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Abstract

Despite achieving human-level performance on established benchmarks, state-

of-the-art Artificial Intelligence (AI) systems exhibit a drop in performance

when applied to high-subjective, ethical tasks. These limitations highlight

the need for a paradigmatic shift toward Human-Centered AI (HCAI), which

prioritizes human values, contextual awareness, and societal benefit as core

design principles.

This dissertation operationalizes the HCAI framework within Natural

Language Processing (NLP) through integrated theoretical, methodologi-

cal, and applied contributions. We first establish the conceptual and so-

ciotechnical foundations of HCAI and conduct a comprehensive survey of

the state of the art across three critical domains: ethical AI, robust and

thrustworthy AI, and inclusive AI. Building upon this foundation, the dis-

sertation addresses four interrelated research challenges: the alignment of

language models with human moral values, the enhancement of controllabil-

ity in generative systems, the development of novel evaluation frameworks

for multi-perspective and highly subjective tasks, and the design of inclu-

sive technologies for underrepresented communities, with a focus on sign

language translation.

Collectively, these contributions advance NLP systems toward being

more controllable, trustworthy, inclusive, and aligned with human values.

This research supports the broader vision of HCAI by providing a pathway

from a purely performance-oriented AI to one that is also responsible, inter-

pretable, and genuinely human-centered, thereby advancing the field both

theoretically and operationally.
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Introduction

Artificial Intelligence (AI) has recently undergone a significant evolution, ad-

vancing from early symbolic systems to the prevailing paradigms of machine

learning and deep learning. Despite achieving performance comparable to

human levels on established benchmarks, large-scale models still exhibit sig-

nificant degradation when confronted with ambiguity, subjectivity, or out-of-

distribution conditions [56, 305]. In contrast to humans, who flexibly adapt

by leveraging contextual knowledge and social grounding, AI systems often

lack robustness, raising critical concerns about their reliability in safety-

sensitive applications. Moreover, the widespread adoption of technology-

centered approaches in everyday tasks has highlighted pressing ethical and

societal challenges, including well-documented cases of bias, opacity, and

harmful consequences. These limitations highlight the urgent need for alter-

native paradigms that integrate human values, contextual awareness, and

human oversight into both the design and evaluation of AI systems.

To address this challenge, the Human-Centered AI (HCAI) paradigm [117,

305, 320] represents a shift toward reframing AI research around human

needs, capabilities, and fundamental rights. HCAI emphasizes the augmen-

tation of human performance while promoting transparency, accountability,

and ethical alignment. This dissertation contributes to the HCAI paradigm

by operationalizing its principles in the context of Natural Language Pro-

3



cessing (NLP).

These challenges converge toward the general goal of building AI that

is not only ethically aligned with human morality but also robust and con-

trollable, in line with the HCAI principle of trustworthiness. Furthermore, I

propose a novel validation framework designed to assess whether alignment

with ethical AI can be meaningfully evaluated in multi-perspective, highly

subjective scenarios. Finally, this dissertation expands the boundaries of

current AI systems by contributing to more inclusive technologies, with a

particular focus on supporting the Deaf community, thereby advancing the

inclusivity principle at the core of HCAI.

This dissertation’s principal contributions are:

• I present a comprehensive survey of the theoretical foundations of the

HCAI paradigm, reviewing its normative definitions, conceptual and

architectural models of human–AI interaction, and sociotechnical per-

spectives that position AI within institutional and societal ecosystems.

I further analyze operational frameworks that translate principles into

design guidelines, systematically discussing the core principles of Ethi-

cal AI (i.e. Fairness, Accountability, and Transparency) together with

related notions of autonomy, beneficence, and non-maleficence. The

review exposes both convergences and critical gaps, including the risk

of “principle-washing” and the need for context-sensitive approaches

that account for cultural pluralism in moral reasoning.

• I present a comprehensive survey of the state of the art in HCAI, focus-

ing on three central domains: (i) moral value detection, detailing main

theoretical taxonomies, supervised and zero-shot approaches, and the

challenges of subjectivity in annotation; (ii) the controllability of AI

systems, focusing on inter-annotator agreement in subjective tasks,
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and grammar-constrained strategies for LLM generation; and (iii) AI

for inclusivity, highlighting advances and limitations in sign language

technologies and accessibility-oriented NLP.

• In the context of moral value detection, I examine the performance of

a range of LLMs — including GPT-4, GPT-3.5, LLaMA-70B, Mixtral-

7x8, Mistral-7B, and LLaMA-7B — across different parameter scales.

I further assess the effectiveness of prompt design by testing the mod-

els in two distinct prompting scenarios, analyzing how prompt struc-

tures influence performance across varying levels of task difficulty. To

obtain a nuanced evaluation, I separately measure performance on

multi-label moral value detection (i.e., identifying specific values) and

binary moral classification (i.e., detecting the presence or absence of

moral content). Finally, I introduce a direct model–human comparison

framework for moral detection, designed to mitigate the subjectivity

inherent in existing gold standards.

• I introduce a direct model–human comparison framework for evaluat-

ing classification tasks, designed to address the subjectivity limitations

of gold standards and extend the applicability of traditional machine

learning metrics such as precision, recall, and F1 score. As part of this

framework, we propose a novel Inter-Annotator Agreement metric,

F1-kappa, which generalizes F1 to more than two annotators and nor-

malizes by the expected value analogously to Fleiss’ Kappa. F1-kappa

is broadly applicable to categorical data and enables direct comparison

between human annotations and model performance. I conduct a com-

prehensive evaluation of the proposed metric across binary, multi-class,

and multi-label scenarios, demonstrating its robustness and versatility
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under diverse conditions. Finally, through a case study on a multi-

label moral value dataset, I show that the framework reveals modern

LLMs achieving parity with human performance.

• In the domain of controllable AI, I present GRAMMAR-LLM, a frame-

work that integrates formal grammars into the generation process of

language models. This approach enforces strict adherence to prede-

fined syntactic and structural requirements, overcoming the limitations

of existing methods in fine-grained text control. GRAMMAR-LLM

is based on a novel formalization that generalizes the LL(1) class of

Context Free Grammars (CFGs), allowing users to define grammars

without relying on tokenizer-specific details, thereby enhancing expres-

siveness while preserving efficiency. GRAMMAR-LLM demonstrates

adaptability across different tasks — including hierarchical classifica-

tion, sign language translation, and semantic parsing — and across

multiple model architectures (LLaMA-3, AMRBART). Beyond en-

abling controllability, experimental results also show consistent perfor-

mance improvements in zero-shot, one-shot, few-shot, and fine-tuned

settings, underscoring the broad applicability of the framework.

• In the area of AI for inclusivity, I present AulSign, a novel sign lan-

guage translation framework that leverages LLMs to translate to and

from languages not seen during training. Designed for low-resource

environments, AulSign addresses data scarcity by integrating exter-

nal lexicons and structured linguistic representations into a unified

pipeline. The model maps signs to a meta-lexicon, providing explain-

ability in the translation process by enabling users to trace inference

steps, detect misalignments, and interpret translation errors. Transla-
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tion accuracy and usability are further enhanced through intermedi-

ate representations such as SignWriting and SMPL-X, which support

the generation of visual content (e.g., animated avatars) and improve

accessibility in spoken-to-sign applications. Through comparative ex-

periments across varying data availability scenarios and multilingual

settings, AulSign consistently outperforms state-of-the-art models in

both spoken-to-sign and sign-to-spoken translation tasks.

The dissertation is structured as follows. Chapter 1 establishes the theo-

retical foundations of the HCAI paradigm, outlining its definitions, concep-

tual frameworks, sociotechnical perspectives, and the ethical principles of

Fairness, Accountability, and Transparency (FAT). Building on this founda-

tion, Chapter 2 surveys the state of the art in HCAI, with a focus on three

domains that frame the core contributions of this work: moral value detec-

tion, the challenges of developing assessable and controllable AI, and the

emerging field of AI for inclusivity. The subsequent chapters develop these

themes into specific methodological and experimental contributions. Chap-

ter 3 develops the first contribution by providing an extensive assessment of

moral value detection models, analyzing the impact of model size, training

data, and prompt design, and introducing a direct model–human comparison

framework. Chapter 4 introduces a novel inter-annotator agreement metric

(F1-kappa) able to compare AI models with human performances in highly

subjective settings, while Chapter 5 details a novel framework for grammar-

constrained text generation. Chapter 6 proposes AulSign, a methodology

for low-resource sign language translation. Collectively, these contributions

aim to advance NLP systems that are not only technically proficient but

also more robust, inclusive, and aligned with human values and well-being.

This promotes the transition from a performance-oriented AI to one that
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is also responsible, interpretable, and genuinely human-centered, thereby

advancing the HCAI paradigm both theoretically and operationally.

8



1 Human-Centered and Ethics AI

The evolution of AI from its symbolic and rationalist foundations to contem-

porary machine learning (ML) and deep learning paradigms highlights both

the field’s advances and its limitations. Although current models’ results

are comparable or even superior w.r.t. human performance, they present a

drop in performance when faced with ambiguity, novelty, or adversarial con-

ditions. In contrast to humans, who flexibly adapt by leveraging contextual

knowledge and experience, AI models often fail to demonstrate robustness

in out-of-distribution settings, raising critical concerns for their reliable de-

ployment [320, 361].

Beyond technical challenges, the diffusion of technology-centered AI sys-

tems has given rise to significant ethical and societal concerns. Well docu-

mented cases (e.g., the COMPAS risk assessment tool, which exhibited racial

bias against African American defendants [117], and Google Flu Trends,

which failed to adapt to shifts in user behavior [320]) demonstrate the pos-

sibilities in AI systems of perpetuating bias, lacking transparency, and gen-

erating harmful outcomes in high-stakes domains. These cases highlight

the need to introduce values, cognitive constrains and social contexts in AI

model design [361].

In response, the HCAI paradigm has been introduced to reorient AI re-

search and practice around human needs, capabilities, and rights. Following
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Shneiderman et al. [320] and Xu et al. [361], the HCAI paradigm empha-

sizes the development of systems that are transparent, accountable, and

ethically aligned—designed not to replace humans, but to augment human

performance and well-being.

This chapter aims to outline the theoretical and methodological founda-

tions of the HCAI paradigm. Section 1.1 examines definitions and concep-

tual frameworks for HCAI, while Section 1.2 addresses the domain of Ethical

AI, including normative principles, multi-level frameworks, and the Ethical

AI principles of fairness, accountability, and transparency. Section 1.3 fo-

cuses on human-centered approaches to design and evaluation, with partic-

ular attention to participatory and value-sensitive methodologies. Finally,

Section 1.4 discusses human–AI teaming, exploring cooperative models in

which AI functions as a collaborator rather than as a substitute.

Together, these perspectives establish the conceptual and operational

foundation for the remainder of the dissertation. They demonstrate that in-

tegrating ethical, social, and design considerations is essential for developing

AI systems that are robust, inclusive, and aligned with human well-being.

1.1 Human-Centered AI: Definition and Frame-

work

The field of HCAI integrates a wide spectrum of perspectives, spanning four

key areas: foundational and normative definitions; conceptual and archi-

tectural models; sociotechnical analyses; and operational frameworks with

associated design guidelines. Foundational and normative definitions (cf.

Sect. 1.1.1) establish HCAI as an ethically grounded paradigm that prior-

itizes human values and agency. Conceptual and architectural models (cf.
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Sect. 1.1.2) offer methodologies for designing systems that meaningfully in-

tegrate human oversight and control. Sociotechnical perspectives (cf. Sect.

1.1.3) examine AI’s embeddedness within complex societal and institutional

ecosystems, emphasizing contextual factors that shape technology adoption

and impact. Operational frameworks (cf. Sect. 1.1.4) bridge theory and

practice by translating abstract principles into concrete design methodolo-

gies and evaluation criteria. Collectively, these areas explore the alignment

of AI technologies with human values, capabilities, and societal needs.

1.1.1 Foundational and Normative Definitions

To establish the theoretical groundwork for HCAI, research and institutions

frame it as a normative paradigm grounded in ethical, civic, and societal

imperatives.

Specifically, Shneiderman et al. [319] define HCAI as a design paradigm

focused on augmenting and supporting human performance in trustworthy,

safe, and empowering ways, thereby reinforcing self-efficacy, creativity, and

civic participation. This vision is later extended by embedding Human-

Centered Design (HCD) principles throughout the entire AI lifecycle [322].

While Shneiderman et al. emphasize design empowerment, Holzinger et

al. [146, 147] advocate for a broader interdisciplinary convergence. They

conceptualize HCAI as a synergy between natural and artificial intelligence,

necessitating a strong integration with legal, ethical, and safety standards.

Building upon these academic foundations, policy-oriented institutions

operationalize the normative framework of the HCAI into concrete guidelines

and visions. The Stanford Institute for HCAI [328] frames this field as a vi-

sion oriented toward enhancing well-being, public good, and societal trust by

drawing inspiration from human behavior. Building on this human-centric
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foundation, the European Commission’s AI High-Level Expert Group [326]

provides a policy-oriented definition that is explicitly grounded in the moral

status of human beings, aiming to prioritize fundamental rights.

1.1.2 Conceptual and Architectural Models

Moving from normative foundations to concrete system design, several stud-

ies propose architectural frameworks for conceptualizing HCAI systems [269,

305, 359, 361]. While these frameworks differ in their granularity and focal

concerns, they share the common aim of operationalizing HCAI principles

throughout both the design and implementation phases.

Specifically, Xu et al. [359, 361] and Schmager et al [305] present two

different interaction-focused frameworks. Xu et al. focus on interactional

implications through three interdependent pillars: human factors engineer-

ing, human-reflective technology, and ethically aligned design (cf. Figure

1.1). Human factors engineering ensures system usability and explainabil-

ity while preserving human agency in critical decision-making processes.

Human-reflective technology structures AI to augment human capabilities

within socio-technical ecosystems, emphasizing human-machine complemen-

tarity. Ethically aligned design systematically integrates core ethical princi-

ples (i.e. fairness, justice, privacy, and accountability) to ensure meaningful

human control and decision traceability. By emphasizing interaction, this

perspective positions human–AI engagement as the core process through

which HCAI principles are enacted in practice.

Building on this conceptualization, Schmager et al. propose a framework

that focuses on augmenting human capabilities and safeguarding meaning-

ful human control, while also stressing context-sensitivity, compliance with

ethical and legal standards, and the promotion of social well-being. This
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contribution reinforces the interactional perspective by grounding HCAI in

established human-centered design methodologies.

In contrast to these interaction-focused approaches, Serafini et al. [314]

and Pyae et al [269] present more empirically-driven frameworks.

Specifically, Serafini et al. provide system-level abstractions by decom-

posing HCAI into four interconnected core components: observations (en-

vironmental data collection), requirements (human-specified tasks), actions

(agent-executed operations and their effects), and explanations (behavioral

justifications that foster trust and accountability). This contribution goes

beyond architectural conceptualization by introducing a taxonomic classifi-

cation that differentiates HCAI models into logical, probabilistic, functional,

and hybrid types (cf. Figure 1.1). This taxonomy systematically maps tech-

nical approaches to their corresponding reasoning paradigms, providing a

comparative schema for evaluating HCAI implementations at the system

level.

Pyae [269] organizes HCAI principles into empirically derived hierar-

chies, encompassing 26 attributes across four stratified levels: ethical foun-

dations, usability, cognitive and emotional dimensions, and personalization

(Figure 1.1). This framework positions ethics as the foundational layer,

embedding values such as fairness, transparency, privacy, trust, and safety

as core prerequisites for human-centered AI. The usability layer emphasizes

human-centric design principles and operational effectiveness, ensuring sys-

tems remain intuitive, efficient, and supportive of human autonomy and

control. Cognitive and emotional dimensions address sophisticated aspects

of human-AI alignment by integrating empathy, well-being, and user ex-

perience considerations into system design. Personalization constitutes the

top layer, highlighting adaptive mechanisms that calibrate AI behavior to
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individual preferences, goals, and contextual requirements. Empirically val-

idated through a mixed-method study involving 120 AI professionals, this

hierarchical organization provides a systematic foundation for assessing and

prioritizing attributes essential to HCAI realization across different levels of

implementation.

1.1.3 Sociotechnical Perspectives

While HCAI frameworks such as those of Xu et al. [361] and Pyae et al. [269]

emphasize system design and architecture at a conceptual level, a growing

consensus recognizes AI as an inherently sociotechnical construct, deeply

embedded in human and institutional contexts. This perspective promotes

frameworks that move beyond purely AI technical system views, to fore-

ground the broader social and institutional environments in which AI sys-

tems operate. These contributions advance a more integrated and holis-

tic account of HCAI, diverging in methodological orientation: some focus

on micro-level interaction dynamics, while others articulate broader design

paradigms or address systemic issues of governance and oversight [29, 91,

117, 285].

At the micro-level of user interaction, Riedl et al. [285] and Auernham-

mer [29] theorize cross-disciplinary frameworks that bridge user experience

and machine learning, while promoting advanced and ethically responsible

AI systems. Specifically, Riedl et al. highlight the need for systems that

can both understand sociocultural contexts and offer interpretable, user-

accessible explanations, placing emphasis on transparency, fairness, and user

understanding. In this context, Auernhammer [29] proposes a comprehen-

sive HCAI design approach that integrates three complementary perspec-

tives: rationalistic, humanistic, and judicial (cf. Figure 1.2). The ratio-
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Figure 1.1: Xu et al. [361], Serafini et al. [314] and Pyae et al. [269] HCAI
frameworks
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nalistic lens focuses on the technological dimension, encompassing mathe-

matical and computational advancements aimed at replicating human abil-

ities while also providing general principles for ethical, lawful, and robust

AI. The humanistic perspective emphasizes AI as a problem-solving tool

to enhance human capabilities and improve human conditions, grounded in

human-centered design practices that account for embodiment, interaction,

and context-specific ethical challenges often overlooked by abstract princi-

ples. Finally, the judicial perspective highlights the need for adaptive legal

frameworks and policies that co-evolve with technological innovation and

address the broader societal implications of AI.

At the macro level, Garibay et al. [117] extend the discussion to systemic

governance and institutional oversight, articulating six grand challenges for

HCAI: human well-being, responsible design, privacy, user-centered interac-

tion, independent oversight, and cognitive alignment (Figure1.2). The first

emphasizes the design of AI systems that actively foster human flourishing

and collective well-being, while accounting for risks introduced by automa-

tion and biased training data. Responsible design encompasses legal, ethical,

and moral considerations, promoting principles such as explainability, fair-

ness, accountability, and reliability to counteract the increasing opacity of

responsibility in advanced machine learning. Privacy highlights the impor-

tance of safeguarding personal data by ensuring informed consent, estab-

lishing clear limitations on data usage and retention, and protecting against

misuse or unauthorized access. User-centered interaction stresses the in-

tegration of human-centered design and evaluation frameworks throughout

the AI lifecycle, ensuring technologies are developed with and for diverse

users, empowering human performance while preserving control. Indepen-

dent oversight addresses the governance dimension, calling for mechanisms
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grounded in Environmental, Social, and Governance (ESG) principles as

well as guiding values such as fairness, integrity, resilience, and explainabil-

ity, thereby fostering trust and accountability. Finally, cognitive alignment

focuses on the Human–AI interaction, ensuring that AI systems respect cog-

nitive processes, support human competencies, and strike a balance between

autonomy and human oversight in work and everyday contexts.

Figure 1.2: Auernhammer [29] and Garibay et al. [117] HCAI frameworks

1.1.4 Operational Frameworks and Design Guidelines

Building on these theoretical foundations and sociotechnical insights, Xu

and Gao [360] and Amershi et al. [17] propose more pragmatic frameworks

that operationalize HCAI principles into engineering practice.

Specifically, Xue and Gao address systemic implementation through a

comprehensive multi-level framework that systematically links seven human-

centered design goals to 28 design principles and 15 implementation ap-

proaches. These components provide specific and actionable guidance for
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project teams and organizations, with design principles explicitly mapped to

overarching goals and implementation approaches serving as tactical ”how-

to” methodologies. Structured across user, technology, and ethics dimen-

sions that establish synergistic integration of humans and intelligent systems

as organically unified human-machine ecosystems, the framework promotes

interdisciplinary practices while aligning interventions across project and or-

ganizational levels (cf. Figure 1.3). Furthermore, this framework advances

the design of systems through an integrated and well-defined HCAI pro-

cess that synthesizes human-centered design approaches (exemplified by the

widely adopted “double diamond” methodology) with conventional AI life-

cycle management and established HCAI guidance protocols. To promote

systematic adoption, the framework proposed by Xue and Gao delineates a

“three-tiered” implementation strategy: at the macro-societal level, cultivat-

ing interdisciplinary talent, establishing governmental funding mechanisms,

and developing HCAI standards; at the organizational level, fostering an

HCAI-oriented culture, formulating institutional guidelines, and standardiz-

ing processes; and at the AI project team level, assembling multidisciplinary

teams to operationalize HCAI processes in practice.

Amershi et al. operationalize their framework by distilling 150 design

recommendations into 18 empirically validated guidelines for human–AI in-

teraction. These guidelines are structured along the temporal dimension of

user engagement (from initial system encounter to long-term adaptation)

and address key themes such as intelligibility, error handling, user feedback,

and transparency. Representative examples include making system capa-

bilities explicit, supporting efficient error correction, and clearly conveying

the consequences of user actions. Validated through extensive user stud-

ies and expert review, these guidelines provide an empirical foundation for
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translating ethical principles into concrete interaction behaviors, rendering

them particularly salient for HCI practitioners seeking actionable support

in interface design.

Figure 1.3: Xue and Gao [360] HCAI frameworks

1.2 Ethical AI

Ethical AI has become a critical area of research in response to the increas-

ing deployment of AI systems in high-stakes domains where algorithmic

decisions may significantly affect human lives and societal structures [167,

293]. This research field aims to integrate human values and fundamental

rights into AI development, advocating transparency, accountability, fair-

ness, and privacy as indispensable requirements rather than optional consid-

erations [175]. A growing body of scholarship and policy work has recently

articulated ethical frameworks and guidelines, focusing on the importance

of ongoing human involvement throughout the AI lifecycle, from annotation

and verification to governance [9, 15, 40, 48, 50, 51, 60, 63, 65, 67, 68, 69,
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Figure 1.4: HCAI scheme [65]

70, 72, 76, 77, 83, 92, 94, 101, 103, 112, 119, 138, 140, 142, 145, 152, 180,

182, 189, 194, 195, 197, 200, 202, 207, 215, 217, 221, 222, 225, 232, 233,

235, 236, 244, 250, 253, 256, 259, 268, 281, 282, 283, 286, 287, 288, 296, 297,

298, 301, 303, 309, 316, 317, 319, 320, 321, 347, 350]. Within the HCAI

paradigm, ethics assumes a transversal role, permeating all stages of design

and deployment to ensure that AI systems function not only with technical

robustness but also in alignment with broader social values.

Section 1.2.1 presents an overview of the Ethical AI foundational prin-

ciples and multi-level frameworks. In Section 1.2.2, we examine the chal-

lenges of moral pluralism in aligning AI systems with different cultural and

social values, while Section 1.2.3 focuses on the Fairness, Accountability,

and Transparency (FAT) principles, which are the three pillars at the core

of scholarly and policy discussions on ethical AI.
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1.2.1 Foundational Principles and Multi-Level Framework

Current approaches in AI ethics design foundational principles that con-

stitute the normative framework for responsible AI development. Early

large-scale mappings of ethical guidelines have identified recurring clusters

of values.

Jobin et al. [167] provide a comprehensive analysis of 84 ethical guide-

lines, identifying five core principles: transparency, justice and fairness, non-

maleficence, responsibility, and privacy. Transparency concerns making AI

decision-making processes intelligible; justice and fairness address equitable

treatment and bias mitigation; non-maleficence refers to the duty to avoid

harm; responsibility entails clear accountability for AI outcomes; and pri-

vacy safeguards personal data and individual rights. Fjeld et al. [109] sim-

ilarly mapped 36 sets of principles and identified eight recurrent themes,

including transparency, fairness, privacy, accountability, safety, professional

responsibility, human oversight, and promotion of human values. Hagen-

dorff [133] provided a critical evaluation of 22 guidelines, highlighting both

convergence (e.g., around transparency, fairness, and accountability) and

notable omissions, such as sustainability. Following Jobin et al., Khan et

al. [175] propose a systematic literature review that identifies 22 ethical

principles, with transparency (mentioned in 17 studies), privacy (16 stud-

ies), accountability (15 studies), and fairness (14 studies) emerging as the

most frequently cited concerns.

Building on these foundational contributions, Floridi [111] advances a

unified framework consisting of five key principles for AI in society: benef-

icence (promoting well-being), non-maleficence (avoiding harm), autonomy

(safeguarding human agency), justice (ensuring fairness), and explicability

(enabling understanding). In contrast to Jobin et al., Floridi explicitly in-
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troduces beneficence and autonomy. Whereas non-maleficence establishes

a negative duty to avoid harm, beneficence articulates a positive obliga-

tion to promote human well-being and generate tangible societal benefits.

Autonomy underscores the preservation of meaningful human control over

decisions and actions, ensuring that critical choices remain subject to hu-

man oversight, particularly in ethically and legally significant domains such

as healthcare, justice, and politics. Furthermore, Floridi reconceptualizes

transparency through the broader principle of explicability, which encom-

passes not only openness but also the traceability and intelligibility of AI

decisions. Within this framework, responsibility and privacy are not treated

as standalone principles but are instead subsumed under explicability.

From a policy perspective, institutional actors have progressively devel-

oped ethical frameworks that seek to operationalize normative principles and

inform regulatory and governance practices. The European Commission’s

Ethics Guidelines for Trustworthy AI [7] define seven key requirements: hu-

man agency and oversight, technical robustness and safety, privacy and data

governance, transparency, diversity and non-discrimination, societal and en-

vironmental well-being, and accountability. In contrast to the preceding

academic frameworks, which primarily formulate abstract normative princi-

ples, the European Commission’s guidelines adopt a more operational and

policy-oriented orientation. They reconceptualize ethical values as concrete,

actionable requirements explicitly designed to inform governance structures,

regulatory frameworks, and implementation practices throughout the AI life-

cycle. Internationally, the OECD AI Principles1 and the UNESCO Recom-

mendation on the Ethics of AI2 provide intergovernmental soft-law instru-

ments that have shaped national strategies, while the Council of Europe’s

1https://www.oecd.org/en/topics/ai-principles.html
2https://www.unesco.org/en/articles/recommendation-ethics-artificial-intelligence
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Framework Convention on AI 3 represents the first binding treaty on AI

and human rights. Complementing these, the EU AI Act [3] establishes a

comprehensive risk-based regulatory framework, marking a transition from

ethical principles to enforceable obligations.

Complementing normative and policy-oriented approaches, technical or-

ganizations have advanced standards and operational frameworks to support

the practical implementation of ethical principles. The U.S. NIST released

its AI Risk Management Framework [334], structured around the functions

of Govern, Map, Measure, and Manage, with a subsequent generative AI

profile. The IEEE contributes with Ethically Aligned Design and the 7000-

series standards, which cover issues ranging from transparency to well-being

metrics (IEEE 7010) [304].

At the same time, critical perspectives emphasize the limits of princi-

ples when formulated in isolation. Mittelstadt et al. [234] argue that prin-

ciples, when considered in isolation, are insufficient without clearly defined

implementation pathways. Similarly, Winfield et al. [355] highlight that eth-

ical governance must be embedded throughout the AI lifecycle, rather than

treated as an add-on or post hoc consideration. These perspectives reframe

the goal of defining ethical AI principles to ensuring their effective oper-

ationalization within concrete contexts and application domains. Greene

et al. [130] similarly warn against the depoliticization of ethics through

principle-washing, and Birhane [45] stresses the importance of situated, plu-

ral, and decolonial approaches. This critique has led to the development

of multi-level frameworks that structure ethical considerations across dif-

ferent scales of impact, capturing the complexity and interconnectedness of

ethical challenges. Within this perspective, ethical frameworks often advo-

3https://www.coe.int/en/web/artificial-intelligence/the-framework-convention-on-
artificial-intelligence
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cate value-sensitive design strategies that incorporate socio-cultural aware-

ness, acknowledging that communities may prioritize values in different and

sometimes conflicting ways [72, 189, 197, 281, 303] (cf. Sect. 1.2.2).

Current ethical multi-level frameworks target different dimensions, span-

ning stakeholder engagement [355], process design [294], and domain-specific

concerns. In this setting, Huang et al. [156], Ryan et al. [294], Lu et al. [214]

and Wang and Blok [349] represent significant contributions, providing dif-

ferent ethics-oriented multi-level frameworks. Specifically, Huang et al. pro-

pose a framework that groups AI-related ethical issues across three inter-

connected levels: individual, societal, and environmental. At the individual

level, AI systems influence personal safety, privacy, autonomy, and human

dignity (cf. Figure 1.5). The societal level addresses broader concerns, in-

cluding fairness and justice, responsibility and accountability, transparency,

surveillance and datafication, and democratic governance. Finally, the en-

vironmental level reflects the growing awareness of AI’s ecological footprint,

encompassing resource consumption, energy costs, and sustainability. In

particular, the carbon emissions associated with large-scale AI training and

deployment represent a critical consideration for responsible AI develop-

ment [156]. Mäntymäki et al. [223] introduce the Hourglass Model, which

connects environmental, organizational, and technical levels of governance.

Lu et al. [214] propose a pattern catalogue to operationalize responsible AI

in multi-level governance and engineering contexts. Wang and Blok [349]

further extend this approach by distinguishing artifact-level and structural-

level challenges, highlighting issues often overlooked by frameworks focused

solely on technical artifacts.

In summary, existing approaches to ethical AI range from the formula-

tion of high-level normative principles to their translation into operational
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Figure 1.5: Multi-level framework of ethical AI [156]. The framework groups
AI-related ethical issues into three interdependent levels: individual, soci-
etal, and environmental

requirements and to multi-level frameworks that integrate individual, soci-

etal, and environmental dimensions. Despite differences in scope and orien-

tation, a recurring convergence emerges around key concerns such as trans-

parency and explicability, justice and fairness, responsibility, and privacy.

At the same time, critical perspectives highlight the necessity of embed-

ding ethics throughout the AI lifecycle rather than treating principles as

stand-alone declarations.
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1.2.2 Contextual Morality

The previous section explored foundational principles and multi-level frame-

works that articulate a normative baseline for HCAI. Despite attempts to es-

tablish a more coherent theoretical foundation, the implementation of these

frameworks remains challenging and contested. A main challenge lies in ac-

commodating moral pluralism, namely the recognition that ethical values

and normative expectations vary across cultural traditions, social configu-

rations, and situational contingencies [282, 321]. Such heterogeneity com-

plicates the assumption that abstract, universally formulated principles can

be consistently applied across diverse contexts, thereby raising fundamental

questions about the cultural framing of ethical alignment in AI.

The NLP field engages with the operationalization of contextual moral-

ity, exploring a variety of tasks and methodological approaches. Foremost

among these efforts is the task of moral or value classification, whereby tex-

tual data are systematically aligned with predefined normative taxonomies,

such as those derived from moral psychology (cf. Chapter 3). While such

taxonomies provide a useful abstraction and a starting point for systematiz-

ing moral concepts, they inevitably achieve generalization at the expense of

both explainability and granularity. By reducing complex ethical reasoning

to broad categorical labels, they risk obscuring the nuanced and context-

dependent dimensions through which moral judgments are constructed. This

limitation emerges not only at the cultural level, where underrepresented

traditions are often excluded, but also at the individual level, where a per-

son’s moral stance is shaped by multiple, and sometimes conflicting, values

derived from their unique cultural and biographical background. In this re-

spect, moral taxonomies cannot fully capture the multifaceted and situated

character of ethical evaluation, thereby exposing the tension between the as-
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piration to universalize computational models and the inherently contextual

nature of moral reasoning. To address these challenges, the HCAI paradigm

has advanced approaches explicitly oriented toward human-centered design

(cf. Section 1.3.1), with the aim of preserving the finer granularity of indi-

vidual moral perspectives.

A further critical dimension concerns the alignment of AI systems with

underrepresented cultures. Training datasets frequently privilege dominant

cultural and linguistic groups, thereby marginalizing perspectives from less

represented communities. As a consequence, AI models often reproduce a

“default morality” reflective of the data on which they are trained, rather

than aligning with more nuanced or localized orientations. Efforts to miti-

gate this problem involve not only curating more representative datasets, but

also designing data collection processes that incorporate human oversight

and active participation. Human-in-the-loop strategies (cf. Section 1.4)

focus on the centrality of human judgment in annotating, validating, and

refining training data, thereby reducing the risk of embedding unexamined

biases. Similarly, methodologies emerging within the field of Ethical AI

research on fairness (cf. Section 1.2.3) underscore the importance of col-

laborative practices in dataset construction, where human actors contribute

not only to labeling but also to the conceptualization of categories and the

exclusion of distortions. These practices underscore that the representative-

ness of datasets cannot be reduced to a purely technical concern; rather, it

demands ongoing human engagement to foster alignment between compu-

tational systems and heterogeneous cultural and moral standpoints.

Ultimately, engaging with contextual morality compels a re-examination

of prevailing evaluation practices and their adequacy for capturing context-

sensitive ethical dimensions. Prevailing evaluation metrics generally rely on
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aggregate performance measures over heterogeneous datasets, a practice that

effaces cultural specificities and fails to account for divergences in system

behavior across diverse moral communities. To overcome these limitations,

alternative evaluation protocols are being developed within Human-AI de-

sign (cf. Section 1.3.2) and evaluation methodologies (cf. Chapter 4) , with

the aim of achieving more fine-grained and context-sensitive assessments.

Such approaches ensure that AI systems are evaluated not against abstract

averages but in relation to the plurality of moral environments in which they

operate.

These perspectives highlight the transversal character of contextual moral-

ity. Addressing this challenge requires methods that are not only technically

robust but also interpretable and explainable (cf. Sect. 1.2.3). Transparency

in the processes of moral reasoning provides a basis for scrutiny across het-

erogeneous cultural standpoints, whereas representative evaluation protocols

secure validation of AI systems against the diverse moral norms that struc-

ture real-world contexts. In this respect, contextual morality operates across

technical, methodological, and normative registers, while simultaneously en-

gaging with wider discourses on fairness, accountability, and transparency

in Ethical AI.

1.2.3 FAT: Fairness, Accountability and Transparency

Fairness, Accountability, and Transparency (FAT) constitute three founda-

tional principles in the design and evaluation of human-centered and ethi-

cal artificial intelligence systems. Fairness seeks to ensure that algorithmic

decisions do not systematically disadvantage individuals or groups on the

basis of sensitive attributes such as gender, ethnicity, or socioeconomic sta-

tus [65, 117]. Such biases arise from historically skewed datasets or from al-
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gorithms inattentive to human values [61], producing harmful consequences

in healthcare, justice, and social media [117]. The principle of account-

ability presupposes transparent allocation of responsibility and systematic

traceability in decision-making processes, thus permitting stakeholders to

scrutinize, evaluate, and contest algorithmic outcomes [258]. Transparency

emphasizes interpretability and openness concerning model behavior, data

provenance, and design choices, thereby fostering trust among developers,

regulators, and end users [80, 335].

Together, these principles establish a mutually reinforcing framework

in which fairness ensures equitable outcomes, explainability fosters under-

standing and trust, and accountability provides mechanisms of responsibil-

ity together with avenues for redress. However, while closely related, these

principles constitute distinct yet complementary dimensions of ethical AI.

Fairness primarily concerns the outcomes of AI systems, ensuring that de-

cisions are free from unjustified bias and that individuals and groups are

treated equitably. In contrast, Trasparency focuses on the process under-

lying decision-making, offering tools to understand how and why a model

produces a given output. Accountability extends further by establishing re-

sponsibility for a system’s behavior and consequences, while ensuring the

presence of mechanisms for remediation in cases of error, harm, or misuse.

Given their correlated but distinct character, these dimensions need not co-

occur. For instance, a system may exhibit interpretability while producing

unjust outcomes, or achieve fairness in outputs without affording trans-

parency into its decision-making processes. Similarly, fairness and explain-

ability may coexist in the absence of a clear framework of accountability.

Next, we examine these three ethical principles as applied to NLP: bias

and fairness, transparency and explanability, and accountability.
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Bias and Fairness

In the field of NLP, ensuring that AI models adhere to principles of fairness

has recently become a crucial concern, encompassing tasks such as bias

detection, analysis, and mitigation [46, 118, 277, 331]. This issue has become

particularly relevant with the advent of LLMs, which often replicate and,

in some cases, amplify pre-existing social biases embedded in their training

data [115, 136, 262]. Unmitigated, such biases risk producing unfair or

discriminatory outcomes, disproportionately affecting marginalized groups,

propagating misinformation, and eroding user trust. These risks are further

intensified by the large-scale deployment of LLMs, which could accelerate

harmful societal feedback loops.

Social biases are commonly understood as leading to representational

harms (e.g., misrepresentation, stereotyping, uneven model performance,

use of derogatory language, reinforcement of exclusionary norms) and alloca-

tive harms (denial of resources, opportunities, or equitable treatment, either

directly or indirectly) [115]. Their origins are multifaceted, encompassing

skewed or unrepresentative datasets, inconsistent annotation practices, ar-

chitectural and loss function choices, as well as implicit human biases rooted

in the cultural and social backgrounds of developers.

Recent surveys classify bias into five main categories along the NLP

pipeline [153, 230]: data, annotation, representation, model, and research

design. Data bias emerges from unrepresentative corpora; annotation bias

reflects inconsistencies or subjectivities in labeling; representation bias is in-

troduced through the encoding of inputs into embeddings; model bias arises

from optimization and architectural choices; and research design bias stems

from higher-level methodological decisions, such as benchmark selection and

problem framing. This taxonomy complements outcome-oriented classifica-
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tions (e.g., demographic or systemic bias) by emphasizing the points of origin

where mitigation strategies can be applied.

Bias detection and measurement combine qualitative methods (e.g., sur-

veys, interviews, user studies) with quantitative metrics such as error rate

disparities, equal opportunity, statistical parity, or equalized odds [372].

However, LLMs increase the complexity of this task, as bias often exhibits a

multi-dimensional nature arising from interactions among multiple features.

To address this complexity, composite measures such as the Large Language

Model Bias Index (LLMBI) [249] have been introduced, integrating multiple

dimensions of bias (e.g., age, gender, and race) into a single score. Moreover,

a range of benchmark datasets and evaluation frameworks has been intro-

duced to facilitate the systematic assessment of bias in LLMs [33, 209, 351].

While detection is a prerequisite, mitigation strategies must translate these

insights into corrective interventions.

Mitigation approaches are typically applied at different stages of the

model lifecycle [115, 230]. Pre-processing strategies target the data (aug-

mentation, filtering, re-weighting, synthetic generation, instruction tuning).

During training, model parameters, architectures, and loss functions may be

adapted, for example through adversarial or contrastive objectives, selective

fine-tuning, or projection-based debiasing. Post-training and inference-time

interventions adjust decoding strategies, redistribute token probabilities, or

incorporate modular debiasing components [137, 183, 229]. Post-processing

further refines outputs, e.g. via keyword replacement or translation-based

rewriting [18, 90].

Despite this broad toolkit, trade-offs are unavoidable: bias mitigation

often comes at the expense of overall accuracy, scalability, or cross-domain

robustness. Many methods target a single bias dimension (e.g. gender), but
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perform less effectively in intersectional settings where identities overlap

(e.g. gender × race × class). Moreover, mitigation in LLMs is particularly

complex, as biases are multi-dimensional and may resurface when models

are deployed in new cultural or linguistic contexts.

Beyond text-only NLP, biases also affect multimodal models (vision-

language, speech-language), where correlations between modalities (e.g. gen-

dered occupation labels aligned with stereotypical images) introduce new

challenges [351]. Bias is also dynamic: it evolves with deployment, as user

interactions and feedback loops can reinforce prejudices over time, while

shifts across domains or languages expose fairness gaps that remain invisi-

ble in controlled benchmarks.

Finally, it is important to acknowledge that fairness is not only a techni-

cal concept. Competing philosophical frameworks, such as egalitarian versus

utilitarian approaches to fairness [44, 99], and legal requirements, includ-

ing Equal Opportunity law, the GDPR [346], and the forthcoming EU AI

Act [102], shape the very definition of what counts as “fair.” In addition to

technical mitigation, socio-technical strategies such as dataset governance,

external audits [276], participatory design, and stakeholder engagement [34]

are increasingly recognized as necessary complements to purely algorithmic

solutions.

Transparency and Explanability

Recent advances in artificial intelligence have led to substantial improve-

ments in model performance, albeit often reducing interpretability. Many

AI systems operate as black boxes, where the internal mechanisms and

decision-making processes is opaque and difficult for human users to analyse.

This lack of transparency undermines trust in everyday applications such as
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conversational agents, recommendation systems, and decision-support tools.

eXplainable AI (XAI) field addresses this challenge by developing methods

and interfaces that make model behaviour understandable and trustworthy

for humans [80, 190, 290, 345].

We group XAI methods along four axes. (i) Ante-hoc (intrinsic) vs. post-

hoc: intrinsic methods enforce interpretability by design (e.g., sparse linear

models, rule lists, prototype-based models, concept bottlenecks), whereas

post-hoc methods generate explanations after prediction. (ii) Local vs.

global: local explanations account for individual predictions, while global

explanations characterise the model’s overall decision-making logic. (iii)

Model-specific vs. model-agnostic: methods that leverage a particular ar-

chitecture versus those applicable across models. (iv) Derivation vs. pre-

sentation: mathematically principled procedures produce raw explanations,

which are subsequently communicated via human-centred visual or textual

interfaces.

Among post-hoc methods, feature-attribution approaches assign impor-

tance scores to input features such as tokens, n-grams, or learned represen-

tations. Common examples include gradient-based saliency maps and their

refinements (e.g., Integrated Gradients [332], DeepLIFT [323]), as well as at-

tention visualisation [86]. However, attention weights are not explanations

per se and must be interpreted with caution.

Model-agnostic surrogates such as LIME [284] and SHAP [216] approxi-

mate local or global behaviour by fitting an interpretable proxy around the

black box. Specifically, LIME architecture perturbs inputs, collects model

predictions, and trains a sparse linear model to approximate local behaviour.

SP-LIME extends this by selecting diverse representative instances to of-

fer a global view. Similarly, SHAP provides a post-hoc, model-agnostic
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approach grounded in cooperative game theory’s Shapley values, ensuring

local accuracy, null effects for absent features, and consistency. Variants

include Kernel SHAP (model-agnostic sampling) and Deep SHAP (fast ap-

proximations for neural networks), unifying approaches such as LIME and

DeepLIFT [323] under a single theoretical framework. Despite their popular-

ity, these techniques face challenges concerning stability, faithfulness under

feature correlation, and sensitivity to the choice of perturbations.

Complementary to attribution-based methods are example-driven and

provenance-based explanations. The former retrieve semantically similar

instances or influential training points while the latter reconstruct multi-

step reasoning chains or data lineage when available [267]. Declarative ap-

proaches further induce human-readable artefacts such as rules, trees, or pro-

grams [81, 302]. In contrast, intrinsic or ante-hoc architectures aim to expose

interpretable components within the model itself. Examples include Self-

Explaining Neural Networks (SENN) [16], concept bottleneck models [187],

and prototype-based networks [274] that link predictions to representative

prototypes. Such models aim to improve faithfulness by aligning internal

computations with semantically meaningful factors.

Within NLP, LLMs increasingly generate natural-language explanations

(i.e. rationales) jointly with predictions, either in extractive or abstrac-

tive form [380]. Reasoning-oriented prompting strategies (e.g., Chain-of-

Thought [299] or ReAct [365]) decompose complex tasks into intermediate

steps, thereby facilitating both performance and interpretability. Neverthe-

less, natural-language rationales are not guaranteed to faithfully represent

underlying computations, and their evaluation requires fidelity-aware met-

rics in addition to plausibility.

The presentation of explanations to end users constitutes a further cru-
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cial dimension. Saliency maps, attention plots, counterfactual interfaces,

rule or provenance visualisations, and hybrid textual–symbolic formats all

provide complementary ways of communicating explanations, with the choice

of medium ideally tailored to the expertise of the intended stakeholders [31,

80]. Finally, rigorous evaluation of XAI methods necessitates a clear distinc-

tion between faithfulness (i.e. the degree to which an explanation reflects

the true behaviour of the model) and plausibility (i.e. the extent to which

it is convincing to human observers). Additional criteria include stability,

completeness, and usability [160]. Benchmarks such as ERASER [89] fa-

cilitate rationale-based evaluation, while sanity checks test the robustness

of attribution techniques. In the case of surrogate models, ensuring high

fidelity between proxy and original system is of particular importance.

Accountability

In the Ethical AI field, the accountability principle refers to the responsibil-

ity for decisions and actions performed by intelligent systems. It is essential

for safeguarding fairness, preventing harm, and fostering public trust in

emerging technologies [156, 175].

Given its close connection to the principles of fairness and transparency,

the development of accountable AI introduces a set of challenges that partly

overlap with those previously discussed. Chief among these is the black-

box nature of modern machine learning models, whose internal logic re-

mains opaque even to their developers. While earlier sections addressed

this opacity primarily in terms of interpretability and user trust, here it is

examined through the lens of accountability. In this context, the lack of

transparency contributes to what has been termed the “problem of many

hands” [156, 171], in which responsibility for outcomes becomes diffused
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across the multiple stakeholders involved in the design, deployment, and

operation of AI systems. Responsibility is therefore fragmented among dif-

ferent actors (e.g., programmers, data providers, operators, and end-users),

which makes the attribution of liability in cases of malfunction or harm

particularly complex. This difficulty is compounded by the absence of self-

awareness and moral agency in AI systems, which prevents them from being

considered responsible agents within ethical or legal frameworks. The re-

sulting diffusion of responsibility often weakens the sense of accountability

among human stakeholders, especially when algorithmic outputs are ac-

cepted uncritically or when multiple intermediaries are involved. Address-

ing these challenges requires the explicit definition and assignment of lia-

bility throughout the technology’s lifecycle. Designers, developers, owners,

operators, and end users should all be recognized as responsible stakehold-

ers, both before and after deployment. To make accountability operational,

methodological tools such as audit trails and activity logs [319] have been

developed. These allow retrospective analyses of errors, near misses, and

usage patterns, thereby supporting the identification of responsibility when

adverse outcomes occur.

The black-box nature of AI systems also highlights human-limited con-

trol over models, leading to the emerging field of controllable AI [177, 205].

Section 2.2 (see Chapter 5) offers an in-depth analysis of this field, with a

focus on grammar-based methods as a specific branch of controllable AI.

Another key dimension of accountability concerns privacy and security.

AI systems rely on large volumes of data, which entails risks of unautho-

rized access, breaches, and unethical exploitation [171]. In this regard, the

EU’s General Data Protection Regulation (GDPR) highlights higher com-

pliance standards for organizations and incentivizes the diffusion of privacy-

36



enhancing technologies (PETs) to minimize disclosure risks [184]. Particu-

larly relevant are issues of informed consent and data ownership: individuals

should retain meaningful control over their personal information and a clear

understanding of how it is collected, processed, and used. Yet users often

lack awareness of the implications of data sharing, giving rise to the so-called

privacy paradox [188], in which strong concerns about privacy coexist with

limited protective behaviour. Addressing these challenges requires coordi-

nated action among developers, regulators, and end users. Solutions include

robust security policies and the adoption of PETs such as homomorphic en-

cryption, federated learning, and differential privacy (DP). DP in particular

provides a formal mathematical framework that ensures that the output of

an AI model does not depend on the data of any single individual.

Recent research has advanced DP methodologies through optimization

strategies that mitigate bias during training, thereby enhancing both fairness

and privacy protection [271]. Other innovations include adaptive friction

mechanisms for optimizers [374] and gradient-noise algorithms [212], which

improve training efficiency while maintaining protection of sensitive infor-

mation. Alongside DP, further approaches include federated learning, which

enables distributed training without centralizing data [176]; anonymization

and pseudonymization techniques that remove identifiable entities while pre-

serving semantics [219]; secure multi-party computation and homomorphic

encryption, which allow computations on encrypted data [107]; and adver-

sarial training methods designed to reduce the memorization of sensitive

details [125].
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1.3 Human-Centered Approaches to Designing and

Evaluating AI

In the previous section (cf. Sect. 1.2), we examined the principles of HCAI,

outlining their definition and reviewing state-of-the-art approaches in NLP.

Building on this foundation, the current section describes the design process

for integrating such systems into human-centered ideation workflows. Our

focus is on methodologies such as Value-Sensitive Design (VSD), Participa-

tory Design (PD), and comprehensive user evaluations. Collectively, these

approaches promote the development of AI systems that not only priori-

tize human well-being but also remain aligned with real-world contexts and

needs [65, 269].

Specifically, Section 1.3.1examines human-oriented design methods, with

particular attention to personalization, VSD, and PD that actively involve

stakeholders in shaping AI technologies. In Section 1.3.2, we discuss evalu-

ation frameworks for AI systems in the HCAI field.

1.3.1 Human-oriented Design Methods

Shifting the emphasis from efficiency-driven automation to the amplification

of human capabilities and experiences, the HCAI-oriented design framework

aims to adapt AI systems to human needs, avoiding the imposition of rigid

technological constraints on individuals [117, 269, 320, 361]. This paradigm

highlights the importance of a deep understanding of the different needs,

values, and contexts of users and stakeholders.

Within human-oriented design methods, we focus on two main areas:

approaches addressing emotions and values, exemplified by VSD and PD,

and approaches focused on inclusivity. Section 1.3.1 discusses the first area,
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highlighting methods that integrate emotions and values into the design

process; while Section 1.3.1 focuses on inclusivity as a critical dimension of

human-oriented design.

Emotion- and Value-aware Approaches

Human-centered AI systems are increasingly designed to recognize and re-

spond to human emotions, with the goal of fostering empathetic interactions,

supporting emotional regulation, and strengthening social connectedness.

Adaptive user models, derived from the analysis of behaviors and prefer-

ences, enable dynamic system adjustments to improve contextual relevance

and user experience. This perspective aligns with psychological theories that

emphasize autonomy, competence, and relatedness as core human needs.

Within the broader tradition of Human-Centered Design [75], two in-

fluential methodological approaches have attained particular prominence in

both research and practice. VSD offers systematic methodologies for em-

bedding human values into technology [340], while PD emphasizes the active

involvement of stakeholders in design and development processes [329]. To-

gether, they provide complementary strategies to ensure that AI systems

reflect ethical, cultural, and individual values, while supporting principles

such as fairness, transparency, and human rights.

Empirical research illustrates the benefits of incorporating emotional and

value-based dimensions into AI. Emotion-aware recommender systems, for

example, can suggest music based on users’ real-time affective states, en-

hancing perceived relevance [30]. Similarly, ERS-IEQ adapts indoor en-

vironmental quality according to users’ emotions by employing the RECS

ontology [181]. Other methods, such as the Affective Index and Affective

Index Indicators (AII), analyze text data to estimate emotional probabili-

39



ties and generate affect-based recommendations while maintaining privacy

protection [201].

Industrial applications reflect similar trends. Microsoft Cortana has

patented mechanisms for inferring emotional states from contextual cues and

prior interactions, aiming to deliver more adaptive responses4. Mastercard’s

Shopping Muse integrates NLP and image recognition to interpret colloquial

queries and provide personalized product suggestions5. While these develop-

ments highlight the commercial relevance of empathy-enabled AI, they also

raise concerns regarding robustness, transparency, and user trust, especially

when applied in consumer contexts where privacy is critical.

Value-aware personalization extends this perspective. Initiatives such

as VALAWAI (Value-Aware Artificial Intelligence), funded by the European

Innovation Council, are developing toolkits for value-sensitive AI inspired by

Global Neuronal Workspace models and informed by moral decision-making

theories6. Hybrid human–AI systems pursue similar objectives by combining

algorithmic efficiency with human empathy and contextual reasoning, with

human agents providing ethical oversight7.

Applications are emerging across domains. In cultural heritage, the

CUPIDO system employs VR and AI to detect visitors’ emotions and val-

ues, enabling cross-cultural comparison and collective reflection on artworks,

thereby fostering inclusion and participation [54]. In education, AI-based

tools for social-emotional learning promote empathy, self-management, and

interpersonal skills through simulations and adaptive feedback [239]. Plat-

forms such as Coursera experiment with the analysis of facial expressions

4https://www.windowscentral.com/cortana-could-simulate-emotional-empathy-
according-patent

5https://www.mastercard.com/us/en/news-and-trends/Insights/2025/ai-and-
personalization-can-close-the-empathy-gap-between-brands-and-their-customers.html

6https://cordis.europa.eu/project/id/101070930
7https://www.v2solutions.com/whitepapers/hybrid-ai-human-personalization/
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and engagement metrics to adapt content delivery, aiming to increase per-

sonalization and learning effectiveness.

Overall, embedding emotional, social, and value-oriented dimensions into

AI design shifts the focus from purely technical optimization to human well-

being and responsible alignment with societal values. At the same time,

challenges remain: emotion detection could be affected to bias and cultural

variability; personalization may reinforce stereotypes; and the ethical gov-

ernance of value-sensitive systems requires further empirical validation (cf.

Sect. 1.2). Addressing these open issues is essential to ensure that HCAI

contributes not only to innovation but also to inclusive and sustainable hu-

man flourishing.

Inclusivity-oriented Approaches

Recent advances in NLP highlight the growing importance of inclusivity,

expanding the scope of language technologies beyond conventional text and

speech in order to address diverse modes of human communication. While

state-of-the-art NLP models achieve considerable performance in tasks such

as translation, summarization, and dialogue generation, they frequently

reflect biases embedded in predominant linguistic and cultural corpora,

thereby marginalizing communities whose communicative practices diverge

from the mainstream. To address this challenge, an emerging strand of

computational linguistics conceptualizes machine learning systems as instru-

ments for social good, explicitly oriented toward enhancing accessibility.

A central research area in HCAI for accessibility is the development of

sign language technologies. Computational methods for sign language recog-

nition, translation, and representation have advanced considerably in recent

years. Surveys of state-of-the-art approaches (covering recognition, trans-
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lation, and avatar-based representation models) highlight both substantial

progress and ongoing challenges, particularly regarding dataset scarcity, sen-

sor limitations, and the inherently multimodal nature of sign languages [255].

Chapter 6 provides an in-depth evaluation of a specific task within this field,

while Section 2.3 introduces the state-of-the-art method for sign language

processing based on a dedicated encoding language.

Parallel research efforts support accessibility for individuals with visual

impairments. Automatic image captioning systems have been applied to

generate textual descriptions of visual content, facilitating perception for

people who are blind or have low vision. Techniques leveraging pretrained

CNNs and LSTM-based RNNs can automatically generate descriptive cap-

tions from raw images, enhancing usability in educational and digital envi-

ronments [71]. Systematic reviews of touchscreen-based interfaces for screen

reader users highlight both promising prototypes and critical gaps (e.g. lack

of automated content generation and limited involvement of end users in

design) underscoring the need for more user-centered, scalable approaches

[248].

These research directions show how advances in NLP support the de-

velopment of inclusive AI technologies, enabling richer linguistic represen-

tations and more robust models.

1.3.2 Evaluation of AI

Evaluation is a central stage in the development of HCAI models. Tradi-

tional AI assessment has largely focused on quantitative indicators such as

accuracy, precision, or computational efficiency. While essential, these met-

rics alone are insufficient to capture the complex interactions between AI

systems and human users. From a human-oriented perspective, evaluation
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must also consider trust, usability, fairness, transparency, and broader so-

cietal implications. This view recognizes that AI systems are not isolated

technical artifacts but socio-technical constructs whose value depends on

their alignment with human needs, values, and contexts [17, 320].

In this framework, evaluation is no longer a terminal step after deploy-

ment. Instead, it becomes an iterative and participatory process integrated

throughout the AI lifecycle. Continuous evaluation allows developers to

identify risks early, anticipate unintended consequences, and adapt systems

in ways that promote user empowerment rather than technological deter-

minism. This approach connects engineering-driven metrics with human-

centred methodologies, laying the foundation for responsible and sustainable

AI practices.

A human-centred perspective requires involving participants in assess-

ing subjective qualities such as comfort, trust, and perceived fairness [117,

278]. Such participation reduces the need for costly late-stage corrections.

Garibay et al. [117] propose a framework structured around four dimensions:

people, process, product, and principles. It emphasizes grounding evalua-

tion in user needs and values (people), adopting observation, usability test-

ing, and iterative refinement (process), and ensuring that design methods

enhance human capabilities while preserving user control (principles). Im-

portantly, this framework broadens the notion of usability to include issues

such as undue influence, automation errors, or dynamic reliability. The ul-

timate aim is to design systems that are understandable, explainable, and

support deliberate trust calibration.

Explainability and Fairness provide clear examples of this multidimen-

sional evaluation. Assessing whether a system is explainable, validating

both XAI models (cf. Sect.1.2.3), and conforms to the fairness principle (cf.
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Sect. 1.2.3) requires both qualitative and quantitative methods [42, 132, 290].

In the XAI field, qualitative approaches focus on human-centric aspects

such as comprehensibility, user understanding, and usability. These are

often assessed through user studies using proxy tasks like forward simu-

lation or counterfactual reasoning. In contrast, quantitative approaches

measure dimensions such as faithfulness (the match between explanations

and internal model reasoning), plausibility (the perceived reasonableness of

explanations), and the linguistic quality of natural language explanations

(NLEs). Benchmark datasets such as ERASER [89], e-SNLI [64], and Hat-

eXplain [226] provide human-annotated rationales that support systematic

validation.

In the bias detection and Fairness model’s evaluation fields, evaluation

relies on three main categories of metrics: embedding-based, probability-

based, and text-based [115]. These metrics capture vector space distances

between concepts, token likelihoods when protected attributes are perturbed,

or undesirable patterns such as toxicity in generated text. Common eval-

uation strategies include counterfactual input datasets (pairs of sentences

with altered social groups) and generative prompts designed to elicit biased

outputs. Specific benchmarks such as SBIC [300], and Winobias [373], often

combined with similarity metrics like ROUGE or BERTScore, are widely

used to assess alignment with human moral judgments.

Evaluation also concerns the system’s capacity to align with moral values

and social norms, including robustness against adversarial inputs, ambigu-

ous scenarios, or toxic content. Reliability and privacy protections become

essential to ensuring safe and responsible use. We examine these aspects in

Chapter 2, where we discuss benchmark datasets, evaluation theories, and

models that have achieved state-of-the-art performance for the moral values
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detection tasks.

Finally, HCAI evaluation methodologies increasingly rely on user stud-

ies, interviews, focus groups, and simulations to collect evidence about user

preferences, comprehension, and contextual factors. These data help refine

explanations and behaviours, ensuring that both XAI solutions and AI sys-

tems more broadly address the concrete and inclusive needs of their users.

1.4 Humans Teaming with AI

Human–AI teaming refers to systems in which humans and AI agents collab-

orate in order to achieve outcomes that neither could accomplish indepen-

dently. Evaluations of these systems commonly focus on two key dimensions:

objective performance improvements, measured at the level of the human,

the AI, or the joint team; and the subjective quality of the collaboration

as experienced by the human partner. Conceptually, these approaches can

be situated along a spectrum of human–AI integration. At one extreme, AI

systems operate as surrogates for humans, thereby reducing or even displac-

ing human agency. In intermediate configurations, humans remain in the

loop, supervising, guiding, or correcting automated processes. At the oppo-

site extreme, humans and AI function as teammates, engaging in reciprocal

interaction and collaborative decision-making.

The most collaborative paradigm is often characterized as human–machine

teaming (HMT) [218]. In this model, humans and AI function as an inte-

grated unit, drawing upon principles of human–human teamwork, including

shared goals, mutual situational awareness, trust, and bidirectional commu-

nication. From a design perspective, the AI is expected to act as a competent

teammate rather than as a mere tool [65, 361]. Concrete examples include

language-related domains where human interpretative skills complement au-
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tomated capabilities (fact-checking, journalism, unstructured text analysis,

or cross-language code translation). In such contexts, the system efficency

do not related in its computational capacity but is focused on its ability to

enable fluid, cooperative workflows.

A related paradigm is humans in the loop (HITL), which emphasizes

sustained human involvement in the development, training, and refinement

of AI systems [21, 38, 39, 43, 82, 100, 141, 143, 144]. In this framework,

common tasks include dataset annotation, error correction, and iterative

model evaluation. Importantly, user interaction with model outputs can

itself generate new inputs that shape system evolution. HITL practices have

gained importance with the emergence of LLMs, whose opacity and potential

unreliability make sustained human oversight essential. This requirement

aligns closely with the broader paradigm of HCAI, which emphasizes human

control, accountability, and ethical responsibility as foundational principles

of system design.

Beyond supervised model development, human–AI collaboration is also

prominent in the domain of automated machine learning (AutoML) [240].

AutoML frameworks aim to streamline the ML pipeline by automating

tasks such as data preprocessing, feature engineering, and model selec-

tion [348, 358]. Rather than displacing human expertise, these systems

seek to augment it by embedding automation within pipelines where human

judgment remains decisive. Their claim to human-centeredness cames from

this synergy: automation is valuable only insofar as it extends the scope of

expert decision-making rather than constraining it.

At the opposite extreme are AI systems conceived as human substitutes,

intended to replicate or replace human performance in specific domains such

as diagnostic imaging or automated grading. These approaches often neglect
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principles of HCAI, sidelining human interpretative capacity and agency.

Collectively, these paradigms present a dicothomy: whether AI should

replicate, assist, or collaborate with humans. Current research increasingly

indicates that the most durable advances arise from collaborative models

that preserve human oversight, judgment, and responsibility.

47



2 Human-centered AI Methods: State of

the art

This chapter presents a comprehensive review of the state of the art in HCAI,

with particular emphasis on the role of moral values and the development

of assessable, controllable, and inclusive models.

The first part delves into the literature related to the classification of

moral values according to well-defined theoretical frameworks such as Haidt’s

Moral Foundations Theory [129], Schwartz’s Theory of Basic Human Val-

ues [313], or Curry’s Morality-as-Cooperation framework [78]. For each of

these frameworks, we focus on the main benchmark datasets and lexicons

developed for value-based text annotation, together with the configured ma-

chine learning methods (cf. Sect. 3).

Then, we discuss two challenges involved in building assessable and con-

trollable models for a trustworthy AI, focusing on the issue on evaluation

metrics adapted for high degree of subjectivity tasks, as emotion or moral

values detection (cf. Sect. 2.2.1). In Section 2.2.2, we present the state-

of-the art for grammar-constrained methodologies for generative models, a

specific group of methods that deal with the challenge of output controlla-

bility in LLMs (cf. Sect. 2.2.2) in order to have output more aligned with

human requirements.

Finally, we focus on an emerging application area of great relevance for
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HCAI: AI for Inclusivity (cf. Sect. 2.3). In this section, we introduce the

topic of automatic bidirectional translation between natural language and

sign language with a specific focus on the main sign language encodings used

for these methods.

2.1 Moral Values Detection

Automatic moral classification in text is a rapidly evolving field with signifi-

cant implications for NLP, social sciences, and ethical decision-making. The

current state of the art has increasingly relied on well-established theoretical

frameworks (i.e. Haidt’s Moral Foundations Theory [129], Schwartz’s The-

ory of Basic Human Values [313], and Curry’s Morality-as-Cooperation[78])

to guide the development of benchmark datasets, annotation schemes, and

computational lexicons. These resources support the development and eval-

uation of both supervised and unsupervised approaches for moral value clas-

sification, ranging from fine-tuned Transformer architectures to prompting-

based strategies with LLMs.

To provide an overview of the field, Section 2.1.1 reviews benchmark

datasets and state-of-the-art models developed within Haidt’s Moral Foun-

dations Theory [129]. Section 2.1.2 highlights key contributions grounded

in Schwartz’s Theory of Basic Human Values [313], while Section 2.1.3 dis-

cusses recent datasets and models based on Curry’s Morality-as-Cooperation

framework [78].

2.1.1 Moral Foundation Theory

According to MFT, moral judgments vary significantly throughout cultures

and over time, but there are core moral dimensions that form the founda-

tion of an “intuitive” ethical system across human societies. This theory
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integrates four key perspectives on the origins and nature of morality: na-

tivism, cultural development, intuitionism, and pluralism. MFT acknowl-

edges the potential role of neurophysiological bases for moral responses (na-

tivism), recognizes the influence of environmental factors on moral devel-

opment (cultural-evolutionary), suggests that moral judgments arise from

various cognitive processes (intuitionism), and allows for the existence of

multiple moral frameworks across cultures (pluralism) [129]. At the core of

MFT there are five distinct moral dimensions or dyads, each representing a

fundamental dimension of human moral reasoning (Figure 2.1):

• Care/Harm: This domain highlights the importance of avoiding

harm and promoting the well-being of others. It is associated with

virtues such as kindness, nurturance, and compassion.

• Fairness/Cheating: This domain focuses on the concepts of justice,

equity, and reciprocity. It supports the notion of fairness in social

interactions and promotes cooperation.

• Loyalty/Betrayal: This domain highlights the importance of loyalty

to one’s group and disapproval of betrayal. It promotes social cohesion

and cooperation within groups.

• Authority/Subversion: This domain promotes respect for legiti-

mate authority, social order, and hierarchies. It promotes adherence

to rules and social norms.

• Purity/Degradation: This domain focuses on ideas of cleanliness

and contamination, often extending to moral concepts. It can be linked

to notions as spiritual purity and adherence to social taboos.

• Liberty/Oppression: This dimension, captures individuals’ sensi-
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Figure 2.1: MFT framework

tivity to issues of personal freedom and resistance to domination or

coercion by others. It is associated with values such as autonomy,

individual rights, and opposition to tyranny.

The five core moral dimensions constitute the foundation of MFT, offer-

ing a comprehensive framework for analyzing the multifaceted nature of

human morality. Subsequent refinements to MFT introduced the “Lib-

erty/Oppression” dimension and differentiated the “Fairness” dyad into

“Equality” and “Proportionality” [27].

Section 2.1.1 introduces the benchmark datasets developed within this

theoretical framework, which serve as the basis for evaluating AI-based

moral value classifiers. In Section 2.1.1, we present state-of-the-art mod-

els across two methodological paradigms (i.e. in-distribution and out-of-

distribution) scenarios. We further detail current methodologies that using

LLMs as zero-shot unsupervised moral values classifiers through different

prompting strategies.
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Dataset

Research on MFT has produced a diverse ecosystem of resources, rang-

ing from annotated corpora to psychometric surveys and lexical tools, each

enabling the study of moral values from complementary perspectives and

modalities [369]: annotated corpora capture moral language in naturally

occurring discourse; psychometric instruments provide standardized bench-

marks of individual moral orientation; and lexical resources support scalable

computational analysis of moral categories (Table 2.1).

Among the most widely used corpora, many adopt a dyadic labeling

structure, treating each foundation as a pair of opposing values (e.g., Care

vs. Harm), thereby enabling polarity-sensitive analysis. The Moral Foun-

dations Twitter Corpus (MFTC) [148] reflects this approach, comprising

tweets labeled across ten moral categories plus a non-moral class, spanning

seven topical domains such as All Lives Matter/Black Lives Matter and the

#MeToo movement. Similarly, Beiro et al. [36], Rojecki et al. [289] and,

Pacheco et al.[254] present a corpus of 4,498, 2,648, and 750, respectively,

on the COVID-19 vaccination.

Political discourse has also been labeled within this framework. Johnson

et al. [169] present a dataset of 2,050 tweets from U.S. politicians across six

domains, annotated with ten different moral foundation values for topic and

policy frame. Roy et al. [291] expand this corpus through lexicon-based re-

trieval, collecting a total of 161,295 items. In the Italian context, MoralCon-

vITA [330] focuses on immigration-related Twitter conversations, preserving

the dyadic moral categories while introducing stance labels (support, attack,

continuation) to capture interactional dynamics within tweet–reply pairs.

Among corpora that extend or adapt the standard MFT schema, Trager

et al. introduced the Moral Foundations Reddit Corpus (MFRC) [338],
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which contains 16,123 Reddit comments annotated with a revised set of

moral categories. This framework refines the conventional MFT taxon-

omy in two key ways. First, it decomposes the Fairness/Cheating foun-

dation into two distinct subdimensions: Equality/Inequality and Propor-

tionality/Disproportionality [25]. Second, it introduces a novel category,

Thin Morality, to capture moral judgments that are either too vague or

context-dependent to be unequivocally assigned to a standard foundation.

Finally, all content devoid of moral reasoning is explicitly categorized under

a Non-moral label. The Moral Foundations News Corpus (MNFC) [352]

applies moral annotation to news articles, while the Moral Integrity Corpus

(MIC) [378] enriches the Social Chemistry 101 dataset of social norms [113]

with moral labels for everyday situations. In the argumentative domain,

the Extended ArgQuality Corpus [185] links moral values to argument qual-

ity and stance, whereas MoralArg [13] provides a large-scale argumenta-

tive dataset explicitly balanced across foundations. Beyond text, narra-

tive and multimodal resources such as the Moral and Affective Film Set

(MAAFS) [228] and the Moral Foundations Vignettes (MFVs) [74] extend

moral content analysis to audiovisual and controlled textual stimuli.

More recent contributions emphasize multilinguality and interpretabil-

ity. MFTCXplain [343] introduces a corpus in English, Italian, Persian, and

Portuguese, focused on hate speech contexts. Each tweet is annotated with

up to three moral categories and enriched with span-level rationales that

support multi-hop explanations, facilitating research on explainable moral

classification. The Event-level Moral Opinions in News Articles (EMONA)

dataset [199] shifts attention from social media to journalism, providing fine-

grained event-level moral annotation. EMONA comprises 400 news articles

(45,199 event mentions, 9,613 annotated with moral judgments) sourced
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from AllSides (180), BASIL (150), and MPQA 3.0 (70). Annotation pro-

ceeds in two stages: first identifying event mentions, then assigning moral or

“non-moral” labels using both local sentential and broader document con-

text. This design enables the capture of implicit moral judgments, which are

often subtle in news reporting, and expands the scope of moral annotation

beyond short, user-generated texts.

Complementing annotated corpora, which infer moral sentiment from

text, psychometric instruments provide direct measurements of an individ-

ual’s moral orientations. The widely used Moral Foundations Questionnaire

(MFQ) [128] operationalizes the original theory through 30 items on a 6-

point Likert scale [206]. Its successor, MFQ-2 [25], introduces a critical

refinement by disambiguating the broad Fairness foundation into two dis-

tinct subscales: Equality and Proportionality dimensions. This expansion

from five to six foundations allows for finer-grained, more cross-culturally

valid assessments of fairness perceptions.

In parallel, lexical resources facilitate large-scale computational analysis

of moral language. The Moral Foundations Dictionary (MFD) [126] con-

tains 324 stems and lemmas (32 per category, on average), later expanded

to 2,014 entries in MFDv2 [114]. The extended MFD (eMFD) [150], derived

from MNFC, introduces probabilistic weighting based on contextual usage.

MoralStrength [22] expands coverage with 1,000 lemmas and adds graded

scores for both moral relevance and intensity, while LibertyMFD [23] incor-

porates an additional Liberty category. Domain-specific lexicons, such as

those developed by Roy et al. [291] for gun control and immigration, further

demonstrate the adaptability of moral lexicons to targeted policy areas.
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Table 2.1: Overview of benchmark moral surveys, lexicons, and datasets for
moral value detection within the MFT framework. For each resource, we re-
port its category, size, number of labels, the employed taxonomy (i.e., moral
foundations values (MFVs) or dimensions (MFDs) ), extensions beyond the
original MFT (e.g., Liberty/Oppression (L-O), Equality/Proportionality (E,
P), Thin Morality (T), Non-Moral (NM), or Hate Speech (H)), and the num-
ber of annotators.

Moral Survey

Dataset Size Label Taxonomy Extra Label Annotation

MFQ [128] 30 5 MFDs NM –
MFQ-2 [26] 36 6 MFDs E, P –

Moral Lexicons

Dataset Size Label Taxonomy Extra Label Annotation

MFDv1 [127] 324 10 MFVs – –
MFDv2 2,014 10 MFVs – –
eMFD [151] 3,270 5 MFDs – –
MoralStrength [22] 1,000 5 MFDs – ≥5

MFT-Annotated Datasets

Dataset Size Label Taxonomy Extra Label Annotation

MFTC [148] 35,108 10 MFVs NM ≥3
MFRC [338] 16,123 7 MFDs E, P, T, NM ≥3
MFNC [352] 35,985 10 MFVs – 557
Covid [289] 2,648 10 MFVs – –
Congress [169] 2,050 10 MFVs – 2
Ext. Congress [291] 161,295 10 MFVs – –
Facebook [36] 4,498 12 MFVs L-O 9
Covid-19 [254] 750 5 MFDs – 3
Ext. ArgQuality [185] 320 5 MFDs – 2
MoralArg [13] 230,000 5 MFDs – –
MIC [378] 38,000 5 MFDs – 3
MAAFS [228] 69 6 MFDs L 575
MFVs [74] 132 6 MFDs L 510
MFTCXplain [343] 3,000 6 MFDs H 5
EMONA [199] 45,199 10 MFVs NM 5
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Methods and Results

We group moral foundation classification models into two categories: moral-

driven and moral-targeted pretrained language models (PLMs) [369]. Moral-

driven approaches rely on explicit supervision with moral foundation anno-

tations, while moral-targeted approaches probe implicit moral knowledge en-

coded during pretraining, typically through prompting without task-specific

fine-tuning.

Among the moral-driven approaches, supervised fine-tuning techniques

remain the most established paradigm. Models evaluation is typically con-

ducted on standard benchmarks (cf. Table 2.1) across three different set-

tings: in-domain (ID), where models are trained and tested on data from

the same distribution; out-of-domain (OOD), where the test data originates

from a different distribution than the training data, though the moral tax-

onomy is consistent; and cross-domain, where evaluations are performed on

distinct topical subcorpora within the same dataset.

In contrast, moral-targeted approaches operate without explicit MFT

supervision. Instead, they directly probe the intrinsic moral knowledge en-

coded within PLMs, without any task-specific fine-tuning. This paradigm

probes the moral reasoning acquired during pretraining by analyzing model

generations for morally charged prompts. Consequently, MFT serves not

as a supervisory signal but as an ex post analytical lens for interpreting

model responses. This research direction utilizes zero-shot prompting (i.e.

in-context learning) with both LLMs and smaller PLMs. These methods

often demonstrate superior generalization by avoiding overfitting to narrow

training distributions; instead, they leverage the commonsense and cultur-

ally nuanced moral knowledge acquired during pretraining [56].

A complementary line of research investigates moral biases encoded within
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contextual embeddings, revealing that their geometric spaces often capture

culturally contingent or systematically skewed moral assumptions.

Moral-driven Approaches: Methods Within the moral-driven cate-

gory, transformer-based models are frequently adapted for moral classifica-

tion. Trager et al. [338], Hoover et al. [148], and Ziems et al. [378] fine-tune

BERT-based models for multi-label classification, while Nguyen et al. [243]

train binary classifiers for each of the five moral foundations. Lei et al. [199]

extend Longformer with a Bi-LSTM layer to better capture article-level

context. Lexicon-based methods remain relevant, such as WN-PPR [185],

which enriches the Moral Foundations Dictionary through WordNet-based

sense disambiguation and Personalized PageRank, and SBERT-Wiki, which

adapts Sentence-BERT to weakly annotated Wikipedia abstracts.

Beyond standard fine-tuning, several studies explore structured architec-

tures that incorporate additional linguistic, relational, or logical constraints.

Johnson et al. [168] approach moral foundation classification in political

tweets using Probabilistic Soft Logic (PSL), combining lexical cues, ideolog-

ical affiliation, political slogans, and policy frames into a hinge-loss Markov

random field. This framework captures global dependencies across issues,

parties, and discourse strategies, moving beyond unigram-based baselines

toward higher-level thematic and ideological reasoning. In parallel, Roy et

al. [292] propose Declarative Relation-based Inductive Learning (DRAIL),

which, unlike PSL, enables neural components to learn rule weights and

supports both local and global inference. In DRAIL, moral foundations are

modeled as frame predicates, while moral roles encode entity polarity (e.g.,

target of care/harm, harm-inducing agent). This reframing shifts the task

from text-level classification to joint inference over foundations and roles,
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providing a finer-grained account of moral framing in political discourse.

Comparing to the Johnson et al. model, key distinction lies in polarity mod-

eling: Johnson and Goldwasser directly classify tweets into positive/negative

poles for each foundation, whereas Roy et al. model polarity through entity-

level roles, yielding more nuanced analyses of moral evaluations in political

communication.

Preniqui et al. [265] introduce MoralBERT, a BERT-based model fine-

tuned on a combined corpus of MFTC and MFRC. They present two vari-

ants: the standard MoralBERT and an adversarial version (Adv-MoralBERT)

designed to learn domain-invariant representations, trained with a weighted

loss function to mitigate class imbalance.

Guo et al. [131] present the Domain-Adaptive Moral Foundations (DAMF)

architecture, a multi-component framework designed to address the hetero-

geneity of moral foundation datasets. At its core, a BERT encoder generates

contextualized text embeddings, which are further refined through a linear

transformation layer to encourage domain invariance. The framework in-

tegrates three modules: a moral foundation classifier with a weighted loss

function to mitigate class imbalance, an adversarial domain classifier con-

nected via a gradient reversal layer to promote alignment across datasets,

and a reconstruction module that preserves semantic integrity against exces-

sive adversarial perturbations. Collectively, these components enable DAMF

to learn domain-invariant embeddings that generalize effectively across het-

erogeneous textual sources, thereby enhancing performance in multi-dataset

morality inference.

Zangari et al. introduce ME2-BERT [368], a model that integrates event-

based and emotion-aware encodings within a domain-adaptation framework.

The architecture relies on an emotion-aware denoising autoencoder com-

58



bined with contrastive loss and adversarial classification in order to align

event-rich and event-poor texts.

Alshomary et al. [13] propose a system for moral argument generation

integrated within IBM’s Project Debater. Their approach employs a BERT-

based classifier, trained using distant supervision on argumentative text, to

identify moral foundations. For a given controversial topic and stance, the

system retrieves and filters sentences based on their moral framing, subse-

quently generating coherent arguments that are aligned with the specified

moral foundations.

Among hybrid architectures, Sahil et al. [295] introduce a dual-path

model that combines RoBERTa embeddings with a graph attention network

(GAT) over an extended MFD (GAT-eMFD), fusing these features via cross-

attention. They further extend this framework into MOTIV, a multimodal

system that incorporates textual, spatial, temporal, and behavioral cues.

Moral-driven Approaches: Results Table 2.2, 2.3 and 2.4 show the

overall performance of moral classifiers described above for the benchmark

datasets in term of weighted F1 score. Specifically, we report the state-of-

the-art performance for the ID, OOD and In-context learning (i.e. zero-shot

prompting) settings, showing a comparisons for all moral dimensions and

values, when it is possibile. Bold values denote the highest performance

among ID models, which are fine-tuned and evaluated on the same data

distribution. While these models typically achieve higher scores, their per-

formance is less indicative of generalization. A second bold value highlights

the best overall result across OOD and in-context settings. This provides

a more reliable measure of generalization, since OOD models are fine-tuned

on different distributions and in-context models are evaluated without fine-
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tuning. Underlined values indicate the best performance within each indi-

vidual evaluation setting.

In an ID evaluation setting, the Transformer-based models Trager et

al. [338], Hoover et al. [148], and Ziems et al. [378] consistently achieve strong

results: Ziems et al. [379] report an overall F1 of 0.76 on MIC (cf. Table 2.2),

and Lei et al. [199] reach 0.39 on EMONA (cf. Table 2.4). Notably, GPT-4,

even without fine-tuning, attains 0.31 on EMONA, suggesting competitive

zero-shot potential.

Even evaluated in a ID setting, the Sahil et al. [295] model exhibits

a mixed performance: on the MFTC dataset, their model matches the ID

performance reported by Trager et al. [338] and even surpasses it on more

challenging dyads like Loyalty (0.68 vs. 0.52) and Purity (0.58 vs. 0.48).

However, on the MFRC dataset, their framework fails to outperform Trager

et al.’s BERT baseline, which remains the state-of-the-art for ID evaluation

across all moral dyads (cf. Table 2.2). Finally, the authors demonstrate

their model’s applicability on the MOTIV dataset of 1,483 geotagged tweets,

where the multimodal design leverages non-textual cues to contextualize

moral expression.

Among structured models, Global DRAIL [292] achieves comparable per-

formance with an overall weighted F1 of 0.74, w.r.t. the Johnson et al. [168]

PSL-based approach (0.73) on the Congress dataset [168] in a ID setting.

Preniqui et al. [265] evaluate their models in both ID and OOD settings,

comparing them with different baselines, as MoralStrength, Word2Vec em-

beddings with Random Forest, and GPT-4 in a zero-shot setting. In the ID

scenario, training is conducted on a merged corpus (MFTC and MFRC),

with evaluation splits applied post-merging, making direct comparison to

prior work on individual datasets not feaseble (so, we do not report the ID
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setting evaluation results in Tables). In this framework, Adv-MoralBERT

achieves a macro F1 score of 0.73, outperforming both its standard coun-

terpart and baselines. In an OOD setting, Preniqi et al. test MoralBERT

models on the Facebook dataset [36] (cf. Table 2.3) for each MF values,

achieving lower performance w.r.t. baseline model, represented to GPT-4,

evaluated with an in-context learning strategy (i.e. without any moral-

oriented finetuning). Specifically, GPT-4 overperforms the most performing

MoralBERT model (i.e. MoralBERT-adv) with an F1-macro of 0.57 w.r.t.

the 0.55 achieved by MoralBERT. These results confirm that supervised

adaptation techniques achieve superior performance when training and test

data distributions are closely aligned; however, their effectiveness diminishes

under broader domain shifts, where LLMs benefit from the more general-

izable knowledge acquired during large-scale pretraining, in an in-context

learning strategy.

In a OOD evaluation setting, Guo et al. [131] evaluate the DAMF gen-

eralization, employing different models trained on combination of datasets

and testing them in a OOD setting on two different datasets, Congress and

Covid, achieving state-of-the-art performance. On the Congress dataset (cf.

Table 2.3), DAMF achieves F1-scores of 0.40 when trained on a combination

of the Covid and MFTC datasets (i.e. DAMF-v1), surpassing competitor

models (i.e. DAMF-v2 and MFTC-DAMF, trained on a combination of

the Covid, eMFD, and MFTC datasets and the MFTC, respectively) on 2

point in percentage. On the Covid dataset (cf. Table 2.4), it attains an

F1-score of 0.61 with two dataset configurations: Congress and MFTC and

Congress, MFTC and MFNC. Finally, authors fine-tune also a BERT-based

model on adversarially filtered data to mitigate spurious correlations (i.e.

BERT+AFLite), achieving comparable performance on the Covid dataset
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when the model is trained on MFTC or on a combination of Congress and

MFTC datasets.

Always in a OOD setting, ME2-BERT [368] model achieves state-of-

the-art performance on MFTC, MFRC and MFNC corpus, surpassing re-

sults achieved by several baselines, including BERT variants fine-tuned on

morality-related corpora (E2MoCase, MFTC, MFRC, and their combina-

tion), domain-adaptation frameworks such as DAMF [131], and MoralBERT [265],

which also adopts domain adaptation. The evaluation further considers

lexicon-based systems, such as MoralStrength and DDR, as well as recent

LLMs, including Llama-3.1, Gemma-2, and Mistral-Nemo, tested in zero-

shot settings. As shown in Table 2.2, ME2-BERT achieves an overall F1

scores of 0.57, 0.51, and 0.26 on MFTC, MFRC, and MFNC, respectively.

Performance varies across moral dyads, for MFTC, results range from 0.69

on Care to 0.45 on Purity, while for MFRC they vary between 0.64 and

0.35 for the same categories. On MFNC, overall performance drops sub-

stantially, with ME2-BERT reaching an average F1 of 0.26, compared to

0.24 for DAMF, 0.20 for MoralBERT, and 0.21 for DDR. Despite a general

performance degradation, ME2-BERT achieves the strongest OOD results.

Interestingly, DAMF outperforms ME2-BERT and MoralBERT on Author-

ity, scoring 0.26 against 0.23 and 0.24, respectively. For Fairness, results

converge around 0.23 across all three models, while on Loyalty MoralBERT

performs comparably to ME2-BERT (both at 0.22). In discriminiating non-

moral content, ME2-BERT presents superior performance on the MFTC and

MFRC datasets with an F1 score of 0.55 and 0.67, respectively. However, it

underperforms on MFNC, where the DDR model achieves the highest F1-

score (0.48), surpassing DAMF (0.31) and ME2-BERT (0.37). This suggests

that while ME2-BERT generalizes effectively across most moral dimensions,
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lexicon-based methods, as the DDR approach, maintain a competitive ad-

vantage in scenarios with scarce or implicitly expressed moral content, as

exemplified by the MFNC dataset.

When compared with LLMs in a in-context learning strategy, ME2-

BERT generally demonstrates superior performance, particularly on MFTC

where in-context inference with Gemma-2, Mistral-Nemo, and Llama-3.1

yields overall F1 scores between 0.47 and 0.49 against ME2-BERT’s 0.57.

On MFRC, GPT-4 achieves the strongest overall performance with an F1

of 0.55, surpassing ME2-BERT (0.51) and excelling specifically in the Care,

Authority, and Purity foundations, as well as in moral vs. non-moral classi-

fication. Conversely, on MFNC, Mistral-Nemo matches ME2-BERT’s over-

all score (0.26), with LLMs generally demonstrating superior performance

across individual moral dyads.

When results are aggregated across datasets, Mistral-Nemo emerges as

the most competitive open-source LLM, achieving average F1 scores of 0.49

on MFTC, 0.37 on MFRC, and 0.26 on MFNC. It consistently outperforms

counterparts like Llama-3.1 and Gemma-2. Notably, on the challenging

MFNC corpus, LLMs surpass ME2-BERT in three of five moral founda-

tions, indicating a degree of robustness to severe domain shift. On the

MFRC benchmark GPT-based models demonstrate superior performance.

GPT-3.5 achieves an overall F1 of 0.48, while GPT-4 reaches 0.55, surpass-

ing ME2-BERT (0.51). This advantage is particularly pronounced on several

dyads, including Care (0.69 vs. 0.64), Fairness (0.53 vs. 0.35), and moral

versus non-moral discrimination (0.81 vs. 0.67). Despite these strong re-

sults from closed-source models, open LLMs like Mistral-Nemo and Gemma-

2 still exhibit a significant performance gap, suffering an average drop of

approximately 20% compared to ME2-BERT on MFTC and MFRC. This
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underscores the continued competitiveness of specialized, domain-adapted

architectures like ME2-BERT. A finer-grained analysis of polarity predic-

tion reveals a complementary trend: specific model strengths vary by moral

dimension. For instance, Mistral-Nemo excels at distinguishing Harm from

non-moral content, whereas ME2-BERT retains superior effectiveness on

categories such as Betrayal, Purity, and Degradation.

Finally, Alshomary et al. [13] evaluate their model on the Extended

ArgQuality [185] dataset (cf. Table 2.2) in a OOD setting. Model valida-

tion involves an assessment of relevance, coherence, and argumentativeness,

supplemented by a user study where liberals and conservatives ranked argu-

ments framed with individualizing, binding, or no moral foundations. For

comparison, the authors employ two baselines: a lexicon-based method us-

ing MoralStrength and a multi-label BERT model trained on the MFTC, the

latter representing the state-of-the-art baseline for the Extended ArgQual-

ity [185] dataset (cf. Table 2.2). Their model outperforms both baselines

overall, achieving superior F1 scores in Purity (0.40 vs. 0.28), Authority

(0.46 vs. 0.27), and Loyalty (0.34 vs. 0.23). However, for Care and Fair-

ness, the lexicon-based and BERT baselines remain stronger, with the lexi-

con method showing more consistent performance than the BERT model.

Cross-domain Methods In cross-domain evaluation, state-of-the-art ap-

proaches are primarily benchmarked on the MFTC and MFRC datasets, as

demonstrated in the studies by Huang et al. [158] and Bulla et al. [55].

Huang et al. [158] introduce the Learning to Adapt Framework (L2AF),

a neural architecture designed to mitigate domain shift through instance

weighting. The framework combines a Neural Feature Extractor (bi-GRU

RNN or BERT) for encoding textual inputs, a Prediction Network for moral
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Table 2.4: Overall performance of moral value classifiers on the MFT bench-
mark datasets. The training setting of each model is also indicated: ID,
OOD, or in-context. The latter refers to applying the model without fine-
tuning on the MFT dataset, typically using zero-shot prompting techniques
in LLMs

EMONA [199]

Models Total Setting

Longformer [199] 0.39 ID

GPT-4 [199] 0.31 In-context

Covid [163]

Models Total Setting

Congress&MFTC-DAMF [131] 0.61 OOD
Congress&eMFD&MFTC-DAMF [131] 0.61 OOD
Congress&MFTC-BERT+AFLite [131] 0.61 OOD
MFTC-BERT+AFLite [131] 0.61 OOD

value classification, and a Weighting Network that estimates linguistic sim-

ilarity to the target domain and assigns dynamic weights to OOD train-

ing instances. Both networks are jointly optimized, enabling the model

to emphasize training examples most relevant to the target distribution.

Bulla et al. [55] provide a comparative analysis of zero-shot and supervised

strategies for cross-domain moral value detection on the MFRC benchmark

dataset. Their supervised approach fine-tunes RoBERTa-large separately

on each subcorpus and evaluates it on the remaining ones, highlighting ro-

bustness and generalization trade-offs across domains. Within supervised

cross-domain research, a notable contribution is the Tomea system [211],

which offers an explainable framework for analyzing how text classifiers rep-

resent moral rhetoric across social domains. Tomea leverages the SHAP

method [216], using Shapley values to measure the contribution of each word
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to moral predictions and generating domain-specific lexicons that allow for

direct comparison of moral cues.

Other relevant studies further explore cross-domain generalization. Lis-

cio et al. [210] evaluate supervised systems for moral value detection using

the MFTC benchmark. Extending this to more challenging distribution

shifts, Van Luenen et al. [342] demonstrate that a model trained on non-

extremist Twitter data can, to a feasible degree, generalize to extremist

forum data, albeit with a significant performance reduction. Their compari-

son reveals that contextual BERT embeddings generalize slightly more effec-

tively than static Word2Vec representations. Complementing this, Nguyen

et al. [242] provide a systematic assessment of Transformer-based models,

showing that training on multiple domains enhances out-of-distribution gen-

eralization compared to single-domain training.

Moral-targeted Language Models Research into moral-targeted LMs

extends beyond in-context learning, primarily focusing on two main areas:

moral value elicitation via prompt engineering, and the analysis of moral

bias embedded within model representations.

Research on moral value elicitation through prompt engineering investi-

gates how strategic prompt design influences model outputs to uncover latent

moral tendencies. Abdulhai et al. [1] adapt the MFQ to prompt LLMs like

GPT-3 and PaLM, measuring implicit foundation weightings across neu-

tral and adversarial contexts. Their findings indicate that larger models

(e.g., Davinci) exhibit moral distributions more closely aligned with hu-

man responses, and that intentional prompting can steer perceived political

leanings—ultimately influencing downstream behaviors such as charitable

donation preferences. In a complementary study, Simmons et al.[325] ex-
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amine moral mimicry: the propensity of LMs to replicate partisan moral

biases when primed with political identities. Through controlled prompting

across multiple datasets (Moral Stories, ETHICS, Social Chemistry), they

demonstrate that liberal cues increase reliance on individualizing founda-

tions (Care, Fairness), while conservative cues amplify binding foundation

use (Loyalty, Authority, Sanctity). Notably, the magnitude of this bias scales

with model size.

Further research probes the critical distinction between abstract moral

reasoning and applied judgment in LLMs, often revealing significant incon-

sistencies. Nunes et al. [245] quantify moral hypocrisy by prompting models

like GPT-4 and Claude 2.1 with both the MFQ and MFV. They find that

while models exhibit human-comparable consistency within each dataset,

they display systematic contradictions across them, highlighting a discon-

nect between stated values and contextualized decisions. He et al. [139] eval-

uate behavioral alignment. They introduce an affective alignment metric to

compare LLM-generated ideological tweets to human-authored content on

contentious issues. Their analysis across 36 LLMs reveals a systemic liberal

affective bias and demonstrates that the affective misalignment of models

extends beyond existing human partisan divides.

Prompt-based moral analysis has also been applied in persuasion and

social media studies. Carrasco-Farre [66] adapts prompts from persuasion

experiments to elicit arguments on 56 claims, showing that LLMs match hu-

man persuasiveness, use more complex structures, and employ moral framing

more frequently. Jiang et al. [162] introduce Social-LLM, which implicitly

incorporates prompt-driven content encoding with social network features,

achieving competitive morality-related detection across large-scale Twitter

datasets.
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The second research direction focuses on the analysis of moral bias in

LM embeddings. Kennedy et al.[174] demonstrate that BERT embeddings

capture linguistic differences in moral concerns more effectively than lexicon-

based measures. Xie et al.[357] develop text-based methods to predict hu-

man moral judgments, showing that S-BERT embeddings achieve the high-

est accuracy. Hämmerl et al. [135] examine cross-lingual transfer of moral

standards, highlighting how norms learned from dominant languages (e.g.

English) tend to be imposed on others, with potentially negative conse-

quences. Their results indicate that models struggle with complex sentences

and negation, and that performance varies depending on language and train-

ing data size.

2.1.2 Basic Human Value

The theory of Basic Human Values (BHV) [311] conceptualizes values as

universal motivational goals that shape human decisions and behaviours

across cultures. These values are theorized to arise from the interaction

of three fundamental human requirements: the satisfaction of individual

biological needs, the demands of social coordination, and the imperatives

of group survival and well-being. Although values serve as relatively stable

guiding principles, their prominence and influence can vary across cultural

settings and individual circumstances.

In its original formulation, the BHV identifies ten basic value types: self-

direction, stimulation, hedonism, achievement, power, security, conformity,

tradition, benevolence, and universalism. These values are organised in a

circumplex structure that reflects both motivational compatibility and po-

tential conflict: openness to change contrasts with conservation, while self-

enhancement is opposed to self-transcendence (Figure 2.2). A later extension
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Figure 2.2: Basic Human Values (BHV) theory framework. At the first
level, the taxonomy comprises 54 values (depicted as black dots), which are
organized across the more abstract Levels 2-4. In the BHV value wheel,
categories that tend to conflict are positioned on opposite sides

of the model subdivides these categories into nineteen more fine-grained val-

ues, thereby preserving cross-cultural validity while enabling more nuanced

analyses of individual and collective value orientations.

Section 2.1.2 introduces the benchmark datasets developed within this

theoretical framework, which provide the foundation for evaluating AI-based

moral value classifiers. Section 2.1.2 presents state-of-the-art models across

two methodological paradigms: ID and OOD evaluation. We further de-

scribe recent approaches that leverage LLMs as zero-shot, unsupervised

classifiers of moral values, employing different prompting strategies.
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Dataset

Among the benchmark datasets grounded in BHV theory, Kiesel et al.[178,

179], Qiu et al.[272], Yao et al.[363], and Borenstein et al.[49] present main

contributions (cf. Table 2.5).

Kiesel et al. [178] introduce the Webis-ArgValues-22 dataset, which com-

prises approximately 5,000 arguments collected from social media and anno-

tated by human annotators according to Schwartz’s value theory. Building

on this foundation, the SemEval-2023 ValueEval shares task [179] extended

the dataset and framed the problem as a multi-label classification challenge

aimed at detecting implicit values in arguments. The resulting corpus, re-

ferred to as Touché23-ValueEval, comprises more than 9,000 annotated ar-

guments, each associated with one or more categories derived from the BHV

taxonomy. Whereas the Webis-ArgValues annotation scheme distinguishes

four hierarchical levels of the BHV taxonomy, corresponding to the structure

of the BHV value wheel (cf. Figure 2.2), the Touché23-ValueEval dataset

restricts its scope to the two inner levels of this taxonomy. These levels

comprise 20 and 54 labels, respectively. To ensure reliability, multiple an-

notators label each argument independently, with the majority (89%) of

instances assigned to more than two value categories.

Qiu et al. [272] introduce the ValueNet dataset, which contains more than

21,000 textual scenarios annotated with respect to ten basic human values

(i.e. Self-Direction, Stimulation, Hedonism, Achievement, Power, Security,

Conformity, Tradition, Benevolence, and Universalism) and further grouped

into four higher-order categories: Openness to Change, Self-Enhancement,

Conservation, and Self-Transcendence. Each scenario is represented as a

ten-dimensional utility vector, encoding positive, negative, or neutral ori-

entations toward the corresponding values, with annotations provided by
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multiple crowdworkers.

FULCRA [363] corpus extends this line of research to the evaluation

and alignment of LLMs. The dataset consists of 5,000 prompt–response

pairs annotated with 58 fine-grained value elements, which are subsequently

mapped onto the ten basic and four higher-order values defined in Schwartz’s

theory. Each instance is encoded as a discrete stance vector, indicating

whether a response aligns with, opposes, or is irrelevant to a given value.

Annotation is carried out through a hybrid pipeline: GPT-4 generated initial

predictions, which are then refined by expert human annotators, particularly

in cases of low agreement between the model and humans. This methodology

highlights the potential of combining automated and expert annotation for

advancing value alignment research.

Borenstein et al. [49] conduct a large-scale computational analysis of

Reddit to examine the distribution and expression of values in user-generated

content. The dataset encompasses more than nine million posts from over

eleven thousand subreddits, which are processed using automated classifiers

to estimate value-relevance probabilities for each of the ten basic values and,

when relevance is high, to further predict stance as positive, negative, or neu-

tral. Human evaluations on sampled posts assess both relevance and stance,

achieving moderate-to-high inter-annotator agreement and confirming that

classifier predictions with high confidence were generally reliable.

Methods and Results

Current research on identifying human values in text based on Schwartz’s

BHV theory predominantly relies on Transformer-based architectures, en-

compassing both encoder-decoder and decoder models [178, 179, 272, 307,

363, 377] (cf. Table 2.6).
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Table 2.5: Overview of benchmark datasets for moral value detection within
the BHV framework. For each corpus, we report its size, the level of the BHV
taxonomy considered (i.e. taxonomy level), and the number of annotators

Dataset Size Taxonomy Level Annotator

Touche23-ValueEval [179] 9,324 2 3
Webis-ArgValues-22 [178] 5,270 4 3
ValueNET [272] 21,374 1 4
FULCRA [363] 5,000 1 3
Reddit [49] 12,000 1 3

Qiu et al. [272] develop a regression framework in which BERT- and

BART-based Transformer models are fine-tuned to predict continuous util-

ity scores for social scenarios along the second level of the BHV taxonomy,

encompassing ten moral dimensions. Specifically, the input text is concate-

nated with a special token indicating the target value (e.g., [CLS][$VALUE]),

and a regression head outputs a continuous score between –1 and +1, where

–1 denotes opposition, +1 indicates alignment, and 0 represents neutrality.

They evaluate their model on the ValueNet dataset, achieving an accuracy

of 0.64 and an F1 score of 0.57 in a ID scenario.

Similarly, in the ValueEval 2023 shared task [179], most participants

employ fine-tuned Transformer-based models, often in ensemble configura-

tions. The winning system, Adam Smith [307], combines 12 models (primar-

ily DeBERTa- and RoBERTa-based models) by averaging their predictions

and optimizing a global threshold on a held-out validation set.

Yao et al. [363] fine-tune language models as binary classifiers, exper-

imenting with BERT-, DeBERTa-, and LLaMA-2-7b-based architectures.

Their method incorporates BHV definitions directly into the input as prompt

response pairs and performs classification iteratively across all ten value di-

mensions to construct complete value vectors. Yao et al. evaluate this
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Table 2.6: Overall performance of moral value classifiers on the BHV bench-
mark datasets. For each dataset, the table reports the overall accuracy and
F1 scores. The training setting of each model is also indicated: ID, OOD, or
in-context. The latter refers to applying the model without fine-tuning on
the BHV dataset, typically using zero-shot prompting techniques in LLMs.
Bold values denote the best results among models trained and evaluated
on the same distribution (ID and ID + in-context), as these settings are
directly comparable due to their alignment between training and test data
distributions.

Touche23-ValueEval [179]

Model Accuracy F1 Setting

EAVIT [377] 0.94 0.69 ID + In-context
Adam Smith [307] - 0.57 ID

CoT-GPT4 [377] 0.89 0.58 In-context

Webis-ArgValues-22 [178]

Model Accuracy F1 Setting

EAVIT [377] 0.92 0.66 ID + In-context
CoT-GPT4 [377] 0.86 0.56 In-context

FULCRA [363]

Model Accuracy F1 Setting

DeBERTa-large [363] 0.82 - ID
LlaMa-2 7B [363] 0.83 - ID

ValueNET [272]

Model Accuracy F1 Setting

BART [272] 0.64 0.57 ID
EAVIT [377] 0.78 - ID + In-context

GPT-4o-mini [377] 0.78 - In-context
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approach on the FULCRA dataset, achieving an accuracy score of 0.82 and

0.83 for the DeBERTa-large and LLaMA-2 models, respectively.

More recently, Zhu et al. [377] introduced EAVIT, a hybrid framework

that combines fine-tuning with in-context learning techniques. The system

first applies a value detector, based on models such as LLaMA-2-13b-chat

fine-tuned with QLoRA and explanation-based training, to filter out clearly

relevant or irrelevant values and generate candidate sets for ambiguous cases.

In the final stage, online LLMs such as GPT-4 and GPT-4o are prompted se-

lectively using only the candidate set definitions. This selective prompting

strategy reduces context length and computational cost while preserving

high accuracy in value identification. For evaluation, EAVIT was bench-

marked against both traditional NLP models (e.g., BERT, RoBERTa, and

the SemEval-2023 Task 4 winner Adam Smith [307]) and a broad set of

LLM baselines, including GPT-2, LLaMA-2, GPT-3.5, GPT-4o-mini, and

GPT-4, tested under diverse prompting strategies (single-step, multi-step,

sequential, and Chain-of-Thought). While unsupervised zero-shot and few-

shot approaches provided meaningful reference points, EAVIT consistently

outperformed all baselines across three benchmark datasets, i.e. Webis-

ArgValues-22 [178], Touché23-ValueEval [179], and ValueNet [272]. Notably,

it surpasses GPT-4 in the sequential Chain-of-Thought setting, achieving

state-of-the-art results with accuracies and F1 score of 0.94 and 0.69 on

Touché23-ValueEval and 0.92 and 0.66 on Webis-ArgValues-22, respectively.

On ValueNet dataset, EAVIT presents comparable performance w.r.t. GPT-

4o-mini baseline with an accuracy of 0.78.

Beyond datasets and systems explicitly targeting BHV-based value iden-

tification, Schwartz’s theory has been employed as a conceptual anchor

in broader applications and evaluations. Obie et al.[247] analyzed mo-
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bile app reviews to detect value violations, while Fischer et al.[108] show

that ChatGPT reproduces many distinctions from the Portrait Value Ques-

tionnaire [310, 312], though with partial merging of socially oriented val-

ues. Complementary resources such as CLAVE [364] and ValueBench [280]

integrate BHV into value-sensitive evaluations of generative systems, and

methodological contributions include adaptive benchmarks like AdAEM [95]

and alignment techniques such as ConVA [166]. Interdisciplinary efforts,

e.g., ValueLex [41], further interrogate whether human-centered theories like

BHV suffice to capture value orientations in LLMs. Collectively, these works

demonstrate the growing role of BHV not only as an annotation scheme but

also as a reference framework for evaluating and aligning AI systems with

human moral expectations.

2.1.3 Morality-as-Cooperation

The Morality-as-Cooperation theory [78, 79] argues that morality is not a

single, unified construct but rather a collection of biological and cultural

adaptations evolved to address the recurring challenges of cooperation in

human social life. Grounded in the mathematics of cooperation and evo-

lutionary game theory, this framework identifies seven distinct classes of

cooperative dilemmas and their corresponding adaptive solutions, which to-

gether constitute the fundamental “elements” of human morality. These do-

mains include: family values (arising from kin selection), group loyalty (from

mutualism and coordination), reciprocity (from social exchange), heroism

(hawk-like strategies in conflict resolution), deference (dove-like strategies),

fairness (principles of resource allocation), and property rights (the recogni-

tion of possession). Importantly, the MAC theory conceptualizes morality

as a combinatorial system, in which seven basic elements can be combined

77



Figure 2.3: Morality-as-cooperation framework

to produce a wide variety of more complex moral “molecules”. Morality-

as-Cooperation theory provides a principled and predictive taxonomy, de-

scribed as a “Periodic Table of Ethics” (Figures 2.3), intended to capture

both the structure and content of actual and possible moral systems.

The application of MAC theory within NLP remains relatively underex-

plored. Existing contributions include the works of Malik et al.[220], Alfano

et al.[10], and Söderholm et al.[327], which are summarized in Table2.7.

Malik et al. [220] introduce the Extended Morality-as-Cooperation Dic-

tionary (eMACD), derived from crowd-sourced annotations of over 56,000

text spans from news articles. The dataset comprises 56,125 annotated high-

lights extracted from 3,342 unique articles, covering 18,619 unique words.

Annotations were provided by 1,070 U.S.-based contributors recruited via

Prolific Academic, with each span linked to one of the seven MAC domains

(i.e. family values, group loyalty, reciprocity, heroism, deference, fairness,
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and property rights), further categorized into virtue and vice. Each lexical

item is represented as a probability vector across the seven domains. The

authors assess eMACD’s predictive validity with machine learning models,

including random forest classifiers and linear regression, across ten valida-

tion studies spanning news, social media, and film dialogue corpora. Results

indicate that eMACD consistently outperforms existing moral dictionaries.

Alfano et al. [10] construct the Human Relations Area Files (HRAF)

corpus by applying the MAC-D lexicon to 9,653 paragraphs from 1,389 doc-

uments representing 256 societies. Söderholm et al. [327] examine the ap-

plicability of MAC to ancient texts, annotating 102 units from the Sermon

on the Mount in Koine Greek. While their analysis confirms broad coverage

of MAC domains, it also reveals substantial annotator divergence, under-

scoring the challenges of preparing reliable training material for machine

learning applications.

Table 2.7: Overview of benchmark datasets for moral value detection within
the MAC framework. We report its size, the taxonomy size, and the number
of annotators for each dataset.

Dataset Size Taxonomy Annotator

eMACD [220] 3,342 7 1,070
HRAF [10] 9,653 7 -
Sermon [327] 102 7 5

2.2 Towards Assessable and Controllable AI in Human-

centered domain

The development of AI systems that can operate reliably in morally sensi-

tive contexts demands more than strong predictive accuracy; it also requires

robustness, interpretability, and controllability. This section addresses two
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complementary dimensions that are central to advancing Human-Centered

AI in such domains. Section 2.2.1 considers the challenges posed by sub-

jective annotation, introducing metrics and evaluation strategies that more

faithfully capture human diversity in relation to model performance. Sec-

tion 2.2.2 explores controllability, with a focus on grammar-constrained de-

coding (GCD) methods designed to enforce structural compliance in gen-

erative models. Collectively, these perspectives provide a methodological

foundation for developing AI systems that are both resilient to real-world

variability and aligned with human values.

2.2.1 Evaluating Subjective Labels: Annotator Diversity, Agree-

ment, and Model Alignment

Recent research has increasingly focused on addressing the limitations of su-

pervised methods, particularly in scenarios where training data are scarce or

annotations are highly subjective (cf. Sect. 1.3.2). Moral value detection ex-

emplifies these challenges, as it often relies on judgments that are inherently

subjective, leading to limited datasets and potential annotation biases (cf.

Sect. 1.2.2). To mitigate these issues, Golazizian et al. [123] introduced a

two-stage framework designed to improve the efficiency of annotation collec-

tion and modeling. In the first stage, a small group of annotators is employed

to construct a multitask model; in the second stage, a limited number of

samples are selected and annotated per annotator, thereby integrating their

unique perspectives into the model. To support evaluation at scale, the

authors released the Moral Foundations Subjective Corpus, a dataset com-

prising 2,000 Reddit posts annotated by 24 individuals for moral sentiment.

Their findings show that this framework outperforms previous state-of-the-

art methods in capturing individual annotator perspectives while requiring
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only 25% of the typical annotation budget. Moreover, the approach fos-

ters fairness by reducing disparities in performance across annotators. In a

complementary line of work, van der Meer et al. [341] proposed Annotator-

Centric Active Learning (ACAL), a framework that combines data sampling

with annotator selection strategies. ACAL pursues two main objectives:

first, to efficiently capture the diversity of human judgments in subjective

tasks, and second, to evaluate models using annotator-centric metrics that

prioritize minority perspectives alongside majority ones. Through experi-

ments spanning seven subjective NLP tasks, the authors tested a range of

annotator selection strategies, adopting both established and novel human-

centered evaluation measures. Their results demonstrate that ACAL im-

proves data efficiency and excels in capturing diverse perspectives, though

its effectiveness depends on access to a sufficiently large and heterogeneous

pool of annotators. Our research adopts a distinct direction by shifting from

supervised approaches to unsupervised learning with LLMs. This eliminates

reliance on pre-labeled data, enhancing scalability and adaptability in real-

world contexts where annotations are limited or costly. In addition, we

introduce a validation framework that moves beyond traditional evaluation

strategies by assessing LLM performance in the moral domain without su-

pervised labels. This approach offers a new perspective on the evaluation of

models in highly subjective tasks. The evaluation of machine learning mod-

els has traditionally relied on well-established performance metrics such as

precision, recall, and F1-score, which balance false positives and false neg-

atives [87]. These metrics, however, are not directly applicable to human

annotations, which are typically evaluated using inter-annotator agreement

measures such as Cohen’s Kappa [344], Fleiss’s Kappa [104, 110], and Krip-

pendorff’s alpha [193]. Cohen’s Kappa accounts for chance agreement but
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is restricted to two annotators and is thus unsuitable for more complex set-

tings. Fleiss’s Kappa extends this to multiple annotators by estimating an

overall agreement score, though it fails to capture fine-grained distributional

differences. Krippendorff’s alpha offers greater flexibility, handling multiple

data types including ordinal and interval scales, but like the other measures,

it assumes a fixed ground truth and primarily assesses consistency rather

than performance relative to a reference standard. These assumptions limit

their applicability in tasks where subjectivity and ambiguity are inherent, re-

sulting in an incomplete representation of annotation reliability [275]. Alter-

native measures have been proposed to address some of these shortcomings.

The pairwise F1-score [154], for instance, evaluates agreement between anno-

tators at the instance level, capturing finer-grained annotation differences by

focusing on label overlap rather than binary matches or mismatches. While

this method better reflects subtle divergences, it remains limited to pairwise

comparisons, does not generalize to variable numbers of annotators, and

fails to account for chance agreement. Consequently, distinguishing genuine

agreement from random overlap remains problematic. Our proposed met-

ric builds on these principles, aiming to provide a more holistic framework

that integrates inter-annotator variability while maintaining closer align-

ment with established model evaluation methodologies. The complexity of

subjective annotation becomes even more evident in multi-class and multi-

label tasks, where inconsistencies often arise from differing interpretations of

class boundaries or varying degrees of granularity [224]. For instance, Yang

et al. [362] highlighted the limitations of traditional agreement measures in

contexts characterized by high inter-observer variability, such as segmenta-

tion tasks. To address these challenges, researchers have explored consensus-

based approaches, such as crowdsourcing frameworks [97, 98, 122, 270] and
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probabilistic annotation techniques [263, 376]. Probabilistic models, for ex-

ample, attach confidence scores to labels rather than treating them as dis-

crete categories, while consensus-based methods aggregate multiple anno-

tator judgments to construct more reliable gold standards. Although these

approaches improve annotation quality, they remain focused on optimizing

label reliability rather than aligning human annotations directly with model

evaluation. Despite such advancements, existing methodologies continue to

struggle with integrating human annotation and model evaluation within a

unified framework. Consensus-driven strategies privilege agreement, often

obscuring meaningful individual variation, while active learning methods

improve data efficiency but fall short of addressing the core challenge of in-

terpretability in the comparison between models and annotators. In Chapter

4, we propose a novel methodology that seeks to bridge this gap by introduc-

ing an evaluation metric that explicitly links annotation quality with model

performance, thereby providing a more interpretable and robust framework

for the assessment of complex annotation tasks.

2.2.2 Grammar Constraints and Decoding Strategies

In the broader effort to develop AI systems that are more controllable

and therefore safer, a central goal of HCAI (cf. Sect. 1.2.3), Grammar-

Constrained Decoding (GCD) has emerged as one of the most actively ex-

plored research directions. This line of work has gained traction in the cur-

rent LLM-dominated landscape, where controllability has become a critical

challenge. As discussed in Sect.2.1, unsupervised and semi-supervised ap-

proaches are often preferred over supervised ones, as they support stronger

generalization and better leverage modern generative models. However, this

shift limits the role of explicit supervision and fine-tuning, increasing the risk
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of overspecialization in highly subjective domains. Instead, such methods

depend on implicit knowledge, restricting the enforcement of strict output

conformity. As a result, generative models frequently exhibit issues such as

hallucinations [157], undermining their reliability in sensitive contexts.

To mitigate these risks and enforce predefined constraints, several strate-

gies have been proposed. Prompt-based few-shot techniques attempt to

guide models toward producing rule-abiding outputs while preserving gen-

eralization, but they remain inherently unreliable, as no guarantee exists

that outputs will adhere to the intended rules. In response, Grammar-

Constrained Decoding has recently emerged as a promising and more prin-

cipled alternative.

A number of GCD frameworks [88, 120, 191, 204, 260, 261, 306, 318, 353]

have been proposed to enforce structured output constraints by integrat-

ing formal grammatical mechanisms into the decoding process. These ap-

proaches rely primarily on finite-state automata (FSA), context-free gram-

mars (CFGs), and deterministic parsing strategies. Koo et al. [191] and Park

et al. [261] exploit automata-based techniques to enforce structural compli-

ance while improving computational efficiency. Koo et al. employ finite-

state transducers (FSTs) and finite-state machines (FSMs), offering closed-

form solutions for regular languages and extending the approach to de-

terministic context-free languages through pushdown automata (PDAs).

Their method provides substantial speedups in constraint enforcement and

allows modular adaptation across structured generation tasks. Park et

al. refine this strategy by introducing a token spanner table that effi-

ciently maps LLM tokens to sequences of grammar terminals, thus op-

timizing both offline preprocessing and online constrained decoding. Li

et al. [204] present Formal-LLM, which constrains plan generation using
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non-deterministic PDAs. Their method allows PDAs to be constructed di-

rectly from natural language, with transitions integrated into LLM prompts

to guide text generation, though it does not intervene during the decod-

ing process itself. In contrast, Willard and Louf [353] introduce Efficient

Guided Generation, modeling text generation as a sequence of FSM state

transitions. This enables constraint enforcement with O(1) complexity per

token, but restricts applicability to regular languages, limiting its scope for

more complex structures. Other methods, including Geng et al. [120], PI-

CARD [306], and Shin et al. [318], adopt grammar-based decoding strategies

built upon input-dependent grammars (IDGs) or external parsing mecha-

nisms, which are especially suited to structured tasks such as semantic pars-

ing. Park et al. [260] propose Grammar-Aligned Decoding (GAD), designed

to preserve the LLM distribution over valid outputs while building on the

formal framework of Geng et al. [120], making it complementary to exist-

ing grammar-based methods. Along similar lines, Ahmed et al. [5] employ

logic circuits and locally constrained resampling to enforce structural com-

pliance while maintaining expressiveness, correcting biased samples through

importance weighting and resampling. Zhang et al. [370, 371] integrate Hid-

den Markov Models (HMMs) to impose logical constraints on LLM outputs,

using probabilistic reasoning to evaluate token validity and compute condi-

tional probabilities during generation. Unlike FSM-based methods, their ap-

proach supports a broader class of context-free grammars. Unlike probabilis-

tic or external parsing methods, it guarantees strict adherence to grammar

rules without resorting to superlinear processing or post-filtering, thereby

offering greater scalability. Deutsch et al. [88] propose a general-purpose

algorithm for constrained sequential inference, integrating constraints into

the decoding process through deterministic pushdown automata. Their ap-
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proach treats the automaton as an input specification but does not define

which classes of grammars can be handled efficiently. Dong et al. [93] extend

this line with XGrammar, a structured generation engine for LLMs that

enables flexible constrained decoding based on context-free grammars. By

partitioning the vocabulary into context-independent tokens, XGrammar re-

duces the computational overhead usually associated with grammar-based

decoding. However, it does not guarantee linear-time efficiency, as it re-

lies on non-deterministic PDAs to resolve ambiguities, requiring multiple

concurrent stacks, which may become computationally intractable.

In Chapter 5, we introduce GRAMMAR-LLM, a system that overcomes

these limitations by enforcing constraints directly during decoding via deter-

ministic pushdown automata derived from LL(prefix) grammars. This guar-

antees that generated outputs strictly adhere to predefined syntactic struc-

tures while ensuring that computational overhead grows linearly with the

length of the generated text. Unlike more general approaches, GRAMMAR-

LLM thus combines scalability with strict structural compliance, making it

a robust and adaptable solution for constrained text generation.

2.3 AI for the Deaf Community

One of the central goals of HCAI is to design AI systems that promote

inclusivity (cf. Sect. 1.3.1). Within this scope, a particularly relevant appli-

cation in NLP is the development of translation systems between spoken or

written language and sign language. Sign Language Translation (SLT) has

recently emerged as a rapidly expanding frontier of AI research. However,

current generative models such as GPT are ill-suited for this task, as sign

language data are largely absent from pre-training corpora. Consequently,

conventional prompting-based translation techniques remain inadequate for
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SLT.

Chapter 8 presents a novel contribution to the field by introducing a new

sign language (SL) translation model for NLP that leverages the capabilities

of current LLMs to perform the task. To provide background and a litera-

ture overview, Section 2.3.1 reviews the foundations of SL translation, while

Section 2.3.2 details the current state of the art for this task.

2.3.1 Theoretical foundations of Sign Language translation

Sign languages are fully developed natural languages that employ a complex

system of manual gestures, facial expressions, and body movements to con-

vey meaning. Unlike spoken languages, they are inherently visual-spatial,

relying on three-dimensional space to express grammatical and semantic in-

formation. This unique modality poses significant challenges for linguistic

and computational analysis. Intermediate representations, such as gloss no-

tation, HamNoSys (Hamburg Notation System) [266] and SignWriting [333],

have been developed to bridge these gaps. Glosses provide written approxi-

mations of sign language using natural language words or symbols to label

individual signs, simplifying transcription and analysis. HamNoSys, on the

other hand, offers a phonetic transcription system that encodes the physi-

cal parameters of signs, including handshape, orientation, movement, and

location, in a highly abstract and language-agnostic manner. While these

systems are effective for specific applications, they often fail to capture the

holistic visual-spatial structure of sign languages. In contrast, SignWriting

provides a visually expressive and iconic featural system explicitly designed

to capture the intricacies of signed communication. It represents signs graph-

ically, encoding key features like handshapes, orientations, movements, body

locations, and facial expressions within a two-dimensional ”sign box” that
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mirrors the structure of signed expressions. Additionally, SignWriting can

be linearized outside the sign box, enabling its integration into practical

applications similar to written scripts for spoken languages. This dual rep-

resentation – spatial and linear – positions SignWriting as a powerful tool

for linguistic analysis and computational applications, such as sign language

recognition [4], and translation. SignWriting has two primary computer-

ized specifications: Formal SignWriting in ASCII (FSW) and SignWriting

in Unicode (SWU). Both specifications are written linearly, aligning with

the conventions of written languages. Each FSW sequence of symbols be-

gins with a bounding box marker (M), followed by positional factors (x,

y) and symbol identifiers. These identifiers include a base character (e.g.,

S1ce) along with modifiers for orientation, rotation, and spatial metadata.

Figure 2.4 provides an example of FSW encoding, demonstrating the system-

atic decomposition and representation of signs. FSW adheres to a rigorous

syntax defined by regular expressions, guaranteeing the grammatical and

syntactical correctness of encoded signs. Moreover, FSW is isomorphic with

SWU enabling seamless interchange between formats. By encoding both the

symbolic and spatial features of signs, FSW notation enables the decompo-

sition of signs into constituent components (e.g., handshapes, movements)

and leverages positional data for semantic modeling. This factorization facil-

itates the separation of visual features from semantic features and therefore

provides a transparent and interpretable representation, which in turn aids

in developing robust and reliable translation systems. In addition to the

FSW representation, a sign can be paired with a glossing system specifically

tailored to SignWriting. These notations, referred to as canonical descrip-

tions, offer a standardized and abstract representation of sign language,

effectively bridging the gap between its visual-spatial nature and linguistic

88



Figure 2.4: Example of FSW encoding and canonical descriptions of a sign
language sequence. FSW provides a detailed, structured representation
of signs, while canonical descriptions offer a more abstract and language-
independent representation.

modalities. By converting complex sign language gestures into structured

natural language descriptions, canonical descriptions facilitate efficient ma-

chine processing and analysis.

In Section 8, we present a novel contribution that uses FSW and canoni-

cal descriptions to investigate translation tasks, demonstrating their efficacy

in both data-rich and data-scarce settings, and their compatibility with con-

temporary computational frameworks.

2.3.2 Sign Language Translation: an Overview

Recent advancements in SLT research primarily focus on two categories of

models: end-to-end models, which directly map video inputs to text out-

puts, and representation-based models, which employ intermediate sym-

bolic representations such as glosses or other meta-languages to decompose

the task into smaller and interpretable steps [85, 105]. While end-to-end

models offer efficiency [375], gloss-based models remain widely adopted for

their interpretability and modularity. These multimodal models are partic-
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ularly well-suited for video-to-text SL translation, whereas the inverse task

of text-to-sign translation remains substantially more challenging. Generat-

ing temporally coherent and linguistically accurate sign language videos is

still a complex endeavor, and current solutions largely rely on animation or

avatar-based methods [367]. In this case, intermediate symbolic representa-

tions play a key role, as they reduce the complexity of video generation and

can be integrated with downstream avatar animation tools.

State-of-the-art approaches to text-based SLT, which aim to address

both SL-to-text and text-to-SL tasks without relying on video data, typi-

cally adopt structured intermediate representations such as glosses [20, 366],

HamNoSys [173], SignWriting, or SMPL-X. Glosses provide simple written

approximations of signs using natural language labels, but they lack the

formalism required to encode phonological, spatial, and non-manual fea-

tures, which limits their usefulness for synthesis or generation. Similarly,

HamNoSys provides a phonetic transcription system for sign languages, but

it lacks a standardized computational form suitable for direct integration

into neural models. By contrast, representations such as SignWriting and

SMPL-X have been explicitly designed to encode visual-linguistic properties,

making them more suitable for generation pipelines. Several studies have

explored the use of SignWriting for recognition and segmentation [238, 315],

with advances in languages such as Arabic and Japanese [11, 227], as well

as ontology-driven approaches [12].

Recent translation approaches increasingly rely on transformer architec-

tures [84, 164]. The work of Jiang et al. [164] is particularly relevant, as it

establishes the state of the art in SignWriting-based SLT. They propose a

multilingual pipeline that translates natural language into SignWriting by

decomposing the process into multiple stages, including analysis, factoriza-
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tion, decoding, and evaluation of SignWriting sequences. Their system rep-

resents SignWriting sequences as sequences of Formal SignWriting (FSW),

decomposed into base units (symbols) and supplementary information (e.g.,

positional numbers). These elements are encoded as variables processed by

a factorized model [116, 186]. For spoken-to-sign tasks, symbol tokens are

decoded using Beam Search, while positional factors are predicted through

regression. To further improve performance, external dictionary resources

such as Dictionary Puddles1 are integrated. Despite these advances, the

model exhibits limitations: finger-spelling requires specialized handling, and

conventional text classification metrics may be insufficient for evaluating

SLT outputs, given their inherently visual and spatial characteristics.

More recently, LLMs have been applied to SLT, particularly in video-

to-sign translation [124, 159, 165, 208, 356]. These methods have been ex-

plored both with and without intermediate representations such as gloss

notation [170, 213]. In addition, LLMs have shown potential in translating

between natural language and glosses [106, 196]. However, to the best of

our knowledge, no study has directly addressed the task of sign language

translation from natural language to encoded symbolic representations such

as SignWriting using generative pre-trained LLMs. This limitation remains

a key challenge, since LLMs have not been exposed to sign language rep-

resentations during pre-training, raising fundamental questions about their

capacity to handle such tasks.

1https://www.signbank.org/signpuddle/
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3 Moral Value Detection

In Chapters 1 and 2, I detailed how advancing HCAI requires systems ca-

pable of recognizing and operationalizing moral values in natural language

processing. However, identifying moral values in textual documents is a per-

sistent challenge, mainly due to the limitations of current supervised models.

These models often struggle with overfitting problems, as they over-conform

the specific training data distribution [56].

Although these classifiers show good results for datasets with similar

distributions, their performance suffers statistically significant degradation

when dealing with data from a real scenario with an unknown data distri-

bution (cf. Chapter 2.1). This contrast underscores the inherent trade-off

between supervised approaches, which can be highly effective but remain

tied to domain-specific training data, and zero-shot methods, which lever-

age large pre-trained models to perform classification without task-specific

fine-tuning. The latter offer the advantage of greater adaptability, as they

can generalize more effectively across unseen or heterogeneous domains.

This highlights the need for more versatile approaches to moral clas-

sification. Researchers can achieve this by addressing the limitations of

domain-specific training data and implementing methods that adapt to dif-

ferent data distributions. Such advances promise to impact different areas,

including content moderation, ethical decision-making frameworks, and the
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broader landscape of human-computer interaction.

A further key aspect of moral detection concerns the evaluation method-

ology (cf. Sect. 1.3.2, Sect. 2.2.2). Current gold standards rely on annota-

tions from multiple human coders, but this approach faces limitations due to

low inter-annotator agreement for inherently subjective tasks. This inconsis-

tency weakens the gold standard’s reliability, hindering accurate assessment

of model performance.

In addressing these challenges, this Chapter presents the contribution [59],

which leverage the ability of state-of-the-art models to grasp abstract social

concepts through training on extensive pools of common-sense data [24].

This strategy aims to mitigate the risk of overfitting specific moral datasets

and develop models that generalize across real-world scenarios. To validate

our approach, we present an in-depth evaluation comparing the performance

of state-of-the-art unsupervised models with human judgments. Our novel

framework directly juxtaposes model outputs with human annotations. This

head-to-head approach addresses subjectivity concerns by placing human

and model ratings on equal footing, offering valuable insights into both.

Our methodology explores the use of state-of-the-art LLMs of differ-

ent sizes (i.e. Mistral-7B, Llama-7B, Mixtral-8x7B, Llama-70B, GPT-3.5,

and GPT-4) as zero-shot, pre-trained unsupervised multi-label classifiers

for moral value detection. This approach allows us to identify moral values

without the need for explicit training on the annotated data. To evaluate

the technique’s adaptability and effectiveness, we incorporate both zero-

shot and few-shot settings. The latter uses a limited number of examples to

guide predictions, enhancing the models’ contextual understanding and per-

formance. To evaluate the effectiveness and adaptability of our technique,

we compare it with a smaller zero-shot method based on Natural Language
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Inference (NLI). Our assessment reveals GPT-4 as the top performer, fol-

lowed by GPT-3.5, Llama-70B, Mixtral-8x7, Mistral-7B and Llama7B. No-

tably, all systems outperform the NLI-based model. Furthermore, we delve

into the strengths and limitations of the models in different value domains

and prompting configurations. Our exploration includes everyday morality

and morality applied to political contexts, employing two distinct prompting

approaches that leverage the models’ contextual understanding capabilities.

For a comprehensive and unbiased evaluation, we design a strategy that

divides moral detection tasks into two sub-tasks: (i) multi-label moral value

detection and (ii) binary moral classification. The multi-label moral value

detection subtask focuses on identifying moral values in a text, assuming

the model recognizes the text as inherently moral. The binary classification

sub-task determines whether a text contains moral content or not. This

strategy allows for a nuanced and in-depth understanding of findings in the

field of moral classification. Through separate analyses of these two aspects,

we aim to provide a clearer perspective on model capabilities. This ensures

that the evaluation of the simpler binary task does not overshadow the more

complex multi-label task. Furthermore, we introduce a novel experimental

framework that allows a direct comparison between human and model per-

formance under identical conditions. This comparative analysis juxtaposes

results from automated value detection with those derived from human eval-

uation, clarifying the moral dimensions in which models achieve superior or

comparable performance to humans.

In our research, we employ the MFRC [337], comprising 16,123 Reddit

comments. This corpus is divided into three separate subcorpora, each de-

lineating distinct domains (cf. Sect. 2.1.1). Furthermore, annotations in

the corpus adhere to Graham and Haidt’s MFT [129].
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The Chapter is structured as follows. Section 3.1 delves into the unsuper-

vised methodologies we use, distinguishing between the techniques involving

LLM (Sect. 3.1.1 and the NLI-based method (Sect. 3.1.2. In Section 3.2,

we present a comprehensive overview of our experimental setting, exploring

an assessment of different linguistic models in the task of moral value de-

tection (Sect. 3.2.2. We specifically focus on two key sub-tasks: multi-label

identification of moral value dimensions (Sect. 3.2.2 and binary detection of

text containing moral content (Sect. 3.2.2. Additionally, in Section 3.2.3,

we introduce a direct human model comparison framework for evaluating

both multi-label and binary moral detection that addresses the issue of sub-

jectivity limitations in gold standards. Furthermore, Section 3.3 provides a

detailed discussion of the results obtained across all task configurations and

evaluation settings 1.

For a comprehensive discussion of the theoretical foundations and the

current state of the art, see Chapter 2.1.1.

3.1 Methodology

We leverage a set of pre-trained LLMs and an NLI model as zero-shot

ready-made unsupervised multi-label moral value classifiers. Our goal is

to evaluate their effectiveness in identifying moral content in textual data.

Section 3.1.1 provides an overview of the LLMs we employ, including a

comprehensive analysis of the prompting techniques we use. Section 3.1.2

delves into the architecture of the NLI-based model detailing the different

configurations we implement.

1All experiment results and the corresponding code for replication are available at the
following link: https : //osf.io/kw6rc/?viewonly = 73c3d8e2f7c9483ea012347d70d27b6f
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3.1.1 LLM-based models

We employ GPT-4 [2], GPT-3.5 [52, 252]2, Llama3-70B [231], Mistral-7B [161],

and Mixtral-8x7B3 and Llama2-7B [336] models in unsupervised zero-shot

and few-shot settings to assess LLMs’ capability in detecting moral val-

ues in text. GPT-3.5 is specifically designed to excel at interpreting and

executing instructions, aiming to deliver consistent and contextually rele-

vant responses. Its training process integrates Reinforcement Learning of

Human Feedback (RLHF) [252], which enhances the model’s ability to fol-

low instructions and minimize the generation of erroneous or harmful out-

puts. RLHF has applied Proximal Policy Optimization (PPO) [308], a rein-

forcement learning algorithm demonstrably effective in training an agent’s

decision-making capabilities to tackle complex tasks.

GPT-4 represents a significant advancement in the GPT series, emerging

as a multimodal LLM capable of processing both text and image inputs

while generating text outputs. Trained on a massive scale, with the exact

number of parameters undisclosed, GPT-4 exhibits human-level performance

across different benchmarks, surpassing the capabilities of its predecessor,

GPT-3.5.4 The model’s development involved an iterative training process,

incorporating adversarial testing and continuous feedback integration. This

iterative process has resulted in notable improvements in factual accuracy,

steerability (the ability to control and guide the model’s output through

instructions), and adherence to safety constraints.

Llama is a suite of pre-trained generative text models ranging from 7

billion to 405 billion parameters. We employ both the chat version of the

Llama2-7B model and Llama3-70 model optimized for dialogue. The chat

2We employ the GPT-3.5-turbo-instruct version.
3We employ the NousResearch/Nous-Hermes-2-Mixtral-8x7B-DPO version.
4The number of parameters in the GPT-4 model is estimated to be about 1.7 trillion.

96



version prioritizes conversational fluency through further fine-tuning on tens

of thousands quick response pairs and additional datasets. To ensure data

quality, its training data underwent a rigorous filtering process, which ex-

cluded websites with known privacy issues and unreliable sources. Llama

training has included RLHF with PPO, enhanced by the strategic assimila-

tion of Rejection Sampling, a technique for acquiring observations from tar-

geted distributions. Llama2 shows little differences with respect to Llama3,

with the latter demonstrating notable advancements in computational ef-

ficiency and contextual understanding, as well as enhanced multi-turn di-

alogue consistency. Additionally, Llama3 incorporates a more expansive

training dataset and utilizes refined alignment techniques to improve out-

put reliability.

Mistral, an LLM with 7.3 billion parameters, addresses the challenges

of processing extensive text and computational efficiency. Sharing a similar

size to the previously employed Llama2-7B model, Mistral leverages two key

techniques: Sliding Window Attention (SWA) [37, 73] and Grouped Query

Attention (GQA) [8]. SWA tackles the computational demands of long

sequences by segmenting them into manageable 4096-token windows, effec-

tively reducing memory footprint and accelerating inference. This allows

Mistral to handle sequences with a total context length of 32,768 tokens.

GQA departs from the conventional attention mechanism by grouping hid-

den states, leading to significant improvements in efficiency compared to tra-

ditional methods. We employ an “instructed” version of Mistral5, which has

been fine-tuned specifically for processing chat-style instructions, incorpo-

rating additional optimizations for excelling in conversational interactions.

Mixtral, a composite model combining 8 Mistral-7B models into an

5We employ the Mistral-7B-Instruct version.
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ensemble (Mixtral-8x7B), represents an innovative approach to leveraging

model diversity for improved performance. Fine-tuned with Direct Pref-

erence Optimization (DPO) [273], Mixtral achieves notable improvements

in both response quality and contextual adaptability. The ensemble model

harnesses the strengths of its constituent Mistral models, employing sophis-

ticated alignment and optimization techniques to ensure consistency and

coherence in dialogue tasks. By distributing computational loads and com-

bining insights across models, Mixtral not only enhances robustness but

also achieves superior reliability in generating nuanced, contextually appro-

priate outputs. This design underscores its efficacy in managing complex

and high-stakes conversational interactions.

To ensure consistency, we adopt the same hyperparameters configuration

for all LLMs employed. We set a low-temperature score of 0.10 to promote

deterministic outputs, favoring the most probable token selections at each

generation step. We set top-p nucleus sampling with a threshold of 0.90.

Finally, we establish a maximum output length of 200 tokens and leave all

the other parameters with their default values.

To detect moral values from text, we leverage the LLMs’ inherent knowl-

edge and contextual comprehension through prompting. As shown in Fig-

ure 3.1, we develop two prompting configurations. The first, labeled “single-

prompt”, assesses the model’s capacity for comprehensive in-context rea-

soning. This configuration presents a single prompt requiring the model to

identify whether a sentence conveyed moral content and, if so, to simulta-

neously identify the specific MFT moral dimensions. This approach tests

the model’s ability to handle both binary and multi-label moral value detec-

tion tasks jointly. The second configuration, labeled “multi-taks”, presents

a two-step approach with separate instructions to simplify the task. Ini-
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tially, the model focuses on determining the presence or absence of moral

content in the sentence, answering in a binary format (i.e. “yes” or “no”).

If the answer is positive, a subsequent prompt asks the model to tackle the

multi-label task, predicting the moral dimensions in the sentence. As shown

in Figure 3.1, we design the prompt to encourage the model to generate

binary responses (positive or negative) for each moral dimension. This ap-

proach aims to reduce the variability in the model’s textual output during

the detection task.

Building on these configurations, we adapt the structure of the 0-shot

single-prompt setting to create the 6-shot and 12-shot few-shot prompts.

These few-shot prompts incorporate randomly selected examples from the

training set, appended as context to the prompt to guide the model’s pre-

dictions. The examples are formatted consistently with the single-prompt

approach, providing both positive and negative cases for each moral dimen-

sion. This design ensures alignment with the 0-shot structure while lever-

aging in-context learning to improve performance. The random sampling

of examples minimizes selection bias and introduces variability, enabling

an evaluation of the model’s sensitivity to few-shot learning across different

moral dimensions. To ensure coverage of all labels, we exclude combinations

that do not encompass all labels.

A post-processing step aligns the model’s predicted moral dimensions

with the MFT framework. Here, the model’s identified dimensions are di-

rectly mapped to their corresponding MFT labels, except for “Proportion-

ality” and “Equality”, which are mapped into “Fairness” to conform with

the original version of MFT.
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3.1.2 NLI-RoBERTa-based model

Our investigation into unsupervised methodologies for moral value detection

explores the potential of NLI systems as zero-shot ready-made classifiers [55].

The NLI model’s capacity focuses on determining the relationship between

two inputs text, a premise and a hypothesis. This involves determining

the degree to which the hypothesis is entailed, contradicts or is neutral

w.r.t the premise. Understanding the contextual relationship between text

pairs allows NLI models to make inferences about their logical connections.

Following [24], we formulate hypotheses for each potential moral value using

the input text as the premise. To perform this classification, we leverage

pre-trained checkpoints of MNLI-RoBERTa-large 6, a model trained on the

MNLI dataset [354].

Our method focuses on two distinct configurations. The first configu-

ration (i.e. ’single-prompt’) follows the methodology detailed in [24] (crf.

Figure 3.2. Here, we evaluate the entailment score for each value and vio-

lation using the pre-trained NLI-RoBERTa model. The entailment score is

calculated by normalizing the model’s predicted entailment and contradic-

tion probabilities for a given moral value associated to the input text. We

consider moral values with a normalized entailment score of 0.50 or higher

as strongly associated with the text. Sentences with entailment scores below

0.50 for all moral values are classified as “Non-Moral”, signifying a lack of

discernible moral content.

The “double-prompt” configuration adopts a two-step approach. In the

first stage, we leverage the methodology of [24] to perform a binary clas-

sification task. Here, the model assesses whether the input text expresses

moral implications by comparing it with the term “moral”, treated as a

6https://huggingface.co/FacebookAI/roberta-large-mnli
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hypothesis. If the entailment score for the hypothesis exceeds a predefined

threshold (i.e., 0.50), the text is classified as moral and moves to the second

stage. Conversely, the sentence is classified as lacking moral content (i.e.

“Non-Moral”), and the process ends. The second stage focuses on identify-

ing moral foundations in text classified as moral in stage one. Following the

approach of [55] we normalize entailment and neutrality scores to perform

the classification.

3.2 Results and Evaluation

In this section, we present an evaluation of the methods discussed in Sec-

tion 3.1 in terms of their ability to detect and identify moral content. Specif-

ically, our analysis aims to provide an answer to the following questions:

1. Which model exhibits the superior performance in recognizing moral

dimensions within text? How the size of a model or different prompting

strategies affect performances?

2. Considering the subjectivity of the task, can we consider the models’

performance as satisfactory? How a human would perform on the

same task?

Next, we discuss the dataset utilized in our study (i.e. MFRC), with

a focus on its pre-processing (Section 3.2.1. Section 3.2.2 presents and dis-

cusses a comparative analysis among various models, which aims to elucidate

the strengths and weaknesses of each model in the context of moral content

identification. Last, in Section 3.2.3, we present an experimental framework

designed to facilitate direct comparison between human and model perfor-

mances.
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Figure 3.1: Overview of the LLMs-based approach. The single-prompt
configuration (left) leverages a single prompt to address both binary and
multi-label tasks: identifying the presence of moral content and detect-
ing the specific MFT dimension associated with the text. Conversely, the
double-prompt configuration (right) adopts a two-step approach with sepa-
rate prompts for each task. The first prompt focuses on a binary classifica-
tion, which identifies whether the text conveys moral content or not. Text
classified as moral then progresses to a second prompt that focuses on the
detection of one or more MFT dimensions.
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Figure 3.2: Overview of NLI-based method: After processing the input
sentence as a premise, the NLI model considers all of the MFT dimensions
to be hypotheses, and assesses their connection with each other. As the
classification outcomes, we choose labels having an entailment score of at
least 0.50. If no label satisfies this requirement, the sentence is classified as
lack of moral content (“Non-Moral”).
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3.2.1 Dataset Preprocessing

To assess the ability of the previously described models in detecting and clas-

sifying moral content, we use the MFRC dataset [337], which includes three

sub-corpora with 5366, 5351, and 7169 items for the Everyday Moral Life,

USA and French politics subcorpus, respectively. Reddit comments sourced

from a comprehensive spectrum of 12 distinct subreddit communities. These

comments have been annotated across the eight moral dimensions, under

the theoretical framework detailed in [27] (crf. Sect. 2.1.1). Diverging from

Atari et al. MFT version, we consider the MFT version of [129, 134], in

which the dyads of “Equality” and “Proportionality” are grouped into the

singular dimension “Fairness”. This aggregation allows for a more concise

and focused exploration of moral foundations, mitigating redundancy and

maintaining the crucial nuances associated with fairness. Furthermore, we

exclude the label “Thin Morality”, as conceptualized by [28], due to its am-

biguous nature. This exclusion arose from the inability to map “Thin Moral-

ity” onto any of the five established moral dimensions. Additionally, we take

into account comments identified by the majority of annotators as devoid of

moral content, designated with the label “Non-Moral”. Finally, we exclude

entries that have been both labeled as “Non-Moral” and attributed to one

or more moral dimensions by annotators, to mitigate potential ambiguity in

the corpus. The dataset includes comments from various subreddits, that

recall topics about the USA politics, French politics, and everyday moral life.

The Everyday Moral Life sub-corpus (i.e. EveryDay) focuses on moral judg-

ments and expressions of moral emotions in non-political contexts, sourced

from comments coming from four subreddits. The USA Politics sub-corpus

(i.e. USA Politics) comprises comments from three subreddits, encompass-

ing political moral language from diverse perspectives. The French Politics
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sub-corpus contains comments from subreddits associated with the French

presidential race. Our analysis highlighted a low inter-annotator agreement

for this sub-corpus , therefore we exclude it from our assessment. To reduce

subjectivity and possible noise, we exclude items classified by a single an-

notator and by annotators with uncertain confidence levels. Eventually, we

obtain 2, 837 items labeled by two to six different annotators for the Every-

day Moral Life sub-corpus and 2, 757 items labeled by two to five different

annotators for the USA Politics sub-corpus. To establish baseline perfor-

mance metrics, we aggregated Reddit annotations by majority vote for each

moral value, using a threshold of 50%.

3.2.2 Comparison Among Language Models

We evaluate the performance of GPT-3.5, Mistral, Llama2, and NLI-RoBERTa

models, on the “Everyday” and “USA Politics” sub-corpora of the MFRC.

Our primary focus is to assess their ability to identify moral content and its

associated dimensions based on MFT. We conduct a comparative analysis

using two different prompting scenarios (crf. Sect. 3.1). In the single-prompt

prompt configuration, we discriminate between moral and non-moral con-

tent and predict the corresponding dimensions with a single prompt. In the

double-prompt prompt configuration, we use a two-stage approach: first,

we classify items as moral or non-moral, and then, we associate these items

with one or more moral dimensions.

We perform the evaluation from two distinct perspectives. In Section 3.2.2,

we explore the models’ capability to identify specific moral value dimensions.

Conversely, Section 3.2.2 focuses on the ability to detect text that conveys

moral content. Although the tools considered address both tasks simulta-

neously, we discuss the two aspects separately for the sake of clarity. All
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experiments have been performed on the same dataset, discussed in Sec-

tion 3.2.1.

Identification of Moral Value Dimensions

Tables 1 to 6 present the performances of the models in the identification

of moral value detection in both single-prompt and double-prompt settings.

Each model has been evaluated on the dataset introduced in Section 3.2.1.

Table 3.1 summarizes the overall performance of the models in terms of

weighted precision, recall, and F1 score. The metrics have been averaged

across the five dimensions of the MFT. Unlike other studies, we do not

include a “Non-Moral” dimension to avoid bias. This decision stems from

the observation that a significant number of items in the dataset do not

convey any moral value and are easier to classify, which could falsely suggest

superior performance.

The GPT-4 model demonstrates the highest overall performance, achiev-

ing an F1 score of 0.55 across all MFT dyads in the double-prompt config-

uration. This represents a significant improvement of over 7 percentage

points compared to GPT-3.5, which exhibits competitive performance in

both single- and double-prompt settings, attaining F1 scores of 0.50 and

0.48, respectively. A prompt analysis reveals that while GPT-4 shows per-

formance comparable to GPT-3.5 in the single-prompt scenario, it demon-

strates a substantial performance gain in the double-prompt setting, achiev-

ing an increase of over 5 percentage points and surpassing the 0.50 F1 score

threshold. The performance decline is due to the binary classification, as dis-

cussed in Section 3.2.2. In the single-prompt configuration, GPT-4 exhibits

a propensity to classify a greater proportion of content as moral rather than

non-moral. This is likely because the model is less sensitive to more com-
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plex prompts, potentially interpreting the dyads as constraints that limit

the number of positive predictions it can generate.

Llama-70B and Mixtral exihibit F1 scores of 0.45 and 0.43, respectively,

under their optimal prompting scenarios. Despite having significantly fewer

parameters than GPT-based models and Llama-70B, Mixtral demonstrates

competitive performance, achieving F1 scores of 0.43 and 0.41 in the single-

and double-prompt settings, respectively. In contrast, Llama-70B achieves

slightly higher F1 scores of 0.44 and 0.45 in the single- and double-prompt

configurations, respectively.

Notably, Mistral and Llama2 achieve F1 scores of 0.43 and 0.30, re-

spectively, under their optimal prompting configurations. Although Mistral

has a significantly lower parameter count compared to Llama-70B, Mixtral,

and the GPT-based models, it exhibits competitive performance relative to

Llama-7B and is comparable to Mixtral in the single-prompt context. In the

double-prompt configuration, Mistral achieves an F1 score of 0.43, although

its performance decreases to 0.24 in the single-prompt scenario. These re-

sults highlight the importance of prompt complexity in influencing model

performance, as models with limited in-context understanding capabilities,

as smaller LLMs, may benefit more from the double-prompt scenario. Con-

versely, Mixtral, Llama-70B and GPT-3.5 demonstrate greater adaptability

across both prompt configurations, suggesting its versatility in tackling this

task efficiently. GPT-4, characterized by a substantially larger parameter

count and enhanced generalization capabilities relative to GPT-3.5, demon-

strates superior performance metrics. This improvement is particularly ev-

ident in dual-prompt configurations, where it achieves an F1 score that is 5

percentage points higher than GPT-3.5’s best result.

Llama-based models exhibit similar performance across both scenarios.
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Llama-7B achieves F1 scores of 0.30 and 0.29 in the single- and double-

prompt configurations, respectively, while Llama-70B attains F1 scores of

0.44 and 0.45 under the same conditions. In a comparison of models with

equivalent parameter configurations, such as Llama-7B and Mistral, both

demonstrate analogous performance in the single-prompt configuration. How-

ever, in the double-prompt scenario, Mistral exhibits superior performance,

surpassing Llama-7B, which showed a notable decline in efficacy under this

condition. Furthermore, while Mistral achieves higher precision, indicating

its ability to accurately identify relevant moral dimensions, Llama-7B dis-

played significantly higher recall, suggesting a tendency to identify a broader

range of moral dimensions, even potentially irrelevant ones, as shown by a

lower precision. This aspect aligns closely with the performance charac-

teristics observed in the Llama-70B model. This trade-off in precision and

recall can render Llama-7B less effective, leading to inconsistent results and

potentially introducing a positive bias, where the model tends to associate

moral values with sentences even for neutral elements. In contrast, Mistral’s

strength in precision suggests greater selectivity in identifying moral dimen-

sions, resulting in fewer but more accurate outputs, potentially improving

the overall quality of predictions.

The NLI-RoBERTa-based model exhibited inferior performance com-

pared to the LLMs, achieving F1 scores of 0.24 and 0.16 in the single- and

double-prompt configurations, respectively.

Across the sub-corpora, all models performed significantly better on “Ev-

eryDay” content compared to “USA Politics” content. This discrepancy

is likely due to the greater difficulty and subjectivity of the tasks in the

“USA Politics” sub-corpus, which is supported by the lower level of inter-

annotator agreement. Consequently, the subjectivity of these tasks makes
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it challenging to establish an objective gold standard, increasing the likeli-

hood of mismatches between the model predictions and the gold standard.

This observation is further supported by the analysis of individual anno-

tators, detailed in Section 3.2.3. Among the models, GPT-4 and GPT-3.5

demonstrated the strongest overall performance in MFT detection. GPT-4

achieved F1 scores of 0.61 and 0.49 for the “EveryDay” and “USA Poli-

tics” sub-corpora, respectively. Similarly, GPT-3.5 exhibited F1 scores of

0.58 and 0.42 for the “Everyday” and “USA Politics” domains, respectively.

Llama-70B, Mixtral, and Mistral exhibit lower, yet comparable performance

relative to GPT-based models, considering their reduced parameter configu-

rations. Specifically, under the optimal prompting scenario for the EveryDay

subcorpus, these models attain F1 scores of 0.52, 0.51, and 0.51 for Llama-

70B, Mixtral, and Mistral, respectively. In the USA Politics subcorpus,

the F1 scores are 0.39, 0.36, and 0.34 for Llama-70B, Mixtral, and Mis-

tral, respectively. In contrast, both NLI-RoBERTa and Llama-7B exhibited

limitations in this task. This is evident also in the sub-corpora analysis.

Specifically, although Llama-7B maintained consistent performance across

different prompting scenarios, its F1 scores remained consistently lower than

other models.

Tables 3.2 to 3.6 present the detailed performance of all models for ev-

ery dimension in terms of precision, recall, and F1 score. Notably, GPT-4

and GPT-3.5 consistently demonstrate strong performance, particularly in

detecting dimensions like “Care” (i.e. Table 3.2 and “Fairness” (i.e. Ta-

ble 3.3. Under their optimal prompting scenario, GPT-4 attains F1 scores

of 0.69 and 0.53 for these respective dimensions, whereas GPT-3.5 achieves

F1 scores of 0.63 and 0.52 for the same dimensions. Furthermore, GPT-

based models exhibit a performance difference between the “Everyday” and
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“USA Politics” sub-corpora. In the “EveryDay” sub-corpus, which primar-

ily consists of non-politically charged content and benefits from the higher

inter-annotator agreement, GPT-4 and GPT-3.5 achieve F1 scores of 0.78

and 0.72 for “Care”, respectively. This contrasts with the lower F1 scores of

0.55 and 0.47 obtained in the “USA Politics” sub-corpus. This discrepancy

might be attributed to the lower consistency in human judgments in the

“USA Politics” sub-corpus compared to the “Everyday” sub-corpus. For

the “Fairness” dimension, GPT-based models demonstrate more balanced

performance, with GPT-4 and GPT-3.5 achieving F1 scores of 0.52 and

0.54 for the EveryDay subcorpus, and 0.54 and 0.51 for the USA Politics

subcorpus, respectively.

Llama-70B, Mixtral and Mistral also show promising results, achieving

an overall F1 score of 0.59, 0.55, and 0.55 for the “Care” dimension, with

a higher score (i.e. 0.67, 0.66, and 0.65) in the “EveryDay” sub-corpus

compared to “USA Politics” (i.e. 0.48, 0.40, and 0.40). The “Fairness” di-

mension reflects the trend observed in GPT-based models, with Llama-70B

and Mixtral exhibiting balanced performance, achieving F1 scores of 0.44

and 0.46 for the EveryDay subcorpus, and 0.43 and 0.46 for the USA Politics

subcorpus, respectively. In contrast, Mistral demonstrates superior perfor-

mance in the EveryDay subcorpus, attaining an F1 score of 0.48, compared

to 0.39 in the USA Politics subcorpus. Notably, the double-prompt prompt-

ing scenario proves to be beneficial for Llama-70B, Mixtral and Mistral in

most cases.

Identifying moral values like “Purity”, “Loyalty”, and “Authority” pre-

sented a greater challenge for all models compared to other dimensions (crf.

Tables 3.4- 3.6). GPT-4 achieves F1 scores of 0.37, 0.42, and 0.30 for these

dimensions, respectively, under its optimal prompting scenario, while GPT-
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Table 3.1: Models overall performance in multi-label moral value detection
under single- and double-prompt prompt configurations. Underlined values
indicate the best-performing prompt configuration for each model, while
bold values highlight the overall best-performing models.

Model Metric
EveryDay USA Politics Total

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Nli (355M)
Precision 0.18 0.24 0.19 0.21 0.18 0.21
Recall 0.44 0.17 0.44 0.11 0.44 0.14
F1 0.24 0.20 0.23 0.13 0.24 0.16

Llama-2 (7B)
Precision 0.23 0.25 0.18 0.17 0.20 0.20
Recall 0.68 0.63 0.65 0.48 0.66 0.55
F1 0.34 0.35 0.28 0.24 0.30 0.29

Mistral (7B)
Precision 0.31 0.49 0.21 0.35 0.56 0.42
Recall 0.43 0.54 0.30 0.35 0.17 0.45
F1 0.32 0.51 0.19 0.34 0.24 0.43

Mixtral (8x7)
Precision 0.42 0.36 0.27 0.24 0.34 0.28
Recall 0.73 0.83 0.63 0.74 0.68 0.78
F1 0.51 0.49 0.24 0.36 0.43 0.41

Llama-3 (70B)
Precision 0.37 0.39 0.26 0.26 0.32 0.32
Recall 0.86 0.85 0.76 0.80 0.81 0.83
F1 0.51 0.52 0.38 0.39 0.44 0.45

GPT-3.5 (175B)
Precision 0.57 0.54 0.41 0.38 0.49 0.42
Recall 0.63 0.63 0.48 0.47 0.55 0.55
F1 0.58 0.51 0.42 0.42 0.50 0.48

GPT-4 (Unknown)
Precision 0.46 0.55 0.33 0.42 0.39 0.48
Recall 0.81 0.77 0.73 0.64 0.77 0.70
F1 0.58 0.61 0.42 0.49 0.50 0.55

3.5’s scores are 0.28, 0.33, and 0.29, respectively. Further analysis of GPT-4,

the best-performing model, revealed that for “Purity” and “Loyalty”, the

model achieved its strongest performance on the “Everyday” sub-corpus.

While, for “Authority” moral dimension, the model achieved its strongest

performance on the “USA Politics” sub-corpus. This suggests that references

to moral foundations like “Authority” might be more explicitly expressed

and frequently encountered in political contexts.

To evaluate the impact of few-shot prompting configurations on the

task of moral values detection, we assess the performance of competitive

open models of different dimensions in the zero-shot configuration (cf. Ta-

ble 3.1, specifically Mistral-7B and Mixtral-7x8B. The analysis involves three

prompting configurations: zero-shot (no examples in the prompt), 6-shot

(six examples from the training set), and 12-shot (twelve examples from

the training set). We measure performance variations for each model across

individual moral dimensions in terms of F1 score (cf. Figure 3.3. The anal-

ysis reveals distinct trends in the performance of Mistral and Mixtral across
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Table 3.2: Models performance for predicting the MFT “Care” dimension
in terms of precision, recall and F1 score under single- and double-prompt
prompt configurations. Underlined values indicate the best-performing
prompt configuration for each model, while bold values highlight the overall
best-performing models.

Model Metric
EveryDay USA Politics Total

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Nli (355M)
Precision 0.21 0.33 0.17 0.22 0.19 0.21
Recall 0.55 0.22 0.64 0.18 0.58 0.10
F1 0.31 0.27 0.27 0.20 0.29 0.13

Llama-2 (7B)
Precision 0.34 0.37 0.22 0.20 0.28 0.30
Recall 0.78 0.73 0.78 0.52 0.78 0.64
F1 0.47 0.49 0.34 0.29 0.41 0.41

Mistral (7B)
Precision 0.48 0.63 0.35 0.36 0.75 0.52
Recall 0.51 0.67 0.26 0.43 0.17 0.58
F1 0.49 0.65 0.30 0.40 0.28 0.55

Mixtral(8x7B)
Precision 0.58 0.49 0.33 0.26 0.47 0.37
Recall 0.75 0.89 0.51 0.82 0.66 0.86
F1 0.66 0.63 0.40 0.40 0.55 0.52

Llama-3 (70B)
Precision 0.51 0.53 0.36 0.35 0.45 0.45
Recall 0.91 0.92 0.67 0.77 0.82 0.86
F1 0.65 0.67 0.47 0.48 0.58 0.59

GPT-3.5 (175B)
Precision 0.76 0.66 0.55 0.40 0.69 0.54
Recall 0.69 0.72 0.38 0.56 0.57 0.66
F1 0.72 0.69 0.45 0.47 0.63 0.60

GPT-4 (Unknown)
Precision 0.62 0.76 0.45 0.56 0.55 0.69
Recall 0.92 0.80 0.61 0.54 0.80 0.70
F1 0.74 0.78 0.51 0.55 0.65 0.69

Table 3.3: Models performance for predicting the MFT “Fairness” dimension
in terms of precision, recall and F1 score under single- and double-prompt
prompt configurations. Underlined values indicate the best-performing
prompt configuration for each model, while bold values highlight the overall
best-performing models.

Model Metric
EveryDay USA Politics Total

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Nli (355M)
Precision 0.18 0.19 0.25 0.25 0.21 0.21
Recall 0.33 0.13 0.31 0.08 0.32 0.14
F1 0.23 0.15 0.27 0.12 0.25 0.17

Llama-2 (7B)
Precision 0.17 0.18 0.22 0.20 0.20 0.19
Recall 0.66 0.69 0.72 0.57 0.70 0.62
F1 0.27 0.28 0.34 0.30 0.31 0.29

Mistral (7B)
Precision 0.14 0.48 0.15 0.45 0.54 0.46
Recall 0.07 0.48 0.06 0.34 0.16 0.40
F1 0.09 0.48 0.09 0.39 0.25 0.43

Mixtral (8x7B)
Precision 0.34 0.26 0.34 0.29 0.34 0.27
Recall 0.71 0.87 0.72 0.86 0.71 0.87
F1 0.46 0.40 0.46 0.43 0.46 0.41

Llama-3 (70B)
Precision 0.28 0.30 0.25 0.28 0.26 0.29
Recall 0.90 0.81 0.96 0.86 0.93 0.84
F1 0.43 0.44 0.39 0.43 0.41 0.43

GPT-3.5 (175B)
Precision 0.47 0.38 0.44 0.46 0.45 0.42
Recall 0.63 0.63 0.60 0.48 0.62 0.54
F1 0.54 0.47 0.51 0.47 0.52 0.47

GPT-4 (Unknown)
Precision 0.33 0.38 0.31 0.43 0.32 0.40
Recall 0.86 0.81 0.90 0.76 0.88 0.78
F1 0.48 0.52 0.46 0.54 0.47 0.53
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Table 3.4: Models performance for predicting the MFT “Purity” dimension
in terms of precision, recall and F1 score under single- and double-prompt
prompt configurations. Underlined values indicate the best-performing
prompt configuration for each model, while bold values highlight the overall
best-performing models.

Model Metric
EveryDay USA Politics Total

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Nli (355M)
Precision 0.09 0.09 0.09 0.08 0.09 0.09
Recall 0.50 0.13 0.53 0.07 0.51 0.10
F1 0.15 0.11 0.15 0.08 0.15 0.09

Llama-2 (7B)
Precision 0.06 0.07 0.07 0.07 0.06 0.07
Recall 0.16 0.11 0.17 0.08 0.16 0.09
F1 0.08 0.09 0.10 0.07 0.09 0.08

Mistral (7B)
Precision 0.13 0.18 0.12 0.14 0.41 0.16
Recall 0.60 0.35 0.46 0.27 0.11 0.31
F1 0.21 0.24 0.19 0.18 0.17 0.21

Mixtral (8x7B)
Precision 0.14 0.23 0.09 0.16 0.11 0.20
Recall 0.77 0.62 0.58 0.34 0.68 0.49
F1 0.24 0.33 0.15 0.22 0.19 0.28

Llama-3 (70B)
Precision 0.21 0.19 0.18 0.18 0.20 0.18
Recall 0.74 0.75 0.66 0.59 0.70 0.66
F1 0.33 0.30 0.28 0.27 0.31 0.29

GPT-3.5 (175B)
Precision 0.29 0.28 0.23 0.24 0.27 0.26
Recall 0.35 0.38 0.22 0.21 0.29 0.30
F1 0.32 0.32 0.22 0.22 0.28 0.28

GPT-4 (Unknown)
Precision 0.28 0.29 0.32 0.31 0.30 0.30
Recall 0.27 0.58 0.18 0.38 0.23 0.49
F1 0.27 0.39 0.23 0.34 0.26 0.37

Table 3.5: Models performance for predicting the MFT “Loyalty” dimension
in terms of precision. recall and F1 score under single- and double-prompt
prompt configurations. Underlined values indicate the best-performing
prompt configuration for each model. while bold values highlight the overall
best-performing models.

Model Metric
EveryDay USA Politics Total

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Nli (355M)
Precision 0.21 0.15 0.30 0.32 0.26 0.20
Recall 0.08 0.09 0.12 0.06 0.10 0.07
F1 0.11 0.11 0.17 0.11 0.14 0.11

Llama-2 (7B)
Precision 0.05 0.05 0.05 0.06 0.05 0.05
Recall 0.90 0.72 0.83 0.59 0.86 0.65
F1 0.10 0.09 0.10 0.10 0.10 0.10

Mistral (7B)
Precision 0.11 0.19 0.11 0.18 0.17 0.18
Recall 0.79 0.46 0.67 0.30 0.32 0.38
F1 0.19 0.27 0.19 0.22 0.22 0.25

Mixtral (8x7B)
Precision 0.13 0.13 0.12 0.13 0.13 0.13
Recall 0.79 0.73 0.59 0.54 0.69 0.63
F1 0.22 0.23 0.20 0.21 0.21 0.22

Llama-3 (70B)
Precision 0.16 0.15 0.16 0.13 0.16 0.14
Recall 0.82 0.84 0.60 0.76 0.71 0.80
F1 0.27 0.26 0.26 0.22 0.26 0.24

GPT-3.5 (175B)
Precision 0.16 0.23 0.18 0.28 0.17 0.26
Recall 0.67 0.53 0.62 0.44 0.64 0.49
F1 0.26 0.32 0.28 0.34 0.27 0.33

GPT-4 (Unknown)
Precision 0.34 0.24 0.28 0.28 0.30 0.26
Recall 0.64 0.73 0.73 0.65 0.69 0.69
F1 0.44 0.36 0.40 0.39 0.42 0.38

113



Table 3.6: Models performance for predicting the MFT “Authority” di-
mension in terms of precision, recall and F1 score under single- and
double-prompt prompt configurations. Underlined values indicate the best-
performing prompt configuration for each model, while bold values highlight
the overall best-performing models.

Model Metric
EveryDay USA Politics Total

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Nli (355M)
Precision 0.03 0.03 0.08 0.07 0.05 0.05
Recall 0.47 0.14 0.48 0.09 0.47 0.10
F1 0.06 0.05 0.13 0.08 0.10 0.07

Llama (7B)
Precision 0.05 0.06 0.14 0.11 0.10 0.10
Recall 0.25 0.18 0.28 0.28 0.27 0.26
F1 0.08 0.09 0.18 0.16 0.14 0.14

Mistral (7B)
Precision 0.07 0.12 0.13 0.26 0.30 0.22
Recall 0.70 0.14 0.73 0.24 0.09 0.21
F1 0.12 0.13 0.22 0.25 0.13 0.21

Mixtral (8x7B)
Precision 0.11 0.09 0.16 0.16 0.14 0.14
Recall 0.55 0.51 0.70 0.55 0.66 0.54
F1 0.18 0.16 0.26 0.25 0.24 0.22

Llama-3 (70B)
Precision 0.12 0.10 0.15 0.13 0.14 0.12
Recall 0.42 0.64 0.58 0.85 0.54 0.79
F1 0.18 0.18 0.24 0.22 0.22 0.21

GPT-3.5 (175B)
Precision 0.16 0.12 0.25 0.26 0.22 0.20
Recall 0.32 0.36 0.43 0.41 0.40 0.39
F1 0.21 0.18 0.32 0.32 0.29 0.27

GPT-4 (Unknown)
Precision 0.10 0.16 0.14 0.20 0.13 0.19
Recall 0.68 0.68 0.87 0.67 0.82 0.67
F1 0.18 0.26 0.23 0.31 0.22 0.30

(a) Mistral (7B) (b) Mixtral (7x8B)

Figure 3.3: Performance comparison of Mistral-7B and Mixtral-3x8B models
in few-shot prompting configurations for moral values detection. The anal-
ysis evaluates the impact of zero-shot, 7-shot, and 12-shot configurations on
the models’ performance across individual moral dimensions in terms of F1
score.
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the three prompting configurations, with Mixtral generally outperforming

Mistral across most dimensions and configurations. Considering overall per-

formance (i.e. “Total”), Mistral improves from an F1 score of 0.34 in the

0-shot configuration to 0.41 in the 12-shot configuration. Mixtral, however,

demonstrates a higher starting point, achieving an F1 score of 0.43 in zero-

shot and improving to 0.48 in the 12-shot configuration, underscoring its

robustness and stronger overall performance. For the “Fairness”dimension,

Mistral exhibits notable improvement, increasing its F1 score from 0.25 in

the 0-shot configuration to 0.41 in the 6-shot configuration and 0.38 in the

12-shot configuration. Mixtral, by contrast, starts at a substantially higher

F1 score of 0.46 in the 0-shot configuration and maintains stable perfor-

mance across all configurations, achieving F1 scores between 0.45 and 0.47.

In the “Care” dimension, both models benefit significantly from few-shot

prompting. Mistral improves from an F1 score of 0.28 in 0-shot to 0.51 in

6-shot and 0.52 in 12-shot. However, Mixtral demonstrates superior perfor-

mance, starting with an F1 score of 0.55 in zero-shot and further improving

to 0.61 and 0.64 in the 6-shot and 12-shot configurations, respectively. The

more complex dimensions, such as “Purity”and “Authority”, pose challenges

for both models. In “Purity”, Mistral records F1 scores ranging from 0.17

in 0-shot to 0.22 in 12-shot, while Mixtral performs slightly better, achiev-

ing F1 scores between 0.19 and 0.21 across configurations. For “Authority”,

Mistral starts at 0.13 in 0-shot and improves to 0.22 in 12-shot, whereas Mix-

tral consistently outperforms Mistral, with F1 scores between 0.24 and 0.25.

The “Loyalty”dimension follows a similar pattern. Mistral shows progres-

sive improvement from 0.22 in 0-shot to 0.30 in 12-shot. In contrast, Mixtral

starts at 0.21 in 0-shot but exhibits a slight decline in the few-shot config-

urations, with scores of 0.15 and 0.19 in 6-shot and 12-shot, respectively.
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Overall, these results demonstrate that Mixtral generally achieves better

performance than Mistral, particularly in the more interpretable dimen-

sions such as “Fairness” and “Care”. Both models, however, benefit from

few-shot prompting configurations, with improvements observed in the more

challenging dimensions compared to the 0-shot baseline. Notably, Mistral

exhibits a more substantial relative improvement across configurations, with

a 7-point gain in the 12-shot configuration compared to its 0-shot baseline,

compared to a 5-point gain for Mixtral. This highlights the responsiveness

of smaller models, such as Mistral, to few-shot learning strategies.

Detection of Text with Moral Content

We assess the effectiveness of all models in discerning whether a text conveys

or not moral content (as a binary variable). We evaluate both LLMs and

the NLI-RoBERTa model performance for both the “Everyday” and “USA

Politics” sub-corpora of the MFRC. Items annotated with at least one moral

dimension by the majority of human annotators are considered positive cases

(they convey moral content), while the remaining are considered as negative

cases (lacking moral content).

Table 3.7 summarizes the overall performance in terms of accuracy,

weighted precision, recall, and F1 score.

Among all models, GPT-4 achieves the highest performance under its

optimal prompting configuration. It exhibits F1 and accuracy scores of 0.81

and 0.86, respectively. GPT-3.5 follows closely, achieving F1 and accuracy

scores of 0.76 and 0.83, respectively. Llama2 achieves the lowest score among

the LLMs, with F1 and accuracy scores of 0.52 for both metrics. Excepting

GPT-3.5, all models exhibit a performance increase with the double-prompt

prompting configuration. This configuration significantly improves Llama-
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70B, Mixtral and Mistral’s performance, resulting in an accuracy of 0.67,

0.74 and 0.77 and an F1 score of 0.76, 0.67 and 0.62. The NLI-RoBERTa-

based model exhibits the lowest overall performance among the evaluated

models, achieving F1 and accuracy scores of 0.45 and 0.62, respectively,

even under its optimal prompting configuration. Interestingly, the model

demonstrates a slight improvement in moral content prediction accuracy

in the double-prompt setting compared to the single-prompt configuration.

This discrepancy might be attributed to the presence of non-moral content

impacting the single-prompt metric calculations, potentially suggesting the

model’s enhanced ability to identify moral content under the double-prompt

framework.

Subcorpus-level analysis reveals a significant performance disparity across

all models, with superior results consistently observed in the “Everyday”

subcorpus compared to the “USA Politics” subcorpus. GPT-4 demonstrates

robust performance across both subcorpora. Under optimal prompting con-

ditions, it achieves accuracy scores of 0.90 and 0.81, alongside F1 scores of

0.87 and 0.74, for the “Everyday” and “USA Politics” subcorpora, respec-

tively. Among the smaller models, GPT-3.5 outperforms Llama-70B by 10

percentage points in accuracy, and by 6 percentage points when compared

to Mistral and Mixtral. In terms of F1 score, GPT-3.5 leads by 8, 6, and

12 points for the “Everyday” subcorpus. For the “USA Politics” subcorpus,

GPT-3.5 maintains this trend, achieving an accuracy of 0.80, compared to

0.56, 0.67, and 0.73 for Llama-70B, Mixtral, and Mistral, respectively, and

an F1 score of 0.70, compared to 0.59, 0.65, and 0.53 for the same models.

Among the less parameterized models, Mistral consistently outperforms

Llama-7B. In the “Everyday” corpus, the F1 score and accuracy differences

are 16% and 25% points, respectively, while in the “USA Politics” subcorpus,
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Table 3.7: Models overall performance in binary moral value detection under
single- and double-prompt prompt configurations. Underlined values indi-
cate the best-performing prompt configuration for each model, while bold
values highlight the overall best-performing models.

Model Metric
EveryDay USA Politics Total

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Nli (355M)

Precision 0.33 0.47 0.35 0.42 0.34 0.45
Recall 0.64 0.25 0.71 0.18 0.68 0.21
F1 0.43 0.32 0.47 0.25 0.45 0.29
Accuracy 0.38 0.63 0.43 0.62 0.41 0.62

Llama (7B)

Precision 0.37 0.44 0.35 0.37 0.36 0.41
Recall 0.98 0.72 0.96 0.60 0.97 0.66
F1 0.54 0.55 0.51 0.46 0.52 0.50
Accuracy 0.38 0.56 0.36 0.48 0.37 0.52

Mistral (7B)

Precision 0.86 0.82 0.67 0.68 0.78 0.76
Recall 0.46 0.62 0.24 0.43 0.35 0.53
F1 0.60 0.71 0.35 0.53 0.49 0.62
Accuracy 0.78 0.81 0.69 0.73 0.73 0.77

Mixtral (8x7B)

Precision 0.93 0.90 0.90 0.87 0.92 0.89
Recall 0.66 0.68 0.48 0.52 0.56 0.59
F1 0.77 0.77 0.63 0.65 0.70 0.71
Accuracy 0.81 0.80 0.67 0.63 0.74 0.71

Llama (70B)

Precision 0.99 0.95 0.99 0.91 0.99 0.93
Recall 0.53 0.62 0.39 0.44 0.45 0.52
F1 0.69 0.75 0.56 0.59 0.62 0.67
Accuracy 0.68 0.77 0.45 0.56 0.57 0.67

GPT-3.5 (175B)

Precision 0.82 0.90 0.65 0.79 0.73 0.85
Recall 0.84 0.70 0.76 0.57 0.80 0.64
F1 0.83 0.79 0.70 0.66 0.76 0.73
Accuracy 0.87 0.86 0.77 0.80 0.82 0.83

GPT-4 (Unknown)

Precision 0.99 0.88 0.99 0.78 0.99 0.83
Recall 0.69 0.87 0.48 0.71 0.57 0.79
F1 0.81 0.87 0.65 0.74 0.72 0.81
Accuracy 0.83 0.90 0.62 0.81 0.73 0.86

the differences are 2% and 25% points for the F1 score and accuracy, respec-

tively. In general, the overall disparity between F1 score and accuracy for

each model is noteworthy. This is due to the imbalance between moral and

non-moral items. F1 score summarizes precision and recall in predicting pos-

itive (moral) items, whereas accuracy considers both moral and non-moral

items (the latter more prevalent in the dataset). The NLI-RoBERTa-based

model exhibits consistent performance across both subcorpora; however, its

scores remain significantly lower compared to the other models.

3.2.3 Human vs. Models Comparison

We present a framework for the evaluation of machine learning models in

tasks characterized by high subjectivity and low inter-annotator agreement.

This framework fosters a direct comparison between human and model per-
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formance by juxtaposing annotators’ responses with model predictions. In

short, we exclude an annotator from the calculation of the gold-standard

annotations and consider them as a human predictor to be compared with

model performance. In this way we ensure that the “human predictor” does

not influence the gold standard. We repeat this process for each annota-

tor and present both individual and aggregated results. The MFRC dataset

employs six annotators for the “EveryDay” subcorpus and five for the “USA

Politics” subcorpus. Since the “USA Politics” subcorpus provides compa-

rable insights, we exclusively report the performance of the “EveryDay”

subcorpus. To address variations in annotator coverage across dataset sen-

tences, we employ six distinct versions of the “EveryDay” subcorpus. Each

version focuses on items tagged by a single annotator, ensuring a minimum

of three annotators per item. Within each version, each element is asso-

ciated with two values: a distinct value assigned by the specific annotator

(human predictor) and an aggregate value from the remaining annotators.

The aggregate value reflects the majority consensus, determined by ratings

exceeding or equaling a 50% threshold and it represents the gold standard

(or ground truth) for that element. Our results are summarized in three ta-

bles: Table 3.8 shows the results of comparing human annotators and models

in a multi-label value detection scenario. In Table 3.9, the performance at-

tained by the best annotator for each moral foundation is juxtaposed with

the model’s performance. Finally, Table 3.10 outlines the results of our com-

parison in a binary value detection task, focused on identifying the morality

in the sentence.

Table 3.8 presents the performance of all models in a multi-label moral

value detection task based on the five MFT dimensions. We analyze the re-

sults for each dyad in terms of weighted F1 score, which takes into account
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annotator support, and average F1 score, which disregards such support.

The results indicate that GPT-4 and GPT-3.5 consistently outperform hu-

man annotators in three of the five moral dimensions (“Care”, “Fairness”,

and “Purity”). Additionally, GPT-4 demonstrates superior performance in

one additional dimension (“Loyalty”), highlighting its broader capability in

this context. For the “Care” dyad, GPT-4 achieves the highest weighted

F1 score (i.e. 0.83), whereas GPT-3.5 attains the best average F1 score

(i.e. 0.77) compared to the human average (i.e. 0.73). 7 These results

translate into a performance advantage of 4-10 percentage points. Similarly,

GPT-3.5 shows superior performance in the “Fairness” (4-5 percentage point

improvement) while GPT-4 outperforms across the “Purity”and “Loyalty”

dimensions, achieving 9–10 and 5 percentage point improvements, respec-

tively, as measured by F1 scores. Conversely, human annotators exhibit

superior performance compared to GPT-based models in the “Authority”

dimension regarding average F1 scores, with humans scoring 0.22 compared

to GPT-4’s 0.18. However, in terms of weighted F1, GPT-4 surpasses human

performance (i.e. 0.25 vs. 0.20). In general, the results suggest that GPT-

3.5 may be more proficient in the single-prompt prompting configurations,

where it achieves comparable performance to human judgment in classify-

ing individual value dyads. GPT-4, however, achieves superior performance

across both single- and double-prompt configurations, matching human per-

formance on three out of five dyads and yielding significant improvements

in the double-prompt setting for the remaining two. Notably, GPT-3.5 ex-

cels in well-defined domains such as “Care” and “Fairness”, demonstrating

statistically significant improvements over human evaluation. However, the

model has a drop in performance in more ambiguous domains, mirroring

7we discuss this counter-intuitive result in Section 3.3
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the complexities faced by human judgment in these areas. This is further

supported by F1 scores falling below 0.50 for these MFT dimensions. Con-

versely, GPT-4 demonstrates consistent robustness, surpassing both GPT-

3.5 and human annotators in these less well-defined domains, particularly for

“Purity”, “Loyalty”, and “Authority”. Among smaller models, Llama-70B

exhibits competitive performance relative to Mixtral in the double-prompt

configuration, with weighted average F1 scores of 0.57 and 0.54, respec-

tively, and an identical average F1 score of 0.48. Despite this, both models

underperform relative to human evaluators, with Llama-70B trailing human

performance by a margin of 2–5 percentage points in weighted F1 scores.

Similarly, Mistral achieved proficiency in the double-prompt prompting con-

figuration, obtaining a weighted average F1 score of 0.54 and an average F1

score of 0.47. However, its performance falls short of human evaluation by

a margin of 5 percentage points in the overall weighted F1 score. Con-

versely, Llama2 and NLI-RoBERTa models underperform, with weighted

average and average F1 scores of 0.38 and 0.27, respectively, compared to

the human benchmark of 0.59.

Table 3.9 provides a comparison between the top-performing human an-

notators and all models in terms of precision, recall, and F1 scores. Each

MFT dimension is assessed in comparison with the best-performing human

annotator. GPT-4 achieves an F1 score within 2 percentage points of the

best human, indicating its proficiency in this task. GPT-3.5 follows closely,

achieving an F1 score within 5 percentage points. In contrast, Llama-70B

exhibits a 13 percentage point gap, while Mixtral and Mistral lag by 16

and 15 percentage points, respectively. Llama2 and NLI-RoBERTa show

significantly larger gaps, trailing by 33 and 44 percentage points, respec-

tively. These results are based on the optimal prompting configuration for
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each model. Specifically, Table 3.9 reveals notable variations in performance

across MFT dimensions. In dyads considered to be more readable, such as

“Care” and “Fairness”, the performance of the best model (i.e. GPT-4)

more closely reflects human evaluation. The model achieves F1 scores of

0.87 and 0.62 on these moral dimensions, compared to human averages of

0.87 and 0.61. In contrast, GPT-4 achieves F1 scores of 0.39, 0.25, and

0.29 in “Loyalty”, “Authority”, and “Purity”, respectively. These scores

are lower than human performance in these categories, which average 0.49,

0.67, and 0.40, respectively. GPT-3.5 shows a marginally better perfor-

mance than GPT-4 on “Authority”and “Purity”, with F1 scores higher by

2–4 percentage points, respectively. However, it underperforms relative to

GPT-4 across the remaining dimensions. When comparing smaller mod-

els, Llama-70B outperforms Mixtral by 3–4 percentage points in “Care”,

“Fairness”, and “Loyalty”. Conversely, Mixtral demonstrates superior per-

formance in “Authority”and “Purity”, with gains of 4–9 percentage points

over Llama-70B. Notably, Mistral shows comparable performance to Mixtral

in the “Care”and “Authority”dyads, with respective gaps of 2% and 15%.

The double-prompt configuration enhances Mistral’s performance, enabling

it to outperform in certain contexts. Additionally, we revisit a previously

observed trend (crf. Sect. 3.2.2 and Sect. 3.2.2 in model behavior, which

reflects their inherent characteristics. Llama2 exhibits a bias towards high

recall but lower precision, while Mistral demonstrates a tendency to predict

fewer labels with greater precision. Notably, Mistral achieves a remarkably

high overall precision score (i.e. 0.54 in the double-prompt configuration).

However, the double-prompt prompting configuration in Mistral fails to yield

optimal results, as it predicts fewer labels despite maintaining high precision.

Table 3.10 shows the results of the binary moral detection task (crf.
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Sect. 3.2.2 in terms of moral F1 score and accuracy. Notably, GPT-4 ex-

hibits high performance, achieving scores closer to human annotators across

most cases for both F1 score and accuracy. GPT-4 obtained a noteworthy

overall F1 score of 0.81 and an overall accuracy of 0.94, closely following

human performance of 0.84 F1 score and 0.88 accuracy. Similarly, GPT-3.5

demonstrates competitive performance with F1 and accuracy scores of 0.79

and 0.91, respectively. It is worth noting that the best-performing human

annotator (i.e. “Annotator01”) achieves F1 and accuracy scores of 0.92 and

0.95, respectively. This outperforms the best-performing model (i.e. GPT-4

in its best-prompting scenario) by a narrow margin of 2 and 1 percentage

points, respectively. Finally, the analysis of individual annotators reveals

a specific pattern associated with “Annotator00”. This annotator predom-

inantly assigns labels indicating the absence of moral content and leaves

most of the items with moral content without annotations. Therefore the

associated dataset is unbalanced towards items that do not convey moral

content. As a result the accuracy is very close to 1 (approximated to 1 in

Table 3.10 while the F1-score is significantly lower (0.67) since this metric

is influenced by the low recall.

Table 3.8: Direct comparison of human and model performance in multi-
label value detection task based on the MFT dimensions. Performance is
evaluated using both weighted F1 score (i.e. considering annotator support)
and average F1 score (i.e. disregarding annotator support). Performance
refers to the MFRC’s EveryDay subcorpus.

Dyad Metrics Annotator
NLI (355M) Llama (7B) Mistral (7B) Mixtral Nous Hermes (8x7B) Llama (70B) GPT-3.5 (175B) GPT-4(Unknown)

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Care
Weigthed avr. 0.73 0.31 0.30 0.47 0.53 0.39 0.71 0.72 0.68 0.73 0.73 0.78 0.73 0.80 0.83
Avg. 0.73 0.27 0.26 0.41 0.46 0.39 0.64 0.62 0.58 0.62 0.62 0.77 0.67 0.68 0.75

Fairness
Weigthed avr. 0.53 0.26 0.18 0.26 0.30 0.28 0.45 0.48 0.46 0.47 0.49 0.58 0.46 0.54 0.54
Avg. 0.44 0.23 0.15 0.21 0.24 0.25 0.37 0.39 0.36 0.38 0.39 0.48 0.38 0.43 0.44

Loyalty
Weigthed avr. 0.35 0.27 0.15 0.12 0.10 0.16 0.20 0.26 0.28 0.30 0.28 0.31 0.30 0.40 0.39
Avg. 0.29 0.22 0.11 0.10 0.09 0.14 0.17 0.21 0.22 0.25 0.23 0.26 0.25 0.34 0.33

Authority
Weigthed avr. 0.21 0.06 0.08 0.05 0.13 0.20 0.16 0.25 0.22 0.21 0.23 0.19 0.18 0.25 0.23
Avg. 0.22 0.05 0.06 0.04 0.08 0.18 0.16 0.17 0.12 0.13 0.15 0.16 0.14 0.17 0.18

Purity
Weigthed avr. 0.29 0.13 0.07 0.06 0.05 0.13 0.16 0.21 0.28 0.29 0.26 0.24 0.35 0.13 0.39
Avg. 0.24 0.11 0.06 0.05 0.05 0.12 0.13 0.17 0.23 0.25 0.21 0.22 0.29 0.12 0.33

Total
Weigthed avr. 0.59 0.27 0.23 0.34 0.38 0.31 0.54 0.49 0.54 0.49 0.57 0.63 0.57 0.56 0.66
Avg. 0.57 0.24 0.20 0.29 0.33 0.31 0.47 0.48 0.45 0.48 0.48 0.60 0.52 0.54 0.60
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Table 3.9: Direct comparison between the top performing human annotator
and models’ performance for each MFTs dimensions. Performance is eval-
uated in terms of precision. recall and F1 score. Performance refers to the
MFRC’s EveryDay subcorpus.

Dyad Metrics Annotator
Nli (355M) Llama (7B) Mistral (7B) Mixtral Nous Hermes (8x7B) Llama (70B) GPT-3.5 (175B) GPT-4(Unknown)

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Care
Precision 0.86 0.23 0.40 0.34 0.41 0.89 0.73 0.64 0.53 0.62 0.61 0.88 0.71 0.73 0.86
Recall 0.88 0.63 0.31 0.74 0.76 0.28 0.76 0.84 0.92 0.98 0.97 0.80 0.80 0.98 0.88
F1 0.87 0.33 0.35 0.46 0.53 0.42 0.75 0.73 0.67 0.76 0.75 0.83 0.75 0.84 0.87

Fairness
Precision 0.85 0.22 0.28 0.19 0.23 0.93 0.53 0.40 0.33 0.35 0.39 0.56 0.47 0.44 0.49
Recall 0.48 0.33 0.15 0.59 0.73 0.17 0.47 0.65 0.89 0.84 0.84 0.62 0.70 0.84 0.84
F1 0.61 0.27 0.19 0.29 0.35 0.29 0.50 0.50 0.49 0.49 0.53 0.59 0.56 0.58 0.62

Loyalty
Precision 0.47 0.21 0.38 0.06 0.04 0.15 0.11 0.14 0.14 0.17 0.16 0.22 0.22 0.32 0.27
Recall 0.50 0.39 0.17 0.94 0.56 0.33 0.28 0.83 0.78 0.78 0.83 0.83 0.56 0.50 0.72
F1 0.49 0.27 0.23 0.11 0.08 0.20 0.16 0.23 0.24 0.28 0.27 0.35 0.32 0.39 0.39

Authority
Precision 0.50 0.04 0.05 0 0.10 0.50 0.29 0.13 0.05 0.10 0.11 0.18 0.12 0.15 0.14
Recall 1 0.50 0.25 0 0.25 0.25 0.50 0.50 0.25 0.25 0.50 0.50 0.50 0.75 0.75
F1 0.67 0.07 0.08 0 0.14 0.33 0.36 0.21 0.09 0.14 0.17 0.27 0.19 0.25 0.23

Purity
Precision 0.45 0.06 0.10 0 0 0.33 0.12 0.10 0.17 0.11 0.10 0.14 0.25 0.14 0.21
Recall 0.36 0.43 0.14 0 0 0.07 0.29 0.86 0.64 0.50 0.50 0.14 0.50 0.14 0.50
F1 0.40 0.11 0.12 0 0 0.12 0.17 0.18 0.27 0.18 0.16 0.14 0.33 0.14 0.29

Total
Precision 0.73 0.19 0.32 0.23 0.28 0.69 0.54 0.46 0.39 0.45 0.45 0.66 0.52 0.55 0.63
Recall 0.71 0.50 0.25 0.66 0.66 0.23 0.60 0.79 0.88 0.90 0.89 0.71 0.72 0.85 0.84
F1 0.71 0.27 0.27 0.33 0.38 0.32 0.56 0.55 0.52 0.58 0.58 0.66 0.59 0.65 0.69

Table 3.10: Direct comparison of human and model performance in the
binary moral detection task in terms of accuracy, precision, recall, and F1
score. Performance refers to the MFRC’s EveryDay subcorpus.

Annotators Metrics Annotator
Nli (355M) Llama (7B) Mistral (7B) Mixtral Nous Hermes (8x7B) Llama (70B) GPT-3.5 (175B) GPT-4(Unknown)

Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt Single-Prompt Double-Prompt

Annotator00
F1 0.67 0.02 0.04 0.01 0.03 0.29 0.18 0.04 0.05 0.02 0.04 0.29 0.40 0.06 0.20
Accuracy 1 0.18 0.84 0.04 0.56 0.98 0.97 0.85 0.87 0.69 0.83 0.97 0.99 0.91 0.97

Annotator01
F1 0.92 0.40 0.38 0.49 0.55 0.64 0.78 0.77 0.78 0.69 0.78 0.87 0.83 0.84 0.90
Accuracy 0.95 0.36 0.68 0.35 0.61 0.82 0.87 0.82 0.83 0.72 0.82 0.92 0.90 0.89 0.94

Annotator02
F1 0.89 0.44 0.37 0.53 0.56 0.64 0.76 0.80 0.81 0.73 0.80 0.90 0.85 0.88 0.90
Accuracy 0.93 0.38 0.66 0.37 0.58 0.81 0.85 0.84 0.85 0.74 0.83 0.93 0.91 0.90 0.93

Annotator03
F1 0.68 0.47 0.31 0.53 0.58 0.58 0.72 0.76 0.78 0.67 0.77 0.83 0.76 0.86 0.90
Accuracy 0.83 0.40 0.63 0.38 0.60 0.78 0.83 0.83 0.85 0.73 0.83 0.88 0.86 0.91 0.94

Annotator04
F1 0.73 0.50 0.38 0.59 0.61 0.66 0.78 0.81 0.80 0.75 0.80 0.86 0.84 0.84 0.89
Accuracy 0.70 0.44 0.62 0.43 0.60 0.77 0.83 0.81 0.80 0.72 0.79 0.88 0.88 0.84 0.91

Annotator05
F1 0.90 0.49 0.35 0.66 0.67 0.65 0.82 0.88 0.90 0.83 0.86 0.88 0.86 0.89 0.94
Accuracy 0.90 0.42 0.57 0.51 0.64 0.74 0.85 0.87 0.90 0.81 0.85 0.89 0.88 0.88 0.94

Total
F1 0.84 0.40 0.32 0.47 0.51 0.59 0.69 0.70 0.71 0.63 0.70 0.79 0.77 0.76 0.81
Accuracy 0.88 0.37 0.67 0.34 0.60 0.82 0.86 0.83 0.84 0.73 0.82 0.91 0.90 0.89 0.94

3.3 Discussion

Our study investigates the performance of LLMs in identifying moral con-

tent and its corresponding MFT dimensions in both zero-shot and few-shot

settings. We compare GPT-4, GPT-3.5, Mitral, Mistral, Llama-70B, Llama-

7B, and NLI-RoBERTa under different prompting configurations (i.e. single-

prompt vs. double-prompt) and evaluate them against human annotators.

The zero-shot approach ensures generalizability by preventing the models

from overfitting to a specific training dataset. Consequently, the evaluation

focuses on the LLMs’ inherent ability to recognize and correctly contextual-

ize moral concepts. In contrast, the few-shot approach assesses the models’

potential to improve performance with minimal guidance.

GPT-4 emerges as the strongest performer, closely followed by GPT-3.5,

achieving the highest accuracy in both moral content detection and multi-

label classification of MFT dimensions. This likely stems from its larger
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size and superior contextual understanding capabilities. These features al-

low GPT-4 to grasp complex moral concepts without specific training and

make subtle distinctions between different MFT dimensions. Interestingly,

GPT-4’s performance in the double-prompt configuration outperforms that

of a single human annotator, on average, suggesting its potential to predict

the aggregate human assessment of moral content. GPT-3.5 also outper-

forms human annotators, albeit to a lesser degree than GPT-4, particu-

larly in the single-prompt configuration. The single-prompt configuration,

while computationally less demanding, demonstrates robust performance,

especially with smaller models. However, the double-prompt configuration

proves more effective with larger models such as GPT-4, leveraging their

advanced capabilities to achieve superior results.

Human annotator analysis yields surprising results. GPT-4 performs

remarkably similarly to human annotators. The model exhibits internal

consistency across all sub-corpora derived from human data, with mini-

mal variability for each category. Furthermore, GPT-based models’ overall

performance seems to be superior to that of a single human annotator, es-

pecially for GPT-4 model. It might seem counter-intuitive that a tool out-

performs humans in moral value detection since human values are defined

by us. Therefore, we expect the human judgment to be “correct” by def-

inition. However, given the subjectivity of the task, the gold standard is

defined by averaging human judgments, therefore the superior performance

of GPT-based models might suggest that its prediction resembles the aver-

age judgment of humans more closely than the judgment of a single average

human. Notably, models excel at predicting high-level value dimensions like

“Care” and “Fairness”. However, they struggle with more specialized con-

cepts like “Purity”, “Loyalty”, and “Authority”. Interestingly, even humans
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face similar difficulties in these areas, suggesting these dimensions may re-

quire theoretical reconsideration due to their inherent ambiguity. As shown

for the multi-label scenario, GPT-based models remain the top performer

even in the binary moral content detection task, achieving results that match

or surpass those of humans.

Among the smaller LLMs, Llama-70B demonstrates comparable per-

formance to Mixtral in the single-prompt scenario and slightly surpasses

Mixtral in the double-prompt scenario. This superior performance is likely

attributable to Llama-70B’s larger size relative to Mixtral. Regarding the

GPT-3.5 model, the single-prompt configuration appears to be more effec-

tive than the double-prompt configuration, with the exception of Llama-70B,

which exhibits similar performance across both prompting strategies. This

observation highlights that these models can leverage their in-context learn-

ing capabilities to perform well even with a single prompt, thereby obviating

the need for double interrogation. In contrast, the double-prompt configu-

ration significantly enhances performance for larger models such as GPT-4

and smaller models like Mixtral and Llama-7B, underscoring the varying

dependencies on prompting strategies based on model size and architecture.

Mistral outperforms Llama2 in both single-prompt and double-prompt

settings, despite having the same size and training conditions. Additionally,

the double-prompt configuration benefits Mistral more, potentially mitigat-

ing limitations in its in-context understanding capabilities. Mistral’s re-

sponses are more concise and accurate, achieving high performance com-

pared to humans in both binary and multi-label scenarios. In contrast,

Llama2 appears not to be suitable for this task, exhibiting a bias toward

predicting many labels and generating overly verbose and inconsistent re-

sponses. As expected, smaller models underperform both GPT-4 and GPT-
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3.5 across all tasks and prompting configurations. This is likely due to GPT-

based models’ larger size, granting them access to a broader range of implicit

knowledge for understanding moral nuances. However, Mistral emerges as

an alternative for binary and multi-label detection of moral values due to

its good performance with a smaller size (7B) and lower computational re-

quirements compared to GPT-4 and GPT-3.5 (175B). NLI-RoBERTa con-

sistently underperforms, likely due to its smaller size and training focused

on a specific task (entailment).

Subcorpus analysis reveals that all models perform better on the “Every-

day” subcorpus compared to the “USA Politics” subcorpus. This is likely

due to the higher level of inter-annotator agreement and the more straight-

forward moral content in the “Everyday” corpus. The “USA Politics” sub-

corpus, on the other hand, presents greater challenges due to its complexity

and the presence of more ambiguous moral concepts.

The evaluation of LLM performance in a few-shot context reveals sig-

nificant benefits associated with this configuration, particularly for smaller

models such as Mistral. Notably, performance improves progressively as the

number of examples increases, transitioning from a zero-shot setting to con-

figurations incorporating 6 and 12 examples within a single-prompt scenario.

These results underscore the models’ ability to effectively utilize in-context

learning, with smaller-scale models demonstrating substantial performance

gains when provided with a limited set of task-specific examples.

Our findings have several important implications. First, they demon-

strate the potential of LLMs for moral assessment, suggesting that they

can be used reliably to identify and understand moral content in text. Sec-

ond, they highlight the importance of model size and in-context understand-

ing capabilities for moral content detection. Third, they suggest that the
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double-prompt configuration can be a beneficial prompting approach for

smaller LLMs. Finally, they emphasize the need for further research on

moral content detection in more complex and challenging contexts, such

as the “USA Politics” subcorpus. Additionally, the performance on more

ambiguous dimensions (i.e., “Purity”, “Loyalty”, and “Authority”) of both

models and humans, highlights these concepts’ inherent ambiguity. The low

inter-annotator agreement among humans suggests a potential need for a

theoretical reevaluation of these dimensions.
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4 A Novel Framework for Evaluating Clas-

sifiers in a Multi-perspective Domain

The evolution of human-centered AI systems demands reevaluating tra-

ditional validation paradigms that treat human annotations and machine

learning models as separate entities. While human annotators remain es-

sential for creating benchmark datasets, modern workflows increasingly po-

sition AI models as active collaborators in annotation processes [155] (cf.

Sect. 1.3.2 and Sect. 2.2.2). This symbiotic relationship necessitates valida-

tion frameworks that operate on a unified plane, where human and machine

performance can be directly compared through interpretable metrics. Cur-

rent evaluation methodologies suffer from a fundamental dichotomy: ma-

chine learning models are assessed through detection-oriented metrics like

F1-score, while human annotation quality is measured through agreement

statistics such as Fleiss’ Kappa. This creates an artificial separation be-

tween two intrinsically connected aspects of AI development. The F1-score

optimizes for precision-recall tradeoffs but ignores task subjectivity, while

Fleiss’ Kappa measures consensus without quantifying concrete detection

performance against a ground truth. This disparity impedes meaningful

comparisons and obscures opportunities for human-AI quality synergies. A

key challenge in model evaluation is the lack of a standardized framework for

directly comparing machine learning performance with human annotation
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patterns. Traditional inter-annotator agreement (IAA) metrics like Fleiss’

Kappa, while valuable for assessing annotation consistency, are not suitable

for evaluating model performance. Conversely, model evaluation metrics

provide no insights into how machine performance align with human anno-

tation variability. This methodological gap is particularly problematic in

subjective annotation tasks where model interpretability gaps and annota-

tion uncertainty hinder robust validation. An example of this evaluative

discrepancy emerges in the domain of moral value detection, a task that is

inherently affected by subjectivity and interpretive ambiguity. In a recent

model assessment conducted on a benchmark dataset in this field [53], the

best-performing zero-shot large language model (i.e. GPT-4) achieves an

overall F1-score of 0.55. However, the inter-annotator agreement, as mea-

sured by Fleiss’ Kappa, is 0.36. Since the two values cannot be compared,

whether the model’s performance is satisfactory is unclear, considering that

even human would not perform greatly in the same task. Other significant

areas of application include sentiment and emotion analysis, as well as the

investigation of social norms and human behavior through machine learn-

ing models. These domains are often hindered by a lack of comprehensive

benchmark datasets, and are characterized by highly subjective annotations,

which consequently result in low inter-annotator agreement.

Presenting the contribution of Bulla et al. [58], we propose a unified val-

idation framework that synthesizes model performance metrics and human

agreement measures into a single evaluative plane. Our approach introduces

a hybrid metric, F1-kappa, which harmonizes the precision-recall balance of

F1-score with Fleiss’ Kappa’s expectation-adjusted design. By embedding

agreement uncertainty into model evaluations (and vice versa), F1-kappa

enables direct comparison between human and machine performance while
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quantifying their alignment. This metric addresses two critical limitations

of current methodologies: the inability to compare model outputs with hu-

man annotations using a common scale, and the flexibility to accommodate

incomplete annotation distributions and varying levels of annotator partic-

ipation, thus facilitating a more accurate and comprehensive assessment of

dataset heterogeneity.

We validate our approach through large-scale experiments spanning bi-

nary, multi-class, and multi-label classification tasks on synthetic and real

datasets. Results demonstrate that the F1-kappa behave similarly to Fleiss’

Kappa at various conditions. Furthermore F1-kappa supports any kind of

settings including multi-label (more than one choice per annotator) and

can focus on a specific class (e.g., positive samples), besides making human

agreement comparable with model performance.

The Chapter is structured as follows. Section 4.1 briefly introduces

Fleiss’ Kappa, then describes our F1-kappa metric, while Section 4.2 present

results on both synthetic and real data. We present an in-depth state-of-

the-art analysis in Chapter 2.2.2.

4.1 A Unified Approach to Inter-Annotator Agree-

ment and Evaluation

The proposed metric adapts the F1 score to measure inter-annotator agree-

ment with more than two annotators while accounting for agreement by

chance, taking inspiration from the popular Fleiss’ Kappa score. In the

following sections, we first describe Fleiss’ Kappa, then introduce our F1-

kappa score. Finally, we detail how to make the performance of a classifier

comparable to F1-kappa.
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4.1.1 Background

Perhaps the most known metric for measuring inter-annotator agreement

for categorical data is Fleiss’ Kappa [110]. Introduced by Joseph L. Fleiss in

1971, Fleiss’ Kappa is a statistical measure designed to evaluate the degree

of agreement among more than two annotators when assigning categorical

ratings to a fixed number of items. It extends Cohen’s Kappa, which is

limited to two annotators, by accommodating multiple annotators and han-

dling cases where different annotators evaluate different subsets of items.

Compared to alternative reliability measures such as Krippendorff’s Alpha

or intra-class correlation coefficients (ICCs), Fleiss’ Kappa is advantageous

in cases where annotators do not necessarily rate all subjects and where

categorical rather than continuous data are analyzed.

Fleiss’ Kappa (κ) quantifies inter-annotator agreement by comparing the

observed agreement among annotators to the agreement expected by chance.

The measure accounts for variations in category distributions and is partic-

ularly useful in scenarios where ratings are nominal (categorical without a

meaningful order). The value of Fleiss’ Kappa ranges from −1 to 1, where

higher values indicate stronger agreement: a κ of 1 signifies perfect agree-

ment, 0 indicates agreement equal to chance, and negative values suggest

disagreement greater than what would be expected randomly.

Let S be the set of samples, A be the set of annotators and k be the

number of categories. The formula for Fleiss’ Kappa is defined as:

κ =
Po − Pe

1− Pe
(4.1)

where Po is the observed agreement, calculated as:
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Po =
1

|S|
∑
s∈S

(∑k
j=1 nsj(nsj − 1)

ns(ns − 1)

)
(4.2)

and Pe is the expected agreement by chance, given by:

Pe =
k∑

j=1

p2j (4.3)

where nsj is the number of annotators who assigned category j to sample

s, ns is the total number of ratings for sample s and pj is the proportion of

all assignments to category j across all samples:

pj =
1

|S|
∑
s∈S

nsj

ns
(4.4)

Note that in this formulation κ is undefined if there are samples without

annotations or just one annotation, since eq. 4.2 would produce a division

by zero. Therefore, these samples are removed from the dataset before

computing κ.

4.1.2 A novel inter-annotator agreement metric based on F1-

score

As described in the introduction, despite being a robust metric for measuring

inter-annotator agreement, Fleiss’ Kappa is not comparable to classification

metrics widely used in machine learning. Therefore, it does not enable us

to determine whether a given metric score is satisfactory, that is, if it is

comparable to the performance of annotators. To fill this gap, we define a

novel metric based on the F1-score. We remind that the F1-score is defined

as the harmonic average between precision and recall, where precision is

the fraction of correctly identified instances among all instances predicted
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as positive, and recall is the fraction of correctly identified instances among

all actual positive instances. The F1-score is a versatile metric that can

be applied to various classification scenarios, including binary, multi-class,

and multi-label classification. The F1-score can be used to evaluate the

agreement between two annotators, by considering one annotator as the gold

standard and the other one as the predictor. However, there is no trivial

way to accommodate more than two annotators and to manage a different

set of annotators per sample. Moreover, the F1-score tends to overestimate

the performances when the categories are balanced or unbalanced towards

the negative class, as we show in our experimental analysis.

We start by describing our metric for binary data. The main idea is

to use the F1-score for classification to evaluate the performance of each

annotator and then normalize the result in a manner similar to how Fleiss’

Kappa operates. In this way, we take advantage of both sides: we can

support any kind of settings including multi-label (more than one choice

per annotator), focus on a specific class (e.g., positive samples), and, at the

same time, have a clear understanding of how much our performance stands

out from chance. We consider a set of annotators A and a set of samples S.

Each annotator a ∈ A covers a subset of samples that we denote with Sa.

We also denote as f(a, s) the (0 or 1) value given by annotator a to sample

s and with As the set of annotators that have annotated sample s.

To compute F1 we consider one annotator at a time and compute their

classification performance considering the other annotations as the gold

standard1. We adapt the precision and recall concepts to handle disagree-

ment among the ”gold” annotators by replacing the true values with the

average ”gold” annotations Avg¬a. We discard from S the set of samples s

1an equivalent alternative is compare each pairs of annotators, then averaging
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such that |As| ≤ 1, since no agreement can be computed on them. We then

update the sets Sa accordingly. Given a sample s we define:

Avg¬a(s) =
1

|As| − 1

∑
a′∈As/a

f(a′, s) (4.5)

F1 is computed for each annotator a ∈ A. We define it in terms of (adapted)

precision (pa) and recall (ra) .

pa =

∑
s∈Sa

min(Avg¬a(s), f(a, s))∑
s∈Sa

f(s, a)
(4.6)

ra =

∑
s∈Sa

min(Avg¬a(s), f(a, s))∑
s∈Sa

Avg¬a(s)
(4.7)

F1a = 2 · pa · ra
pa + ra

(4.8)

We then average among all annotators:

F1 =
1∑

a∈A |Sa|
∑
a∈A
|Sa| · F1a (4.9)

For multi-class and multi-labels we consider each class separately and then

compute the weighted average among all classes. Therefore, we substitute

f with fc where fc(a, s) is 1 if the annotator a assigns class c ∈ C (set of

classes) to sample s, zero otherwise. In this case, F1 is computed as:

multiclass F1 =

∑
c∈Cwc · F1c∑

c∈Cwc
(4.10)

where wc is computed as:

wc =
∑
a∈A

∑
s∈Sa

Avgc¬a(s) (4.11)
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with F1c and Avgc¬a computed as F1 and Avg¬a, but replacing f with fc.

As for Fleiss’ Kappa we normalize F1 by computing its expected value, i.e.,

the value we would obtain by chance. To do so we define the expected

precision p̂a and expected recall r̂a as:

p̂a =

∑
s∈Sa

Avg¬a(s)

|Sa|
(4.12)

r̂a =

∑
s∈Sa

f(a, s)

|Sa|
(4.13)

and compute the remaining expected metrics F̂1a, F̂1 etc. accordingly.

Finally we define our metric F1-kappa as:

F1− κ =
F1− F̂1

1− F̂1
(4.14)

As for Fleiss’ κ, the value of F1-κ ranges from -1 to 1, where higher values

indicate stronger agreement: a F1-κ of 1 signifies perfect agreement, 0 indi-

cates agreement equal to chance, and negative values suggest disagreement

greater than what would be expected randomly.

Now we describe how to evaluate the performance of a classifier in a way

that is comparable with F1-κ. The proposed F1-κ metric can be interpreted

as a measure of the average human performance in annotating a dataset and,

therefore, serves as a reference for classification performance. The classifier

evaluation is done by computing the same F1-κ with the only difference of

substituting the annotations f(a, s) of annotator a in eq. 4.6 and eq. 4.7

with the results of the classifier. We still need to exclude one annotator at

a time from the gold standard to ensure that the evaluation is performed

under the same conditions, thereby guaranteeing that the result can be

directly compared with the inter-annotator agreement F1-κ.
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4.2 Results and Evaluation

We conduct an experimental analysis to assess the effectiveness of the F1-

κ metric in both binary and multi-label scenarios. In Section 4.2.1, we

compare the performance of our metric with the adapted Fleiss’ Kappa (cf.

Sect. 4.1.1), aiming to assess their consistency. We conduct our evaluation on

different synthetic datasets designed to simulate various binary classification

scenarios. In Section 4.2.2, we show how F1-κ can be applied on a real-

world multi-label classification scenario, specifically addressing the highly

subjective domain of moral value identification.

4.2.1 Binary classification task

To assess the robustness of our metric, we construct synthetic datasets that

emulate a binary classification task under varying annotation conditions.

These datasets are designed to reflect real-world scenarios characterized by

various degrees of agreement, label uncertainty, and varying rates of miss-

ing annotations. The data generation process begins with the creation of a

reference truth vector, where binary labels are assigned to samples based on

a predefined probability distribution (probability of positive). Annotators

then provide labels with a certain probability of agreement with the refer-

ence truth. In cases of not agreement, the annotator generates a random

label with the same probability distribution of the reference. Additionally, a

proportion of annotations is intentionally omitted to simulate missing data.

We compare F1-κ with the modified version of Fleiss’ kappa (cf. Sect. 4.1.1),

which enables handling missing values.

Figures 4.1 and 4.2 present the results of our proposed metric, F1-κ,

alongside Fleiss’ Kappa on a synthetic dataset of 500 samples annotated by
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five different annotators. Additionally, Figure 6.2 reports the performance of

F1-score (Eq. 4.9), which lacks the normalization process introduced in F1-κ

(Eq. 4.14). This comparison highlights the impact of our balancing mech-

anism, demonstrating the independence of the F1-κ metric from the per-

centage of positive cases under varying conditions. Unlike the conventional

F1-score, which is influenced by the distribution of positive and negative

instances, the F1-κ provides a more robust assessment of inter-annotator

agreement, unaffected by class imbalance. We evaluate metrics on datasets

with varying agreement probabilities (ranging from 0.1 to 1.0) and proba-

bilities of positive labels set at 0.1, 0.5, and 0.9. Additionally, we report

the confidence intervals calculated over 10 independent runs to account for

variability in the results.

Figures 4.2 and Figure 4.1 show the F1-κ and Fleiss’ Kappa scores across

varying agreement probabilities and with different probability of positive val-

ues (p = 0.3, p = 0.5 and p = 0.9). Both metrics demonstrate a similar,

generally linear, increase in agreement as the threshold is raised. Specif-

ically, at a positive class probability of 0.1, both F1-κ and Fleiss’ Kappa

initiate near zero and incrementally approach values of approximately 0.3

and 0.8 at thresholds of 0.5 and 0.9, respectively, ultimately converging to-

wards perfect agreement (1.0). Moreover, values are independent of the

probability of positive values, showing stability (i.e. independence from the

percentage of positive cases) at different degrees sparsity in the data. No-

tably, the importance of the balancing mechanism inherent in F1-κ becomes

evident when contrasted with the F1-score without normalization by ex-

pected value (Figure 6.2). The F1-score exhibits a marked sensitivity to the

probability distribution of classes. At low agreement probabilities (i.e., 0.1),

the weighted F1-score closely mirrors the distribution of positive instances

138



within the synthetic dataset. That is, F1-score values approximate the pos-

itive probability (e.g., ∼0.1 for p = 0.1, ∼0.5 for p = 0.5, and ∼0.9 for p

= 0.9). This bias decreases with increasing agreement probabilities as the

weighted F1-score asymptotically approaches 1.0. The behaviour depends

on the fact that when the percentage of positive samples is high the chance

of observing a true positive is high even in random data. This demonstrates

how the balancing mechanism by expected value empowers F1-κ to provide

a robust and reliable measure of inter-annotator agreement, exhibiting a

behaviour comparable to Fleiss’ Kappa in terms of resilience to class distri-

bution imbalances within the dataset.

This trend is also observed in the presence of missing data. Figures 4.5,

4.4, and 4.6 illustrate the performance of F1-κ, Fleiss’ Kappa, and the unbal-

anced F1-score, respectively, under varying percentages of missing data (0.1,

0.5, and 0.9) and agreement probabilities, with the probability of positive

labels fixed at p = 0.5. The behaviour of Fleiss’ Kappa and F1-κ remains

highly similar, replicating the trends observed in the absence of missing

data (Figures 4.2 and 4.4). However, the standard deviation of both metrics

increases notably with a missing data rate of 0.9. Furthermore, at a low

agreement probability of 0.1, both Fleiss’ Kappa and F1-κ exhibit slightly

lower values compared to the complete-data scenario (below the 0 thresh-

old). This is due to the reduction in labeled data at high missing data rates.

Comparison with the unbalanced F1-score (Figure 4.6) reveals results consis-

tent with those presented in Figure 3. Specifically, the unbalanced F1-score

initiates near 0.5, reflecting the balanced class distribution in the synthetic

dataset, and converges towards 1.0 with increasing agreement probabilities.
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Figure 4.1: Fleiss’ κ
with complete annota-
tions

Figure 4.2: F1-κ with
complete annotations

Figure 4.3: F1-score
with complete annota-
tions

Figure 4.4: Fleiss’ κ
with missing annota-
tions (p = 0.5)

Figure 4.5: F1-κ with
missing annotations
(p = 0.5)

Figure 4.6: F1 with
missing annotations
(p = 0.5)

4.2.2 Case study on moral values identification

To assess the performance of our metric on real-world multi-label data, we

present a case study on moral value classification, a highly subjective task.

Specifically, we examine the work of Bulla et al. [53] (cf. Chapter 3), which

assesses the performance of several LLMs in detecting moral values within

the MFRC [337]. In Bulla et al. GPT-4 achieves the highest overall per-

formance, surpassing human annotators in all moral dimensions. However,

the model exhibits challenges in distinguishing between dyads that are in-

herently more ambiguous in textual contexts (e.g., Authority/Subversion).

To ensure a fair comparison between human and AI performance, the study

implements an evaluation methodology that mitigates biases introduced by

annotation aggregation, which is often susceptible to low inter-annotator

agreement. Specifically, the authors adopt an F1-score-based approach,

wherein model predictions are compared against aggregate annotations from

the MFRC while systematically excluding one annotator at a time. This

methodology enables a direct and equitable comparison between human an-
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notators and model performance, with final results obtained by averaging

across all annotators. The gold-standard annotations are determined by

applying a threshold of 0.50 to individual annotation scores.

In our analysis, we compute the F1-κ metric for each moral dyad, en-

abling a direct comparison and assessing the consistency between GPT-4

predictions and annotator-assigned labels. We do not compare the F1-κ

metric with Fleiss’ Kappa, as the latter is not directly comparable to the

former. Fleiss’ Kappa measures inter-annotator agreement, whereas the F1-

κ metric incorporates both precision and recall, which introduces a distinct

evaluative dimension that cannot be directly aligned with Fleiss’ Kappa in

this context. This approach offers insights into our metric’s adequacy in a

real-world multi-label scenario, providing a setting for evaluating its effec-

tiveness. To achieve this, we apply the F1-κ metric to estimate the inter-

annotator agreement for each individual dyad as described in Section 4.1.2.

We then compute the analogous metric by substituting the annotations of

the reference annotator with the model’s predictions, as described in the

end of Section 4.1.2.

Figure 4.7 presents the F1-κ scores for all moral dyads on the MFRC

dataset, comparing the predictions of GPT-4 with those of human annota-

tors. For this comparison, we select the highest-performer model from Bulla

et al., specifically the GPT-4 outcomes in a double-prompt scenario. In this

scenario, GPT-4 is first prompted to determine whether the input conveys

moral content and, if so, is prompted again to identify which moral dyads

are present in the text through a two-step inference process. As depicted in

figure (Fig. 4.7), our results are consistent with those reported in Bulla et al.,

where GPT-4 outperforms human annotators in all moral dyads, achieving

the highest performance in Care and Fairness dyads. On average across all
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moral dyads, GPT-4 outperforms human annotators with an improvement

of 5 percentage points in terms of F1-κ score (i.e. 0.48 vs 0.43). Specifically,

GPT-4 achieves an F1-κ of 0.61 and 0.42 for Care and Fairness, compared

to 0.58 and 0.39 for human annotations. However, for the more opaque

dyads (i.e. Authority, Loyalty, and Purity), GPT-4’s F1-κ scores are 0.21,

0.39, and 0.31, respectively, in contrast to 0.19, 0.25, and 0.16 for human

annotators. The F1-κ values in Figure 4.7 are slightly lower than the F1

scores reported in Bulla et al., primarily due to the normalization process

applied in our F1-κ metric (cf. Sect.4.1.2), which adjusts the results ac-

cording to the expected F1-score, calculated based on the label distribution

across the entire annotation corpus. This normalization enables adapting

the scale such that a random level of agreement is lowered to 0. In contrast,

the standard F1 score does not account for agreement by chance. Notably,

the comparison with human annotations is crucial for accurately evaluating

model performance in this inherently subjective task. By performing a di-

rect comparison, we establish a scale that contextualizes the performance

of both models and human annotators in relation to the subjectivity of the

task. This comparative framework allows for a more nuanced interpretation

of the results, positioning model and human performance with respect to the

chance threshold and providing deeper insights into the model’s alignment

with human moral judgment.
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Figure 4.7: The proposed F1-κ metric enables directly comparing inter-
annotator agreement with the model’s performance. In moral value detec-
tion, the model outperforms human annotators. This result is consistent
with earlier findings.
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5 Grammar-Constrained Natural Language

Generation

Within the Human-Centered AI paradigm, aligning AI outputs with pre-

defined, human-understandable structures is crucial for transparency, trust,

and usability (cf. Sect. 1.2.3 and 2.2.3). This motivates the need to con-

strain state-of-the-art generative models so that they not only produce high-

quality text but also deliver controllable and explainable outputs. To this

end, we present GRAMMAR-LLM [339], a system that integrates formal

grammar constraints into LLMs to enforce both syntactic and semantic va-

lidity during generation.

As discussed in Section 2.2.3, the demand for controllable models has

become increasingly pressing, as such models are essential for fostering hu-

man–AI trust and ensuring the reliability of intelligent systems. Despite

their impressive performance in tasks such as machine translation, text sum-

marization, and open-domain generation [241], LLMs inherently lack mech-

anisms to constrain their outputs according to predefined taxonomies [121].

Many real-world applications require fine-grained control over generated

text, such as enforcing domain-specific rules or syntactic regularities. With-

out such control, LLMs often fail in tasks that demand strict lexical or

structural conformity, including classification or question answering with

predefined options.
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Moreover, since LLMs are highly dependent on their training data, their

performance degrades when generating text in languages or modalities that

lie outside the training distribution. This issue is especially severe in low-

resource scenarios, such as underrepresented or ancient languages, where

insufficient data prevents the models from capturing necessary structures.

Ensuring that LMs adhere to predefined structural and lexical constraints,

therefore, remains a significant challenge.

Figure 5.1: GRAMMAR-LLM enforces LLMs to adhere to a predefined
grammar, thus avoiding verbose answers when a structured output is re-
quired.

To address these issues, GRAMMAR-LLM incorporates formal gram-

mars directly into the decoding process (Fig.5.1). Unlike post-hoc validation

or heuristic filtering, our method treats text generation as an automaton-

driven process, ensuring compliance with a predefined Context-Free Gram-

mar (CFG) [149].

However, integrating grammatical constraints poses challenges due to the

complexity of formal grammars and the trade-off between expressiveness and

computational efficiency. Highly expressive grammars provide strong con-

trol but may become computationally intractable in autoregressive settings.

Restricting to linear-time grammars, such as LL(1) [6], alleviates this, but

designing LL(1) grammars for tokenized text is difficult, especially with sub-
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word tokenization. To overcome this, we introduce LL(prefix), a novel nota-

tion for LL(1) grammars that enables grammar definition independently of

tokenization. A PushDown Automaton (PDA) [88], automatically derived

from the input grammar, constrains the model to generate only valid tokens.

Our framework is compatible with different LM architectures, includ-

ing GPT- and BART-based models, and guarantees outputs that strictly

conform to predefined grammatical structures.

We evaluate GRAMMAR-LLM across three domains: hierarchical clas-

sification [324], sign language translation [246], and semantic parsing [172].

Each requires structured outputs aligned with taxonomies or specialized

lexicons that can be effectively represented through CFGs. Hierarchical

classification demands outputs that preserve taxonomy paths; sign language

translation requires bridging modality gaps in low-resource conditions; and

semantic parsing necessitates adherence to strict semantic schemas. To ex-

amine the influence of model scale and architecture, we test GRAMMAR-

LLM on LLaMA-3 variants (1B, 8B, 70B) [96] and a BART-based model [32].

Across all tasks, GRAMMAR-LLM consistently outperforms baselines,

achieving substantial gains in classification accuracy, translation quality,

and compliance with structural constraints. These results underscore the

value of integrating formal grammars into LLMs, especially in applications

requiring structured and highly precise outputs.

In Section 5.1, we detail the GRAMMAR-LLM framework. Section 5.2

presents experimental results, and Section 5.3 concludes with a discussion of

limitations. Chapter 2.2.3 presents an in-depth discussion about the state

of the art of this field.

146



5.1 A Novel Framework for Grammar- Constrained

LLM Decoding

Our method builds upon the literature on context-free grammars to design

an efficient mechanism that enforces LLMs to generate grammar-compliant

output. We first introduce the literature on LL(1) grammars and their

implementation by means of pushdown automata, which enable left-to-

right processing in linear time and are therefore suitable for integration

with LLMs. Then, we introduce a novel and more expressive formaliza-

tion, named LL(prefix), which is well-suited for representing sequences of

tokens in a user-friendly way, and give an algorithm to transform LL(prefix)

grammars into LL(1) grammars. Eventually, we show how to integrate a

deterministic pushdown automaton with a transformer decoder to enforce

text generation that adheres to the input LL(prefix) grammar. An overview

of our pipeline is shown in Figure 5.2.

Figure 5.2: Overview of our GRAMMAR-LLM pipeline.
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5.1.1 Background

In this section we briefly introduce LL(1) grammars and its use for verifica-

tion by means of pushdown automata.

We begin with the definitions of CFGs and LL(1) grammars [149].

Definition 1. A grammar G = (Σ, N, P, S) is context-free if all its produc-

tion are of the form A→ α with A ∈ N and α ∈ (Σ ∪N)∗.

A significant subclass of the family of context-free grammars is the set of

LL(1) grammars. The definition of LL(1) grammar is based on two functions

FIRST and FOLLOW associated with the grammar. For any α ∈ (Σ∪N)∗,

FIRST (α) is the set of terminals that begin the strings derived from α. If

α→ ϵ then ϵ ∈ FIRST (α).

For any A ∈ N , FOLLOW (A) is the set of terminals a that can appear

immediately to the right of A in some sentential form (i.e. the set of termi-

nals a such that there exists a derivation of the form S ⇒∗ αAaβ). If A can

be the rightmost symbol in some sentential form, the $ is in FOLLOW (A),

where $ is an endmarker symbol.

Definition 2. A context-free grammar G = (Σ, N, P, S) is LL(1) if when-

ever A → α | β are two distinct productions of G, the following conditions

hold:

1) For no terminal a ∈ Σ, both α and β derive a string beginning with a

(i.e. no terminal a ∈ Σ is in FIRST (α) ∩ FIRST (β))

2) At most one of α and β can derive ϵ

3) If β ⇒∗ ϵ, then α does not derive any string beginning with a terminal

in FOLLOW (A) (i.e. if α⇒∗ aα1 then a /∈ FOLLOW (A)).

Languages accepted by LL(1) grammars can be recognized using push-

down automata (PDAs). We now give a formal definition of a PDA, followed
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by a description of the algorithm to construct the automaton.

A pushdown automaton, PDA, for short, is a system M = (Q,Σ,Γ, δ, q0, Z0, F )

where Q is a finite set of states, Σ is the input alphabet, Γ is the stack alpha-

bet, q0 ∈ Q is the initial state, Z0 ∈ Γ is the start symbol, F ⊆ Q is the set of

final sates and δ, the transition function, is a mapping from Q×(Σ∪{ϵ})×Γ

to finite subsets of Q× Γ∗.

The interpretation of δ(q, a, Z) = {(p1, γ1), . . . (pm, γm)}, with q, p1 . . . pm ∈

Q, a ∈ Σ, Z ∈ Γ and γ1 . . . γm ∈ Γ∗, is that the PDA in the state q, with

input symbol a and symbol Z at the top of the stack, can for any i enter

state pi, replace symbol Z by γi and advance the input head one symbol.

The interpretation of δ(q, ϵ, Z) = {(p1, γ1), . . . (pm, γm)} is that the PDA in

the state q, independent of the input symbol being scanned and symbol Z

at the top of the stack, can enter state pi, replace symbol Z by γi. In this

case the input head is not advanced. For a PDA the language accepted

by empty stack is defined in terms of instantaneous descriptions, ID for

short, that formally describe the configurations of a PDA at a given in-

stant: an ID is a triple (q, w, γ) where q ∈ Q is the current state, w ∈ Σ

is the ”unexpended input” and γ ∈ Γ∗ is the stack content. Given two

ID, I1 and I2, we write I1 ⊢∗ I2 if I2 can be reached from I1 after 0 or

more steps. Then, for a PDA M , the language accepted by empty stack is

N(M) = {w ∈ Σ∗ | (q0, w, Z0) ⊢∗ (p, ϵ, ϵ) for some p ∈ Q}. A PDA is said

deterministic if at most one move is possible from any ID.

It is known, that any language generated by a context-free grammar

can be accepted, by empty stack, by a PDA M [149]; but, here, since we

consider LL(1) context-free grammars and since we need deterministic PDA,

we present a different algorithm for the construction of M (see Algorithm 1)

inspired by the construction of a Parsing Table for an LL(1) grammar [6].
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Algorithm 1 Construction of a PDA, M , from an LL(1) grammar G

Require: An LL(1) grammar G = (Σ, N, P, S)
Ensure: A pushdown automaton M = (Q,Σ ∪ {$},Γ, δ, q0, Z0, ∅) equivalent to G
1: init. Q← {qa | a ∈ Σ} ∪ {q0, q$}
2: init. Γ← Σ ∪N ∪ {$}
3: init. Z0 ← $S
4: For any a ∈ Σ ∪ {$} and Z ∈ N ∪ {$} do δ(q0, a, Z)← (qa, Z)
5: For any a ∈ Σ ∪ {$} do δ(qa, ϵ, a)← (q0, ϵ)
6: for all productions A→ α in P do
7: For each terminal a ∈ FIRST (α) δ(qa, ϵ, A)← (qa, α)
8: If ϵ ∈ FIRST (α), for any b ∈ FOLLOW (A), δ(qb, ϵ, A)← (qb, α)
9: If ϵ ∈ FIRST (α) and $ ∈ FOLLOW (A), δ(q$, ϵ, A)← (q$, α)

10: end for
11: Return M

Theorem 5.1.1. Algorithm 1, with an LL(1) grammar G in input, produces

in linear time a deterministic PDA, M , that is equivalent to G, i.e. N(M) =

L(G)$, where L(G)$ is the set of strings in L(G) followed by an endmarker

$.

Note that, since G is LL(1) then |δ(q, a,A)| ≤ 1, for any a ∈ Σ ∪ {$, ϵ}

and A ∈ Γ. Moreover, if δ(q, ϵ, A) ̸= ∅, then δ(q, a,A) = ∅, for any a ∈

Σ ∪ {$}. Hence M is a deterministic PDA. At last, one can show, that

N(M) = L(G)$.

5.1.2 A Novel Expressive Grammar Notation for Constrain-

ing LLM Output

Despite implementable with pushdown automata, LL(1) grammars exhibit

limited expressiveness when applied to LLMs. This limitation arises be-

cause grammars are traditionally defined in terms of symbols, which can

correspond to words or characters. However, the fundamental semantic

unit for LLMs is the token, which often represents subword segments rather

than entire words. Using tokens as terminal symbols in a grammar would

make defining rules cumbersome for users, making this approach impracti-
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cal. While words or entire sentences in a grammar can be easily converted

into sequences of tokens, this conversion may violate the constraints of an

LL(1) grammar. To illustrate this issue, consider the following grammar:

S → uncertain S | undefined S | ϵ

If we consider the words ”uncertain” and ”undefined” as terminals, this

grammar is LL(1). However if we adopt subword tokenization where the

prefix ”un” is separated by the rest of the word, the grammar turns into:

S → un certain S | un defined S | ϵ

which is violates condition 1) of LL(1) grammars (Def. 2) since the RHS

of two different rules with the same LHS begin with the same terminal ”un”.

To overcome this limitation, we define a class of grammars, – which we

show to be equivalent in generative capacity to LL(1) – named LL(prefix),

which allows multiple rules to share sequences of symbols in the initial

portion of the RHS of production rules. The definition generalizes tradi-

tional LL(1) grammars by accommodating prefix-sharing structures. We

then demonstrate that any LL(prefix) grammar can be transformed into

an equivalent LL(1) grammar in linear time and space (Theorem 5.1.2 be-

low). This transformation ensures that LL(prefix) grammars remain effi-

ciently parseable and can be verified using pushdown automata, maintaining

integrability with LLMs, as we show in Sect. 5.1.3.

Definition 3. A context-free grammar G = (Σ, N, P, S) is LL(prefix) if

whenever A→ ω α | ω β are two distinct productions of G with ω ∈ Σ∗ and

α and β starting with a different symbol, the following conditions hold:

1) For no terminal a ∈ Σ, both α and β derive a string beginning with a

(i.e. no terminal a ∈ Σ is in FIRST (α) ∩ FIRST (β))

2) At most one of α and β can derive ϵ

3) If β ⇒∗ ϵ, then α does not derive any string beginning with a terminal
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in FOLLOW (A) (i.e. if α⇒∗ aα1 then a /∈ FOLLOW (A)).

In short, with respect to LL(1) grammars, Definition 3 admits prefixes

of terminals of any length to be shared among different rules with the same

LHS.

We give an algorithm to transform an LL(prefix) grammar into an LL(1)

grammar and prove that it correctly generates an equivalent LL(1) grammar

in linear time and space.

Algorithm 2 Transforming an LL(prefix) grammar into an LL(1) grammar

Require: An LL(prefix) grammar G = (Σ, N, P, S)
Ensure: An equivalent LL(1) grammar G′

1: while there are pairs of productions of the type A → a α and A → a β for
some A ∈ N and a ∈ Σ do

2: Take all productions of the kind A → a αi for every αi ∈ (Σ ∪ N)∗ and
substitute them with: A → a B and B → αi for every αi, where B is a
newly generated non-terminal

3: Add B to N
4: end while
5: Return G′ = (Σ, N, P, S)

Theorem 5.1.2. Algorithm 2 produces an LL(1) grammar G′ that is equiv-

alent to the input LL(prefix) grammar G with time and space complexity

O(n ·m) where n is the number of production rules and m is the maximum

length of production rules.

The proof of the theorem is available in the supplemental material.

5.1.3 Grammatically-Compliant Text Generation

We show how to use a pushdown automaton to enforce a Transformer de-

coder to generate valid text conforming to an LL(prefix) grammar. As de-

scribed in Section 5.1.2, any LL(prefix) grammar can be transformed into an

equivalent LL(1) grammar. In turn, an LL(1) grammar can be recognized

by a pushdown automaton, as discussed in Section 5.1.1. In the following,
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we describe how to integrate a pushdown automaton into the generation

process of an LLM to ensure grammar compliance.

LLMs generate tokens one by one following an autoregressive decoding

approach, where each new token is predicted based on input and previously

generated tokens. To do so, the output from the last decoder layer is trans-

formed to the vocabulary space using a linear projection and a softmax

function:

P (yt | x1, . . . , xn, y1, . . . , yt−1) =

= softmax(WoHt + bo)

(5.1)

where Ht is the output from the last decoder layer and Wo, bo are learn-

able parameters. The process repeats iteratively until a stopping criterion

is met.

We show that a pushdown automaton can be integrated with the decod-

ing process to force the LLM to follow the input grammar. Our automaton

considers tokens as terminal symbols. The generation process is described

in Algorithm 3.

Algorithm 3 Autoregressive Token Generation

Require: Initial sequence of tokens X = {x1, x2, . . . , xn}, pushdown automaton
M = (Q,Σ,Γ, δ, q0, γ0, F ), model parameters θ

Ensure: Generated token sequence Y = {y1, y2, . . . , ym}
1: init. Y ← X
2: init. PDA configuration (q, γ)← (q0, γ0)
3: while γ is not empty do
4: Ht ← Transformer(Y, θ)
5: P (yt | Y )← softmax(WoHt + bo) ◦ next terminals((q, γ))
6: sample next token yt and append it to Y
7: do transition (q, γ)← δ(q, yt, top(γ))
8: while q ̸= q0 do
9: do transition (q, γ)← δ(q, ϵ, top(γ))

10: end while
11: end while
12: return Y
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The differences with respect to standard decoding are in lines 2,3,5 and

7-10. Line 2 initializes the automaton. The exit condition in Line 3 is actu-

ally equivalent to standard decoding since the stack is empty when the end of

sentence symbol $ is generated. Line 5 generates the probability distribution

for the next token considering forbidden tokens. next terminals(q, γ) gener-

ates the set of valid tokens given the current automaton configuration and

return them as a one-hot vector. The operator ◦ performs the element-wise

product between two vectors. For LL(1) grammars, next terminals((q, γ))

simply return FIRST (γ). Lines 7-10 perform automaton transitions based

on its current state, the newly generated token and the top of the stack. The

first transition consumes the generated token and moves the automaton to a

token-specific state. Transitions are performed until the automaton returns

to the initial state, i.e. it is ready to accept another token.

5.2 Results and Evaluation

By enforcing strict compliance with formal grammars during text genera-

tion, GRAMMAR-LLM contributes to the development of AI systems that

are not only accurate but also transparent and aligned with human expec-

tations, supporting the overarching goals of Human-Centered AI To assess

the effectiveness of our method, we conduct experiments across three dis-

tinct NLP tasks (i.e. hierarchical classification, sign language translation

and semantic parsing), each chosen to test different aspects of constrained

text generation. Specifically, in the hierarchical classification task [324], we

assess the model’s capability to generate text that conforms to predefined

taxonomies, a critical requirement in structured data generation and classi-

fication scenarios. Sign language translation [246] refers to the translation

from natural language to glosses, where sign language is encoded using gloss
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notation. This notation aligns signs with words or phrases from a spoken

language, serving as a structured, text-based annotation rather than a direct

translation. This task poses a unique challenge due to the inherent modality

gap between natural language and gloss-based representations, as well as the

scarcity of high-quality parallel data. We employ this case study to highlight

the effectiveness of GRAMMAR-LLM in low-resource and modality-specific

contexts, where conventional LLMs often struggle with distributional mis-

matches. The semantic parsing [172] demands specific alignment between

generated text and predefined semantic schemas, making it a robust bench-

mark for assessing GRAMMAR-LLM’s ability to enforce formal grammati-

cal constraints. This task underscores the model’s adaptability to fine-tuned

structured generation tasks, ensuring that outputs maintain both semantic

accuracy and syntactic coherence1.

Table 5.1 presents the results for the hierarchical classification task in

terms of micro F1 score. We test our method on the Web of Science (WoS)

dataset [192], which consists of approximately 50,000 research abstracts an-

notated with a two-level taxonomy consisting of 7 and 134 labels at Levels 1

and 2, respectively. For evaluation, we select 2,000 instances using a strati-

fied sampling strategy at Level 1 to ensure proportional representation, while

employing random sampling at Level 2. In all cases, the prompt explicitly

specifies the full taxonomy and the expected output format. We assess the

performance of the LLaMA-32 model in three configurations (1B, 8B, and

70B) across zero-shot, one-shot, and few-shot scenarios. In the few-shot set-

1Further details on the prompts used in the experiments (Tables 5.1 and Table 5.3) and
the grammars implemented for the three case studies are provided in the supplementary
materials.

2We chose LLama-3 as a representative LLM since it is one of the most popular open-
source model and it achieves competitive performances with respect to commercial models.
Most commercial models (e.g. GPT-4) cannot be employed since we cannot intervene in
their decoding process.
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ting, we provide 10 examples, selected using the same sampling criteria as

the test set. As a baseline, we compare these models with and without our

GRAMMAR-LLM (Sect. 5.1) approach (which we name G-LlaMa) to quan-

tify its impact on classification performance. We employ a simple grammar

that forces the model to first generate a Level 1 class, then generate a Level

2 class that is compatible with the Level 1 class.

As shown in Table 5.1, G-LLaMA outperforms unconstrained LLaMA

models across all experimental settings. The G-LLaMa model achieves the

best results in the zero-shot scenario, with F1 scores of 0.734 and 0.504 at the

first and second taxonomy levels, respectively. An analysis of Level 1 classi-

fication reveals that the most significant improvements occur in the smallest

model (i.e. LLaMA-1B). In this case, the constrained model achieves an F1

score improvement of 30 and 28 percentage points over the unconstrained

baseline in the zero-shot and one-shot configurations, respectively, showing

comparable performance in the few-shot settings. These findings suggest

that larger models with more parameters benefit less from the constraints at

the first taxonomy level, as it is easier to classify due to broader, distinct cat-

egories. In contrast, smaller models benefit more from the grammar-based

module, which enables them to generate valid, concise outputs and improves

accuracy, as demonstrated by LLaMA-1B’s zero-shot and one-shot perfor-

mance. At a more granular taxonomy level (i.e. Level 2), the constrained

models exhibit more pronounced improvements over the baseline models

across all configuration settings. Specifically, G-LlaMa-1B outperforms the

unconstrained model by 12, 16, and 8 percentage points in the zero-shot,

one-shot, and few-shot settings, respectively. A similar trend is observed

for LLaMA-8B and LLaMA-70B, where the grammar-based models yield an

F1 score improvement of 5, 4, and 6 percentage points for the Llama-8B,
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and 4, 2, and 2 points for Llama-70B, respectively, across the zero-, one-

and few-shot settings. At the second-level taxonomy, the grammar-based

constraints lead to more significant improvements, mitigating the genera-

tive models’ verbosity. This ensures adherence to a valid hierarchical path

and avoids the generation of invalid taxonomy labels3.

Notably, the percentage of outputs conform to the requirements (i.e. re-

ferred to as validity in Table) closely follows the improvements in F1 score.

The constrained models consistently achieve a 100% validity rate across all

configurations, which indicate outputs that fully comply with the target tax-

onomy. In contrast, unconstrained models yield substantially lower validity

rates, with performance varying significantly across model sizes. Specifically,

LLaMA-1B, LLaMA-8B, and LLaMA-70B achieve best validity rates of 27%,

69%, and 85%, respectively, showing an improvement as the number of ex-

amples in the prompt increases. Nevertheless, none of the unconstrained

models reach full validity, adversely affecting their overall performance.

To assess the types of errors that our approach mitigates, Table 5.2

presents the main error categories produced by unconstrained models in the

classification task across all prompt configurations. We classify three mu-

tually exclusive main categories of invalid outputs: invalid taxonomy labels

(i.e. cases where a label is appropriate at a general level but incorrectly as-

signed at a more specific level); incorrect number of labels (i.e. outputs with

excessive hierarchical levels w.r.t. the predefined taxonomy, while remain-

ing accurate at the first two levels), and others (i.e. verbose or free-form

responses that do not adhere to the expected classification format). As

shown in Table 5.2, the most frequent error across all models involve the

3As shown in Table 5.1, LLaMA-70B performs best in the zero-shot setting, likely due to
its extensive parameterization. In contrast, few-shot prompting may limit generalization
by overly anchoring the model to provided examples
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Model Zero-shot One-shot Few-shot
L1 L2 Validity L1 L2 Validity L1 L2 Validity

LlaMa-1B .002 .001 0% .313 .071 16% .501 .092 27%
G-LlaMa-1B .308 .124 100% .539 .231 100% .504 .173 100%

LlaMa-8B .569 .229 62% .650 .258 69% .680 .255 62%
G-LlaMa-8B .575 .282 100% .650 .298 100% .680 .310 100%

LlaMa-70B .720 .464 80% .740 .437 83% .700 .362 85%
G-LlaMa-70B .734 .504 100% .742 .456 100% .702 .378 100%

Table 5.1: Performance on hierarchical classification using the WoS dataset,
evaluated in terms of micro F1 score for Level 1 (L1) and Level 2 (L2)
classification, as well as the overall validity rate (%) for each model and
configuration.

inclusion of invalid taxonomy labels or the omission of required ones. The

only exception is observed in LLaMA-1B under the zero- and one-shot set-

tings, where non-conforming outputs predominate. This depends on model’s

tendency towards verbosity in the absence of sufficient instructional context,

often producing too long responses or generating content that is not related

to the task. However, in the few-shot configuration, LLaMA-1B aligns with

the error profile of larger models. The inclusion of additional examples in

the prompt offers more explicit guidance, facilitating a deeper understanding

of the task structure and substantially reducing the occurrence of unstruc-

tured outputs. LLaMA-8B and LLaMA-70B exhibit invalid taxonomy labels

as the primary error, with LLaMA-70B producing virtually no other error

category.

Table 5.3 provides an analysis of the performance of the constrained and

unconstrained LlaMa models at varying model size (i.e. 1B, 8B and 70B)

for the sign language translation task in a few-shot setting. We test mod-

els on 2,000 randomly sampled instances from the Synthetic English-ASL

Gloss Parallel Corpus [251], which comprises 87,710 text-gloss pairs, gen-

erated through the application of syntactic transformation rules to English

text. For each input sentence, we prompt models in few-shot by selecting
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relevant examples based on cosine similarity [203]. Specifically, we retrieve

the 30 most similar text-gloss pairs and the 50 most similar glosses from the

training set. This approach ensures that the prompt remains contextually

relevant to the input. For our method we adopt a simple grammar that

enforces producing sequences of entries from the set of admissible glosses.

We present results in terms of BLEU [257], ChrF [264], F1 score. In ad-

dition, we report the number of valid outputs in terms of percentage as in

Table 5.1. BLEU measures the precision of n-grams between the predicted

and reference translations, while ChrF focuses on character level to evaluate

more granular alignment. The F1 score reflects the balance between pre-

cision and recall over the gloss vocabulary, treating the task as multi-label

classification and hence discarding the order of glosses.

As shown in Table 5.3, model performance increases consistently with

model size. This effect is more pronounced for smaller models (i.e. 1B and

8B), where the need for improvement is higher. We observe performance

gains of 14, 5 and 4 percentage points in terms of F1 score for the 1B,

8B and 70B models, respectively, w.r.t. LlaMa baselines. These findings are

consistent with the results reported for the classification task (cf. Table 5.1).

We observe comparable trends in terms of ChrF2 and BLEU metrics. The

analysis of output validity mirrors these trends, with all constrained models

achieving 100% output validity, in contrast to significantly lower rates for

their unconstrained counterparts. This discrepancy depends on the tendency

of unconstained models to generate non-existent glosses, that is not possible

with the structural constraints imposed in G-LLaMA models.

These findings highlight the impact of GRAMMAR-LLM in enhancing

model performance, especially in translation tasks involving limited data

and underrepresented domains. Specifically, the grammatical module con-
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tributes to selecting glosses that consistently align with the vocabulary,

thereby avoiding errors due to the generation of invalid labels.

Table 5.4 evaluates the performance of constrained and unconstrained

BART-based models (AMR-BART-base - 139M - and AMR-BART-large -

406M [32]) for Abstract Meaning Representation (AMR) [35] parsing, a se-

mantic framework representing sentence meaning as directed graphs. We

test models on 100 randomly selected samples from the LDC dataset [47],

which contains 39,260 sentence-AMR pairs. We compare models with and

without the GRAMMAR-LLM module in terms of SMATCH F1 score [62],

which measures structural similarity between AMR graphs, and report the

percentage of valid graphs generated after fine-tuning and postprocessing, as

AMR-BART uses a rule-based approach to rectify invalid outputs. As shown

in Table 5.4, our G-AMRBART-base outperforms its unconstrained counter-

part (AMRBART-base) by 2 percentage points. Meanwhile, G-AMRBART-

large exhibits comparable performance to AMRBART-large, achieving a

SMATCH F1 score of 0.789 compared to 0.79. The improved performance

of the larger model can be attributed to its increased parameter count and

extensive training data, enabling more effective fine-tuning and enhanced

ability to process and learn the syntactic structure of AMR graphs. In this

scenario, our method shows comparable performance with the unconstrained

fine-tuned model, as no significant further enhancements are attainable. In

contrast, the AMRBART-base model, constrained by its reduced parameter

count, struggles to learn the syntactic rules, leading to invalid graph out-

puts in 6% of cases. Here, the integration of a grammar module ensures the

generation of semantically valid outputs, thereby outperforming the baseline

model.
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5.3 Limitations

Our approach inherits the autoregressive nature of LLMs, where each token

generated affects the probability distribution of subsequent outputs. This

sequential dependency can lead to error propagation, as early-stage mistakes

may significantly impact the quality of later tokens. Our approach could, in

certain cases, amplify early-stage mistakes since validity constraints might

intervene later on, preventing the generation of tokens which are necessary to

complete a meaningful (though invalid) sentence. Techniques such as those

proposed in Park et al. [260] mitigate early-stage errors by reshaping token

distributions. We consider this work complementary to ours and advocate

for the synergistic use of both approaches as future work.

Another limit is given by the expressiveness of our class of LL(prefix)

grammars. Although more expressive than traditional LL(1) grammars,

LL(prefix) grammars remain less expressive than CFGs. CFGs allow for

grammar ambiguity and can model more complex syntactic structures, which

may be necessary for certain advanced natural language generation tasks.

This limitation means that while LL(prefix) grammars are well-suited for

many structured generation tasks, they may struggle with highly recursive

or nested language constructs that require the full power of CFGs. The

downside of using the entire class of CFGs is that their languages cannot

be accepted left-to-right by a deterministic PDA. Consequently, integrating

them with LLMs [120] would introduce complex data structures and a super-

linear overhead, with the exponent depending on the specific grammar [19].

Furthermore, our current implementation does not incorporate an end-

to-end fine-tuning phase that integrates the grammar module into the train-

ing loop. As a result, our findings may not fully capture the potential behav-
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ior of LLMs when fine-tuned on extensive datasets, particularly in scenarios

where the grammar constraints are deeply embedded in the model’s learning

process. Exploring grammar-constrained fine-tuning remains an avenue for

future research.
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Model BLEU ChrF F1 Validity

LlaMa-1B 0.31 0.72 0.65 9%
G-LlaMa-1B 0.47 0.76 0.79 100%
LlaMa-8B 0.70 0.90 0.89 39%
G-LlaMa-8B 0.81 0.93 0.94 100%
LlaMa-70B 0.79 0.93 0.92 49%
G-LlaMa-70B 0.86 0.95 0.96 100%

Table 5.3: Performance of the models on the text-to-gloss ASL translation
task, evaluated on the Synthetic English-ASL Gloss Parallel Corpus in terms
of BLEU, ChrF, and F1 scores. We report the overall validity rate (%) for
each model and configuration.

Model Smatch Validity

AMRBART-base 0.559 94%
G-AMRBART-base 0.577 100%
AMRBART-large 0.789 100%
G-AMRBART-large 0.790 100%

Table 5.4: Performance of the models on the AMR semantic parsing task,
evaluated on the LDC dataset in terms of Smatch metric.
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6 Leveraging Large Language Models for

Accurate Sign Language Translation in

Low-Resource Scenarios

A central goal of this dissertation is to advance the HCAI paradigm by devel-

oping systems that are not only technically proficient but also aligned with

human values, robust, controllable, and inclusive. While previous chapters

have explored challenges related to moral value alignment (cf. Sect. 3),

evaluation in subjective contexts (cf. Sect. 4), and controllable AI (cf. Sect.

5), an equally important dimension of HCAI is ensuring accessibility for

underrepresented communities (cf. Sect. 1.3.1).

Among these communities, the Deaf community faces unique barriers

in human–AI interaction, particularly in the domain of language technolo-

gies (cf. Sect. 2.3). Despite significant progress in speech and text-based

NLP, sign languages remain underrepresented in both data resources and

computational models.

This limitation stems from their reliance on training data dominated

by widely spoken languages, which constrains their ability to understand,

represent, and translate underrepresented linguistic systems. Among low-

resource languages, sign language presents significant challenges. Sign lan-

guages, such as Italian Sign Language (LIS) and American Sign Language
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(ASL), rely on a visual-spatial grammar system rather than spoken or writ-

ten syntax. This linguistic structure, coupled with the scarcity of available

training data, makes accurate translation more difficult to achieve. Further-

more, translating spoken language into sign language is under-explored in

the current research. Addressing this challenge demands effective methods in

data-scarce scenarios, leveraging external linguistic resources like specialized

vocabularies and lexicons to produce coherent and explainable translations.

Sign Language Translation (SLT) is usually approached by separating

the graphical part (computer vision or video generation) from the language

part (translation) and use an intermediate language for encoding the sign

language. One common representation is based on glosses. Despite its sim-

plicity, gloss-based representations tend to oversimplify the linguistic com-

plexity of sign languages. To overcome this limit, advanced representations

have been recently proposed. These intermediate languages, such as Sign-

Writing [333] and the Hamburg Notation System (HamNoSys) [266], offer

richer representations through visual and graphical symbols and proved to

be promising as intermediaries for improving SLT. Leveraging such systems

and external linguistic resources can address data scarcity and enhance the

quality of sign language translations. We focus on the translation step and

consider an ASCII encoding of SignWriting, namely Formal Sign-Writing

(FSW), as a sign language representation. However our approach can be

generalized to other representation languages.

Based on Bulla et al. [59], we present Advanced Use of LLMs for Sign

Language Translation (AulSign), a novel sign language translation method

that can handle languages not well represented in the LLM training data.

Our method leverages on formalized lexicons specific to a given domain, in-

corporating external vocabularies to enhance translation. By employing few-

166



shot learning, our method significantly reduces the need for large training

corpora, while introducing a novel, transparent, and explainable translation

process at each stage. Our method, which addresses both spoken-to-sign

and sign-to-spoken translation tasks, comprises three core components: a

Retriever, an LLM and a Sign Mapper. The Retriever module identifies and

retrieves samples from a training set which are used to instruct the LLM

to map the input sentence into a pseudo-language that represent the sign

language as a sequence of univocal descriptions of signs. The set of sam-

ples, enriched with formal grammatical rules, is integrated into the prompt

to provide the LLM with a comprehensive linguistic and structural con-

text. For spoken-to-sign, the LLM generates the corresponding translation

in pseudo-language, which is then converted into the target language by the

Sign Mapper, by mapping each part of the sequence to a predefined lexicon.

The process is mirrored for the inverse sign-to-spoken translation task.

We evaluate our method on two datasets in two different spoken and sign

languages: spoken Italian from and to LIS (Italian Sign Language) and spo-

ken English from and to ASL (American Sign Language). Our experiments

demonstrate the superiority of our method over state-of-the-art models for

SignWriting translation, and show how LLM capabilities can be utilized for

translation from and to unknown languages. Mor importantly, this advance-

ment has the potential to enhance accessibility for the Deaf community.

The Chapter is structured as follows: Section 6.1 introduces the AulSign

model, detailing its components and functionalities. Section 6.2 describes

the experimental setup and presents results for both translation tasks in LIS

and ASL. Section 6.3 analyzes the findings, Finally, section 6.4 presents the

limitations of our work. Chapter 2.3 outlines the theoretical background for

sign language tasks and reviews state-of-the-art methods for sign language
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translation.

6.1 Methodology

Our method comprises three main components: a Retriever, an LLM, and

a Sign Mapper. The Retriever identifies samples from the training set to

be included in the prompt to instruct the LLM. The training set is pre-

processed offline to convert signs into canonical descriptions, therefore each

sample contains the spoken text and a corresponding decomposition into

a sequence of canonical descriptions. The retrieved samples are used for

prompt generation. The prompt generation combines the retrieved sample

sentences, paired with their corresponding decompositions, with samples

from a structured vocabulary and a set of predefined grammar rules to em-

ploy a structured prompt, enabling the LLM to perform few-shot inference

on the input sentence. The Sign Mapper is employed only in spoken-to-sign

translation and convert the sequence of canonical descriptions generated

by the LLM into a sequence of signs. The whole process is described in

Figure 6.1. Next we detail the various parts of our pipeline in the spoken-

to-sign verse. The inverse process is similar, with small adjustments, which

are discussed at the end of the section.

Our method considers a training set D of spoken sentences associated

with their FSW counterpart, i.e. sequences of signs, and a vocabulary of

signs Vt, where each sign is associated with one or more descriptions in nat-

ural language. We pre-process both D and Vt to translate FSW sequences

into sequences of canonical descriptions1. First we define an equivalence

operator ≡2 between signs and merge equivalent signs into one single entry,

1for Italian we do not need this step as in our dataset all signs have been manually
associated to canonical descriptions

2in our implementation signs are considered equivalent if they contain the same set of
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Figure 6.1: Overview of the spoken-to-sign AulSign pipeline.

choosing the most frequent sign as a representative. Then, we construct

a set Vc of unique and non-ambiguous descriptions that we call canonical

descriptions, by choosing among all descriptions associated to a sign the

most frequent ones and combining them into a single string. Finally we

substitute the sequences of signs associated to sentences in D with corre-

sponding sequences of canonical descriptions by probing, for each sign of the

sequence, an equivalent sign from Vt and taking the corresponding canon-

ical description. If an equivalent sign exists in Vt, it is unique because all

equivalent signs have been previously merged in Vt. On the other hand, if

an equivalent sign is not found, a special “¡unk¿” description is considered.

Given a spoken sentence d ∈ D we denote as CS(d) its associated sequence

of canonical descriptions.

The Retriever identifies the top-K sentences from the training set (D)

that are most semantically similar to the given input sentence (s). This

process ensures that the subsequent prompt generation operates with con-

symbols with associated orientation and rotation; more complex notions that also consider
the spatial position can be employed to improve results
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textually relevant examples. To improve results, the Retriever also identifies

a set of canonical descriptions from Vc that are similar to the input sentence,

to feed to the LLM as samples of canonical descriptions. Both retrieval steps

employ a contextual embedder e(·), trained for semantic similarity, to encode

both the input sentence and the candidate sentences into high-dimensional

representations. The similarity between s and each candidate is computed

by cosine similarity. The system selects the top-K most semantically sim-

ilar entries, which we denote with the sets TopKd(D, s) and TopKv(Vc, s),

respectively.

The prompt generation step develops an input-sentence-customized prompt,

leveraging on the few-shot learning abilities of LLMs. We design the prompt

by combining grammar rules (R = {r1, r3, . . . ri}) with illustrative exam-

ples – retrieved sentences with their canonical descriptions – and the input

sentence. The retrieved canonical descriptions from the Retriever are also

included in the prompt as examples of canonical descriptions that the LLM

can use to break down the input sentence. The complete prompt structure

is shown in Figure 6.1.

The LLM generates a sequence I(s) of strings in a form that mimic

canonical descriptions in Vc, which feeds the Sign Mapper. To match the

generated pseudo-canonical descriptions to entries in Vc we again use se-

mantic similarity. We employ the same contextual embedder e(·) used

for retrieval and, for each pseudo-canonical il ∈ I(s), we extract: cl =

arg maxc∈Vc simcos(e(c), e(il)). Finally, the model retrieves the correspond-

ing FSW signs associated with the selected canonical descriptions to generate

the final translation.

For the sign-to-spoken task, the input sentence in FSW is first converted

into a sequence of canonical descriptions in the same way as for the train-
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ing set pre-processing. Signs of the input FSW sequence are probed from

Vt using the equivalence operator ≡ and the corresponding canonical de-

scriptions are taken. Similar sequences of canonical descriptions are then

extracted from D and used with their speech counterpart to instruct the

LLM, i.e. to build the prompt with few-shot samples. The prompt is built

in the same way as for speech-to-sign, except that the examples for the break

down are not given, since they are not necessary. The output of the LLM is

then returned as the resulting spoken sentence.

6.2 Experiments and Results

To assess the effectiveness of AulSign, we conduct experiments on two bench-

mark datasets: the English SignBank+ [237] for ASL and an Italian dataset

based on SignPuddle3 for LIS. SignBank+ is a multilingual corpus with

254,002 distinct elements, 76 sign language encodings, and 153 “puddles”,

systems that categorize signs by language or dialect. The dataset is orga-

nized into three subcorpora: Manually (cleaned via manual review), GPT-

3.5 (cleaned using GPT-3.5 with a few-shot learning paradigm [52]), and

Bible (aligned biblical texts). Following preprocessing to ensure consistency

and reduce noise, we focus exclusively on the English subset for our exper-

iments. The English subcorpus of SignBank+ comprises 43,705 annotated

items spanning nine variants of English Sign Language, including 19,304

unique signs and 13,631 sentences. We use the unique-sign English Sign-

Bank+ subcorpus to build Vc (cf. Sect. 6.1) and split the sentence-based

subcorpus into training set D (cf. Sect. 6.1) and test set. We experiment

with three different training set configurations (referred to as AulSign I,

AulSign II, AulSign III) to assess the method’s robustness across varying

3https://www.signbank.org/signpuddle/
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data conditions. AulSign I considers the entire training set, which counts

13,275 sentences. Note that not all signs in the sentences are covered by

our vocabulary (extracted by single sign sentences), therefore our method,

which requires a complete vocabulary, is at a disadvantage in this setting4.

AulSign II filters out sentences containing out-of-vocabulary signs, resulting

in a more consistent dataset of 2,301 sentences. AulSign III simulates a low-

resource scenario by randomly sampling 115 sentences from the AulSign II

training set. For comparisons, we fine-tuned the state-of-the-art model from

Jiang et al. [164] using three parallel configurations, denoted as Jiang et al.

I, II, and III. Each model is trained on the same set of training sentences as

the corresponding AulSign configurations and includes the complete vocab-

ulary in the training process. Following Jiang et al., we configure the set of

hyperparameters with a learning rate of 0.0001, a drop-out of 0.50, a batch

size of 645 and a learning-rate-factor of 0.70. We evaluate both approaches

on a test set of 356 sentences.

The Italian SignPuddle corpus contains 2,149 annotated items, including

1,974 signs and 782 sentences. Each sign is associated with a hand-made

canonical description and a FSW representation. We use signs to populate

the vocabulary Vc and split the dataset into training and test sets of 547

and 235 sentences, respectively.

To retrieve relevant examples for the AulSign Retriever module, we em-

ploy the Lee et al. [198] and the Reimers et al. [279] models for ASL and

LIS, respectively, as embedding models. We set the number of top retrieved

sentences Kd to 20 and the number retrieved canonical descriptions Kv to

100.

4we identify the extraction of vocabulary from sentences as an interesting research
direction

5in place of 32 used by Jiang et al. to improve efficiency
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For prompt generation (cf. Sect. 6.1), we define two distinct sets of rules

to structure the metalinguistic syntax settings. These rules describe each

sign based on its canonical description and are supplemented with illustra-

tive examples of sentences and their associated canonical descriptions to

ensure clarity and alignment between linguistic concepts and their represen-

tations. We define a total of seven rules for both English and Italian6. For

all experiments, we employ the GPT-3.5 as LLM.7

Section 6.2.1 details the overall performance of the AulSign method for

LIS and ASL in executing the spoken-to-sign translation task. Section 6.2.2

presents the results for the inverse task, i.e., sign-to-spoken translation.

6.2.1 Spoken-to-sign translation

Table 6.1 presents the overall performance of the AulSign method on the

English SignBank+ dataset in terms of F1-score, Bleu, ChrF2, and Mean

Absolute Error (MAE). We consider the F1-score as an appropriate metric to

evaluate predictions at the symbol (with associated rotation and orientation)

level, since the order of symbols within a sign is not semantically relevant.

However, the order across signs is semantically relevant, therefore symbol-

level evaluation alone is insufficient for FSW. To address this limitation,

and following Jiang et al. [164], we also employ the popular translation

metrics BLEU [257] and ChrF2 [264], which capture statistics at both word

and character levels. Additionally, we assess positional values (x and y)

using MAE to quantify the discrepancy between predicted and ground-truth

values. As the symbol order within a sign is not semantically significant,

both gold standard and predicted sequences are alphabetically sorted before

6for an overview of the grammar rules employed, we refer to
https://anonymous.4open.science/r/AulSign-13F6

7https://platform.openai.com/docs/models/gpt-3-5-turbo
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evaluation.

As shown in Table 6.1, AulSign consistently outperforms the Jiang et al.

baseline in data-scarce scenarios. In the low-resource configuration (AulSign

III), the model achieves an F1 score of 0.38, an 11-point improvement over

Jiang et al. III (i.e. 0.27). This trend is mirrored in BLEU and ChrF2 scores,

where AulSign III attains 20.40 and 54.14, compared to 10.94 and 39.17 for

the baseline. These results underscore AulSign’s robustness in low-resource

settings. In data-rich settings (AulSign I and II), AulSign demonstrates

comparable performance to Jiang et al., even when confronted with noisy

data. AulSign I achieves an F1 score of 0.42, slightly lower than Jiang et

al. I (i.e. 0.45), while maintaining competitive BLEU (i.e. 25.40 vs. 29.26)

and ChrF2 scores (i.e. 56.44 vs. 57.82). Our assessment affirms AulSign’s

robustness across different data conditions. Regarding MAE, Jiang et al.’s

models generally achieve lower positional errors, with minimum values of

23.78 and 27.80 for X and Y coordinates, respectively. AulSign’s MAE values

are slightly higher (e.g., 25.02 and 29.66 for AulSign I), reflecting a trade-

off between precise factor prediction and overall symbol recognition quality.

This discrepancy can be attributed to the architectural focus of Jiang et al.’s

models on positional accuracy, whereas AulSign employs a general-purpose

translation framework. Nevertheless, AulSign achieves competitive overall

performance, highlighting its efficacy in handling both sequence-level and

positional challenges in SignWriting-based translation. To better illustrate

the performance trend as the amount of training data varies, we report

in Figure 6.2 the F1-score column of Table 6.1. AulSign shows consistent

performance across training set sizes, contrasting with Jiang et al.’s model,

which exhibits significant degradation in low-resource conditions.

Table 6.2 summarizes the performance of AulSign on the Italian Sign-
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Model F1 BLEU ChrF2 MAE X MAE Y Training size

Jiang et al. I 0.45 29.26 57.82 23.77 27.96
13,275

AulSign I 0.42 25.40 56.44 25.02 29.66

Jiang et al. II 0.40 22.68 50.65 23.78 27.80
2,301

AulSign II 0.41 23.96 56.06 25.42 30.31

Jiang et al. III 0.27 10.94 39.17 23.81 27.82
115

AulSign III 0.38 20.40 54.14 25.50 30.55

Table 6.1: Overall spoken-to-sign ASL translation models performance on
the English SignBank+ dataset, in terms of F1 score, BLEU, ChrF2, and
MAE. We test three AulSign configurations: (I) data-rich (13,275 sentences),
(II) filtered (2,301 sentences), and (III) low-resource (115 sentences). We
compare the results to the baseline model (Jiang et al. [164]) under the same
conditions, with bold values indicating the best result per configuration.

Model F1 BLEU ChrF2 MAE X MAE Y

Jiang et al. 0.50 16.40 45.18 23.82 37.44
AulSign 0.63 37.71 57.54 21.22 33.22

Table 6.2: Models overall performance in spoken-to-sign Italian-to-LIS
translation using FSW-encoded sequences on the Italian SignPuddle cor-
pus.

Puddle corpus, evaluated using F1-score, BLEU, ChrF2, and MAE for po-

sitional coordinates. AulSign achieves substantial improvements across all

metrics compared to Jiang et al. Notably, it attains an F1 score of 0.63,

representing a 13-point increase over the baseline (0.50), demonstrating su-

perior capability in sign classification and identification. For sequence-level

metrics, AulSign outperforms Jiang et al. with BLEU and ChrF2 scores of

37.71 and 57.54, respectively, compared to the baseline’s 16.40 and 45.18.

Additionally, AulSign demonstrates superior positional accuracy, with MAE

values of 21.22 (X) and 33.22 (Y), compared to 23.82 and 37.44 for Jiang

et al. This indicates AulSign’s ability to precisely model even the spatial

characteristics of signs when a comprehensive vocabulary is available.
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Figure 6.2: Comparative analysis between AulSign and the state-of-the-art
model across different training set sizes, evaluated in terms of F1 score for
the ASL spoken-to-sign translation task.

6.2.2 Sign-to-spoken translation

Tables 6.3 and 6.4 show the results on sign-to-spoken translation for ASL-

to-English and LIS-to-Italian, using FSW-encoded sign language sequences.

As for spoken-to-sign, we evaluate three AulSign model configurations (I,

II, III) for ASL and one for LIS in terms of BLEU and ChrF2. We do not

compute F1 and MAE since the former is not adequate to assess spoken

natural language sentences and the latter has no meaning in this context.

For a comprehensive overview of model configurations and experimental

setup, we refer to the beginning of this section.

As shown in Table 6.3 and Table 6.4, AulSign consistently outperforms

the baseline, achieving state-of-the-art results for both ASL and LIS. In a

low-resource setting for the ASL, AulSign significantly outperforms the Jiang

et al. model, yielding a BLEU score of 26.59 and a ChrF2 score of 40.76,

compared to the baseline’s 2.20 and 18.90, respectively. Similarly, AulSign

achieves a BLEU score of 17.95 and a ChrF2 score of 50.42, significantly
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Model BLEU ChrF2 Training Size

Jiang et al. I 18.40 34.40
13,275

AulSign I 23.38 39.21

Jiang et al. II 8.40 22.50
2,301

AulSign II 24.75 40.26

Jiang et al. III 2.20 18.90
115

AulSign III 26.59 40.76

Table 6.3: Overall sign-to-spoken ASL translation models performance on
the English SignBank+ dataset, in terms of BLEU, and ChrF2. We test
three AulSign configurations: (I) data-rich (13,275 sentences), (II) filtered
(2,301 sentences), and (III) low-resource (115 sentences). We compare the
results to the baseline model (Jiang et al. [164]) under the same conditions.
Bold values indicate the best result per configuration.

Model BLEU ChrF2

Jiang et al. 6.50 29.40
AulSign 17.95 50.42

Table 6.4: Models overall performance in sign-to-spoken LIS translation
using FSW-encoded sequences on the Italian SignPuddle dataset, evaluated
in terms of BLEU and ChrF2.

outperforming the baseline scores of 6.50 and 29.40 in the low-resource LIS

setting. In high-resource settings, we evaluate two configurations of AulSign:

AulSign I and AulSign II. Both configurations show superior performance

compared to the Jiang et al. model. Specifically, AulSign I achieves a BLEU

score of 23.38 and a ChrF2 score of 39.21, exceeding the baseline scores of

18.40 and 34.40. Notably, AulSign II, trained on a reduced dataset, signif-

icantly outperforms the baseline, with a BLEU score of 24.75 and a ChrF2

score of 40.26, compared to the baseline’s 8.40 and 22.50. In low-resource

scenarios the low performances of Jiang et al. are expected since there

are not sufficient data for learning, considering the complexity of natural

language. In any case, our model can leverage on the language processing

abilities of pretrained LLMs, therefore producing higher-quality translation.
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6.3 Discussion

This study presents the evaluation of AulSign for SLT, particularly in low-

resource scenarios, using SignWriting as an intermediate representation.

AulSign achieves state-of-the-art results for both ASL and LIS in spoken-to-

sign and sign-to-spoken tasks, consistently outperforming Jiang et al. [164]

across different data configurations. Notably, AulSign excels in data-scarce

environments, demonstrating strong generalization and maintaining perfor-

mance even with reduced training data.

AulSign shows to effectively produce linguistically accurate and spatially

coherent sign language translations, even with limited data. Its strong per-

formance in sign-to-spoken tasks, reflected in high BLEU and chrF2 scores,

is due to its use of context augmentation and domain-specific vocabulary

mapping. AulSign adapts well to varying data sizes, maintaining consistent

results, unlike the Jiang et al. model, which struggles with smaller datasets.

While AulSign is slightly behind the baseline in some data-rich scenarios, its

adaptability is superior, especially with smaller or higher-quality datasets.

Across tasks, AulSign demonstrates balanced performance. For ASL,

the model achieves average BLEU scores of 23.25 in spoken-to-sign and

24.90 in sign-to-spoken, with chrF2 scores slightly higher in the latter (55.54

vs. 40.07). This disparity is likely due to the structured prompt in sign-

to-spoken, which provides explicit linguistic context for inference. In LIS

translation, AulSign consistently outperforms Jiang et al., benefiting from

the highest quality level of the Italian SignPuddle dataset. AulSign’s ap-

proach leverages on a predefined, domain-specific vocabulary, which plays

a central role in improving token alignment and translation accuracy. This

strategy ensures precise mappings between signs and their representations,
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particularly in structured intermediate formats like SignWriting. However,

signs not present in the vocabulary are treated as unknown, which may affect

the model’s ability to handle dynamic linguistic contexts or rare signs. Ex-

panding the vocabulary to cover a broader range of linguistic variations and

incorporating mechanisms for inferring or adapting to unseen signs would

further enhance the model’s capacity to address diverse translation chal-

lenges. This is particularly relevant in high-resource settings, where the

model’s performance is highly sensitive to vocabulary size and coverage. Fi-

nally, AulSign’s modular architecture ensures transparency at each stage of

the translation pipeline. The retrieval module, for instance, selectively aug-

ments training samples, while the prompt generation phase explicitly aligns

input sentences with grammatical rules. This design allows for targeted er-

ror analysis, such as identifying misalignments between FSW symbols and

canonical descriptions, which is infeasible in end-to-end SLT models. By pri-

oritizing explainability, AulSign bridges the gap between high performance

and user trust, offering a reliable tool for researchers and end-users.

6.4 Limitations

While AulSign demonstrates promising results, certain limitations affect its

generalizability and broader applicability. The model relies on a vocabulary

of canonical descriptions to map signs to natural language, ensuring consis-

tency and control over translation quality. However, this dependency intro-

duces a degree of rigidity, as it relies on a specialized vocabulary in which

a one-to-one correspondence between signs and their descriptions must be

explicitly defined. Furthermore, although AulSign is designed to perform ef-

fectively in low-resource settings, its translation quality remains contingent

on the availability and consistency of training data. Incomplete or incon-
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sistently annotated datasets may adversely impact accuracy, particularly in

capturing the spatial positioning of signs. At present, this study employs

SignWriting as the primary intermediate representation due to its structured

and expressive nature. Nonetheless, the approach is inherently extensible

to alternative notational systems, such as HamNoSys or specialized lexical

glossaries, thereby offering potential avenues for enhanced adaptability and

integration within automatic sign language translation frameworks.

180



7 Conclusion

This dissertation examines the integration of HCAI principles into NLP,

addressing the interrelated challenges of moral value alignment, controlla-

bility, evaluation of subjective tasks, and inclusivity for underrepresented

communities. Across theoretical, methodological, and applied dimensions,

the contributions collectively advance the design of NLP systems that are

more aligned with human values, transparent in their behavior, and acces-

sible to different users.

We demonstrate the potential of LLMs for moral value detection, with

performance shaped by model size, prompting strategies, and domain vari-

ation [53]. While GPT-4 achieves the strongest results, smaller models such

as Mistral also show promise in resource-constrained settings. These findings

introduce prompting strategies for applying current models to moral value

detection grounded in MFT, achieving human-comparable performance and

advancing the integration of such models into ethical AI systems.

To strengthen evaluation in subjective and ethically sensitive domains,

we introduce F1-kappa, a novel metric that combines precision–recall dy-

namics with chance-corrected agreement, enabling more robust and human-

centered assessment of model performance [58]. By capturing the variabil-

ity of human annotations, F1-kappa improves accountability and fairness in

evaluation.
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We further present GRAMMAR-LLM, a framework that integrates for-

mal grammatical constraints into language model decoding, enforcing syn-

tactic compliance in real time with minimal computational cost [339]. GRAMMAR-

LLM improves classification accuracy, translation quality, and structural

fidelity across tasks such as hierarchical classification, sign language trans-

lation, and semantic parsing. By constraining generation, this approach ad-

vances the development of AI systems that are both expressive and human-

controllable.

Finally, we introduce AulSign, a framework for SLT that combines retrieval-

augmented generation with SignWriting as an intermediate representation [59].

AulSign achieves state-of-the-art performance in spoken-to-sign and sign-

to-spoken translation for English–ASL and Italian–LIS, excelling in low-

resource scenarios. Through its structured vocabularies and modular, ex-

plainable architecture, it enhances translation accuracy, interpretability, and

error analysis. This contribution represents a step toward more inclusive AI,

particularly for the Deaf community.

Overall, this dissertation advances beyond a performance-centric paradigm

of AI by promoting systems that are responsible, interpretable, and gen-

uinely human-centered. Through the integrated pursuit of ethical alignment,

methodological rigor, and inclusivity, it establishes a coherent framework for

the development of NLP technologies that not only achieve technical excel-

lence but also contribute to human well-being and the broader societal good.
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ity as cooperation dictionary (emacd): A crowd-sourced approach via

the moral narrative analyzer platform. Communication Methods and

Measures, pages 1–31, 2025.

[221] Theodora A Maniou and Andreas Veglis. Employing a chatbot for

news dissemination during crisis: Design, implementation and evalu-

ation. Future Internet, 12(7):109, 2020.

[222] Alessandro Mantelero and Maria Samantha Esposito. An evidence-

based methodology for human rights impact assessment (hria) in the

development of ai data-intensive systems. Computer Law & Security

Review, 41:105561, 2021.
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[380] Alexandra Zytek, Sara Pidò, and Kalyan Veeramachaneni. Llms for

xai: Future directions for explaining explanations. arXiv preprint

arXiv:2405.06064, 2024.

239


