across several dimen-
sions. Our results showcase that GCAM allows
for a transparent evaluation of annotated datasets
about the successful application of the prescriptive
paradigm and enhances the consistency between
data annotation and model training, enabling more
fine-grained model evaluation compared to SAM.
We release data, code and annotations to the re-
search community.1

2 Background and Motivation

We formalize SAM for the prescriptive annota-
tion paradigm on text classification to highlight
its properties and limitations compared to GCAM.
Table 1 introduces the notation used in our work.
According to the prescriptive paradigm (Rottger
et al., 2022), in SAM annotators label data in-
stances by following a set of detailed guidelines
encoding the task. Standard practice typically dic-
tates a preliminary stage both for annotators and
guidelines: annotators should undergo a test to
be assessed for eligibility (Klie et al., 2024) and
guidelines should be refined iteratively through
one or multiple discussion phases on identified
edge cases (Caselli et al., 2020; Guzmán-Monteza,
2023; Jikeli et al., 2023; Kirk et al., 2023).

In SAM, the labeling consists of mapping each
data instance to one or more labels of the provided

1https://github.com/nlp-unibo/gcam.
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Figure 1: (a) Example of guideline set G and class set C for hate speech detection taken from Kirk et al.
(2023). (b) In SAM, the annotator knows the mapping between G and C and maps the data instance x
with the class subset Cx (blue box). (c) In GCAM, the annotator only knows G and maps x to Gx (blue
box). Then, x is mapped to Cx via the class grounding function r relating Gx and Cx (green box). (d)
Different class sets for the same G. (e) In SAM, changing the class set requires new annotation; while
(f) GCAM allows annotating with different class sets via their corresponding class grounding functions
(green boxes) at the cost of a single human annotation stage (blue box).

class set C, which is task-specific and may vary
according to the problem formulation. Formally,
given a dataset X = {x1, x2, . . . , x|X |} and a class
set C = {c1, c2, . . . , c|C|}, annotators map a data
instance x ∈ X to a class subset Cx ⊆ C by re-
lying on the guideline set G = {g1, g2, . . . , g|G|}.
In a multi-class classification setting, the instance-
specific class subset contains only one class (i.e.,
Cx = {cx}). The annotators are provided with the
mapping between G and C to ground their anno-
tations. The annotation can be seen as a function
that maps a data instance x to its class subset Cx:

f : X → P(C), (1)

where P(C) is the power set of the class set (i.e.
any combination of classes, such as {c1}, {c1, c4},
etc.). An example of SAM is depicted in Fig-
ure 1(a,b), where an annotator implicitly uses the
mapping between G and C to label x as sexist.

Assumptions. We cover text classification tasks
for which annotation paradigms have been origi-
nally proposed and widely explored (Rottger et al.,
2022). For both SAM and GCAM we assume
that data annotation guidelines can be framed as
a set of criteria (i.e. G). We assume these cri-
teria to be already evaluated and fixed through-
out data annotation according to the prescriptive
paradigm (Rottger et al., 2022). Criteria are used
to reduce annotators’ effort and provide system-
atic instructions that are easy to assimilate and fol-
low (Sabou et al., 2014; Ruggeri et al., 2023).

2.1 Limitations of SAM

In SAM, annotators do not report the guideline
subset Gx they rely upon for annotating each data
instance x. This information loss is the cause of
diverse issues that undermine annotation quality.

Lack of Transparency. Evaluating annotation
quality is crucial in ensuring the reliability of an-
notated data (Klie et al., 2024). The annotation
quality can be influenced by three main factors:
(i) intrinsic complexity of the task, (ii) guidelines
clarity and coverage of the task, and (iii) annota-
tors’ understanding of the guidelines. While task
complexity is an inherent property of a problem,
the other two factors can be addressed to enhance
annotation quality. However, verifying annota-
tors’ adherence to the guidelines with only class
label annotations is challenging. This has impli-
cations at two distinct stages. First, during the
annotator eligibility assessment, it is difficult to
determine whether they have assigned their labels
following the provided guidelines or using their
own criteria. Second, during annotation, it is un-
clear whether errors stem from unclear guidelines
or misinterpretation by the annotator.

Task-specific Annotations. SAM’s reliance on
performing data annotation using a task-specific
class set limits the reuse of annotated data across
tasks that share the same guidelines. In particular,
when a different task shares the same guidelines
but employs a different class set, the previously

2339



annotated data cannot be reused, turning another
data annotation stage mandatory.

Model Adherence to Guidelines. ML tasks are
typically structured to enable a model to learn the
relation between input features (x) and target vari-
ables (Cx). When training a model with annotated
data, the underlying assumption is that the opti-
mal mapping learned by the model from x to Cx is
the one adherent to the guideline set G. However,
there are no explicit constraints that prevent the
model from learning spurious correlations from
data or from exploiting shortcuts (Geirhos et al.,
2020). In principle, some models could leverage
the textual knowledge encoded in the guideline
subset Gx to guide learning. One possible way to
leverage such knowledge is to integrate it into ML
models as in informed machine learning (von Rue-
den et al., 2023). This is typically achieved by op-
erating at three distinct steps of the ML pipeline:
by adding and/or modifying existing inputs, by in-
troducing inductive biases, and by regularizing the
learning process with ad-hoc constraints. How-
ever, to follow this direction, we would require a
dataset that contains annotations linking data in-
stances to the available knowledge to explicitly as-
sess the knowledge integration process. When the
guideline set G is the source of such knowledge,
these annotations consist of the guideline subset
Gx. Unfortunately, these annotations cannot be
created with SAM.

3 GCAM

Guideline-Centered Annotation Methodology
(GCAM) is a novel methodology aimed at
enriching data annotation by keeping track of
the guidelines associated with data instances.
Conversely to SAM, in GCAM, annotators do
not have access to the class set C, but only to
the guideline set G. This ensures the annotation
to be adherent to G and independent from C by
definition.

3.1 Formalization

GCAM comprises two stages. First, annotators are
provided with guidelines G and data X , and are
tasked with mapping each data instance x to its
guideline subset Gx. In the second phase, which
does not involve annotators, one of the possible
mappings between G and C is applied to associate
instances with class labels. GCAM can be seen as

the composition of two functions:

h : X → P(G), (2)

r : G → C. (3)

Equation (2) represents the annotator’s function
that maps a data instance x to a guideline subset
Gx; Equation (3) is the class grounding function
mapping each guideline g to the corresponding
class c. Function h is a black box that describes
each annotator, similar to f in Equation (1), while
function r is known by design. Figure 1(c) illus-
trates GCAM. In the first stage, the human an-
notator maps x = “Women are evil” to Gx =
{g1}. In the second stage, Gx is mapped to Cx =
{sexist} via r. Appendix A includes more an-
notation examples.

An Informal Interpretation. We provide an in-
formal interpretation of GCAM and its positioning
relative to SAM to explain it in a more intuitive
way. In SAM, an annotator has to read guidelines
accurately and decide how to label each data in-
stance (x) based on what the guidelines dictate.
Here, we highlight an important caveat: if an an-
notator only reports class labels, we don’t know
anymore if and how they relied on the guidelines
to choose such labels. This is because we do not
know how an annotator thinks and behaves (i.e.
the black box), nor can we get a glimpse of that
from class labels. In other terms, we do not know
if and to what extent an annotator followed the
prescriptive annotation paradigm. GCAM aims
to make these two aspects explicit to ensure ad-
herence to the prescriptive annotation paradigm.
This is achieved by instructing an annotator to la-
bel data instances with guidelines (g) rather than
class labels (c). This is because we can always
map guidelines to class labels, but not vice versa.
In particular, the mapping is standardized, explicit
(i.e. the class grounding function r), and not ac-
cessible to annotators to discourage task interpre-
tations that differ from the one conveyed by the
guidelines. We can then view data annotation
as a process where an annotator first labels data
instances with guidelines (the first stage, Equa-
tion (2)) and where we map guideline annotations
(Gx) to class annotations (Cx) (the second stage,
Equation (3)).

3.2 Properties
We describe three major properties of GCAM that
address the issues of SAM (§2.1).
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Transparent Adherence to Guidelines. A key
aspect of GCAM is that annotators are unaware of
the class set C and the class grounding function r.
This enforces adherence by definition to the guide-
lines during the annotation process, as the annota-
tors lack access to any other information about the
task. In practice, GCAM requires guidelines not to
contain any reference to C and r. Another essential
part of the annotation procedure is the discussion
phase, as it aims to reach an agreement on edge
cases. In GCAM, discussions revolve exclusively
around the guideline subset Gx and do not involve
any reasoning on C, as annotators lack access to
it during the annotation phase. In this setting, the
convergence of annotators’ points of view to the
one encoded by the guidelines G can be effectively
evaluated by inspecting Gx.

Different Task Annotations. GCAM enables
using the annotated dataset for different task anno-
tations that share common guidelines. These an-
notations may stem from a taxonomy (Kirk et al.,
2023) or account for discrepancies in how a task
should be addressed, as it is often the case in sub-
jective tasks (Antici et al., 2024). Consider an
example with three different class sets Cα, Cβ, Cγ

corresponding to three possible formulations of
the hate speech detection task (Figure 1(d)). In
GCAM (Figure 1(f)), a human annotator anno-
tates the data instance x with guideline subset Gx.
The resulting Gx is mapped to the three class sub-
sets Cα

x , Cβ
x , and Cγ

x via their corresponding class
grounding functions at the cost of a single anno-
tation process. This is a key advantage of GCAM
over SAM, in which changing the class set would
require new annotation stages (Figure 1(e)).

Model Adherence to Guideline. Datasets cre-
ated following GCAM explicitly report the knowl-
edge encoded in the guidelines G. This allows ML
models to be effectively trained to leverage this in-
formation. We highlight three main advantages of
training a model on GCAM datasets. First, we ef-
fectively prevent the model from learning spurious
correlations between x and the class subset Cx. To
learn a spurious correlation between x and Cx, a
model needs access to Cx. However, in GCAM a
model does not have access to Cx. Therefore, a
model cannot learn any sort of correlation (spuri-
ous included) between x and Cx. Note that noth-
ing forbids a model from learning spurious cor-
relations between x and Gx instead, since Gx is

available to the model. Second, the decoupling
between G and the class set C allows for using the
model for different task annotations, as its predic-
tions can be mapped to different class sets relying
on the corresponding class grounding functions.
Third, we can evaluate the model’s performance
by assessing its alignment with G by analyzing
disparities between predicted and ground-truth Gx,
thereby fostering a deeper comprehension of the
model.

4 Related Work

Annotation paradigms have been formalized for
data annotation to encode one shared view, such
as the prescriptive paradigm (Rottger et al., 2022),
or different beliefs about a phenomenon, such as
the descriptive (Rottger et al., 2022), and perspec-
tivist paradigms (Cabitza et al., 2023; Frenda et al.,
2025). The goal of annotation paradigms is to reg-
ulate data annotation for a specific intended use of
the collected data. In the prescriptive paradigm,
this objective is achieved using annotation guide-
lines (Benikova et al., 2014; Sabou et al., 2014;
Zaghouani et al., 2014; Krishna et al., 2023). No-
table examples address subjective tasks, such as
hate speech (Salminen et al., 2019; Sap et al.,
2022; Davani et al., 2023), stance detection (Luo
et al., 2020; AlDayel and Magdy, 2021), senti-
ment analysis (Waseem and Hovy, 2016; Kenyon-
Dean et al., 2018), and subjectivity detection (An-
tici et al., 2024). In all these approaches, annota-
tors do not keep track of the annotation guidelines
they rely upon to annotate data instances. There-
fore, although of crucial importance, the mapping
between guidelines and data instances gets lost.

To the best of our knowledge, the only work that
designs a data annotation methodology enforc-
ing explicit grounding to annotation guidelines is
(Jikeli et al., 2023), where annotators must specify
which guideline applies to each data instance re-
garding antisemitism detection. Our work differs
in several aspects. First, the work of Jikeli et al. is
limited to a specific issue within social media con-
tent analysis and does not present a general for-
mulation of the annotation process. Second, their
annotation methodology relies on reporting both
Gx and Cx for each data instance x. This pro-
cess suffers from an annotation shortcut where an-
notators may first define Cx and subsequently Gx,
thus reversing the intended annotation order. Fur-
thermore, the annotation methodology is tight to
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a specific class set C and has increased annotation
workload due to reporting both Gx and Cx, which
is not desired.

4.1 Iterative Guideline Refinement
Most related work focuses on guideline refine-
ment rather than on a transparent annotation pro-
cess adherent to guidelines. For example, Jikeli
et al. (2023) emphasize iterative guideline devel-
opment through structured discussions with anno-
tators, mostly to surface normative assumptions
and resolve contentious edge cases in hate speech
annotation. Their approach foregrounds deliber-
ation and annotator reflexivity but treats guide-
lines primarily as descriptive documents rather
than structured, operational artifacts. Caselli et al.
(2020) and Guzmán-Monteza (2023) focus more
on the resolution of subjective cases, with the for-
mer proposing a decision tree guideline structure,
and the latter using a supervising figure that would
help with identifying subjective cases and itera-
tively refining the guidelines. GCAM differs from
these approaches by explicitly encoding guideline
structure, decision points, and revisions within
the annotation process itself, rather than treating
guidelines as external or static references. This
enables guideline-conditioned analysis of annota-
tions, more fine-grained attribution of disagree-
ment to specific guideline criteria, and clearer re-
porting of how interpretive choices shape annota-
tion outcomes.

GCAM transparency to guidelines might be
preferable when moving from one iteration to an-
other to limit re-annotation costs. In particular,
information about the guideline subset Gx helps
identify samples that change labeling across iter-
ations, possibly derived from their inherent ambi-
guity, as it is the case in subjectivity detection (An-
tici et al., 2024). In this way, researchers can
track how a task evolves through guideline refine-
ment and similarly extract insights about annota-
tion to how data cartography provides for mod-
els (Swayamdipta et al., 2020).

5 GCAM vs SAM in Annotation

We design a human annotation study to empiri-
cally compare GCAM with SAM. In particular, we
consider the challenging task of subjectivity detec-
tion (Riloff and Wiebe, 2003).

Setup. We follow the annotation methodology
and guidelines of Antici et al. (2024) and instruct

four annotators for sentence-level subjectivity de-
tection. Annotators label a sentence as subjec-
tive or objective (C = {SUBJ,OBJ}) using a set
of 12 guidelines (i.e. |G| = 12). We split the
four annotators into two pairs: pSAM annotates
following SAM while pGCAM annotates follow-
ing GCAM. We use existing guidelines for SAM2,
while we build a variant of these guidelines for
GCAM to exclude information about C and r.
We collect 200 training instances from NewsSD-
ENG (Antici et al., 2024) and split them into two
data batches, b1 and b2, each with 100 instances.
These instances are sentences extracted from on-
line news articles about controversial topics. We
organize the 200 instances into two batches to es-
timate the ongoing effort required by each anno-
tation methodology in terms of annotator work-
load. We instruct annotators to label instances
individually, without accessing the original doc-
ument from which they were extracted. To ac-
count for this, we organize batches to minimize
the number of instances that belong to the same
document in a batch. Both annotator pairs (i.e.
pSAM and pGCAM ) annotate the batches b1 and
b2, totaling 200 instances per pair. We compare
GCAM and SAM both quantitatively by comput-
ing inter-annotator agreement (IAA) and qualita-
tively by reporting annotator feedback and analyz-
ing annotator discussion.

Quantitative Results. We compute the IAA
over reported annotations (Cx for pSAM and Gx for
pGCAM ) measured as Krippendorff’s alpha (Krip-
pendorff, 2004) for each annotator pair. Regard-
ing Cx, the IAA in b1 is 54.00 for SAM and 48.18
for GCAM, while in b2 it is 62.00 for SAM and
54.00 for GCAM.3 These observations show that
IAA is comparable for the same couple across
batches and different couples on the same batch
and that annotating with GCAM is comparable
to SAM.4 Regarding Gx, the IAA is 29.28 in b1
and 38.74 in b2, highlighting that agreeing on a
broad set of guidelines is notably harder. More-
over, we estimate the annotation effort by mea-
suring the amount of time required to annotate a
batch. On average, pSAM takes ∼60 min to anno-
tate a batch, while pGCAM takes ∼150 min. As
expected, GCAM has time overhead for annota-
tion. This is due to the requirement for annota-

2{g1, . . . , g5} for SUBJ and {g6, . . . , g12} for OBJ.
3Additional IAA measurements are in Appendix B.
4We refer to Krippendorff’s alpha intervals.
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tors to report Gx, which is usually far more fine-
grained than Cx and, thus, more time-consuming
to assimilate. The annotation effort in GCAM is
required to enforce a transparent annotation that
allows evaluating annotators’ convergence to G, as
dictated by the prescriptive paradigm. We elabo-
rate in the following paragraph.

Qualitative Results. We collect annotators’
feedback during each batch to evaluate their ad-
herence to the annotation task; pSAM annotators
report relying more on their subjective criteria and
less on G throughout the study. Specifically, an-
notators consult G mainly for challenging data in-
stances, while they often address easier ones with-
out referring to G. This does not necessarily in-
dicate a deviation from G, as their internalized
knowledge from training may still align with G.
Nonetheless, in SAM we cannot further analyze
annotators’ adherence to G. In contrast, pGCAM

annotators always rely on G by design, allowing
for a direct inspection of the selected Gx. These
observations raise a major point of discussion: to
what extent does a high IAA on Cx reflect a cor-
rect application of the annotation paradigm?
We argue that it is hardly ever satisfactory enough.
In particular, we analyze disagreement concerning
Gx to demonstrate that (i) the majority of cases still
agree on Cx and (ii) there is more than one rea-
son why annotators disagree, highlighting differ-
ent types of edge cases.5 We observe 115 cases of
disagreement in 200 annotations. 66 out of them
(∼57%) agree on Cx while reporting disjoint Gx

sets (58) or partially overlapping ones (8). In the
remaining 49 cases, 47 are due to disjoint Gx sets
and 2 to partially overlapping ones. After discus-
sion, 72 cases are resolved by selecting one an-
notator’s Gx, 15 by taking the union of the sets,
and 25 by agreeing on a different Gx. These re-
sults also underscore the difficulty of achieving
consensus on a shared belief, as the prescriptive
paradigm dictates, even when a transparent anno-
tation like GCAM is enforced. These considera-
tions can only be taken when providing informa-
tion about Gx. While GCAM does provide such
information, SAM does not. This is a major ad-
vantage of GCAM over SAM when analyzing data
quality.

5We apply majority voting on Cx to obtain a single pre-
diction.

6 Model Alignment with Guidelines

We assess model performance on data annotated
following SAM and GCAM, and we discuss the
differences in error analysis when models re-
port Cx (in SAM) or Gx (in GCAM). Our re-
search questions are: (Q1) How do models per-
form when trained or prompted on data annotated
with GCAM? (Q2) How do these models compare
against their respective counterparts that use data
annotated with SAM? (Q3) Which information
can we gather from GCAM annotations compared
to those obtained with SAM? To answer these
questions, we devise two experimental settings:
supervised training of encoder-based transformers
and zero- and few-shot prompting of LLMs.

6.1 Data
We consider two text classification datasets that
report information about Gx in addition to Cx6:
the Online Terms of Service (ToS-100) (Ruggeri
et al., 2022) and the Explainable Detection of On-
line Sexism (EDOS) (Kirk et al., 2023) datasets.

ToS-100 (Ruggeri et al., 2022). ToS-100 con-
tains 100 documents (∼20k sentences) about un-
fair clause detection, where a clause is labeled
as either fair (negative class) or unfair (positive
class). Documents are labeled according to five
categories of unfairness. For each category, legal
experts manually curate a set of textual descrip-
tions providing reasons for unfairness. These de-
scriptions are denoted as legal rationales. To cre-
ate ToS-100, annotators label positive instances
by reporting one or multiple legal rationales for
each unfairness category. Following Ruggeri et al.
(2022), we train a binary classifier for each of the
five unfairness categories. Given an unfairness
category, we use the corresponding set of legal ra-
tionales as the guidelines set G (see Appendix C).

EDOS (Kirk et al., 2023). EDOS contains
∼20k social media comments annotated for three
tasks of incremental specification: sexism detec-
tion, sexism categorization, and fine-grained vec-
tors of sexism. For the latter task, the vectors
of sexism correspond to the annotation guidelines
shared among all tasks. We define G as this set
of guidelines (|G| = 11). Unlike in ToS-100, in
EDOS annotators must select exactly one guide-
line g for each positive instance by design.

6We did not collect any new annotations on these datasets
to carry out our experiments.
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SAM GCAM SAM GCAM

Binary Fine-grained Text-basedα Mistral Llama Phi Mistral Llama Phi

ToSA
Cx 71.61±6.76 65.31±4.15 80.14∗,∗∗

±5.29 57.07 62.72 64.10 0.59 36.04 37.80

Gx - 18.33±5.22 37.49 -,∗∗
±5.28 - - - 0.11 1.44 3.89

ToSCH
Cx 87.96±3.19 83.61±2.90 90.23ns,∗∗

±1.84 62.43 60.80 62.09 1.70 21.31 8.35

Gx - 34.58±4.61 44.92 -,∗∗
±9.93 - - - 0.08 3.06 2.16

ToSCR
Cx 79.02±2.77 67.85±5.33 78.14ns,∗∗

±3.76 55.76 56.64 59.96 2.46 27.74 25.23

Gx - 17.37±3.59 27.21 -,∗∗
±5.36 - - - 0.46 1.18 1.17

ToSLTD
Cx 75.87±2.36 73.70±1.79 80.39∗∗,∗∗

±1.40 60.71 55.79 58.00 8.74 21.16 7.87

Gx - 19.87±2.70 21.49 -,ns
±1.41 - - - 0.57 5.03 4.32

ToSTER
Cx 86.86±1.54 78.80±5.56 84.57ns,∗

±4.94 62.70 54.86 57.81 2.33 18.21 2.63

Gx - 10.16±2.91 20.04 -,∗∗
±3.08 - - - 0.53 0.99 1.19

EDOS
Cx 81.74±0.59 71.67±2.78 79.87∗,∗∗±2.24 56.47 67.93 63.47 25.85 38.80 28.29

Gx - 27.09±2.69 22.97 -,∗∗
±3.14 - - - 9.97 11.27 5.02

Table 2: Model performance on ToS and EDOS datasets for encoder-based models (left) and LLMs
(right). Best results are in bold.
αWe report comma-separated Wilcoxon statistical significance comparing Text-based to Binary and Fine-grained, respectively. (-) stands for
not applicable, (ns) for no significance, (∗) ≤ 0.05, (∗∗) ≤ 0.01.

6.2 Encoder-based Models

We compare state-of-the-art models trained on
data annotated with SAM or GCAM. For ToS-
100, we consider LegalBERT (Chalkidis et al.,
2020), as a top-performing model on legal bench-
marks (Chalkidis et al., 2022). Likewise, we con-
sider RoBERTaHate (Barbieri et al., 2020) for
EDOS.

Problem Formulation. In SAM, given an input
data instance x, the model is trained to predict Cx.
The model lacks access to G and only receives
feedback based on Cx supervision. In our exper-
iment, we consider a binary classification task. In
ToS, it translates to classifying a clause as unfair;
in EDOS, the task is to classify a text as sexist.
We denote the SAM setting as Binary. Regard-
ing GCAM, we consider two classification set-
tings: Fine-grained and Text-based. In the Fine-
grained setting, a model considers each guideline
g as a distinct class, and no textual content of g
is provided. In the Text-based setting, we follow
the general architecture of Pappas and Henderson
(2019) to train a model on guideline subsets Gx

and, therefore, evaluate the impact of guideline
textual content. More precisely, given an input
pair (x, g), the model is trained to classify if x re-
lates to g. Thus, the model is trained to perform a
textual entailment task for all g ∈ G given a data
instance x. In the Text-based setting, we tokenize
and encode x and g together and feed the resulting

embedding to the classification head.7

Evaluation. We perform a repeated train and
test evaluation setting with 10 seed runs. We split
ToS-100 at the document level in training (80),
validation (10), and test (10) partitions, while we
use the official data partitions for EDOS. We fine-
tune models using their default hyper-parameters
and apply early stopping regularization on valida-
tion loss with patience equal to 5 epochs. We re-
port macro F1 score on both Cx and Gx to assess
model performance. For GCAM, we aggregate
Gx predictions via r to obtain the corresponding
Cx for binary classification. See Appendix D for
hardware and implementation details.

Quantitative Results. Table 2 (left) reports
classification results on both datasets. Regard-
ing the binary classification task (Cx), Text-
based outperforms Binary in two settings (ToSA

and ToSLTD), while reports comparable perfor-
mance in the remaining ones. In contrast, Text-
based significantly outperforms Fine-grained in
all datasets. Regarding Gx, Text-based outper-
forms Fine-grained in all ToS settings by a no-
table margin while Fine-grained achieves better
performance in EDOS. These results highlight
the benefit of integrating guideline textual content
during learning (Q1). Overall, empirical observa-
tions suggest that training a model on a dataset an-
notated with GCAM is as effective as with SAM
from a performance viewpoint (Q2).

7We consider other variants in Appendix E.
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T / P Neg. Pos.

Neg. 2710 320

Pos. 199 771

(a) Cx for SAM.

T / P Neg. Pos.

Neg. 2673 357

Pos. 182 788

(b) Cx for GCAM.

T / P g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11

g1 2680 41 159 4 5 40 98 0 0 10 9

g2 20 22 2 3 1 24 0 0 0 0 1

g3 34 0 119 0 1 23 24 0 0 3 1

g4 22 1 22 7 0 140 0 0 0 0 0

g5 19 2 18 0 2 14 2 0 0 0 0

g6 7 2 3 4 0 166 0 0 0 0 0

g7 30 0 49 0 0 0 40 0 0 0 0

g8 12 0 5 0 0 1 0 0 0 0 0

g9 4 0 8 0 0 0 2 0 0 0 0

g10 12 0 2 0 0 3 0 0 0 3 1

g11 16 1 37 0 0 4 6 0 0 3 6

(c) Gx for GCAM.

Cx / Gx ✗ ✓

✗ 539 /

✓ 423 3038

(d) Grounding Error Types.

Figure 2: (a, b) Confusion matrices of RoBERTa-
Hate on Cx for SAM (Binary) and GCAM (Text-
based). Neg. and Pos. indicate negative and posi-
tive class. (c) Confusion matrix on Gx for GCAM.
(d) Grounding error types matrix for GCAM. ✗

and ✓ stand for wrong and correct prediction.
Color coding refers to Edge, Ideal, and Con-
founder cases.

Qualitative Results. We inspect Binary for
SAM and Text-based for GCAM as the top-
performing models to assess how the two annota-
tion methodologies differ when analyzing model
predictions.8 We focus on the EDOS dataset for
simplicity of evaluation since task formulation for
GCAM is cast to a multi-class classification prob-
lem. Regarding SAM, the confusion matrix of
Binary for Cx provides details about classifica-
tion errors (Figure 2a) on the class set C. Most
errors correspond to false positives (320; com-
pared to 199 false negatives). Compared to SAM,
GCAM offers a more fine-grained assessment of
model errors by providing three distinct evalua-
tion tools. First, we compute the confusion ma-

8We consider the best-performing seed of each model for
a fair comparison.

trix on Cx as done in SAM (Figure 2b). We ob-
serve a similar trend to that of the SAM Binary
model, where most errors are false positives. Sec-
ond, we compute the confusion matrix on Gx to
assess classification errors between guidelines g
(Figure 2c). For instance, we can observe that
g6 is a strong confounder for g4 instances (140),
as g3 is for g1 (159). Third, we analyze how
guidelines g are mapped to classes c to catego-
rize prediction errors in a confusion matrix (Fig-
ure 2d). We denote this matrix as the grounding
error types matrix. In particular, we identify three
cases: Cx and Gx are incorrect (Edge); Cx and Gx

are correct (Ideal); Cx is correct but Gx is incorrect
(Confounder).9 While SAM aggregates all correct
predictions on Cx, GCAM distinguishes between
Ideal and Confounder. This is an important char-
acteristic of GCAM, which allows for consider-
ations on which model predictions should be la-
beled as correct (Q3). In particular, we argue that
Confounder predictions should be labeled as er-
rors as they represent a clear violation of the pre-
scriptive paradigm since these cases denote a dis-
agreement on guidelines. This observation implies
GCAM’s practical advantages over SAM that are
not limited to a more fine-grained model evalua-
tion: we can elaborate on which guidelines g ∈ G
lead to disagreement (either on human or machine-
produced annotations), fostering a targeted refine-
ment of guidelines. We elaborate more on this as-
pect by performing an error analysis.

Error Analysis. Two NLP researchers with ex-
pertise in hate speech detection evaluate the Con-
founder cases regarding the Text-based model on
the EDOS dataset. We consider a sample of 100
instances from the EDOS test set. Each researcher
evaluates 50 instances. Most of the errors are asso-
ciated with g6 (casual use of gendered slurs, pro-
fanities, and insults). However, in the instances
where g6 is predicted, the loaded language (e.g.,
slurs, profanities, and insults) that occurs in these
instances is not used in a casual way. This sug-
gests that the model might be erroneously labeling
these instances as g6 due to a misinterpretation of
the context in which such loaded language occurs.
For example, the instance

“Globalist war mongering bitch, if she
feels that strong about going to war

9The case where Gx is correct and Cx is incorrect is not
possible.
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then, let her lead the charge”

contains the slur ‘bitch’. Although it can be
non-offensive, it is used in an offensive way
here. This highlights the difficulty models face
in distinguishing between casual and targeted use
of slurs, intentional or unintentional, which re-
mains a significant challenge for accurate classifi-
cation. Another frequently misclassified guideline
is g3 (descriptive attacks that portray women in
a derogatory light —through negative generaliza-
tions about their abilities, appearance, behavior, or
character, including comparison with men). The
model often confuses g3 for g7 (immutable gen-
der differences and stereotypes). Both categories
commonly involve generalizations about gender
roles (e.g., “real men”, “typical women”) and in-
clude criticism or mockery of feminists. This
suggests that g3 is often predicted in instances
where the underlying intent aligns more closely
with g7, namely, reinforcing systemic discrimina-
tion or ideological gender beliefs, albeit the ex-
pression takes the form of descriptive attacks typ-
ical of g3. For instance, the sentence

“Yup, 51% of the population (women)
are allowed to hate on the other 49%
(men), who are somehow defined as the
majority. . . ”

can be confused with g3 because of the compari-
son with men that occurs in the definition of that
guideline. The confusion between such guidelines
is confirmed by the fact that when g7 is the most
predicted class, the most frequent true label is g3.
Although preliminary, this error analysis under-
scores the added advantage of GCAM over SAM
in assessing annotations —either provided by hu-
mans or by models— in relation to guidelines. In
conclusion, clear and precise guidelines are essen-
tial to distinguish between these closely related
categories (Q3).

6.3 LLM Prompting
We evaluate LLMs in the same setting of §6.2.
We experiment with three open-source state-of-
the-art LLMs: Mistral3 (Jiang et al., 2023),
Llama3 (Grattafiori et al., 2024), and Phi3-
mini (Abdin et al., 2024).

Problem Formulation. In SAM, given a data
instance x, an LLM is prompted to predict Cx.
We include G in the prompt to provide the task

description. In GCAM, given x, an LLM is
prompted to predict Gx. In this case, no informa-
tion about r nor C is provided in the prompt.

Setup. We prompt LLMs in a zero-shot setting
to evaluate the impact of the two problem formu-
lations. We set the temperature to zero to exclude
variations in the generated response. In this way,
a change in the answer is attributed solely to the
prompt definition. Moreover, we also perform in-
context learning (Dong et al., 2024) by integrat-
ing examples in the prompt to guide the models.
We select two examples for positive and negative
classes, respectively.10

Quantitative Results. Table 2 (right) reports
zero-shot classification performance. Regarding
the binary classification task (Cx), we observe a
notable performance degradation in the GCAM
setting compared to the SAM one (Q2). Some
possible motivations may be that these models are
fine-tuned on instructions that require Cx rather
than Gx as an output (Wang et al., 2022; Blevins
et al., 2023) or that the classification task on Gx is
relatively complex for models that are not explic-
itly aimed at classification. Therefore, prompt ex-
amples compliant with GCAM could fall into the
out-of-domain boundary (Q1). Moreover, LLMs
significantly underperform to encoder-based mod-
els on all tasks, with a gap of around ∼15-20 per-
centage F1 points. This result is aligned with re-
cent insights about LLMs on information extrac-
tion tasks, where fine-tuned encoder-based models
are yet to be surpassed (Zhou et al., 2024). Adding
demonstrations to guide LLMs yields mixed re-
sults (Table 3). Regarding SAM, we observe a no-
table performance drop (more than 20 F1 score)
in all tasks with respect to the zero-shot setting.
In contrast, in GCAM few-shot prompting has a
different effect depending on the model. For in-
stance, Mistral reports substantial improvements
across all tasks, Llama shows a consistent per-
formance degradation, while Phi’s performance is
sensitive to the chosen dataset. These observations
align with recent findings about LLMs’ sensitivity
to demonstration choice and ordering (Lu et al.,
2022). Given this sensitivity, we believe that a
comprehensive study of LLM prompting deserves
a separate study. We provide additional consid-
erations regarding the performance gap between

10Refer to our code repository for details about the
prompts.
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LLMs and encoder-based models in the following.

Qualitative Results. We inspect LLM-
generated responses to better assess the per-
formance gap observed in Table 2. A possible
cause of performance degradation may be
attributed to models not following reported
instructions, leading to hallucinations or unrelated
content (Heo et al., 2025). We do not observe
such a behavior in either setting. LLMs follow
prompt instructions correctly, except for a few
cases (< 2.9%) under SAM where the Phi model
responds by selecting a guideline g rather than
answering as instructed.11 Consequently, we
analyze model predictions in GCAM as in §6.2
by computing the grounding error types matrix
for all models (Q3). In EDOS, 60-71% of model
predictions fall in the Edge case, while 17-20%
belongs to the Confounder case. In contrast, in
ToS, Edge cases are about 79-97% of the cases,
while Confounder cases are less than 1% in all
categories. These results further suggest that
LLMs struggle to identify the right Gx, under-
scoring their incapability to address the task as
formulated in GCAM. Further studies concerning
more advanced prompting settings are required to
corroborate these observations, which we leave
for future work.

6.4 Takeaways

We summarize our empirical findings as follows.
Different model architectures report contrasting
performance dynamics when trained or tested with
annotations produced via GCAM in comparison to
SAM. Encoder-based models can efficiently dis-
criminate between classes in C even when trained
only with guidelines G (Q1) and, in some cases,
outperform their counterparts that only rely on
C (Q2). This is not the case for LLMs, where
prompting them to label data with guidelines g
is notably hard (Q1) and substantially less effec-
tive compared to prompting with only class labels
c (Q2).

These results have no implications of any sort
on the differences in annotation quality between
SAM and GCAM, nor is this our intent. More
precisely, we do not aim to demonstrate the use-
fulness of an annotation methodology like GCAM
for a particular model architecture. Indeed, there is
no direct relation between an annotation paradigm,

11We repeat SAM experiments without guidelines to assess
their impact in Appendix F.

SAM GCAM

Mistral Llama Phi Mistral Llama Phi

ToSA
Cx 33.39 28.27 53.16 18.57 26.80 27.81
Gx - - - 1.23 7.55 2.30

ToSCH
Cx 21.51 38.77 56.09 5.60 25.59 30.44
Gx - - - 1.10 7.32 4.27

ToSCR
Cx 38.47 17.02 32.22 33.20 20.79 2.80
Gx - - - 1.66 0.85 1.43

ToSLTD
Cx 36.93 14.89 54.23 13.30 28.00 3.28
Gx - - - 1.99 4.66 1.92

ToSTER
Cx 49.19 11.98 54.40 22.14 25.49 3.59
Gx - - - 1.23 4.63 0.55

EDOS
Cx 53.34 33.53 55.85 31.75 24.03 22.06
Gx - - - 11.35 11.11 4.47

Table 3: Few-shot LLMs performance on ToS and
EDOS datasets.

aimed at collecting resources, and model evalua-
tion, aimed at assessing model predictions. This
is because GCAM and SAM, as any other anno-
tation paradigm, are orthogonal to who —humans
or LLMs— perform the annotation. Annotation
paradigms only describe how data should be an-
notated, with a focus on its intended purpose. Our
results only state that, assuming our experimen-
tal setting and prompt formulation, the consid-
ered models perform better or worse at predicting
class set C and guideline set G labels than oth-
ers. Moreover, independently of model architec-
ture, GCAM annotations are by definition more
fine-grained than those of SAM, thus enabling
a more comprehensive analysis of model predic-
tions (Q3). This is because the guideline set G is
more fine-grained, larger, and descriptive than any
class set C by definition.

7 Discussion

We elaborate more on GCAM about its applicabil-
ity as a method, relevant side effects of its usage,
its extension to other paradigms, and mitigating
major drawbacks.

GCAM Applicability. Our contribution is
methodological. Therefore, the advantages of
GCAM over SAM are of theoretical nature. In
particular, the first important contribution of our
work is to highlight two crucial issues of the
prescriptive annotation paradigm when imple-
mented via SAM. First, annotators may not follow
guidelines, deviating from what the prescriptive
paradigm dictates. Thus, there is no guaranteed
adherence to the guidelines. Second, evaluating
the successful application of the paradigm by
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measuring IAA on the class set C might lead
to an overestimation of dataset quality. Indeed,
this claim might hide a relatively low agreement
on the guidelines, confuting the real objective
of the prescriptive paradigm, which is agreeing
on a single belief encoded by the guidelines.
Intuitively, a high IAA on C does not imply a
high IAA on G, while the other way around is
always true. Our annotation study suggests that
this situation might be the predominant one (§5).
These two issues denote an incorrect application
of the prescriptive annotation paradigm. With
GCAM, our second core contribution, we address
these two issues that occur in every annotation
task that implements the prescriptive annotation
paradigm through SAM for classification tasks.
We do so by trading off the cost of a more time-
consuming annotation process with a correct and
transparent application of the prescriptive anno-
tation paradigm. If defining a correct application
of the prescriptive annotation paradigm is not
a strong enough motivation to apply GCAM in
place of SAM, we believe our work still represents
a valuable methodological contribution to raise
awareness of the risks concerning applications
of the prescriptive annotation paradigm and,
consequently, the creation of novel datasets. Our
annotation study (§5) provides empirical evidence
of such risks.

Adapting Guidelines from SAM to GCAM.
Providing an exact estimate of the required ef-
fort to modify existing or developing guidelines
to avoid including information about the class set
C and the mapping from the guideline set G to C
(i.e., r) is hard since guidelines are task-specific
by definition. However, based on our case stud-
ies, the effort is relatively marginal on average.
In the case of subjectivity detection, the transfor-
mation process is straightforward since it only re-
quires removing class label information from text.
In particular, the guidelines used in (Antici et al.,
2024) follow already a schematic format where
each guideline g is clearly distinguishable from
others.12 This is also the case for ToS and EDOS
annotation guidelines. A more complex example
is the guidelines used in (Haddadan et al., 2019)
concerning Argument Mining. In this example, no
explicit reference to a class set C is reported in the
guidelines, nor are guidelines associated with spe-

12We report both guidelines in our repository for inspec-
tion.

cific class labels. However, the guidelines follow
a descriptive format where identifying clear guide-
lines g may not be immediate.

Guideline Availability. A requirement of using
GCAM for annotation is that guidelines are al-
ways paired with published annotated data and are
no longer optional material. This has two impor-
tant consequences. First, it fosters reproducibil-
ity since researchers can easily understand how
annotators have been instructed for data collec-
tion, thus contributing to open research (Pineau
et al., 2021). Second, it raises awareness on how
and for what purpose data was collected, fostering
responsible research and limiting wrong uses of
the data. For instance, several definitions of hate
speech exist, each reflecting specific cultures (Ko-
rre et al., 2025). Therefore, training models on
several datasets that share the same C, but have in-
compatible G must be avoided.

GCAM in other Annotation Paradigms.
GCAM is compatible with the perspectivist
approach (Cabitza et al., 2023), which does not
foresee a convergence to one label: the label
variations (Plank, 2022) among annotators can be
captured and entailed in the collected dataset and
for model developments (Mostafazadeh Davani
et al., 2022; Uma et al., 2022). In particular,
capturing different annotators’ perspectives by
indicating which specific guideline was selected
via GCAM fosters a fine-grained comprehension
of annotators’ viewpoints and evaluation of col-
lected annotations. The applicability of GCAM to
other annotation paradigms not based on detailed
guidelines, such as the descriptive one (Rottger
et al., 2022), is not straightforward and deserves a
separate study, which we leave as future work.

Mitigating GCAM Annotation Cost. The ma-
jor drawback of GCAM is the added annotation
cost (§5). We elaborate more on how to miti-
gate this drawback. Being an instance of the pre-
scriptive paradigm like SAM, we can leverage the
same suite of solutions commonly adopted to re-
duce annotation time. First, there exists a wide
set of annotation tools to reduce annotators’ work-
load, such as Inception (Klie et al., 2018), Label
Studio (Tkachenko et al., 2020), and Prodigy13,
to name a few. The wide support for tasks and
high customization flexibility of these tools al-
lows for a direct integration of GCAM for col-

13https://prodi.gy/.
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lecting resources. Second, automation of data
annotation by leveraging machine learning mod-
els has been applied successfully in research, ei-
ther in full replacement of human annotators (Tan
et al., 2024) or in a cooperative fashion (Li et al.,
2023). A notable example are LLMs due to
their outstanding text generation capabilities in
following instructions (Mishra et al., 2022; Wang
et al., 2022). In particular, when tasked to la-
bel data with an instruction prompt, LLMs have
been shown to match and sometimes outperform
humans (He et al., 2024; Sainz et al., 2024). Auto-
matic data annotation is an interesting research di-
rection, for which we report preliminary findings
in Section 6.3.

8 Conclusions

We analyzed the standard application of the pre-
scriptive annotation paradigm on text classifica-
tion tasks that annotates data with class labels
(i.e. SAM), highlighting two crucial issues: (i) no
guaranteed annotator adherence to guidelines and
(ii) overestimation of the successful application of
the prescriptive paradigm by measuring annotator
agreement on class labels.

To address these issues, we presented GCAM,
a novel annotation methodology that reports an-
notation guidelines rather than class labels for
each data instance. The advantages of GCAM in-
clude annotation and model adherence to guide-
lines, finer-grained analysis of annotated data, and
support for multiple task annotations that rely on
the same guidelines. The trade-off of GCAM is an
increased annotation time overhead that is com-
pensated by a correct and transparent application
of the prescriptive annotation paradigm and added
insights about data quality and model evaluation.

We hope GCAM can foster researchers in de-
veloping high-quality benchmarks for discerning
the decision-making process and the limitations
of state-of-the-art models, an ever-recurring need
in NLP (Abbasi-Yadkori et al., 2024). As future
work, we aim to extend our analysis to other anno-
tation paradigms like the descriptive one (Rottger
et al., 2022), develop datasets from scratch us-
ing GCAM and, consequently, further exploring
model evaluation via Gx supervision.

Limitations

Method Applicability. We base our work
and formalization of the prescriptive annotation

paradigm on text classification tasks, where we
assume a class set C and a guideline set G.
While Rottger et al. (2022) state that the prescrip-
tive annotation paradigm applicability is general
(i.e. to any NLP task), their work discusses text
classification tasks only. We do not consider other
tasks (e.g., text generation, such as summariza-
tion) because, to the best of our knowledge, we
are not aware of applications of the paradigm in
these settings.

Annotation Study. First, we only consider one
dataset. Second, we rely on a limited group of
annotators and data instances due to budget and
time constraints. A broader evaluation of SAM
and GCAM, including other datasets, tasks of dif-
ferent nature and challenge, more annotators of di-
verse backgrounds (e.g., cultural), and more data
batches, would provide more robust estimations of
GCAM added effort.

Model Experiments. First, we only consider
two datasets. While ToS-100 and EDOS datasets
are the only datasets we found that met our cri-
teria (i.e. having Cx and Gx annotations and a
publicly available guideline set G), we acknowl-
edge that experimenting on other datasets would
broaden our empirical evaluation. Second, we
only evaluate three LLMs. Although open-source
and widely adopted, the landscape of LLMs is
ever-growing and characterized by rapid improve-
ments. Moreover, due to hardware constraints, all
selected LLMs in our experiments undergo a 4-bit
quantization process, which inevitably accounts
for some performance loss. For these reasons, ad-
ditional LLMs could be employed. Additionally,
prompt sensitivity also plays a crucial role in LLM
evaluation, which we do not explore since we use
a single and fixed prompt template. Nonetheless,
we remark that these additions would only aim to
gather insights about how a specific model archi-
tecture (i.e. LLMs) performs on a classification
task that uses Gx annotations rather than Cx. The
lack of such experiments does not limit the gen-
erality of our contribution concerning the risks of
applying the prescriptive annotation paradigm via
SAM.
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A Annotation Examples

Table 4 reports examples of sexist texts that an an-
notator might label via SAM or GCAM (comple-
menting the example reported in Figure 1). The
examples are taken from the EDOS dataset (Kirk
et al., 2023).

B Inter-Annotator Agreement

We report additional Inter-Annotator Agreement
(IAA) measurements concerning the annotation
study on the comparison of SAM and GCAM
(§5). Regarding Cx, the IAA, measured as Krip-
pendorff’s alpha, on all 200 instances is 57.90 for

2355

https://doi.org/10.18653/v1/2024.emnlp-main.54
https://doi.org/10.18653/v1/2024.emnlp-main.54
https://github.com/HumanSignal/label-studio
https://github.com/HumanSignal/label-studio
https://doi.org/10.1613/jair.1.12752
https://doi.org/10.1613/jair.1.12752
https://doi.org/10.18653/V1/2022.EMNLP-MAIN.340
https://doi.org/10.18653/V1/2022.EMNLP-MAIN.340
https://doi.org/10.18653/V1/2022.EMNLP-MAIN.340
https://doi.org/10.18653/v1/N16-2013
https://doi.org/10.18653/v1/N16-2013
https://doi.org/10.18653/v1/N16-2013
http://www.lrec-conf.org/proceedings/lrec2014/pdf/956_Paper.pdf
http://www.lrec-conf.org/proceedings/lrec2014/pdf/956_Paper.pdf
https://doi.org/10.1145/3711118
https://doi.org/10.1145/3711118
https://doi.org/10.18653/v1/2023.acl-long.835
https://doi.org/10.18653/v1/2023.acl-long.835
https://doi.org/10.18653/v1/2023.acl-long.835
https://openreview.net/forum?id=r65xfUb76p
https://openreview.net/forum?id=r65xfUb76p
https://openreview.net/forum?id=r65xfUb76p


She’s not a real woman for being so reckless.
Bet she’d be hot if she lost all the fat.
Non virgin females reject virgin men on sight.
Ponies have higher standards than white women.
That was so stupid I thought you were a female.

Table 4: Examples of sexist texts taken from
EDOS (Kirk et al., 2023) dataset.

SAM and 50.97 for GCAM. Regarding Gx, the
IAA is 33.93.

Clause type No. Unfair clauses |G|

Arbitration (A) 106 (0.50%) 8
Unilateral change (CH) 344 (1.68%) 7
Content removal (CR) 216 (1.06%) 17
Limitation of liability (LTD) 626 (3.07%) 18
Unilateral termination (TER) 420 (2.06%) 28

Table 5: ToS-100 statistics. We report the number
and percentage of unfair clauses and the number
of rationales for each unfairness category.

C Data Supplementary Details

Table 5 reports statistics about ToS-100 (Ruggeri
et al., 2022).

D Hardware and Implementation Details

We implemented all baselines and methods
in PyTorch (Paszke et al., 2019) and PyTorch
Lightning. All experiments were run on-premises,
using an NVIDIA 3060Ti GPU with 8 GB dedi-
cated VRAM. We considered the following LLM
model cards: mistralai/Mistral-7B-Instruct-v0.3,
meta-llama/Meta-Llama-3.1-8B-Instruct and
microsoft/Phi-3-mini-4k-instruct. LLMs undergo
a 4-bit quantization process to reduce computa-
tional overhead and fit single-GPU training. We
release all of the code and data to reproduce our
experiments in an MIT-licensed public repository
(see footnote 1).

E Additional Text-based Architectures

In the Text-based setting, we consider two more
architecture variants to evaluate the impact of dif-

ferent embedding strategies: Dot and Concat. We
denote the Text-based model reported in the main
paper as Entail for distinction. In Dot, we compute
the dot product of the embedding pair (x, g) and
feed it to the classification head. This is the origi-
nal architecture of Pappas and Henderson (2019).
Similarly, Concat replaces the dot product via em-
bedding concatenation. Results (Table 6) show
that Entail outperforms other variants in all tasks
but one.

F SAM Without Guidelines

We repeat SAM experiments by removing guide-
lines from the prompt to assess model sensitivity
to guidelines and observe that zero-shot LLM per-
formance degrades significantly (Table 7). This is
a desired result since the involved benchmarks are
domain-specific tasks.

Dot Concat Entail

ToSA
Cx 67.07±6.34 66.81±6.78 80.14±5.29

Gx 18.31±8.24 19.55±7.44 37.49±5.28

ToSCH
Cx 80.93±4.14 86.13±7.70 90.23±1.84

Gx 27.35±2.94 18.02±3.65 44.92±9.93

ToSCR
Cx 67.85±5.33 72.72±5.51 78.14±3.76

Gx 18.21±3.24 19.46±3.72 27.21±5.36

ToSLTD
Cx 72.82±3.04 75.00±1.96 80.39±1.40

Gx 17.12±2.70 20.31±3.23 21.49±1.41

ToSTER
Cx 80.44±4.19 77.64±4.81 84.57±4.94

Gx 11.15±1.50 10.38±1.31 20.04±3.08

EDOS
Cx 71.10±2.20 74.96±2.20 79.87±2.24

Gx 24.70±2.07 18.19±1.37 22.97±3.14

Table 6: Text-based model performance on ToS
and EDOS datasets. Best results are in bold.

Dataset Mistral Llama Phi

ToSA 41.40 (↓ 15.67) 36.52 (↓ 26.20) 42.02 (↓ 22.08)
ToSCH 42.85 (↓ 19.58) 38.69 (↓ 22.11) 44.29 (↓ 17.90)
ToSCR 42.46 (↓ 13.30) 37.90 (↓ 18.74) 43.33 (↓ 16.63)
ToSLTD 45.74 (↓ 14.97) 40.84 (↓ 14.95) 44.85 (↓ 13.15)
ToSTER 44.66 (↓ 18.40) 40.12 (↓ 14.74) 46.36 (↓ 11.45)
EDOS 40.90 (↓ 15.57) 59.72 (↓ 08.21) 60.88 (↓ 02.59)

Table 7: LLMs performance on ToS and EDOS
datasets when no guideline information is pro-
vided in the prompt. Brackets indicate perfor-
mance degradation with respect to Table 2.
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