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Abstract

Sign languages are rich visual languages that use both manual features like handshape, move-

ment, and location and non-manual features such as facial expressions, head movements, and

body posture to convey information. Sign language learning technologies have the potential

to bridge the communication gap between hearing and hard-of-hearing communities by

providing accessible platforms that deliver actionable, interpretable feedback on signing per-

formance. In the light of advancements in deep learning, sign language recognition has seen a

plethora of improvements; however, sign language assessment, the task of evaluating the qual-

ity and correctness of signing, remains in its infancy. This thesis aims to advance assessment

systems for sign language that not only provide feedback to help learners improve their signing

performance, but also hold potential for offering automated feedback in the context of sign

language generation. We build upon an explainable phonology-based framework, advancing

it to work with RGB video input with the goal of enabling a webcam-based sign language

assessment system that is accessible and suitable for real-world deployment. In this context,

we investigate various 2D and 3D skeleton estimation methods derived from RGB input to

extract interpretable and linguistically meaningful manual features. To incorporate more

holistic representations, we further explore deep learning-based methods for modeling hand

movement. Specifically, we evaluate spatio-temporal features from convolutional networks

and sign language-agnostic Vision Transformers for assessing hand movement and handshape

quality in isolated signs. We then investigate how assessment can be effectively leveraged for

evaluating generated sign productions. To this end, we propose a posterior-based assessment

framework that uses articulatory posteriors to evaluate the quality of generated signing. This

approach enables interpretable, frame-level feedback and is applicable to both video-to-video

and text-to-pose generation models. Finally, we examine the role of non-manual features such

as facial expressions in continuous sign language, where they play a critical role in marking

grammatical structure and sign boundaries. We develop Facial Action Unit-based non-manual

feature detectors, integrate the resulting posteriors into our phonology-based framework, and

then analyze their contribution to sign segmentation through alignment.

Keywords: Sign language learning, sign language generation, phonology-based sign language,

sign language subunits, spatio-temporal features, posterior-based assessment, sign segmenta-

tion
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Résumé

Les langues des signes sont des langages visuels riches qui utilisent pour transmettre de

l’information à la fois des éléments manuels tels que la forme de la main, son mouvement

et sa position, et des caractéristiques non manuelles telles que les expressions faciales, les

mouvements de tête et la posture du corps. Les technologies d’apprentissage de la langue des

signes ont le potentiel de combler le fossé de communication entre les communautés d’enten-

dants et de malentendants en offrant des outils accessibles qui fournissent un retour concret

et interprétable sur la maîtrise de la langue des signes. Grâce aux progrès en apprentissage

profond, la reconnaissance de la langue des signes (Sign Language Recognition, SLR) a connu

une multitude d’améliorations ; cependant l’évaluation de la langue des signes (Sign Language

Assessment, SLA), qui consiste à évaluer la qualité et la justesse des signes, en est encore à

ses balbutiements. Cette thèse a pour but de faire progresser les systèmes d’évaluation de la

langue des signes qui non seulement offrent un retour pour aider les apprenants à améliorer

la qualité de leurs signes, mais qui ont aussi le potentiel de fournir une mesure de qualité

automatisée dans le contexte de la génération de la langue des signes (Sign Language Genera-

tion, SLG). Nous nous basons sur un cadre explicable basé sur la phonologie et le développons

pour traiter des vidéos RVB en entrée, afin de proposer un système d’évaluation de la langue

des signes utilisant une webcam, qui est à la fois accessible et adapté pour un déploiement

dans une situation réelle. Dans ce contexte, nous étudions diverses méthodes d’estimation du

squelette en 2D et 3D sur base de la vidéo RVB pour extraire des caractéristiques manuelles

interprétables et pertinentes au niveau linguistique. Afin d’intégrer des représentations plus

globales, nous explorons plus avant les méthodes de modélisation du mouvement de la main

basées sur l’apprentissage profond. Plus précisément, nous évaluons des caractéristiques

spatio-temporelles afin de déterminer la forme et le mouvement de la main dans des signes

isolés, à travers des réseaux de neurones convolutionnels entraînés sur des données de la

langue des signes et des Vision Transformers qui n’ont pas été exposés à ce type de données.

Nous étudions ensuite comment la SLA peut être exploitée efficacement pour évaluer la SLG.

Dans ce but, nous proposons un cadre d’évaluation basé sur les probabilités a posteriori qui

utilise les probabilités des articulations pour mesurer la qualité des signes générés. Cette

approche permet un retour interprétable image par image, et est applicable à la fois aux

modèles de génération vidéo-à-vidéo et texte-vers-pose. Enfin, nous étudions le rôle des

caractéristiques non manuelles telles que les expressions faciales dans la langue des signes
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Résumé

continue, où celles-ci sont déterminantes pour marquer la structure grammaticale et les

limites des signes. Nous développons des détecteurs de caractéristiques non manuelles basés

sur les unités d’action faciale (Facial Action Units), intégrons les probabilités résultantes dans

notre cadre phonologique, puis analysons leur contribution à la segmentation des signes par

alignement.

Mots-clés : Apprentissage de la langue des signes, génération de la langue des signes, langue

des signes basée sur la phonologie, sous-unités de la langue des signes, caractéristiques spatio-

temporelles, évaluation basée sur les probabilités a posteriori, segmentation des signes.
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Zusammenfassung

Gebärdensprachen sind reichhaltige visuelle Sprachen, die zur Übermittlung von Informa-

tionen sowohl manuelle Elemente wie Handform, -bewegung und -position als auch nicht-

manuelle Merkmale wie Mimik, Kopfbewegungen und Körperhaltung nutzen. Technologien

zum Erlernen der Gebärdensprache haben das Potenzial, die Kommunikationslücke zwischen

hörenden und hörgeschädigten Gemeinschaften zu schließen, indem sie zugängliche Tools

bieten, die konkretes und interpretierbares Feedback zur Beherrschung der Gebärdenspra-

che liefern. Dank der Fortschritte im Bereich des Deep Learning hat die Erkennung von

Gebärdensprache (Sign Language Recognition, SLR) eine Vielzahl von Verbesserungen erlebt;

die Bewertung von Gebärdensprache (Sign Language Assessment, SLA), bei der die Qualität

und Richtigkeit der Gebärden bewertet wird, steckt jedoch noch in den Kinderschuhen. Das

Ziel dieser Arbeit ist es, Gebärdensprache-Bewertungssysteme weiterzuentwickeln, die nicht

nur Feedback geben, um Lernenden zu helfen, die Qualität ihrer Gebärden zu verbessern,

sondern auch das Potenzial haben, eine automatisierte Qualitätsmessung im Kontext der

Gebärdensprache-Generierung (Sign Language Generation, SLG) zu liefern. Wir stützen uns

auf einen erklärbaren, auf Phonologie basierenden Rahmen und entwickeln ihn weiter, um

RGB-Videos als Eingabe zu verarbeiten, um ein Gebärdensprache-Bewertungssystem unter

Verwendung einer Webcam anzubieten, das sowohl zugänglich als auch für den Einsatz in

einer realen Situation geeignet ist. In diesem Zusammenhang untersuchen wir verschie-

dene Methoden zur 2D- und 3D-Skelettschätzung auf der Grundlage von RGB-Videos, um

interpretierbare und sprachlich relevante Handmerkmale zu extrahieren. Um umfassende-

re Darstellungen zu integrieren, untersuchen wir weiter Methoden zur Modellierung von

Handbewegungen auf der Grundlage von Deep Learning.

Genauer gesagt bewerten wir räumlich-zeitliche Merkmale, um die Form und Bewegung

der Hand in einzelnen Gebärden zu bestimmen, und zwar mithilfe von konvolutionellen

neuronalen Netzen, die mit Gebärdensprachdaten trainiert wurden, und Vision Transformers,

die dieser Art von Daten nicht ausgesetzt waren.

Anschließend untersuchen wir, wie SLA effektiv zur Bewertung von SLG genutzt werden kann.

Zu diesem Zweck schlagen wir einen auf A-posteriori-Wahrscheinlichkeiten basierenden Be-

wertungsrahmen vor, der die Wahrscheinlichkeiten der Gelenke nutzt, um die Qualität der ge-

nerierten Gebärden zu messen. Dieser Ansatz ermöglicht ein interpretierbares Feedback Bild

für Bild und ist sowohl auf Video-zu-Video- als auch auf Text-zu-Pose-Generierungsmodelle
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Zusammenfassung

anwendbar. Schließlich untersuchen wir die Rolle nicht-manueller Merkmale wie Mimik in

der kontinuierlichen Gebärdensprache, wo diese entscheidend sind, um die grammatikalische

Struktur und die Grenzen der Gebärden zu markieren. Wir entwickeln Detektoren für nicht-

manuelle Merkmale auf der Grundlage von Facial Action Units (Gesichtsaktions-Einheiten),

integrieren die resultierenden Wahrscheinlichkeiten in unser phonologisches Framework und

analysieren dann ihren Beitrag zur Segmentierung von Zeichen durch Ausrichtung.

Schlüsselwörter: Erlernen der Gebärdensprache, Gebärdensprache-Generierung, phono-

logiebasierte Gebärdensprache, Untereinheiten der Gebärdensprache, räumlich-zeitliche

Merkmale, Bewertung auf Basis von A-posteriori-Wahrscheinlichkeiten, Segmentierung von

Gebärden.
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1 Introduction

Sign languages are full-fledged natural languages that rely on a complex interplay of manual

features such as handshape, movement, location, and orientation and non-manual markers

including facial expressions and body posture. They are the primary means of communication

for deaf and hard-of-hearing individuals worldwide and play a central role in Deaf culture and

identity. Importantly, sign languages are not universal. Just like spoken languages, they have

evolved independently within different Deaf communities, shaped by local histories, cultures,

and social contexts. This linguistic diversity poses additional challenges for computational

modeling, especially in creating generalizable tools that can respect and adapt to the nuances

of specific sign languages. Unlike spoken languages, sign languages lack a standardized written

form. The two most commonly used representations are:

1. Gloss: a gloss is a word from the local spoken language that approximates the meaning

of a sign. It serves as a semantic label but does not capture the phonological form or

visual articulation of the sign.

2. HamNoSys1: the Hamburg Notation System is a phonetic transcription system that en-

codes handshape, location, orientation, and movement using a set of abstract symbols.

Recent advances in sign language processing have enabled significant progress in automatic

sign language recognition, allowing machines to classify isolated signs or continuous se-

quences with increasing accuracy. These developments have been largely driven by deep

learning methods and the availability of annotated datasets. However, the field has yet to de-

velop robust tools for automated sign language assessment: tools that go beyond recognition

to evaluate how accurately and clearly a sign is produced, with the ability to explain why a

sign may be incorrect.

1https://www.sign-lang.uni-hamburg.de/dgs-korpus/hamnosys-97.html
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Chapter 1. Introduction

1.1 Motivation

While recognition systems have made substantial progress, sign language learners especially

those without regular access to native signers or qualified instructors continue to face a major

challenge: the lack of constructive feedback on their signing performance. In most current

systems, learners are only told whether the sign produced was correct or not, without insight

into why a sign may be incorrect. This is a fundamental limitation in the context of education,

where targeted, interpretable feedback is essential for effective learning. Importantly, this

type of interpretable feedback can also be extended to the automatic assessment of sign lan-

guage proficiency tests. Figure 1.1 illustrates the overall sign language assessment framework

designed to meet these needs.

Moreover, as generative models (Goodfellow et al., 2020; Blattmann et al., 2023) for sign

language such as those that synthesize signing videos or motion sequences become more

prevalent, the need for objective, automated evaluation becomes even more pressing. These

models often produce outputs that are visually plausible but may lack linguistic accuracy

or articulatory correctness. Without dedicated tools to assess the quality and correctness of

these generated signs, there is a risk of propagating unrealistic or incorrect signing patterns,

particularly when such outputs are used in learning or accessibility contexts.

Together, these challenges highlight the need for automated sign language assessment methods

that are not only accurate but also interpretable and applicable to both human and machine-

generated signing.

Sign Language
Recognition

Sign Language
Assessment and

Feedback

Language
Test

Sign Language
Learner

Sign
production

Figure 1.1 – Sign language assessment framework. The framework is designed to provide in-
terpretable feedback on sign language production. It integrates various components for sign
language recognition, assessment, and feedback generation.

The work in this thesis is taking place in the context of Swiss National Science Foundation

(SNSF) Sinergia SMILE-II (Scalable Multimodal sign language technology for sIgn language

Learning and assessmEnt -II), a project that aims to build technology for sign language learn-

ing. More specifically, it builds on the groundwork laid by the project SMILE, described in

Chapter 2, that aimed at recognition and assessment of isolated Swiss German sign language.

SMILE-II aims to extend this technology to include both manual and non-manual features in
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1.2 Contributions

the context of continuous sign language recognition and sentence level-assessment. In this

context, the SMILE-II project brings together researchers from different interdisciplinary fields

of sign language linguistics, sign language assessment, computer vision, sign language technol-

ogy, and spoken language technology, across four different institutions, namely, Idiap Research

Institute (Martigny, Switzerland), HfH2 Zurich, University of Zurich, and the University of

Surrey (UK).

1.2 Contributions

The contributions of this thesis are as follows:

• RGB-based sign language assessment methods for accessible sign language learning.

We explore different 2D and 3D skeleton estimation methods from RGB videos to be

integrated with webcam-based systems for accessible sign language learning and assess-

ment. We systematically evaluate the performance of these methods with the existing

system and highlight the trade-off between sign language recognition performance and

assessment performance.

Parts of this work have appeared in:

Neha Tarigopula, Sandrine Tornay, Skanda Muralidhar, and Mathew Magimai

Doss (2022). “Towards Accessible Sign Language Assessment and Learning”. In:

Proceedings of the 2022 International Conference on Multimodal Interaction. ICMI

’22. Bengaluru, India: Association for Computing Machinery, pp. 626–631. DOI:

10.1145/3536221. 3556623

S. Tornay, A. Nanchen, A. Battisti, F. Holzknecht, N. Tarigopula, O. Mendez Mal-

donado, N. C. Camgöz, M. Razavi, K. Tissi, S. Sidler-Miserez, P. Boyes Bream, S.

Ebling, T. Haug, R. Bowden, and M. Magimai-Doss (June 2023). “Web SMILE

demo: a web application providing automated feedback on sign language vocab-

ulary production”. In: 44th Language Testing and Research Colloquium: Language

Assessment for a Global, Digital, and More Equitable Era. Demo presentation.

New York City, USA

• Using deep-learning based methods for hand movement modeling in sign language

assessment.

We employ deep learning models to extract spatio-temporal representations from RGB

videos and evaluate their effectiveness in capturing articulatory quality, particularly

hand movement. This includes the use of convolutional models like I3D as well as self-

2HfH stands for Hochschule für Heilpädagogik
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Chapter 1. Introduction

supervised Vision Transformers (ViTs). We perform a layer-wise analysis of ViT features

and highlight their strengths and limitations in terms of phonological interpretability.

Parts of this work have appeared in:

Neha Tarigopula, Sandrine Tornay, Ozge Mercanoglu Sincan, Richard Bow-

den, and Mathew Magimai.-Doss (2025). “Posterior-Based Analysis of Spatio-

Temporal Features for Sign Language Assessment”. In: IEEE Open Journal of

Signal Processing 6, pp. 284– 292. Presented at ICASSP 2025. DOI: 10.1109/O-

JSP.2025.3531781

• Towards closing the feedback loop in sign language generation with assessment.

We propose a posterior-based framework for the fine-grained assessment of automati-

cally generated sign language content. Using articulatory posteriors, we evaluate the

quality of signs produced by video-to-video and text-to-pose generation models, fo-

cusing on hand movement and handshape. This provides interpretable analysis of

articulatory accuracy and lays the groundwork for diagnostic evaluation in sign lan-

guage generation.

Parts of this work have appeared in:

Neha Tarigopula, Preyas Garg, Skanda Muralidhar, Sandrine Tornay, Dinesh

Babu Jayagopi, and Mathew Magimai.-Doss (2024). “Content-Based Objective

Evaluation of Artificially Generated Sign Language Videos”. In: ICASSP 2024 -

2024 IEEE International Conference on Acoustics, Speech and Signal Processing

(ICASSP), pp. 3815–3819. DOI: 10.1109/ICASSP48485.2024.10448192

Zifan Jiang, Colin Leong, Amit Moryossef, Anne Göhring, Annette Rios, Oliver

Cory, Maksym Ivashechkin, Neha Tarigopula, Biao Zhang, Rico Sennrich, and

Sarah Ebling. "Meaningful Pose-Based Sign Language Evaluation". Manuscript

under review, 2025

• Non-manual feature detection for continuous sign language.

We develop and compare non-manual feature detection methods, including spatio-

temporal and transformer-based models, in the context of continuous sign language.

These features are integrated as independent channels into a phonology-based align-

ment framework and evaluated on the SMILE-SRT dataset. We assess their contribution

to sign segmentation, a critical first step toward linguistically grounded continuous sign

language assessment.
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1.3 Thesis outline

1.3 Thesis outline

The remainder of this thesis is organized as follows: In Chapter 2, we provide a detailed

background of sign language processing technologies, focusing on sign language recognition,

assessment, and generation. We then discuss in detail the existing methods for sign language

assessment and detail the datasets used in this thesis.

In Chapter 3, we present the work on accessible sign language assessment methods. We

evaluate the methods using SMILE-DSGS dataset. In Chapter 4, we focus on the use of deep

learning methods for hand movement modeling in sign language assessment. Building on

the skeleton-based and RGB-based methodologies developed in Chapter 3 and Chapter 4, we

propose a posterior-based approach to assess generated sign language content in Chapter 5. In

Chapter 6, we compare different non-manual feature detection methods for continuous sign

language and their integration into the phonological framework for sign alignment. Finally, in

Chapter 7, we summarize this thesis and suggest directions for future work.
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2 Background, Methods and Datasets

2.1 Background

Sign Language Processing (SLP) is an evolving field that encompasses various technologies and

methodologies aimed at understanding, generating, and assessing sign languages. Our focus

remains on SLP within the realm of linguistics and computer vision. This chapter provides an

overview of the key components of SLP, including Sign Language Recognition (SLR) and Sign

Language Translation (SLT), Sign Language Generation (SLG), and Sign Language Assessment

(SLA). We will also discuss the significance of these technologies in enhancing communication

accessibility for Deaf and hard-of-hearing individuals. Figure 2.1 illustrates the taxonomy of

SLP technologies.

Figure 2.1 – Taxonomy of sign language processing technologies.
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Chapter 2. Background, Methods and Datasets

2.1.1 Sign language recognition

SLR refers to the task of automatically recognizing signs from visual input. The goal is to map

the visual input to glosses in a specific sign language. SLR can be categorized into three types:

1. Isolated SLR, where individual signs are recognized in segmented clips.

2. Continuous SLR, where a sequence of signs is recognized from unsegmented signing

streams, often involving co-articulation and transitional movements.

3. Fingerspelling recognition, which focuses on identifying sequences of manually spelled

letters, typically using a fixed set of characters from the language alphabet.

Different input modalities can be used for SLR, such as RGB video for capturing appear-

ance, depth maps for 3D spatial information, and skeleton data for tracking body and hand

keypoints (Sarhan et al., 2023).

Early approaches, given the sequential nature of the problem, focused on modeling hand-

shape and hand movement features using Hidden Markov Models (HMMs) (Vogler et al.,

1998; Vogler et al., 1999; Cooper et al., 2011), which are well-suited for capturing temporal dy-

namics in gesture sequences. With advances in deep learning, methods have shifted towards

Convolutional Neural Network (CNN)-based architectures (Camgoz et al., 2017; Adaloglou

et al., 2021), where 2D CNNs extract spatial features from individual video frames and Long

Short-Term Memory (LSTM) networks capture temporal dependencies across the signing

sequence. Alternatively, 3D CNN-based approaches process spatio-temporal features directly

from video data (Sarhan et al., 2020; Mercanoglu et al., 2022; Papadimitriou and Potamianos,

2023a), capturing motion and appearance jointly. Building on the success of transformer mod-

els in Natural Language Processing, transformer-based architectures have also been adapted

for SLR, leveraging self-attention mechanisms to model long-range dependencies in signing

sequences (Camgoz et al., 2020; De Coster et al., 2020).

2.1.2 Sign language translation

While SLR involves mapping visual input to glosses (a written representation of sign language

units), this output remains within the domain of sign language. In contrast, SLT extends

this task by translating the recognized glosses (or visual input) into spoken language text or

speech, thereby bridging the gap between sign and spoken modalities. This task is particularly

challenging due to the differences in grammar, syntax, and semantics between sign languages

and spoken languages. Early approaches often used glosses (either predicted or manually

annotated) as an intermediate representation before translating them into spoken language

text (Moryossef et al., 2021; Müller et al., 2023). More recent end-to-end approaches leverage

Neural Machine Translation techniques to convert sequences of visual features directly into

spoken language text (Camgoz et al., 2018; Camgoz et al., 2020; Zhou et al., 2023). These
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2.1 Background

methods typically adopt an encoder-decoder architecture, where the encoder processes the

visual input and the decoder generates the corresponding spoken language tokens.

SLR and SLT are often used as automatic sign language interpretation technologies, bridging

the communication gap between hard-of-hearing and hearing individuals. SLT systems can

also be used for real-time video subtitling, where the sign language input is translated into

spoken language text for live events or media content (Bull et al., 2021).

2.1.3 Sign language generation

SLG focuses on generating sign language content from various input representations. These

inputs can include spoken language text, sign language glosses, HamNoSys annotations, or

even other sign videos in the context of data augmentation (Stoll et al., 2018; Stoll et al., 2020;

Arkushin et al., 2023; Moryossef, 2024). The output of such systems may take the form of 3D

avatars (Neves et al., 2020), photorealistic RGB videos, or sequences of 2D/3D pose keypoints

(Baltatzis et al., 2024), depending on the target application and the rendering technique

employed.

SLG plays a critical role in improving accessibility and enabling communication for Deaf and

hard-of-hearing individuals. SLG systems can function as automatic interpreters, converting

spoken or written language content into sign language. Moreover, the generated sign se-

quences can serve as reference material for sign language learners, providing model examples

for improving sign production and comprehension.

2.1.4 Sign language assessment

SLA aims to evaluate the quality and correctness of sign language production with respect

to a reference sign, often in the context of sign language learning. Unlike recognition, which

focuses on identifying the sign, assessment systems also aim to determine how well a sign

is produced in terms of linguistic features such as handshape accuracy, movement clarity,

location precision, facial expressions, etc.

One of the ways to bridge the communication gap between the Deaf and hard-of-hearing

community and the Hearing community is to develop assistive technology that can help

people, irrespective of whether they are hearing impaired to learn sign language, assess and

improve themselves with the help of automatic systems that provide meaningful feedback.

In that direction, there has been effort for more than a decade in developing interactive sign

language learning platforms for both children and adults (Spaai et al., 2005; Brashear et al.,

2006; Aran et al., 2009; Zafrulla et al., 2011).

Most of the existing platforms for sign language learning or assessment test vocabulary using

pre-recorded videos for later analysis. E-learning platforms such as SignAssess (John, 2012)

allow to compare a user’s recorded video to a reference one. In terms of real-time sign language
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verification, SignAll (SignAll Technologies Inc., 2021) and ISARA (ISARA, 2016) applications

assess if the produced sign is correct or incorrect. Validation in terms of whether the produced

sign is correct or incorrect is not enough information to aid a sign language learner. The

SL-ReDu (Papadimitriou, Potamianos, et al., 2023b) platform introduces a signer-independent

Greek SLR system for learner assessment, integrating deep learning-based visual processing to

handle both isolated signs and finger spelled sequences in real-world webcam videos. On the

linguistics side, Willoughby et al. (2015) envisioned a system, My Interactive Auslan Coach, that

provides automatic feedback on correctness of handshape and hand movement of Australian

Sign Language signs. Huenerfauth et al. (2017) proposed a system that analyzes the production

of signs and gives feedback with respect to both manual and non-manual components. These

two systems just depict the prototype of the feedback system and analyze the system in terms

of usability through a wizard-of-oz setup.

Recent works have focused on developing automated SLA systems that provide interpretable

feedback on sign production (Tornay, Camgoz, et al., 2020; Cory et al., 2024). These systems

typically use machine learning techniques to analyze the signing performance and identify

errors in specific channels, such as handshape, movement trajectory, etc. The goal is to

provide learners with detailed feedback that aligns with how human instructors would assess

the signing performance.

SLA plays a crucial role in sign language education by providing actionable feedback that helps

learners improve their signing skills. It is also essential for the development of SLG systems,

offering a means to evaluate the linguistic and articulatory quality of the generated signs, as

we see later in Chapter 5.

2.2 Methods

This section provides an overview of the methods that underpin the experimental studies in

this thesis. These components serve as the basis for our proposed evaluation frameworks,

comparisons, and system designs across different SLA tasks.

In the thesis by Tornay (2021), it has been shown that signs can be assessed over different

channels of production like handshape, hand movement, etc. Two levels of assessment have

been proposed:

1. Lexeme-Level: Whether the produced sign matches the reference sign.

2. Form-Level: Feedback on whether the form of the sign in terms of handshape, hand

movement, etc. is correct or incorrect.

Assessment that goes beyond simply determining whether a sign is correct or incorrect is

crucial both for sign language learning and for evaluating generated content, since even

minor variations in articulatory channels can affect communication and alter the intended
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interpretation of a sign.

The remainder of the section is organized as follows: In Section 2.2.1, we introduce the

phonology-based approach used to develop reference models for SLA. In Section 2.2.2, we

present the assessment framework based on these models.

2.2.1 Phonology-based sign language recognition

l 1 l 2 l 3
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Figure 2.2 – Illustration of modeling production and perception phenomena in KL-HMM
framework for sign language processing. The visual signal is denoted by (v1, v2, . . . , vT ),[

zhshp
t , . . . , zhmv t

t , . . . , znm f
t

]
is the stack of posterior estimates of channels obtained from the

visual signal at time t , and the emission distribution for HMM state n is parameterized by the

categorical distribution
[

y hshp
n , . . . , y hmv t

n , . . . , y nm f
n

]
.

Sign Language like spoken language has a production and perception component.

• Production involves the generation of the signal. In speech, it is the movement of ar-

ticulators such as vocal folds, tongue, jaw, and lips that produce a one-dimensional

acoustic signal. In contrast, in sign language, a two-dimensional visual signal is gen-

erated through articulations involving hand movements, facial expressions, and body

postures.

• Perception involves interpreting the signal using linguistic units such as words or phrases.
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In spoken language, the signal is interpreted through well-defined auditory subunits

such as phonemes, syllables and words. In sign language, the linguistic units are not as

well-defined and the concept of subunits as a combination of different articulators is

still being explored.

Owing to the similarities between spoken and sign language, the posterior-based articulatory

feature modeling for speech processing (Rasipuram et al., 2016) was extended to SLP (Tornay,

Razavi, et al., 2019).

Posterior-based approaches model articulatory features as categorical distributions and use

Kullback-Leibler Hidden Markov Models (KL-HMMs) (Aradilla et al., 2007; Aradilla et al., 2008)

to capture their temporal dynamics. In this probabilistic framework, a sequence of posterior

distributions over subunits is first computed from the input visual signal v of length T . At

each time step t , the posterior vector is given by:

zt =
[

zhshp
t , zhmv t

t , znm f
t

]
where zhshp

t , zhmv t
t , and znm f

t correspond to the posterior distribution of handshape, hand

movement and non-manuals respectively.

These stacks of posterior distributions are then used to train an HMM whose states n ∈ [1, N ]

are each parameterized by a corresponding categorical distribution:

yn =
[

y hshp
n , y hmv t

n , y nm f
n

]
The three possible cases to define the local scores based on KL-divergence between yi and zt

are given by:

1. KL-divergence (KL):

SK L(yi , zt ) =∑
f

D f∑
d=1

y f ,d
t log

(
y f ,d

t

z f ,d
i

)
(2.1)

2. Reverse KL-divergence (RKL):

SRK L(yi , zt ) =∑
f

D f∑
d=1

z f ,d
t log

(
z f ,d

t

y f ,d
i

)
(2.2)

3. Symmetric KL-divergence (SKL):

SSK L(y f
i , z f

t ) = 1

2
(SK L(yi , zt )+SRK L(yi , zt )) (2.3)

where D f corresponds to the dimension of the channel f and z f ,d
t , y f ,d

i are the d-th elements

of the posterior and state distributions respectively.
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The HMM parameters are estimated using the Viterbi Expectation-Maximisation (EM) algo-

rithm by minimizing the score based on KL-divergence between the input posterior sequence

and the state distributions, aligning the predicted articulatory behavior with the observed

signal. The decoding is performed using standard Viterbi decoder using the KL-divergence

based local score. In our experiments, we use the score based on the Reverse KL-divergence

(Equation 2.2).

The overall framework is illustrated in Figure 2.2. Posterior features for individual channels

can be derived using various approaches, including both handcrafted feature extraction and

deep learning-based methods. The framework is inherently flexible and can be extended

to incorporate any number of channels. The work presented in (Tornay, 2021) specifically

focuses on manual features extracted from 3D skeletons obtained via Kinect sensors.

2.2.2 Phonology-based sign language assessment

In the context of SLA, KL-HMMs can be interpreted as template models that represent canoni-

cal or reference sign productions. Assessment is then formulated as a sign matching problem,

where a test sign production is compared to the reference model using Dynamic Time Warping

(DTW) via the Viterbi algorithm. This comparison determines whether the produced sign

is acceptable based on its alignment with the reference. The local constraints for DTW are

defined analogously to the left-to-right transition structure of HMMs, enforcing a temporal

progression through the sign. Given the reference model, the posterior feature sequence of a

test production is aligned to it using DTW, and the global and local scores are thresholded to

determine the acceptability of the produced sign (Tornay, Camgoz, et al., 2020).

The assessment approach is illustrated in Figure 2.3. The method matches the stack of poste-

rior sequences from the produced sign video z = [z1, . . . , zT ] with the sequence of KL-HMM

states of the expected sign characterized by categorical distributions y = [
y1, . . . , yN

]
, where n

is the state. The local score given by l(yn , zt ) is based on Symmetric KL-divergence (Equation

2.3) of two probability distributions. The match is obtained by dynamic programming with

the following recursion:

S(n, t ) = l(yn , zt )+min[S(n, t −1)+cx ,S(n −1, t −1)+cx ]

where cx =− log(0.5) is the transition cost and l(yn , zt ) is the local score given by:

l(yn , zt ) =∑
f

SKL
(

y f
n , z f

t

)

SKL(y f
n , z f

t ) = 1

2

D f∑
d=1

y f ,d
n log

(
y f ,d

n

z f ,d
t

)
+ z f ,d

t log

(
z f ,d

t

y f ,d
n

)
(2.4)

where D f corresponds to the dimension of the channel f and z f ,d
t , y f ,d

n are the d-th elements
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Figure 2.3 – Illustration of the assessment framework.
[

zhshp
t . . . znm f

t

]
is the stack of posterior

estimates of the visual sub-units obtained from the test signer production at time t . Each state ln

of the reference KL-HMM model is parameterized by the categorical distribution
[

y hshp
n . . . y nm f

n

]
.

The DTW score is given by S(N ,T ).

of the posterior and state distributions, respectively.

Given an input sequence of posterior features, we compute the alignment to the reference

using DTW based on the cost function described above. This results in the best matching path

that maps each HMM state n ∈ [1, . . . , N ] to a segment in time defined by its beginning and end

frame indices
(
t b

n , t e
n

)
. These aligned segments are then used to compute both lexeme-level

and form-level assessment scores.

Given the best matching path (t b
n , t e

n) for each state n, the score for lexeme-level assessment is

calculated as:

Slex = 1

N

N∑
n=1

∑t e
n

t b
n

l (yn , zt )

t e
n − t b

n +1

As we can separate out the contributions of each of the channels from the global score, the
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form-level assessment scores for each channel can be factored from this as;

S f
f or m = 1

N

N∑
n=1

∑t e
n

t b
n

SKL(y f
n , z f

t )

t e
n − t b

n +1
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Figure 2.4 – Histogram of SKL scores of positive and negative sign pairs. The line shows the
decision boundary for the acceptability decision.

To determine whether a produced sign instance is acceptable, we apply a threshold to the

computed assessment scores S f or m and Sl ex . This threshold is learned by evaluating the

system on a development set consisting of positive pairs (instances of the same sign class) and

negative pairs (instances of different sign classes). Assessment scores are computed for each

pair using the lexeme-level or form-level scoring formulation. A threshold is then selected to

maximize the F1 score for the binary acceptability decision, effectively balancing precision and

recall in distinguishing correct from incorrect productions. Figure 2.4 illustrates the decision

boundary selection.

These methods have been validated on SLA using 3D skeleton data from a Kinect-v2 sen-

sor (Tornay, Camgoz, et al., 2020). However, reliance on such specialized hardware limits

scalability and accessibility, particularly in real-world learning scenarios where affordable and

widely available sensors (e.g., webcams) are preferred. To address this limitation, Chapter 3

and Chapter 4 explore the use of RGB-based pose estimation methods for assessment.

2.3 Datasets

In this section, we provide an overview of the datasets used in our experiments. These include

datasets for isolated sign language assessment, alignment of continuous signing sequences,

and detection of non-manual features.
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2.3.1 SMILE-DSGS

The SMILE-DSGS (Deutschschweizerische Gebärdensprache, DSGS) dataset (Ebling et al.,

2018) was created to develop an assessment system for the lexicon of Swiss German Sign

Language. It is the only database that has linguistically annotated sign language data to aid

production-level SLA. The dataset is composed of 100 isolated signs from DSGS. The data

was acquired from 11 adult L1 (first language) signers and 19 adult L2 (second language)

learners performing the signs of a DSGS vocabulary production test. The inclusion of both

L1 and L2 signers significantly enhances the diversity of the dataset, capturing variations in

signing styles influenced by linguistic proficiency and individual differences. The videos were

collected with a Microsoft Kinect v2 sensor, and the dataset includes both RGB and depth data

obtained by the sensor and the gloss (meaning label associated with the sign in related spoken

language) annotations. The linguistic annotations capture the variations and the acceptability

of the signs through six categories, based on linguistic criteria (lexeme, meaning, and form).

The category evaluates the acceptance of the produced sign according to whether it is the

same lexeme (word), has the same meaning, and has the same form as the target sign. This

comprehensive annotation approach makes the SMILE-DSGS dataset a valuable resource

for capturing the nuanced variability in sign production and supporting advanced SLA. The

categories are defined as follows:

1. Category 1 - Same lexeme as target sign: same meaning, same form;

2. Category 2 - Same lexeme as target sign: same meaning, slightly different form;

3. Category 3 - Same lexeme as target sign: same meaning, different form;

4. Category 4 - Same lexeme as target sign: slightly different meaning, slightly different

form;

5. Category 5 - Different lexeme than target sign: same meaning, different form;

6. Category 6 - Different lexeme than target sign: different meaning, different form;

Table 2.1 – Acceptability levels and number of samples for different signer categories.

Category Acceptability #Samples

Cat 1, Cat 2 High 581
Cat 3, Cat 4 Medium 412
Cat 5, Cat 6 No 183

The acceptable productions of Category 1 and 2 were partitioned in a signer-independent

manner into 987 training samples from 15 signers, 509 validation samples from 7 signers, and

581 test samples from 8 signers. These acceptable productions are used to build the reference

models for assessment. The data from the other categories (3-6) with statistics as shown in

Table 2.1 are used to evaluate the assessment system.
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2.3.2 Aff-Wild2

Aff-Wild2 (Zafeiriou et al., 2017; Kollias, Tzirakis, et al., 2019; Kollias, Sharmanska, et al.,

2019; Kollias and Zafeiriou, 2019; Kollias and Zafeiriou, 2021a; Kollias, Sharmanska, et al.,

2021; Kollias et al., 2020; Kollias and Zafeiriou, 2021b; Kollias, 2022; Kollias, 2023a; Kollias

et al., 2023b) is a large-scale audiovisual dataset developed for affective behavior analysis in

unconstrained, real-world conditions. Released as part of the Affective Behavior Analysis in

the Wild (ABAW) competition series, the dataset comprises 564 videos totaling approximately

2.6 million frames, capturing subjects expressing spontaneous emotions across a wide range of

settings. It features extensive diversity in age, gender, ethnicity, nationality, and environment,

making it a robust benchmark for real-world affective computing tasks. Out of the 564 videos

in the Aff-Wild2 dataset, 295 videos are used for training, 105 videos for validation, and 164

videos are held out for testing (no labels released), following the official data split protocol.

Aff-Wild2 provides frame-level annotations for:

• valence and arousal (continuous emotion dimensions),

• the seven basic expressions: happiness, surprise, anger, disgust, fear, sadness, and

neutrality, and

• facial action units (FAUs) defined according to the Facial Action Coding System (FACS).

Table 2.2 – FAUs and their associated face regions annotated in Aff-Wild2 dataset.

# AU Code Description Face Region

1 AU1 Inner Brow Raiser Brows
2 AU2 Outer Brow Raiser Brows
3 AU4 Brow Lowerer Brows
4 AU6 Cheek Raiser Cheeks
5 AU7 Lid Tightener Eyes
6 AU10 Upper Lip Raiser Mouth
7 AU12 Lip Corner Puller Mouth
8 AU15 Lip Corner Depressor Mouth
9 AU23 Lip Tightener Mouth

10 AU24 Lip Pressor Mouth
11 AU25 Lips Part Mouth
12 AU26 Jaw Drop Jaw

Due to its dense frame-level annotations over entire video sequences, Aff-Wild2 is well-suited

for both frame-wise and spatio-temporal modeling approaches. This makes it particularly

valuable for tasks such as FAU detection in dynamic, real-world conditions. In this thesis, we

leverage the Aff-Wild2 dataset to train facial action unit detection models, which are then

transferred to the domain of non-manual feature detection in sign language videos. Table 2.2
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lists the FAUs annotated in the Aff-Wild2 dataset, which are used to train the FAU detection

models.

2.3.3 SMILE-SRT

The SMILE Sentence Repetition Test (SRT) dataset (Cory et al., 2024) was created to support

the development of assessment systems for continuous Swiss German Sign Language (DSGS)

productions. During data collection, each participant viewed a prerecorded video of a DSGS

sentence twice and was then asked to reproduce what they had seen. The dataset was con-

structed by recording a repetition test across 12 sentences of varying difficulty, determined by

the number of signs as well as their morphological and syntactic complexity.

This dataset was developed as part of the SMILE-II project, which aims to extend sign language

learning and assessment technologies from isolated signs to continuous sign sequences. A

major challenge in this transition is the lack of continuous sign language datasets with rich

linguistic annotations spanning phonological, morphological, lexical, semantic, syntactic,

and prosodic levels. The SMILE-SRT dataset specifically addresses this gap by providing a lin-

guistically annotated dataset suitable for phonologically grounded assessment in continuous

signing scenarios.

The collected dataset comprises 104 productions signed by nine deaf native signers/early

learners (L1 signers) and 100 productions signed by 14 learners (L2 signers) enrolled in an

interpreter training program. Of the nine L1 signers, six identified as female and three as

male (mean age 33.9; range 20−49), while all the L2 signers identified as female (mean age

34.8; range = 22−46). The dataset was gathered within a study environment equipped with

5 cameras (three machine vision cameras and two webcams) from different angles. In this

work, we use data only from the front-facing camera. Participants were shown a pre-recorded

signed sentence twice in a row with the task of signing it in the same way, copying both manual

and non-manual activities. The videos were recorded at 57 frames per second (fps) and a

resolution of 1024x1024 pixels in RGB.

Table 2.3 – Non-manual categories annotated in the SMILE SRT dataset.

Region Subcategory States

Face

Cheeks –
Eyebrows Firm, Relaxed
Eyelids Closed, Open, Partial
Gaze Addressee, Downward+Level, OnHands, Upward
Lips Closed+Firm, Closed+Relaxed, Slightly Open+Relaxed
Nose Static

Head
Position Back, Front, Lateral
Movement Nod, Shake, StrongDynamic

Upper Body
Shoulders Raised
Torso Upright, Oriented
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The dataset is comprehensively annotated with both manual and non-manual features rele-

vant to sign language production. Manual annotations include segmentation of individual

signs, identified by their start and end timestamps within continuous sentence-level signing.

This segmentation allows for isolated analysis and evaluation of each sign instance. In parallel,

non-manual features listed in Table 2.3 are also annotated with precise temporal boundaries,

indicating when each non-manual signal begins and ends. Notably, there is considerable

variation between the non-manual features annotated in this dataset (Table 2.3) and those

present in the FAU dataset (Table 2.2).

In addition to manual and non-manual annotations, the dataset includes human ratings

provided by trained evaluators. Raters are instructed using a standardized rubric and as-

sess videos at the sentence level across six linguistic criteria: manual components, mouth

movements, eyebrow movements, head movements, eye gaze, and overall sentence structure.

Each criterion is evaluated on a three-point scale, allowing for more nuanced and graded

feedback compared to binary assessments. This enriched annotation framework supports the

assessment of both manual and non-manual features, enabling a comprehensive assessment

of continuous sign language production.

We use this dataset for studies on alignment of continuous signing sequences and for non-

manual feature detection.
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3 Accessible sign language assessment
using webcam based systems

Chapter Overview: This chapter investigates the feasibility of webcam-based sign lan-

guage assessment by replacing depth sensor input with RGB-based 2D or 3D skeletons.

We evaluate how this shift impacts assessment and recognition performance within the

phonology-based framework.

This work is situated within the broader goal of developing sign language production assess-

ment systems to support sign language learning. Sign language learning requires not only

recognizing signs but also providing constructive feedback on how signs are produced. Recent

work on phonology-based SLA (Tornay, Camgoz, et al., 2020) demonstrated that modeling

signs as sequences of handshape and hand movement subunits within the phonology-based

framework enables both lexeme-level and form-level (handshape, movement, etc.) assess-

ments that are interpretable and linguistically grounded. This framework was validated using

3D skeleton data obtained from Kinect sensors. However, the reliance on such specialized

hardware limits the accessibility and scalability of the system, particularly in at-home or

resource-constrained learning environments.

To address these limitations, we explore the feasibility of building accessible SLA systems that

operate on RGB video input. Webcams are widely available and embedded in most personal

devices, making them a practical alternative to depth sensors. However, transitioning from 3D

skeleton data to skeletons estimated from RGB videos introduces several challenges: the loss

of true depth information, variability in skeleton estimation quality, and potential degradation

in recognition and assessment performance.

In this chapter, we investigate these challenges through the following research questions (RQ):

• RQ 1: What is the impact of loss of depth information on sign language production

assessment?

To address this, we evaluate the performance of various RGB-based skeleton estimation

approaches—including OpenPose (Cao et al., 2019) and Mask R-CNN (He et al., 2017)
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(2D)—and compare them against a Kinect-based baseline in terms of lexeme and form-

level assessment scores. This quantifies the impact in assessment quality due to the

absence of true depth data.

• RQ 2: Can the impact of loss of depth information on sign language production assessment

be mitigated using 3D joint estimation techniques applied to RGB video?

To address this, we compare 2D methods with RGB-based 3D skeleton estimation

techniques such as MediaPipe (Lugaresi et al., 2019), VideoPose3D (Pavllo et al., 2019),

and VIBE (Kocabas et al., 2020) to determine whether 3D joint estimation can effectively

compensate for the lack of true depth and restore assessment performance.

• RQ 3: Given that SLA inherently involves SLR components, what is the trade-off be-

tween assessment performance and recognition performance when using RGB-derived

skeletons?

To address this, we conduct an SLR study using the same reference models trained for

assessment and skeleton features from each method, analyzing how changes in recogni-

tion performance relate to changes in assessment accuracy when depth is unavailable.

We conduct all the studies using the SMILE-DSGS dataset—the only linguistically annotated

dataset available for sign language production assessment in Swiss German Sign Language.

The remainder of this chapter is organized as follows: Section 3.1 presents an overview of the

RGB-based pose estimation methods used in this study, including both 2D and 3D approaches.

Section 3.2 describes the experimental setup for posterior feature extraction for reference

model training and model configurations. In Section 3.3, we report and analyze the results of

SLR and form-level assessment across different pose estimation techniques. Finally, Section 3.4

summarizes the contributions of this chapter.

All results presented in this chapter except those involving MediaPipe have been previously

published in (Tarigopula et al., 2022).

3.1 Skeleton estimation approaches

We explore a range of skeleton estimation techniques that either extract 2D or 3D skeletons

from RGB images or videos. These methods differ in their architectures, the way temporal

information is used and inference strategy. We categorize them into two main groups: 2D

skeleton estimation methods and 3D skeleton estimation methods, and we provide a brief

technical overview of each.
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3.1.1 2D skeleton estimation

OpenPose

OpenPose (Cao et al., 2019) is a widely used framework for real-time multi-person 2D pose

estimation. It follows a bottom-up approach, detecting all body parts in the image first and

then grouping them into individual person instances. The method introduces Part Affinity

Fields (PAFs), which are 2D vector fields that encode both the position and orientation of

limbs by capturing the spatial relationships between keypoints. A CNN-based architecture is

used to jointly predict confidence maps for body parts and the corresponding PAFs, which are

then parsed to assemble full-body skeletons for each detected individual.

Mask R-CNN

Mask R-CNN (He et al., 2017) is a widely used instance segmentation framework that can

be extended to 2D pose estimation. It employs a convolutional backbone to extract image

features and follows a two-stage architecture: first, it generates region proposals using a Region

Proposal Network, and then it classifies and refines the features obtained from the proposals

to produce masks. For 2D keypoints estimation, it treats each keypoint as a one-hot encoded

mask and predicts one mask for each keypoint.

3.1.2 3D skeleton estimation

MediaPipe

MediaPipe employs a two-stage approach to pose estimation. It first detects the presence and

location of a person in the image, and then predicts the 3D coordinates of body landmarks us-

ing the BlazePose model (Bazarevsky et al., 2020). To reduce inference cost, MediaPipe avoids

standard heatmap-based decoding; instead, it directly regresses 3D keypoint coordinates,

using heatmap and offset supervision during training. The heatmap branch is discarded at

inference time, enabling efficient real-time performance on resource-constrained devices.

VideoPose3D

VideoPose3D (Pavllo et al., 2019) uplifts 2D keypoints to 3D by leveraging dilated temporal

convolutions. It takes as input a sequence of 2D keypoints and predicts 3D joint locations

frame-by-frame. The model learns temporal patterns by applying 1D convolutions to enable

smooth and plausible 3D poses. The model is trained on a large corpus of 3D poses from the

Human 3.6M dataset (Ionescu et al., 2014).
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Video inference for body pose and shape estimation (VIBE)

VIBE (Kocabas et al., 2020) is a method for 3D human pose and shape estimation from videos.

It predicts 3D human pose and shape by regressing Skinned Multi-Person Linear Model (SMPL)

parameters from frame sequences. It uses a CNN backbone to extract frame-level features,

followed by a temporal encoder that outputs SMPL parameters. Owing to lack of 3D annotated

motion data, VIBE leverages adversarial learning to discriminate real human motions from

the ones generated by temporal shape and pose regressors to predict reliable 3D SMPL (Loper

et al., 2015) human models from in-the-wild videos.

3.2 Experimental setup

Capture

Handshape

Hand Movement

Feature
Extractors

Reference
Model

Matching Method Assessment

Acceptable/Unacceptable
Production

Linguistically
guided feedback

KL-HMM based
assessment

Signer

Figure 3.1 – Overview of the accessible sign language assessment framework.

In Figure 3.1, we present the schematic overview of the SLA framework. The framework con-

sists of two main components: (i) Feature Extraction and (ii) KL-HMM-based SLA. The feature

extraction component is responsible for estimating the hand movement and handshape pos-

teriors from the input video. The KL-HMM-based SLA component uses these posteriors to

perform lexeme-level and form-level assessments.

3.2.1 Feature extraction

Hand movement posterior extraction

To estimate hand movement posterior features zhmv t
t , we adopt the subunit extraction ap-

proach proposed in (Tornay and Magimai.-Doss, 2019), which models the dynamic structure

of sign movements as a sequence of underlying motion subunits. The posterior probability

distribution over these subunits is used as the hand movement posterior at each frame. The

process involves two main steps:

1. Hand movement subunit inference: For each sign instance, a sequence of hand move-

ment feature vectors is extracted based on skeletal data. Each feature vector encodes

the coordinates of the left and right hands relative to key reference joints (head, hip, and
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shoulder), along with their velocities. To account for inter-signer variability, the skeletal

data is normalized by aligning neck joints to a reference signer and scaling by shoulder

width. Given the extracted sequences, hand movement subunits are inferred by training

left-to-right HMM with Gaussian Mixture Models (GMM) emissions. For each sign,

several HMMs with varying numbers of states are trained, the optimal number of states

is selected based on recognition performance on a development set, with each HMM

state representing a distinct motion unit within the sign.

2. Posterior probability estimation: Once the subunit alignments are obtained between

the input sequences and the states, a multilayer perceptron (MLP) is trained to classify

each frame into its corresponding motion subunit. The MLP takes as input a context

window of nine consecutive frames of skeletal features and is trained using a cross-

entropy loss. Its architecture is selected through cross-validation. The resulting posterior

features zhmv t
t represents the likelihood of each motion subunit over time, enabling

structured and interpretable modeling of hand movement dynamics.

Figure 3.2 shows the illustration of the subunit based posterior extraction.

`
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Sign recognition

MLP
State
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(Sliding Window: 𝑡 ± 4)

Figure 3.2 – Subunit-based hand movement posterior extraction.

Handshape posterior extraction

To estimate the frame-level handshape posterior features zhshp
t , we employ the SubUNets

approach proposed in (Camgoz et al., 2017), which is based on a CNN-BiLSTM sequence-to-

sequence architecture. The model takes as input a sequence of cropped hand patches and

outputs a sequence of handshape class probabilities. Spatial features are first extracted from

each frame using a CNN backbone. These features are then processed by a Bidirectional Long

Short-Term Memory (BiLSTM) network to capture temporal dynamics across the sequence.

The model is trained using a Connectionist Temporal Classification (CTC) loss, which enables

it to simultaneously recognize and align handshape sequences without requiring explicit

frame-level annotations.
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For posterior estimation, we use a pretrained SubUNets model trained on the One-Million

Hands dataset (Koller et al., 2016), which covers 61 handshape classes, including a blank label.

Given a video of hand patches, the model outputs frame-wise posterior distributions over

these handshape classes, which we use as the handshape posterior features z hshp
t .

SubUNets
Handshape Classifier

Handshape
Posteriors

Input Frame
Sequence Hand Patches

Figure 3.3 – Handshape posterior extraction.

3.2.2 KL-HMM systems

Following feature extraction, we configure multiple KL-HMM systems to model isolated

signs using the extracted handshape and hand movement posterior features. Each KL-HMM

models a single sign class using frame-level posterior features as observations, with emission

probabilities represented as categorical distributions over subunit posteriors as described in

Section 2.2.1. These models serve as reference models in the assessment framework, against

which test sign productions are evaluated. We investigate several system variants based on

how the input features are constructed:

1. M: This system models only the hand movement channel. Hand movement subunits

are inferred using skeletal features from the combined motion of both hands, and the

resulting posteriors are used to train the reference model.

2. rlM: In contrast to M, this system models hand movement separately for the right

and left hands. Subunits are inferred independently for each hand, and two separate

MLPs are trained to estimate the corresponding posteriors. These posteriors are then

concatenated and used to train the reference model.

3. M+rlS: This system combines the hand movement posteriors from the M configuration

(i.e., combined-hand movement subunits) with handshape posteriors. The two channels

are concatenated and jointly modeled.

4. rlM+rlS This is the most detailed system, in which hand movement posteriors for the

right and left hands (as in rlM) are concatenated with handshape posteriors, allowing

finer-grained modeling across both manual channels.
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The reference models are trained exclusively on linguistically acceptable sign productions,

corresponding to Category 1 and 2 of the SMILE-DSGS dataset. These categories represent

correct or near-correct realizations of a target sign in terms of both meaning and form. For each

sign class, KL-HMMs with varying numbers of states (ranging from 3 to 30) are trained, and the

model yielding the best isolated sign recognition accuracy on the development set is selected.

For SLA, we follow the procedure described in Section 2.2.2 to determine thresholds for

lexeme-level and form-level evaluations (hand movement and handshape). These thresholds

are derived from the development set by computing KL divergence-based similarity scores

between pairs of acceptable sign instances (for correct matches) and between different signs

(for incorrect matches). The thresholds are then chosen to maximize the F 1 score on the

development data for each type of assessment.

Besides SLA studies, to address RQ 3, we carried out SLR studies.

3.3 Results and analysis

In this section, we present and analyze the experiment results that were performed to address

the research questions presented earlier.
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Figure 3.4 – Lexeme assessment F1 scores.

Figure 3.4 shows the lexeme-assessment F1 scores across different skeleton estimation meth-

ods and KL-HMM configurations. The Kinect, using true depth information, consistently

achieves the best performance, serving as a strong baseline. Among the RGB-based 3D skele-

ton estimation methods, VideoPose3D and MediaPipe yield very similar and competitive
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Chapter 3. Accessible sign language assessment using webcam based systems

performance levels, closely approaching the Kinect-based system. In contrast, VIBE shows

significantly lower performance, highlighting the challenges it faces in accurately estimating

skeletal data suitable for SLA. Among 2D skeleton estimation methods, OpenPose achieves

the best lexeme assessment performance and performs comparably to some 3D methods.

Importantly, the overall drop in F1 scores when moving from Kinect to RGB-based methods is

not drastic, indicating the feasibility of webcam-compatible assessment systems. With respect

to KL-HMM system configurations, the M configuration which models bilateral hand move-

ment as a single unified channel consistently achieves the highest lexeme-level F1 scores. This

suggests that, for assessing the correctness of a produced sign at the lexeme level, combining

left and right hand movement into a single representation is more effective than modeling

them separately.
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Figure 3.5 – Movement form assessment F1 scores.

Figure 3.5 summarizes the hand movement form assessment F1 scores across skeleton es-

timation methods. Here, VideoPose3D achieves the highest scores in three out of the four

KL-HMM configurations, confirming its effectiveness in capturing movement features relevant

to form-level assessment. VIBE, once again, performs poorly in this context. Among the 2D

methods, the Mask R-CNN achieves the best performance, outperforming OpenPose in 3

out of 4 configurations. These findings collectively indicate that accurate and accessible SLA

both at the lexeme and form-level is achievable using RGB-based 3D skeleton estimation

methods, particularly VideoPose3D and MediaPipe, which demonstrate strong capability in

compensating for the lack of explicit depth information.

To analyse the statistical significance of the two best performing methods (VideoPose and Mask

R-CNN), we conducted a McNemar’s test on their lexeme and movement form assessment

28
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outputs. The results indicate that the difference in lexeme assessment is not significantly

different, whereas hand movement assessment is significantly different at 95%, owing to the

differences in 2D and 3D movement features.

Table 3.1 – Percentage of correctly identified movement assessment in signs across different
directions of movement.

Pose Estimation Movement Direction

x y x y z z rotation static

Mask R-CNN 66.99 51.94 61.32 64.13 50.00
VideoPose3D 78.47 74.42 73.58 81.52 59.09

Figure 3.6 – Video snippets from the SMILE DSGS dataset showing sign productions illustrat-
ing different hand movement directions. The first row corresponds to the sign VON(z), the
second row corresponds to the sign BLAU(x y z), and the third row corresponds to the sign
EINVERSTANDEN(x y).

To further examine the role of movement complexity, we categorized the test-set signs based

on their dominant direction of hand movement. We identified five movement categories:

(i) x, y and z, (ii) x, y , (iii) z, (iv) in place wrist rotation, and (v) static sign. As illustrated

in Figure 3.6, the first sign demonstrates movement along the z axis, the second spans all

three spatial dimensions, and the third is constrained to the x-y plane. For each category, we

compute the percentage of correctly assessed hand movements using both Mask R-CNN and

VideoPose3D. Table 3.1 presents these results for the best-performing two-channel KL-HMM

configuration (M+rlS). The data clearly show that VideoPose3D consistently outperforms Mask

R-CNN across all movement types, particularly in cases involving depth-oriented motion.

This supports the conclusion that 3D skeleton estimation offers tangible benefits for assessing

hand movement accuracy in sign language.

To address RQ 3, we evaluated the same reference systems for isolated SLR, using them as

classifiers rather than assessors. Figure 3.7 shows SLR accuracies for all skeleton estimation

methods across different system configurations.

These results allow us to investigate the trade-off between SLR and SLA performance when

transitioning from depth-based input to RGB-based skeleton estimation. As in assessment, the

Kinect (3D) achieves the highest recognition accuracy across all configurations, confirming

the benefit of true depth information. Among RGB-based methods, a notable observation is

that the Mask R-CNN, despite being a 2D method, often outperforms VideoPose3D in terms
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Figure 3.7 – Sign language recognition accuracy of various skeleton estimation methods on the
test dataset.

of recognition accuracy. This contrasts with the assessment result, where VideoPose3D consis-

tently performed better. This discrepancy aligns with findings from (Arendsen et al., 2008),

which reported that recognition performance does not necessarily correlate with acceptability

or assessment ratings.

Overall, the degradation in recognition accuracy when moving from the Kinect to RGB-based

methods is more pronounced than the drop observed in assessment performance. This sug-

gests that while RGB-derived skeletons can retain enough structural information for evaluating

sign correctness, they may be less effective for discriminating between different signs during

classification, especially in the absence of reliable depth cues.

3.4 Summary

In this chapter, we investigated the feasibility of webcam-based accessible SLA using skeleton

data derived from RGB videos, with the aim of replacing depth-sensor-based systems such as

the Kinect. Through extensive experiments on the SMILE-DSGS dataset, we evaluated multiple

skeleton estimation techniques: including 2D (OpenPose, Mask R-CNN) and RGB-based 3D

methods (VideoPose3D, MediaPipe, VIBE) within a phonology-based assessment framework.

Our findings demonstrate that VideoPose3D and MediaPipe provide competitive performance

relative to Kinect, particularly for lexeme-level and form-level assessment, making them

strong candidates for webcam-compatible assessment systems. The Mask R-CNN, although
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a 2D method, showed surprisingly strong performance in recognition tasks, whereas VIBE

consistently underperformed across all configurations.

While skeleton-based approaches offer interpretability and modularity, they are limited by

the accuracy and consistency of pose estimation models. In the following chapter, we shift

focus to RGB-based holistic feature representations specifically, spatio-temporal embeddings

extracted from raw video for SLA. This allows us to explore a complementary direction that

bypasses pose estimation altogether and leverages deep visual features learned from large-

scale pretrained models.
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4 Deep learning-based representation
for movement modeling

Chapter Overview: This chapter explores deep learning-based spatio-temporal represen-

tations for modeling hand movement in sign language assessment. We investigate and

compare features extracted from I3D and Transformer-based architectures, analyzing

their effectiveness within the assessment framework.

Until recently, most of the work in SLA has been in the framework of skeleton-based sys-

tems (Tornay, Camgoz, et al., 2020; Cory et al., 2024; Tarigopula et al., 2022; Arendsen et al.,

2008), which rely on handcrafted features derived from estimated skeleton coordinates to

model articulatory channels such as hand movement. While these approaches offer inter-

pretability, particularly within the KL-HMM framework, which enables channel-wise modeling,

they are highly sensitive to the quality of the skeleton extraction, like seen in Chapter 3. In

addition to pose estimation errors, skeleton-based methods require explicit normalization

steps to account for differences in body size, orientation, and camera perspective across

videos. While such preprocessing is necessary to achieve consistent representations, it intro-

duces further sensitivity to noise and variation. Moreover, handcrafted skeleton features fail

to provide holistic representations of the signer’s full visual and dynamic context, limiting

their descriptive power for assessment tasks. In contrast, deep learning models are trained on

large-scale datasets and possess significantly higher representational capacity, enabling them

to learn complex spatio-temporal patterns directly from raw RGB input.

Despite their success in video classification tasks (Carreira et al., 2017; Arnab et al., 2021;

Ryali et al., 2023) and their ability to encode powerful holistic representations, deep learning

models face fundamental challenges when applied to SLA. Unlike recognition tasks, where the

objective is to classify a sign or a sequence of signs, assessment requires a fine-grained analysis

that identifies which components of a sign were produced incorrectly and explains why. A core

limitation of many deep learning models is their lack of separability: although they effectively

model spatio-temporal dynamics, they often entangle multiple articulatory features in their

learned representations. This makes it difficult to attribute specific errors to particular sources

such as handshape, movement, facial expression, etc. For sign language learning applications,

where granular and channel-specific feedback is essential, this entanglement significantly
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reduces interpretability and pedagogical value.

The goal of this chapter is to address these limitations by formulating approaches that combine

the robust representation capabilities of deep learning models with statistical methods to

enable fine-grained assessment of sign language videos. To address these limitations, we

explore two complementary learning paradigms for extracting representations directly from

RGB videos:

1. Supervised task-specific learning, where models are trained directly on annotated sign

language data. This approach allows the learned representations to align closely with

the visual and temporal patterns present in signing, enabling the system to capture

domain-relevant features for assessment.

This paradigm is instantiated using the I3D model for supervised learning, which is

trained on MeineDGS1 (Konrad et al., 2020), a large-scale dataset for German Sign

Language (DGS), for the task of sign spotting. The results based on this work have been

published previously in (Tarigopula et al., 2025).

2. Use of self-supervised pre-trained representations, where models trained on large-

scale visual data using self-supervised learning objectives are employed as feature

extractors. These models, although not fine-tuned on sign language data, provide rich

and generalizable visual features that can be applied to assessment tasks in a zero-shot

fashion.

This paradigm is instantiated using transformer-based models such as DINOv2 (Oquab

et al., 2023) and Hiera (Ryali et al., 2023) for self-supervised pre-trained representations

and remain sign language agnostic.

The rest of the chapter is organized as follows. In Section 4.1, we describe the deep learning-

based approaches explored in this work, detailing the architectures and feature representations

used. Section 4.2 outlines the experimental setup, including the feature extraction, posterior

feature conversion, and integration into the assessment framework. Section 4.3 presents an

analysis of the I3D features, evaluating their separability and relevance for SLA. In Section 4.4,

we report the quantitative results and compare the performance of the proposed deep learning-

based methods to the skeleton-based baselines discussed in Chapter 3. Finally, Section 4.5

concludes the chapter with a summary of key findings.

4.1 Approaches

4.1.1 Inflated 3D ConvNets - I3D

The I3D (Two-Stream Inflated 3D ConvNet) model (Carreira et al., 2017) addresses the limita-

tions of standard 3D convolutional networks, which are typically computationally expensive,

1DGS stands for Deutsch GebärdenSprache
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relatively shallow, and unable to leverage powerful 2D pretraining (e.g., from ImageNet). I3D

builds upon the Inception-v1 architecture, which exploits 1×1 convolutions for dimension-

ality reduction and feature fusion, by inflating its 2D convolutional and pooling kernels into

3D, effectively extending successful 2D image classification models into the spatio-temporal

domain. This inflation process involves converting square K ×K filters into cubic K ×K ×K

filters by adding a temporal dimension. To retain the benefits of ImageNet pretraining, the 2D

weights are repeated along the temporal axis and normalized by the number of repetitions.

This bootstrapping approach enables meaningful initialization of 3D filters and facilitates

transfer learning from large-scale image datasets. As a result, I3D achieves strong performance

on video-based tasks without requiring an entirely new 3D architecture. In this work, we

use the single-stream I3D model based on RGB inputs to extract spatio-temporal features

from sign language videos. These features are subsequently used for modeling articulatory

dynamics within our assessment framework.

4.1.2 Transformers for vision

Vision Transformers (ViTs) (Dosovitskiy et al., 2021) represent a paradigm shift in visual

representation learning by applying the self-attention mechanism, originally developed for

natural language processing, to image data. Instead of processing the image as a whole,

ViTs divide it into fixed-size patches (e.g., 16×16) which are then linearly embedded and

treated as a sequence of tokens. These tokens are passed through a standard Transformer

(Vaswani et al., 2017) encoder architecture, enabling the model to capture global context and

long-range dependencies without relying on convolutional layers. Unlike CNNs, which have

strong inductive biases for locality and translation invariance, ViTs learn spatial relationships

more flexibly from data. When pretrained on large-scale datasets, ViTs achieve competitive or

superior performance on many image recognition tasks. In our work, we explore ViT-based

models for extracting high-level spatial representations relevant to hand movement and shape

in sign language context.

DINOv2 (Oquab et al., 2023) is one such model designed to learn robust and general-purpose

visual representations in a self-supervised manner. It employs a student-teacher framework

where a student network learns to replicate the representations of a momentum-updated

teacher network. This approach enables the model to capture meaningful visual patterns

without the need for labeled data.

Hierarchical Vision Transformer - Hiera (Ryali et al., 2023) is a simplified hierarchical ViT

designed to achieve high accuracy and efficiency without relying on complex, vision-specific

architectural components. Traditional hierarchical transformers (Li et al., 2022; Liu et al., 2021),

often incorporate specialized modules like convolutions or shifted windows to introduce

spatial biases, which can increase model complexity and reduce computational efficiency.

In contrast, Hiera eliminates these components by leveraging a strong visual pretext task of

Masked Auto Encoding during pretraining. The task involves masking random patches of the
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input image and reconstructing the missing pixels. This approach enables the model to learn

spatial biases directly from data, eliminating the need for added architectural complexity. It

was also extended to video understanding by processing spatio-temporal patches and applying

hierarchical attention across both space and time.

In summary, the I3D model is used within the supervised learning paradigm, where it is

trained on annotated sign language data. In contrast, DINOv2 and Hiera are used within the

self-supervised representation paradigm as frozen feature extractors, without any fine-tuning

on sign language data.

4.2 Experimental setup

4.2.1 Feature extraction

I3D feature extraction

For modeling hand movement, we use the I3D model for action recognition, trained on the

MeineDGS dataset (Konrad et al., 2020) for the task of sign spotting, i.e., recognizing isolated

signs within specific frame windows (Tarigopula et al., 2025). While originally developed for

action recognition, this model is expected to capture sign language-specific motion patterns

due to its training on signing data.

Motivated by the structural similarities between sign languages, we apply a model trained on

MeineDGS data to extract features for DSGS, aiming to assess its cross-lingual generalizability.

The model takes 16 frames of size 224×224 as input, with necessary padding if signs last

shorter than 16 frames. The model was trained to optimize cross-entropy loss using the SGD

optimizer (Sutskever et al., 2013) with a momentum of 0.9, batch size of 4, and an initial

learning rate of 0.01 with decay.

Feature extraction is performed using a sliding window approach, where each 16-frame

segment is mapped to a 1024-dimensional feature vector from the penultimate layer of the

I3D network. This feature is assigned to the central frame of the window, resulting in one

representation per frame. Since the entire frame is processed, these features inherently encode

both hand movement and handshape information. To better isolate movement-specific cues

and reduce the influence of handshape in hand movement assessment, we additionally

experiment with masking the hand region in the input frames prior to feature extraction. The

framework for assessment using I3D features is illustrated in Figure 4.1.

ViT-based feature extraction

We use Vision Transformer (ViT) models—specifically DINOv2 and Hiera—to extract high-

level frame-wise feature representations. For each video frame, we extract the embedding

corresponding to the [CLS] token from the final transformer layer, which serves as a compact
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Figure 4.1 – Framework for the development of deep-learning based systems for sign language
assessment. Frame-wise hand crops are used to extract handshape posteriors, while hand masked
sequences of 16 frames are used to extract hand movement posteriors. A stack of these posteriors
is used to train the reference model.

global descriptor of the visual content.

DINOv2 is a self-supervised ViT model trained to produce semantically rich and context-aware

representations that was trained on a curated dataset of 142 million images LVD-142M (Oquab

et al., 2023). We experiment with two variants: ViT-Small, which produces 384-dimensional

embeddings, and ViT-Base, which produces 768-dimensional embeddings.

In addition, we use the video variant of Hiera-B, a hierarchical Vision Transformer that pro-

cesses spatio-temporal inputs and outputs a 768-dimensional [CLS] embedding. Thanks to its

hierarchical architecture, Hiera is able to model both local motion patterns and long-range

spatial-temporal dependencies. We use the version of the model that was pretrained on the

Kinetics-400 (Kay et al., 2017) action recognition dataset.

4.2.2 Posterior feature conversion

To integrate the extracted deep features into the assessment framework, we convert them

into frame-level posterior probabilities over a set of latent units. We explore two approaches

for posteriorisation: direct probabilistic interpretation of feature activations using softmax

normalization, and a subunit-based strategy that decomposes the representation space into

multiple interpretable components.

Probabilistic interpretation of feature activations

Given a frame-level visual representation ft ∈ Rd extracted from a model, we first apply

standard normalization:

f̂t = ft −µ

σ

where µ and σ denote the mean and standard deviation, computed over the feature dimen-

sions (globally). We then apply a softmax function to obtain a normalized posterior-like
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representation:

zt = softmax( f̂t ), where zt ,i = e f̂t ,i∑d
j=1 e ft , j

The resulting vector zt can be interpreted as a posterior distribution over the feature dimen-

sions.

Subunit-based posterior extraction

Subunit-based posterior extraction, introduced in Section 3.2.1, is also applied to the deep fea-

ture representations described in this chapter. As discussed previously, this approach involves

modeling an articulatory channel using a set of latent subunits. For deep learning-based

features, we follow the same procedure by first training an HMM/GMM system and then using

the resulting state alignments to train an MLP classifier for posterior estimation. Importantly,

this subunit modeling is trained on the SMILE-DSGS dataset, which may introduce language-

specific characteristics into the resulting posterior distributions. While the pretrained feature

extractor of I3D is trained on a different sign language data, the posterior conversion step is

grounded on the target language data, i.e., DSGS.

We apply both posterior conversion methods to the I3D-based features. The subunit-based

approach benefits from language-specific modeling, while the softmax-based approach offers

a lightweight alternative without any language-specific modelling. For ViT-based features

(DINOv2 and Hiera), we apply only the softmax-based method, as our goal is to examine the

assessment pipeline using sign language agnostic features. This setup ensures that no sign

language-specific supervision is introduced at any stage of feature extraction or posterior

conversion, allowing us to evaluate the effectiveness of general-purpose visual representations

for SLA.

Handshape posterior extraction

As described earlier, we mask out the hand regions in the input frames used by the I3D model

in order to suppress handshape-related visual cues and obtain representations that focus more

selectively on hand movement. By comparing masked and unmasked I3D representations, we

aim to assess the contribution of handshape information that might otherwise be entangled

within the full-frame spatio-temporal features. To explicitly model handshape, we extract

handshape posteriors independently using a CNN-based model trained on cropped hand

regions. This model, introduced in Section 3.2.1, outputs frame-level posterior probabilities

over a set of learned handshape units. These handshape posteriors are then integrated with

either the masked or unmasked I3D movement features, enabling a controlled investigation

of multimodal fusion strategies. This setup allows us to evaluate the additive effect of ex-

plicitly modeled handshape information when combined with spatio-temporal movement

representations.
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4.2.3 KL-HMM reference systems

As proposed in (Tornay, Camgoz, et al., 2020) for skeleton-based assessment, we adopt the

phonology-based framework described in Section 2.2.1 for modeling the temporal structure of

sign productions. Within this framework, each sign is modeled by a separate HMM trained

on sequences of posterior features, with state emission probabilities defined over frame-level

posterior distributions rather than raw features. This formulation allows us to directly compare

a learner’s posterior sequences against those of native signers using probabilistic divergence.

We train and evaluate different KL-HMM configurations based on the type of articulatory

information included:

1. M: Models only the hand movement subunits, obtained from both the left and right

hands (combined).

2. M+S: Models the concatenated features of hand movement subunits and handshape

subunits.

For each sign class, KL-HMMs with varying numbers of states (ranging from 3 to 30) are

trained, and the model yielding the best isolated sign recognition accuracy on the validation

set is selected as the best model. In all cases, the reference models are trained using only

acceptable sign productions — i.e., those labeled as Category 1 or 2 by expert annotators to

ensure that the models reflect high-quality sign language productions.

For SLA, we follow the procedure outlined in Section 2.2.2 to determine decision thresholds for

both lexeme-level and form-level evaluations (i.e., hand movement and handshape). These

thresholds are derived using the validation set by computing KL divergence-based similarity

scores: between pairs of acceptable sign instances for correct matches, and between instances

of different signs for incorrect matches. For each assessment type, the threshold is selected to

maximize the F 1 score on the validation data, ensuring a balanced trade-off between precision

and recall.

4.3 Discriminability analysis

A robust model for feature representations should be able to discriminate effectively between

different sign classes while maintaining consistency within the same class. To better under-

stand the quality and separability of the posterior representations derived from I3D features,

we conduct a discriminability analysis comparing the two posterior extraction methods: the

softmax-based approach and the subunit-based approach. We also include handcrafted

skeleton-based subunit posteriors from (Tornay, Aran, et al., 2020) as a baseline.

For each method, we compute pairwise DTW distances between temporal sequences of

posterior vectors. We distinguish between positive pairs (instances of the same sign class) and
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negative pairs (instances of different sign classes). To account for different notions of similarity,

we experiment with three distance measures as the DTW cost function: SKL divergence, KL

divergence, and Bhattacharyya distance. This analysis is carried out only on training data of

the SMILE DSGS dataset.

We analyze the resulting DTW distances across:

• Positive pairs: Sign instances belonging to the same sign class

• Negative pairs: Sign instances belonging to different sign classes

An ideal posterior representation should yield lower DTW distances for positive pairs and

higher distances for negative pairs, thereby preserving lexeme-level structure in the feature

space.
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Figure 4.2 – Histograms of DTW distances between sign pairs, comparing positive (same class)
and negative (different class) pairs using handcrafted features.
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Figure 4.3 – Histograms of DTW distances between sign pairs, comparing positive (same class)
and negative (different class) pairs using subunit-based I3D posteriors.

We visualize the resulting distributions of path length normalized DTW distances using his-

tograms in Figures 4.2, 4.3, and 4.4. The degree of overlap between the positive and negative

distributions provides insight into the discriminative capacity of the features. Lower overlap
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Figure 4.4 – Histograms of DTW distances between sign pairs, comparing positive (same class)
and negative (different class) pairs using softmax-based I3D posteriors.

indicates better class separability, suggesting that the features preserve sign-specific structure.

In contrast, greater overlap implies limited ability to distinguish between different signs.

From the distance distribution plots, we observe that the I3D-based posteriors exhibit lower

overlap between positive and negative pair distances. This suggests that they more effectively

preserve sign-specific distinctions compared to the handcrafted feature based posterior used

in earlier skeleton-based approaches. The reduced overlap suggests improved discriminative

capacity, particularly at the lexeme-level.

These results highlight the suitability of subunit-based I3D posteriors for building robust

reference systems in SLA. By leveraging language-specific alignment and classification, the

subunit approach enables the extraction of temporally structured and class-separable I3D

representations - both of which are critical for accurate and explainable assessment.

4.4 Results

In this section, we report recognition and assessment results obtained using different feature

extraction and posterior conversion methods. For I3D-based features, we compare (i) softmax-

based vs. subunit-based posterior representations and (ii) masked vs. unmasked inputs, where

masking is used to suppress handshape cues and allow for explicit handshape modeling via

fusion, and (iii) Comparisons with skeletal baselines. Results are reported for two modeling

variants: M (hand movement only) and M+S (hand movement combined with handshape).

This setup enables us to investigate the role of explicit handshape integration and the benefits

of subunit modeling for assessment.

For ViT-based features, we analyze SLR accuracy across transformer layers and report assess-

ment scores using only the final layer representations for the M variant. As these models are

used without any sign language-specific training or fine-tuning, thus offering a view into the

potential of sign language agnostic representations for SLA.
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4.4.1 I3D-based

Recognition Results

To begin, we analyze the impact of the number of hidden states on SLR performance in

the reference models. Figure 4.5 illustrates classification accuracies on the validation set for

varying numbers of HMM states, ranging from 5 to 30. This analysis serves as a model selection

step: the number of states yielding the highest SLR accuracy is selected for each configuration,

and the corresponding model is then used for reporting test SLR and SLA results.
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Figure 4.5 – SLR accuracies for KL-HMM models with varying numbers of hidden states (5 to 30)
on the validation set. The number of states yielding the highest SLR accuracy is selected for each
configuration and used for final evaluation on the test set.

We evaluate the effect of posterior modeling strategy by comparing the softmax-based and

subunit-based methods applied to unmasked I3D features. Both approaches are applied to

unmasked I3D inputs, and results on the test data for SLR using the reference models are

reported for the M (movement only) variant. As shown in Table 4.1, the subunit-based method

outperforms the softmax-based approach in terms of recognition accuracy. This validates

the advantage of structured, language informed modeling in producing more discriminative

reference systems.

To benchmark the effectiveness of I3D-based spatio-temporal representations, we compare

their SL recognition accuracy against the skeleton-based baselines introduced in Chapter 3.

This comparison provides a reference point for evaluating whether deep RGB-based features
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Table 4.1 – SLR accuracy (%) for I3D-based features using subunit-based and softmax-based
posterior extraction methods (M variant). The best performance is highlighted in bold.

Posterior Method Recognition Accuracy (%)

Subunit-based 88.77
Softmax-based 83.74

when paired with KL-HMM modeling can outperform or complement traditional handcrafted

skeleton features. For this comparison, we use the masked I3D configuration with subunit-

based posterior extraction, which aligns most closely with the abstraction level of skeleton-

based features. Masking the hand region in the input suppresses handshape and appearance-

related information from movement, encouraging the model to focus on motion patterns

analogous to what is captured by pose-based representations.

Table 4.2 – SLR accuracy on the test set (%) for different model configurations. The best perfor-
mance for each configuration is highlighted in bold.

Feature Type M M+S

Skeleton (Kinect) (Tornay, Camgoz, et al., 2020) 55.77 74.18
Skeleton (VideoPose3D) (Tarigopula et al., 2022) 33.90 65.92
I3D-masked-subunit 66.09 75.81

Table 4.2 summarizes the SLR accuracy on test set using skeleton-based and I3D-based hand

movement features. The I3D-based models, using subunit posteriors from masked input,

consistently outperform skeleton-based methods on the DSGS sign recognition task.

Table 4.3 – SLR accuracy (%) using masked and unmasked I3D features for hand movement
posterior extraction. The best performance for each configuration is highlighted in bold.

Feature Type M M+S

I3D-unmasked-subunit 88.77 89.65
I3D-masked-subunit 66.09 75.81

To further examine the impact of hand masking on hand movement feature extraction, we

conduct additional experiments using unmasked I3D inputs. The recognition results for this

configuration are presented in Table 4.3. The posteriors were extracted using the subunit

method. In the unmasked setting, handshape information remains embedded within the

spatio-temporal features, which, when combined with explicit handshape posteriors in the

M+S variant, leads to improved recognition performance compared to the masked case. This

suggests that retaining handshape cues in the visual input can be beneficial for SLR. However,

its impact on assessment performance particularly in terms of interpretability and channel-

wise error attribution remains unclear and is examined separately in the next section.
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Assessment Results

Table 4.4 presents the F 1 scores for lexeme and form assessment for different systems. Higher

F 1 scores indicate a greater number of samples being accurately classified as correct or

incorrect, in terms of lexeme and form assessment.

Table 4.4 – Assessment performance in terms of F 1 scores for handshape (hshp), hand movement
(hmvt), and lexeme-level evaluation (lexeme). I3D-based models use subunit posterior extrac-
tion; hand masking is applied only in the I3D-masked configuration. The best performance is
highlighted in bold.

Model Config hshp hmvt lexeme

Skeleton (Kinect3D) (Tornay, Camgoz, et al., 2020)
M – 0.9003 0.8771
M+S 0.7960 0.9049 0.8993

Skeleton (VideoPose3D) (Tarigopula et al., 2022)
M – 0.8379 0.8427
M+S 0.7993 0.8440 0.8644

I3D-masked-subunit
M – 0.9222 0.9123
M+S 0.8053 0.9090 0.9234

I3D-unmasked-subunit
M – 0.9567 0.9532
M+S 0.8065 0.9509 0.9473

In multi-channel systems (M+S), the best path is determined by combined scores across all

articulatory channels. By comparing the performance of the combined system (M+S) to that

of individual channels (M), we can analyze the impact of adding handshape information on

both lexeme-level and channel-specific assessment. This comparison helps reveal whether

additional information leads to complementary improvements or introduces interference in

the fusion process. The following observations can be made from the results:

• I3D-based models consistently outperform skeleton-based models across all configu-

rations, demonstrating the strength of deep spatio-temporal RGB representations for

SLA.

• In skeleton-based systems, the M+S variant outperforms the M variant, indicating that

explicitly modeling handshape complements hand movement features and improves

overall assessment performance.

• For the I3D-masked configuration, adding handshape information in the M+S variant

improves lexeme-level assessment but slightly degrades hand movement assessment,

suggesting interference in the fusion process despite improved lexical performance.

• For the I3D-unmasked configuration, the M+S variant performs worse than M across

lexeme and form-level assessments.

• Notably, handshape assessment scores remain similar between the masked and un-

masked settings, indicating that handshape cues, when present in both input and as an
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explicit channel, can influence the best path selection and negatively affect movement

assessment in the M+S configuration.

4.4.2 ViT-based

In this section, we report the results of the ViT-based features for sign language assessment in a

sign language-agnostic setting. The goal is to assess whether pretrained visual representations

extracted from models such as DINOv2 and Hiera, which have not been exposed to any sign

language data can support meaningful hand movement assessment when paired with KL-

HMM modeling. We first analyze the SLR performance of the reference models using features

extracted from different transformer layers. We then evaluate the assessment performance

using F 1 scores derived from the final-layer representations of each model, focusing on the M

variant to isolate hand movement without additional modality-specific supervision.

Recognition

2 4 6 8 10 12
Layer

10

20

30

40

50

60

SL
 R

ec
og

ni
tio

n 
Ac

cu
ra

cy

66.14%
63.78%

55.71%

Layer-wise SL Recognition Accuracy
Dinov2 - ViTS
Dinov2 - ViTB
Hiera

Figure 4.6 – Layer-wise SL recognition accuracy using ViT-based features from DINOv2 (ViT-Small
and ViT-Base) and Hiera. For each layer, frame-level features are extracted and used to train the
reference models for sign classification.

Figure 4.6 presents the SLR accuracy using features extracted from different transformer

layers of the DINOv2 ViT-Small and ViT-Base models. For each layer, frame-level features

are converted into posterior distributions using the softmax-based method and used to train

sign-specific reference models. For Hiera, recognition accuracy is reported only for the final

layer due to its architectural design.

The results reveal a consistent trend for DINOv2: recognition accuracy improves in deeper
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layers, indicating that higher layers encode more discriminative and task-relevant features.

Among the two DINOv2 variants, ViT-Base outperforms ViT-Small, likely due to its larger

representational capacity, which enables it to model more complex visual patterns. Notably,

Hiera achieves the highest recognition accuracy overall, outperforming both ViT-Small and

ViT-Base. This advantage can be attributed to Hiera’s explicit spatio-temporal modeling,

which allows it to capture motion dynamics across frames—an essential characteristic for

sign language representation. Despite being trained without any sign language supervision,

ViT-based models achieve recognition performance that is comparable to skeleton-based

models in the M+S configuration, which explicitly incorporate both hand movement and

handshape information and are trained on sign language data. This result highlights the

strong representational capacity of pretrained ViTs and suggests their potential for SLR in

low-resource settings, where sign language specific training data may be limited or unavailable.

The corresponding assessment performance of these ViT-based features is studied in the next

section.

Assessment

We now compare the form-level (hand movement) and lexeme-level assessment performance

of ViT-based models with previously evaluated skeleton-based and I3D-based systems. All

ViT-based features are extracted from the final transformer layer and converted to posterior

representations using the softmax-based method, ensuring the entire pipeline remains sign

language-agnostic. Only the M variant is considered in this evaluation to isolate the hand

movement channel. The results are summarized in Table 4.5.

Table 4.5 – F 1 scores for hand movement (form-level) and lexeme-level assessment using different
feature extraction methods. ViT-based models use softmax-based posterior extraction and are
evaluated using the final layer. The overall best performance is highlighted in bold, while the best
performance for ViT-based features is italicized.

Model Hand Movement Lexeme

Skeleton (Kinect3D) (Tornay, Camgoz, et al., 2020) 0.9003 0.8771
Skeleton (VideoPose3D) (Tarigopula et al., 2022) 0.8379 0.8427
I3D-masked-subunit 0.9222 0.9123
I3D-unmasked-subunit 0.9567 0.9532

DINOv2 (ViT-Small) 0.7484 0.7383
DINOv2 (ViT-Base) 0.7770 0.7414
Hiera 0.7818 0.7286

In terms of lexeme and hand movement assessment, the overall differences among ViT-based

models are relatively modest. When compared to sign language aware models such as the

skeleton-based systems or the I3D-based systems, all ViT-based models exhibit noticeably

lower assessment performance, both in hand movement form and lexeme-level F 1 scores.

While ViT-based features achieve recognition accuracy comparable to skeleton-based M+S
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models, their assessment performance is noticeably weaker. This discrepancy reinforces an

important observation: high recognition accuracy does not necessarily imply strong assess-

ment capability, particularly in contexts where detailed, component-wise evaluation of sign

production is required.

4.5 Summary

In this chapter, we explored the use of deep learning-based representations for SLA, moving

beyond the skeleton-based representations studied in the previous chapter. Our objective

was to leverage the representational power of deep models while addressing the challenge

of explainability and channel-wise assessment. We evaluated two learning paradigms: (i) a

supervised model trained on sign language data (I3D), and (ii) pretrained self-supervised ViT-

based models (DINOv2, Hiera) used in a sign language-agnostic manner. Features extracted

from these models were converted into posterior representations using either subunit-based

modeling or softmax normalization and integrated into the assessment framework.

Through a series of experiments, we showed that I3D-based features significantly outperform

skeleton-based methods in both recognition and assessment tasks. We validate that language-

specific information is effectively modeled through the integration of subunit extraction and

reference model training on the target language. Interestingly, while masking the hand region

allowed for more controlled separation of articulatory components, unmasked I3D features

when paired with subunit modeling yielded the highest overall performance. However, adding

explicit handshape features in the M+S variant sometimes led to degraded performance,

highlighting the sensitivity of these features in the context of multi-channel fusion within

KL-HMMs. ViT-based models, although effective in recognition, exhibited noticeably weaker

assessment performance compared to sign language aware systems.
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5 Towards sign language assessment in
the loop for sign language generation

Chapter Overview: This chapter focuses on the use of phonology-based assessment

methods to evaluate machine-generated sign language content. By comparing posterior

feature sequences from reference and generated content, we aim to provide channel-wise

objective scores that better reflect linguistic content than traditional quality metrics.

With the advancements in deep learning, SLG has emerged as a prominent area of research

within sign language processing. The applications of SLG extend beyond communication

and translation; they also include data augmentation for training recognition models, cre-

ation of educational content, and enhancing accessibility through synthesized sign language

media. As previously noted in Chapter 2, SLG systems operate with a wide range of input

modalities such as text, glosses, and phonetic representations, and they generate diverse

outputs, including RGB video, 2D/3D skeletal poses, and avatar animations. However, as SLG

systems become more widely adopted, it becomes crucial to evaluate not only the realism

of the generated videos but also their usability, that is, whether they convey the intended

linguistic message without introducing misleading information. Poorly generated signs risk

propagating misinformation, reducing comprehensibility, or undermining learning, especially

Sign Language
Learner

Sign
Language

Recognition

Sign Language
Assessment and

Feedback

Sign
production

Sign Language
Assessment 

Sign
Production

Sign Language
Generator

FeedbackFeedback

Figure 5.1 – SLA for learners and SLG systems. The SLA framework can be extended to assess
SLG outputs, providing feedback on articulatory quality and enabling a closed-loop system where
assessment informs generation.
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in educational settings.

SLA frameworks developed in previous chapters for learners can be naturally extended to SLG

systems. While SLA has traditionally focused on providing interpretable feedback to human

signers to help improve their performance, the same principles can be applied to assess

SLG outputs at the frame level by evaluating articulatory quality. This concept is illustrated

in Figure 5.1, where SLA serves not only as a diagnostic tool but also as a feedback mechanism

for generation. In the long term, this enables the construction of a closed-loop system in

which assessment and generation inform and enhance each other. In this chapter, we take a

step toward that vision by developing assessment metrics that can serve as components of

such a loop.

Reliable evaluation metrics are essential for measuring SLG quality. The use of automatic eval-

uation metrics is well established in machine translation (MT), where metrics like BLEU (Pap-

ineni et al., 2002) remain widely used despite newer metrics showing better alignment with

human judgment (Freitag et al., 2022). Back-translation based evaluation uses such scores

to evaluate generated content (Stoll et al., 2020; Vasani et al., 2020; Stoll et al., 2018). In the

context where SLG outputs are visual and continuous in nature, conventional metrics like

Peak-Signal-to-Noise-Ratio (PSNR) or Structural Similarity Index Measure (SSIM) are inade-

quate for capturing linguistic quality. These metrics are limited in their ability to capture the

linguistic accuracy and articulatory clarity of generated signs, and may not fully align with

human judgments.

To address this gap, there is a growing need for evaluation methods that are linguistically

informed and better aligned with human judgment, ideally providing granular feedback on ar-

ticulatory channels such as handshape, movement etc. Such methods would not only support

more meaningful benchmarking of SLG systems but could also be integrated into generation

pipelines to guide model improvement and ensure higher-quality, more interpretable outputs.

In this chapter, we propose the use of posterior-based metrics for evaluating reference-based

SLG systems. We validate our approach on two SLG tasks:

• video-to-video generation in which sign language videos are synthesized from reference

videos of another signer performing the same sign, in the context of video retargeting.

For this generation task, we build upon the work of Krishna et al. (2021) to generate Swiss

German Sign Language (DSGS) videos and evaluate them using both human judgments

and automated metrics. The study, including a comparison with standard video metrics

and our posterior-based approach, was published in (Tarigopula et al., 2024).

• text-to-pose generation, where gloss sequences are used to generate 2D pose represen-

tations of signing.

For this generation task, we contribute to the work of Jiang, Leong, et al. (2024) by

extending their pose-based evaluation study to include our proposed posterior-based
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metrics. This collaboration, conducted as part of the Inclusive Information and Commu-

nication Technologies (IICT) project with the University of Zurich, aims to benchmark

evaluation methods for sign language pose generation. By incorporating our posterior-

based approach into this evaluation framework, we position it alongside a diverse set of

existing metrics ranging from distance-based similarity to embedding-based distances

and assess its alignment with human judgments. This comparative analysis not only

validates the relevance of our proposed metric but also highlights its complementary

role in the larger landscape of sign language evaluation tools.

The remainder of this chapter is organized as follows: Section 5.1 introduces the proposed

posterior-based metrics for assessing the articulatory quality of generated sign language con-

tent. We then present two generation tasks: Section 5.2 details the video-to-video generation

setup along with corresponding evaluation metrics and human evaluation protocol, followed

by presentation of correlation studies. Section 5.3 describes the text-to-pose generation task,

including the setup for evaluation metrics and human evaluation, along with correlation

studies. Finally, we conclude with a summary of our findings in Section 5.4.

5.1 Posterior-based metrics

The framework for posterior-based matching is illustrated in Figure 5.2. The matching proce-

dure follows the approach described in Section 2.2.2, with the key distinction that the KL-HMM

state distributions are replaced by reference posteriors [r hshp
t ′ , . . . ,r hmv t

t ′ ] corresponding to

the handshape and movement posteriors derived from the reference sign content. DTW is

employed to align the generated sign posteriors to these reference posteriors, using a cost func-

tion based on the SKL divergence. The SKL scores calculated along the best path for each of

the articulatory features SKLhshp and SKLmv t are used as metrics to assess the generated sign.

A similar strategy was also explored in Chapter 7 of the thesis (Tornay, 2021) for single-view,

reference-based SLA. Based on the output of the sign generator, movement posteriors can be

extracted from the I3D model as described in Chapter 4 or using skeleton-based features as

described in Chapter 3.

We choose the features depending on the content being generated. For the video-to-video

generation task, we use both skeleton and I3D-based movement posteriors. For the text-to-

pose generation task, we use only the skeleton-based features.

It is worth pointing out that the proposed approach is similar to the phone class conditional

probability sequences based objective speech intelligibility assessment approach proposed

in (Ullmann et al., 2015) for assessment of speech codecs and text-to-speech systems.
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Figure 5.2 – Illustration of posterior matching framework.
[

zhshp
t , . . . , zhmv t

t

]
is the stack of poste-

rior estimates of the visual subunits obtained from the generated sign content t .
[

r hshp
t ′ , . . . ,r hmv t

t ′
]

is the stack of posterior estimates of the visual subunits obtained from the reference sign content.
The DTW score is given by S(T ′,T ).

5.2 Video-to-video generation and assessment

We begin by presenting our study on the video-to-video generation task. In this section,

we describe the generation method used to synthesize sign language videos from reference

videos, outline the set of evaluation metrics employed including our proposed posterior-based

metrics and present the results of their correlation with human evaluations.

5.2.1 Generation

Krishna et al. (2021) extend the Generative Adversarial Networks (GAN) based “do as I do”

motion transfer model EBDN (Chan et al., 2019) for Indian SLG. Their approach employs two

generators, one for the body and another specifically for the hands, to improve handshape

generation. A smoothing network is used to seamlessly blend the outputs from the body and

hand generators.
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Figure 5.3 – Training pipeline of Sign Language video generation from pose skeleton to images.
Image adapted from (Krishna et al., 2021).

Given a video of a reference signer and another of a target signer, the model generates a video

of the target signer performing the same action as the reference. An overview of the training

pipeline is shown in Figure 5.3. The body generator GB generates upper-body images of the

target signer conditioned on their pose skeleton, while the hand generator GH focuses on

generating hand regions based on cropped hand skeletons. The pose estimator P is used to

extract these skeletal inputs. Both generators are based on the pix2pixHD framework (Isola

et al., 2017), using a pair of networks operating at two spatial scales: global and local, denoted

as G = {G1,G2}. Adversarial training involves three discriminators operating at different reso-

lutions, D = {D1,D2,D3}. To enforce temporal consistency, the model is trained to generate

consecutive frame pairs, with a temporal discriminator distinguishing between real sequences

(xt−1, xt ) and (yt−1, yt ) and generated sequences (xt−1, xt ) and (G(xt−1),G(xt )). Both GB and

GH are trained using the same standard GAN loss function adapted for temporal consistency:

Ltemp(G ,D) = E(x,y)
[
logD(xt−1, xt , yt−1, yt )

]
+Ex

[
log(1−D(xt−1, xt ,G(xt−1),G(xt )))

]
,

where t denotes the time, x refers to the input pose skeleton and y to the real image.

The objective for GAN training is given by:

min
G

(
max

Dk

(
3∑

k=1
Ltemp(G ,Dk )

)
+λF M

3∑
k=1

LF M (G ,Dk )

+λpLp (G(xt ), yt )+λpLp (G(xt−1), yt−1)

)
,
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where LF M is the discriminator feature-matching loss (Isola et al., 2017) and Lp is the percep-

tual reconstruction loss that compares pre-trained VGG (Liu et al., 2015) features at different

layers of the model.

We extend this work to generate signs for the DSGS sign language. Pose skeletons obtained

from OpenPose (Cao et al., 2019) are used as input poses to the GAN, to generate the target

person images. Figure 5.4 shows an example of a video generated for the DSGS sign "ABER".

Figure 5.4 – First row shows the sequence of frames in the reference video for the sign "ABER", the
second row shows the corresponding frames generated by the GAN.

5.2.2 Evaluation metrics

5.2.2.1 Video quality-based metrics

We use the following baseline metrics to gauge the similarity between the reference video and

the generated video:

1. PSNR: The ratio of the maximum possible value of the image and the power of noise

that affects its quality (Bradski, 2000).

2. SSIM: Measures the similarity between two images based on their structural infor-

mation, taking into account the strong inter-dependency among neighboring pixels.

It produces a similarity score that reflects how closely the images match in terms of

structure (Bradski, 2000).

3. MSE Skeleton: Mean-squared error (MSE) between the sequence of 3D skeletons from

reference and generated videos obtained from MediaPipe (Lugaresi et al., 2019) inspired

by Arkushin et al. (2023)

5.2.2.2 Posterior-based metrics

To assess the quality of generated sign language videos beyond conventional image-level

metrics, we propose the use of posterior-based metrics derived from linguistic subunits such

as handshape and movement. The framework for obtaining the posterior-based metrics is

shown in Figure 5.5. Given that we have the reference and generated videos, we can extract

the corresponding hand movement posteriors using two approaches:
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1. I3D-based posteriors: Hand movement features are extracted using a pretrained I3D

model, and corresponding posteriors are obtained through subunit classification trained

on the SMILE-DSGS dataset, as described in Chapter 4.

2. Skeleton-based posteriors: MediaPipe is used to extract skeleton features from the

videos, and hand movement posteriors are computed via subunit classification, as

detailed in Chapter 3.

For handshape posteriors, we leverage dynamic features extracted from hand skeletons using

the method proposed by Tornay et al. (2025). The features consist of temporal trajectories of

hand landmarks, specifically, the positions of finger joints relative to the wrist, capturing the

dynamics of hand configurations over time. These relative coordinates help normalize for hand

position and emphasize the articulatory shape. An HMM-GMM system is first trained to model

these sequences and perform handshape classification based on their temporal structure.

This system captures typical temporal patterns associated with different handshapes. The

resulting state-level alignments from the HMM-GMM system are then used to train an MLP.

The MLP is trained to map each feature observation to the state subunits. The final output is a

frame-wise posterior distribution over handshape subunits, which can be integrated into the

phonology-based assessment framework as a dedicated manual channel.

We use the posteriors obtained to match the reference and generated posterior sequences

using DTW as described in Section 5.1 to extract the metrics: SKLhshp and SKLmv t .
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Figure 5.5 – Framework for assessment of GAN-generated sign language videos

5.2.3 Human evaluation

For the subjective evaluation of the generated videos, 22 student raters were given 20 real/gen-

erated video pairs and asked to rate three questions for each video pair on a five-point Likert

scale. The questions were designed to assess the quality of the generated video in terms of its

similarity to the reference video, focusing on hand movement, handshape, and overall quality.
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The questions were as follows:

1. How different is the hand movement in the generated video compared to the original

video? (1:different - 5: similar)

2. How different is the handshape in the generated video compared to the original video?

(1:different - 5: similar)

3. Rate the overall quality of the generated video (the higher the better).

Table 5.1 – Intraclass Correlation Coefficient and statistics for rater agreement for each of the
questions

Question ICC(3,k) mean std skew
Q1 0.94 4.36 0.89 -1.47
Q2 0.96 4.0 0.93 -0.84
Q3 0.95 3.42 1.06 -0.32

The Intraclass Correlation Coefficient (ICC) (Shrout et al., 1979) was used to get the agreement

between the raters. A high ICC value (close to 1) indicates a high similarity between values.

In our data, we observed high ICC values(ICC(3,k) > 0.90) indicating that all the raters had a

high agreement and the excellent reliability of the raters. Table 5.1 summarizes the annotated

questions, the ICC(3,k), and their respective descriptive statistics.

5.2.4 Correlation analysis

Table 5.2 presents Spearman’s correlation coefficients (ρ) and p-values between automated

evaluation metrics and human ratings across three aspects: movement (HRmv t ), handshape

(HRhshp ), and overall sign quality (HRal l ). Among conventional video quality metrics, SSIM

shows moderate correlations with movement and high correlation with handshape. PSNR and

MSE Skeleton exhibit weak or inconsistent correlations across aspects when compared to SSIM.

Among the proposed posterior-based metrics, SKLhshp demonstrates strong correlations with

handshape and overall quality, while SKLmv t (I3D) shows the best correlation with movement.

The SKLmv t (MediaPipe) metric also exhibits moderate correlation with movement and overall

quality. The SKL scores are negatively correlated as low SKL corresponds to higher similarity,

i.e., higher mean opinion scores.

5.3 Text-to-pose generation and assessment

In this section, we shift our focus to the assessment of sign language pose sequences generated

from text. The goal is to evaluate multiple evaluation metrics against human judgments, pro-

viding insights into the effectiveness of different metrics in capturing the quality of generated

sign language content.
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Table 5.2 – Spearman’s correlation coefficient and p-values between evaluation metrics and human
ratings. HRmv t , HRmv t and HRmv t denote human ratings for movement, handshape and overall
quality, respectively. SKLmv t (MediaPipe) and SKLmv t (I3D) denote the posterior-based metrics
for movement using MediaPipe and I3D, respectively. SKLhshp denotes the posterior-based metric
for handshape. Statistically significant p-values are italicized.

Metric Statistic HRmvt HRhshp HRall

PSNR corr 0.18 0.067 -0.085
p-value 0.626 0.853 0.815

SSIM corr -0.51 -0.74 -0.55
p-value 0.041 0.084 0.190

MSE Skeleton corr -0.54 -0.42 -0.59
p-value 0.106 0.228 0.069

SKLmv t (Mediapipe) corr -0.58 -0.58 -0.45
p-value 0.047 0.032 0.019

SKLhshp corr NA -0.84 -0.79
p-value NA 0.002 0.006

SKLmv t (I3D) corr -0.61 -0.49 -0.52
p-value 0.0244 0.0344 0.0849

5.3.1 Generation

We begin by describing the dataset and methods used to generate sign language pose se-

quences from text, forming the basis for our evaluation of different metrics. We consider three

generation systems that reflect a range of approaches from rule-based retrieval to fully train-

able neural models highlighting the diversity of strategies currently explored in text-to-sign

language generation.

Dataset

For the text-to-pose task, the SignSuisse1 dataset released as part of the WMT-SLT campaign

was used. The dataset comprises 18,221 lexical items across three spoken–sign language

pairs: German/Swiss German Sign Language (DSGS), French/French Sign Language (LSF),

and Italian/Italian Sign Language (LIS). Each lexical item is represented by a signed example

sentence presented in a video, accompanied by its corresponding spoken language translation.

This forms a rich parallel corpus between sign and spoken languages, suitable for evaluating

SLT and SLG models. For our experiments, we focus on the test set, which includes 500 DSGS

segments, 250 LSF segments, and 250 LIS segments.

1https://www.sgb-fss.ch/signsuisse/
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sign.mt

Based on the system proposed by Moryossef et al. (2023), this rule-based approach first

converts input text into sign language glosses using hand-crafted transformations such as re-

ordering and selective word deletion. Each gloss is then mapped to a corresponding sequence

of skeletal poses retrieved from a predefined lexicon. The resulting poses are concatenated to

form a complete sign sequence. When a gloss is not found in the lexicon, the system defaults

to fingerspelling the word, generating pose sequences for each letter.

sign.mt v2

During initial evaluations, the frequent use of fingerspelling for unknown glosses was found to

hinder the viewing and assessment experience for evaluators. To address this, an alternative

version of the sign.mt system was introduced in which glosses with no lexical mappings are

omitted entirely. While this may result in information loss, it significantly improves the fluency

of the generated sequence and reduces cognitive load on evaluators.

Sockeye

The neural machine translation framework proposed by Hieber et al. (2022) was modified

to generate continuous sign pose sequences. Both the encoder and decoder were modified

to handle continuous output sequences instead of discrete tokens. In particular, rather than

using a discrete vocabulary with an embedding matrix, the continuous pose vectors are linearly

projected into the model’s hidden dimension to serve as input to the decoder. This allows

the model to directly learn mappings between text inputs and continuous articulatory pose

outputs. The model was trained to predict pose sequences from text sequences from the

SignSuisse training set.

The SignSuisse data is used to evaluate the performance of different text-to-pose translation

systems. In the following section, we describe the set of metrics used in the evaluation

5.3.2 Pose-based evaluation metrics

Figure 5.6 shows the taxonomy of the evaluation metrics used in this study.

5.3.2.1 Pose distance-based metrics

Prior work, such as Ham2Pose (Arkushin et al., 2023), evaluates sign language poses using

distance-based metrics like Mean Joint Error (MJE) and Average Position Error (APE), with

variants that apply normalization, alignment, or different aggregation strategies. One such ap-

proach uses DTW matching, comparing only shared keypoints between poses and penalizing

keypoints present in the reference but missing in the generated pose.
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Figure 5.6 – Taxonomy of pose-based sign language evaluation metrics.

These metrics originate from pose estimation and reconstruction literature and are commonly

used in time-series clustering to compare trajectory shapes (Aghabozorgi et al., 2015). However,

these methods are not inherently designed for sign language, and their naïve application can

overlook critical issues: they assume complete keypoint detection, ignore performance speed

variations, and conflate positional differences with semantic differences. Furthermore, they

have not been validated on sign language data correlating with human judgments.

5.3.2.2 SLA-based metrics

Two SLA-inspired metrics are considered for evaluating the quality of generated pose se-

quences: the SkeletonVAE Score, proposed in (Cory et al., 2024), and our posterior-based SKL

Score, which uses linguistically informed features.

SkeletonVAE score

The SkeletonVAE model is trained to produce a per-frame latent embedding from 3D skeletal

poses. To obtain these, 2D MediaPipe poses are first uplifted to constrained 3D skeletons

using the method of Ivashechkin et al. (2023), and then projected into a 10-dimensional latent

space using a β-VAE (Higgins et al., 2017). The SkeletonVAE Score is defined as the L2 distance

between the DTW-aligned latent trajectories of the reference and hypothesis sequences,

optionally normalized by the DTW path length. This metric captures pose similarity in a

learned, compact representation space of sign language poses.
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Skeleton posterior-based SKL score

As discussed in Section 5.1, two sets of linguistically informed posteriors—corresponding to

handshape and hand movement—are extracted from the pose sequences, using the same

missing keypoint preprocessing strategy as in Arkushin et al. (2023).

For hand movement, we use a subunit MLP trained on DSGS with MediaPipe skeleton data to

compute movement posteriors for both the reference and hypothesis sequences. Similarly,

for handshape, we use a separate subunit MLP, also trained on DSGS, to compute handshape

posteriors from the corresponding pose sequences. It is important to note that these MLPs

are trained on a different sign language (DSGS) than the target sign language being evaluated,

which may introduce cross-lingual variation but still provide meaningful articulatory signals.

The resulting handshape and movement posterior sequences from the reference and hypothe-

sis are then aligned using DTW, with a cost function based on the SKL divergence. The total

alignment cost is aggregated over all DTW time steps to produce the final evaluation score,

reported as SK Lmv t_hshp Score, and is used as the metric for the evaluation.

5.3.2.3 Embedding-based metrics

Extending the idea of CLIPScore (Hessel et al., 2021), SignCLIPScore (Jiang, Sant, et al., 2024) is

an embedding-based metric designed specifically for sign language pose sequences. It uses

SignCLIP, a model trained through multilingual contrastive learning to encode sign language

poses into a shared semantic space. The metric defined as SignCLIPScore P-P (pose-to-pose)

based on the dot product of the embeddings of the reference and hypothesis on the sentence

level instead of frame-level latents plus DTW alignment. Another variant called SignCLIPScore

P-T (pose-to-text) was also used. It computes the dot product between the text and pose

embedding, eliminating reliance on scarce or even unreliable ground-truth signing references.

5.3.2.4 Back-translation-based metrics

Assuming the availability of corresponding spoken language text and a reliable pose-to-text

SLT model, sign language pose sequences can be evaluated through back translation using

two strategies:

(a) Translation: The pose sequence is translated into text using an SLT model, and the resulting

output is compared to the reference text using standard machine translation metrics such as

1. BLEU : A precision-based metric that measures word-level n-gram overlap between the

generated and reference.

2. chrF : A character n-gram F-score that captures fine-grained similarity, which is robust

to minor lexical or morphological variation.
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3. BLEURT : A learned evaluation metric based on pretrained language models, designed

to align closely with human judgments of semantic quality.

(b) Likelihood: The log-likelihood of the reference text is computed given the pose sequence

as input to the SLT model. This approach avoids decoding errors and supports more consistent

system-level comparisons. Both methods depend heavily on the quality of the SLT model. For

evaluation in this study, an SLT model from Zhang et al., 2024 is used.

All these automatic metrics are computed on the generated pose sequences across the three

systems and compared against human evaluations. In the next section, we describe the human

evaluation protocol used in this study.

5.3.3 Human evaluation

Evaluators rate the translations on a continuous scale from 0 to 100, with 0–6 markers and task-

specific annotation guidelines adapted from WMT-SLT. Instructions are provided in DSGS,

LSF, and LIS. A total of 13 native deaf signers participated (7 DSGS, 2 LSF, 4 LIS), with varying

professional experience as translators, interpreters, or teachers. The evaluation covered 2,650

unique examples, yielding 11,471 ratings across four systems and three sign languages. The

inter-annotator agreement, approximated using Fleiss’ κ (Fleiss, 1971) on discretized scores,

was κ= 0.36±0.05, while intra-annotator agreement averaged κ= 0.49±0.09. The low inter-

and intra-annotator agreement can be attributed to the absence of clear definitions and

criteria for evaluating translation quality in signing poses.

5.3.4 Correlation analysis

Table 5.3 shows the correlation analysis between the metrics described earlier, divided into

different families and the human scores averaged over evaluators on the segment level, as

presented in Section 5.3.3. The correlation is computed using Spearman’s rank correlation

coefficient. The signs of the metrics that quantify errors are flipped to keep a positive

correlation for analytical convenience. The following observations can be made from the

correlation analysis:

• Distance-based metrics: These are effective when properly tuned, but highly sensitive

to implementation details like pose format and keypoint selection.

• SLA metrics: SkeletonVAE scores show moderate correlation with human ratings at the

language-level (where the scores across different systems for a language are evaluated

together), but are less reliable for system-level evaluation in open-ended translation

tasks. The SKL scores show stronger correlations at the system-level compared to other

metrics. Interestingly, at the language level, SKL scores show strong negative correlations

with human ratings, in contrast to the positive correlations observed with other metrics.
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Table 5.3 – Segment-level Spearman correlations with average human judgments calcu-
lated for several pose-based evaluation metrics for sign language. nAPE=normalized APE,
nDTW=normalized DTW-MJE (two metrics taken from Arkushin et al. (2023) and re-implemented
for MediaPipe, normalized by shoulder pose); SVAE=SkeletonVAE Score, SVAEn=SVAE
normalized by DTW path, SKL=SKL_mvt Score; P-P=Pose-to-pose embedding distance,
P-T=Pose-to-text embedding distance; B4=BLEU-4, chrF=chrF, B-RT=BLEURT, Lik.
=Likelihood. H* denotes mean inter-evaluator Spearman correlation. SD represents the
standard deviation across each column and is expected to be small/consistent for an ideal metric.

Reference-Based Reference-Free

Distance-Based SLA Metrics SignCLIPScore Back Translation-Based H*

nAPE nDTW SVAE SVAEn SKL P-P P-T B4 chrF B-RT Lik. H*

By System

sign.mt 0.09 0.14 0.23 -0.08 0.24 0.10 0.02 0.05 0.11 0.05 0.23 0.43
sign.mt v2 0.28 0.33 0.46 0.14 0.22 0.00 -0.19 0.20 0.22 0.44 0.49 0.52
Sockeye 0.10 0.15 0.13 0.01 0.24 0.42 -0.27 -0.07 0.04 0.46 0.58 0.22

By Language

DE→DSGS -0.36 -0.09 -0.02 0.27 -0.57 -0.31 0.39 0.18 0.26 0.09 0.36 0.70
FR→LSF -0.54 -0.11 -0.01 0.37 -0.68 -0.01 0.45 0.32 0.60 0.47 0.29 0.80
IT→LIS -0.57 -0.39 -0.02 0.53 -0.75 0.13 0.29 0.31 0.63 0.41 0.38 0.88

Overall (↑) -0.41 -0.10 0.07 0.38 -0.56 -0.10 0.27 0.21 0.42 0.36 0.42 0.77
SD (↓) (0.35) (0.24) (0.18) (0.22) (0.47) (0.22) (0.29) (0.14) (0.23) (0.18) (0.12) (0.24)

Upon further analysis, we observed that the SKL scores for the sign.mt v2 system were

consistently higher on average than those of the other systems. The higher scores for

sign.mt v2 are likely due to frequent missing keypoints in the system, which disrupt

DTW alignment and lead to higher overall scores. Due to the lack of a common scale of

scores across systems, in a setting where scores from multiple systems are compared

jointly, the SKL score may not be the best metric to use.

• Embedding-based metrics (SignCLIP): The pose-to-pose metric shows no meaningful

correlation, whereas the pose-to-metric at language-level shows a moderate correlation.

• Back translation metrics: These align reasonably with human judgments and are

valuable in general settings, though still fall short of human-level agreement.

• Back translation likelihood: These are more consistent and reliable than text-based

metrics (BLEU, chrF, BLEURT) when using a pose-to-text model.

5.4 Summary

In this chapter, we explored the use of posterior-based metrics for evaluating reference-based

SLG systems, with a focus on assessing the linguistic quality and intelligibility of generated

content. Unlike conventional video metrics such as PSNR or SSIM, which primarily measure

low-level visual similarity, our proposed metrics aim to capture articulatory correctness by

analyzing posterior probabilities from SLR models.
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5.4 Summary

We evaluated the effectiveness of these metrics in two SLG scenarios. In the video-to-video

generation task, we built upon existing work in sign video retargeting for DSGS and conducted

both human and automatic evaluations. Our posterior-based metrics demonstrated stronger

alignment with human ratings than traditional video quality metrics. In the text-to-pose

generation task, we extended an existing pose evaluation framework to include our metric.

We observed a moderate correlation with human judgments at the system level, and a strong

negative correlation at the language level.
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6 Non-manual feature detection for
continuous sign language

Chapter Overview: This chapter takes a step toward non-manual feature detection in the

context of continuous sign language by modeling and evaluating facial action units (FAU)

as linguistic cues. We explore FAU-based detection methods for non-manual feature

detection and integrate them into a phonological framework to assess their impact on

sign segmentation.

Continuous sign language (CSL) consists of a sequence of signs produced without clear pauses

or boundaries, making it a sequence-to-sequence phenomenon. As mentioned earlier, un-

like gesture recognition, sign language relies on multiple articulatory channels manual (e.g.,

handshape, movement, location) and non-manual (e.g., facial expressions, head movements,

and body posture) to convey information. This multi-channel nature, coupled with phenom-

ena like co-articulation (transitions between consecutive signs), makes segmentation in CSL

particularly challenging (Cooper et al., 2012).

Non-manual markers play a crucial role in sign language grammar and semantics (Mukushev

et al., 2020). Examples include:

• Raised eyebrows to mark Wh-questions (e.g., “what,” “where”)

• Forward or backward body movements to indicate tense

• Cheek puffing or retraction to express quantity

• Lip shape or motion to differentiate signs sharing the same manual form

• Facial expressions to convey emotional content

• Eye gaze plays a role along with a pointing index finger to refer to an object/person

• Head tilts for affirmation or negation
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Chapter 6. Non-manual feature detection for continuous sign language

These features are especially critical in continuous signing, where sentence-level structures

rely on non-manual cues. Effectively incorporating non-manual information is therefore es-

sential for both understanding and assessing sign language. We define non-manual assessment

as the detection of the presence or absence of each non-manual feature in comparison to a

reference, such as expert-annotated ground truth or target production.

Prior work has explored various forms of non-manual feature modeling strategies, including

mouthing cues (Albanie et al., 2020; Hu et al., 2021), 3D face scans (Kratimenos et al., 2021),

and 2D facial landmarks (Asteriadis et al., 2012). While these methods capture certain aspects

of facial expression or emotion, they often lack the granularity needed for fine-grained as-

sessment. Additionally, they are typically embedded within end-to-end recognition models,

making it difficult to extract explainable, frame-level probabilistic cues suitable for integration

into assessment frameworks. Explicit detection and modeling of non-manual features remains

under-researched, largely due to the limited availability of annotated datasets with detailed

non-manual information.

In contrast, the Facial Action Coding System (FACS) (Rothkrantz et al., 2009; Ekman et al., 1978)

provides a structured representation of facial expressions through FAUs, which correspond

to localized muscle activations (e.g., cheek raise, puff, brow lift). FAU detection has been

applied in sign language processing (Viegas et al., 2023; Silva et al., 2022) and aligns well with

our objective of generating frame-wise posterior probabilities for interpretable non-manual

behaviors. Therefore, we adopt FAU detection-based non-manual feature (NMF) modeling

in this chapter. However, FAUs do not fully align with sign language-specific non-manual

categories (see Section 2.3.3). To bridge this gap, we propose to fine-tune FAU-trained models

on the SMILE-SRT dataset, which contains annotated non-manual features specific to sign

language in continuous settings.

This chapter presents our initial investigation into non-manual feature detection and their

integration into a phonology-based CSL framework. Specifically, we assess the contribution of

non-manual features to temporal sign segmentation by comparing alignment performance

with and without non-manual cues. Alignment refers to the process of mapping a sequence

of observations (e.g., video frames or acoustic frames) to a sequence of model states or units

(e.g., signs, phonemes, or subunits). Our approach leverages the KL-HMM framework, which

supports multi-channel input and enables temporal alignment of signs in continuous data.

The remainder of this chapter is organized as follows: Section 6.1 discusses the different ap-

proaches we use for non-manual feature detection through Facial Action Unit detection. Sec-

tion 6.2 details the integration of these features into the phonology-based framework and

presents results from our alignment experiments. Section 6.3 concludes the chapter with a

summary.
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6.1 Non-manual feature detection

6.1 Non-manual feature detection

6.1.1 Detection methods

In this chapter we discuss the different approaches we use for NMF detection through FAU

detection.

Face detection

Face detection is a crucial first step in NMF detection, as it enables the system to localize

the face region and extract relevant features. In this chapter, we employ the Multi-Task

Convolutional Neural Network (MTCNN) (Xiang et al., 2017) face detector to identify and crop

the face region from individual video frames. For frames where a face is not detected, we

apply interpolation using neighboring successful detections to maintain temporal consistency

in video-based approaches. MTCNN uses a cascade of three CNNs to progressively refine

face proposals and predict facial landmarks. This architecture provides a robust and efficient

solution for face detection under varying lighting, pose, and occlusion conditions.

FLAME-based

Faces Learned with an Articulated Model and Expressions (FLAME) (Li et al., 2017) is a sta-

tistical 3D model of the face with parameters for identity shape, facial expression and pose

parameters. In our work, we propose to use the facial expression-based parameters from this

framework for non-manual feature detection. The FLAME coefficients are computed from the

video frames using a pre-trained model, which allows us to capture the facial expressions in a

continuous manner.

Emotion Driven Monocular Face Capture and Animation (EMOCA) (Danecek et al., 2022;

Feng et al., 2021) introduces a method for reconstructing expressive 3D facial geometry from

single, in-the-wild RGB images. It leverages the FLAME parametric face model to accurately

capture detailed facial expressions that reflect the emotional state of the subject. The primary

motivation behind EMOCA was to address the limitation of prior methods in accurately

recovering 3D facial shapes from single images across the full emotional spectrum. In our

approach, we utilize EMOCA’s single-view fitter to extract the FLAME coefficients from video

frames, ensuring robust and detailed facial expression representation.

I3D-based

As discussed in Chapter 4, Inflated 3D Convolutional Networks (I3D) effectively capture spatio-

temporal representations from videos. Facial expressions typically exhibit dynamic patterns

involving distinct onset, peak, and offset phases. Certain transitions between expressions

can be subtle and thus require analysis across multiple frames rather than relying solely on
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individual frames. Temporal modeling approaches using LSTM-based models have been

successfully applied to emotion recognition tasks to address this challenge (Pyumina et al.,

2022; Corneanu et al., 2018; Tellamekala et al., 2024). However, due to the high cost associated

with labeling FAUs, large-scale video datasets with frame-level annotations remain relatively

scarce. One notable exception is the Aff-Wild2 dataset (Kollias et al., 2023b), as described in

Chapter 2. In this chapter, we leverage an I3D model to extract spatio-temporal features from

facial video frames, which we subsequently utilize for non-manual feature detection.

Transformer-based

Vision Transformers (ViTs) (Oquab et al., 2023; Ryali et al., 2023; Liu et al., 2021) have shown

promising results in a variety of computer vision tasks, and are typically pre-trained on large-

scale datasets such as ImageNet. However, in most natural images, the face region occupies

only a small portion of the image. As a result, standard ViTs often struggle to capture fine-

grained facial representations effectively (Dan et al., 2023). To overcome this limitation,

transformer-based models for facial analysis need to be trained on large-scale face-centric

datasets or use specialized data augmentations to improve performance (Ma et al., 2023;

Zhong et al., 2021; Ning et al., 2025). One such method proposes a Facial Masked AutoEncoder

(FMAE) (Ning et al., 2025), an approach specifically designed for facial representation learning.

By pretraining on large-scale facial datasets, FMAE learns robust and expressive facial features,

which are beneficial for downstream tasks such as FAU detection and subsequent non-manual

feature analysis in sign language understanding.

6.1.2 Experimental setup

FLAME-based FAU detection

In this approach, we utilize FLAME expression coefficients as a compact, interpretable repre-

sentation of facial expressions. For each frame in the dataset, we first apply MTCNN (Xiang

et al., 2017) to detect and crop the face region. The cropped face is then passed through

EMOCA to extract the FLAME expression coefficients, resulting in a 30-dimensional vector per

frame.

FLAME expression
coefficients

MLP Facial Action
Unit Detection

Face Crop 3D Face
Reconstruction

EMOCA

Figure 6.1 – Overview of the FLAME-based FAU detection pipeline. The input face image is
processed by EMOCA to extract FLAME expression coefficients, which are then used by an MLP
for multi-label FAU classification.
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We train an MLP to perform multi-label classification of FAUs from the Aff-Wild2 dataset,

using these FLAME expression coefficients as input. Since multiple FAUs can be activated

simultaneously, we formulate this as a multi-label problem and use binary cross-entropy

loss as the objective function. We explore MLP architectures with 1 and 2 hidden layers,

and select the best-performing configuration based on validation F1 score. The model is

optimized using Adam with a learning rate of 0.01, along with learning rate decay for stable

convergence. Figure 6.1 illustrates the overview of the FLAME-based FAU detection pipeline.

Given the temporal nature of facial movements, we also explore the use of LSTM (Hochreiter

et al., 1997) networks to capture temporal dependencies in the FLAME coefficients. To adopt

the model to reflect linguistic non-manual features, we finetune the best MLP model obtained

by training on Aff-Wild2, on the SMILE-SRT dataset, which includes explicit annotations for

non-manual features in sign language, enabling adaptation of the model to linguistically

meaningful facial cues.

Face-I3D based FAU detection

As a pre-training step, we train an I3D model on the Aff-Wild2 dataset for FAU detection,

covering 12 action unit classes. This is formulated as a multi-label classification problem,

as multiple FAUs can be activated simultaneously within a single frame. We call this model

Face-I3D. The framework is illustrated in Figure 6.2

face-I3D

Face cropped sequence

Facial Action
Unit Detection

Figure 6.2 – Overview of the I3D method for facial action unit detection. The model processes
sequences of 16 consecutive cropped face frames, allowing it to capture temporal dynamics in
facial expressions.

For face detection, we use MTCNN (Xiang et al., 2017) to locate and crop face regions from

individual frames in the Aff-Wild2 dataset. Each face crop is resized to 224×224 pixels. The

model takes as input sequences of 16 consecutive cropped face frames, allowing it to model

the temporal evolution of facial expressions. To improve generalization, we apply slight data

augmentations during training.

The I3D model is trained using a batch size of 16, with binary cross-entropy loss as the

objective function. Optimization is performed using Stochastic Gradient Descent (SGD) with

a momentum of 0.9 and an initial learning rate of 0.01. The best model is selected based on

the Aff-Wild2 validation set F1 score, and it is used for finetuning for non-manual detection.

While FAUs capture important facial cues, their definitions do not directly align with the

non-manual features relevant to sign language. Therefore, it is necessary to fine-tune the

pre-trained model on a sign language dataset annotated with non-manual features. We use

the non-manual annotated SMILE-SRT dataset for this purpose. Fine-tuning is performed for
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10 epochs using the Adam (Kingma et al., 2014) optimizer with a learning rate of 0.001 and a

batch size of 16.

6.1.3 FMAE-based FAU detection

We use the available FMAE (Ning et al., 2025), a model initially trained in a self-supervised

manner using a masked image modeling task to learn robust facial representations. Following

this pretraining stage, the model is further trained on a supervised FAU classification task

using the BP4D (Zhang et al., 2014) dataset, which provides ground truth annotations for

multiple facial action units. This two-stage training process enables the model to benefit from

both large-scale unsupervised learning and targeted supervised adaptation.

To adapt the model to sign language-specific non-manual cues, we fine-tune only the clas-

sifier head (i.e., the final linear layer) on the SMILE-SRT dataset, which includes annota-

tions for non-manual features relevant to sign language. Finetuning is performed using the

AdamW (Loshchilov et al., 2017) optimizer with a learning rate of 0.0001, and the model is

trained using binary cross-entropy loss for multi-label classification. Figure 6.3 illustrates the

approach for FAU detection.

FMAE-ViT Embedding MLP Facial Action
Unit Detection

Face Crop

Figure 6.3 – Overview of the FMAE-based approach. Facial embeddings are extracted using a
self-supervised masked autoencoder pretrained and further trained on FAU classification. A linear
classifier is fine-tuned on SMILE-SRT for non-manual feature detection.

The annotated L2 signer data from the SMILE-SRT dataset is split into training and validation

sets (70:30) and used to fine-tune the non-manual feature detection models.

6.1.4 Results

To account for class imbalance, we report the class-weighted F1 score, which adjusts the

contribution of each class by weighting its F1 score according to its frequency in the dataset.

Figure 6.4 presents the class weighted F1 scores for various models evaluated on the FAU

classification task on the Aff-Wild2 dataset. Among the FLAME-based models, the LSTM

does slightly better than the MLP variants, demonstrating the benefit of modeling temporal

dynamics. However, both Face-I3D and ViT-based FMAE outperform the FLAME-based

baselines. Notably, Face-I3D achieves the highest performance with an F1 score of 0.578,

followed closely by FMAE at 0.533, indicating the effectiveness of both architectures for

capturing expressive facial features. We emphasize that fine-tuning on the SMILE-SRT dataset

(which includes sign language-specific non-manual annotations) was conducted only for the

Face-I3D and FMAE models, enabling adaptation from general FAU classification to the target
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sign language domain.
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Figure 6.4 – Performance comparison of FLAME-based, Face-I3D, and FMAE-based FAU detection
on the Aff-Wild2 dataset (Class-weighted F1 Score).

Table 6.1 presents the class-weighted F1 scores for Face-I3D and FMAE models after fine-

tuning on the SMILE-SRT dataset, which includes sign language-specific non-manual annota-

tions. Both models demonstrate the ability to adapt from general FAU detection to the domain

of sign language.

Face-I3D achieves the best performance with an F1 score of 0.425, slightly outperforming

FMAE at 0.407. These results suggest the effectiveness of spatio-temporal facial modeling

approaches for non-manual feature detection in sign language videos.

Table 6.1 – Performance comparison of Face-I3D and FMAE-based NMF detection finetuning on
SMILE-SRT dataset (Class-weighted F1 Score). The best performance is highlighted in bold.

Model F1 Score
Face-I3D 0.425
FMAE 0.407

In the next section, we integrate Face-I3D and FMAE-based non-manual feature detection

into a phonology-based framework for continuous sign language segmentation. We evaluate

the impact of these non-manual features on temporal sign segmentation through alignment

with and without non-manual cues.
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6.2 Integration for sign alignment

In moving from isolated to continuous SLA, alignment becomes a critical component. Unlike

isolated signs, continuous signing lacks explicit temporal boundaries. Therefore, to exploit

isolated SLA methods to continuous settings, we must first infer the start and end of each

sign making temporal alignment a prerequisite for lexeme-level assessment. In this context,

assessment is framed as a two-step process: first aligning a continuous signing sequence to a

series of lexical units (glosses), and then scoring each aligned segment in terms of articula-

tory quality using manual and non-manual features. In this section, we focus solely on the

alignment step.

To validate the contribution of non-manual features to continuous sign language modeling,

we analyze their effect on temporal sign segmentation. Specifically, we compare alignment

performance under two conditions:

• using only manual features, and

• using a combination of manual and non-manual features.

This evaluation is situated in the context of continuous sign language, where sign boundaries

are not explicitly annotated and must be inferred from the data. The validation involves two

key steps:

1. Training KL-HMMs on both feature configurations to model the temporal structure of

signs.

2. Aligning the trained models to the target sign language data to estimate sign boundaries

(start and end times).

We now describe the alignment framework, the features used, and the evaluation metrics.

6.2.1 Experimental setup

We adopt a phonology-based framework to model continuous sign sentences from the SMILE-

SRT dataset. This approach allows for multi-channel integration of manual and non-manual

input channels through their posterior representations, while preserving temporal structure.

Each channel contributes complementary linguistic information.

Manual features

We investigate two types of posterior representations for hand movement:
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• I3D-based posteriors: Extracted using a pretrained I3D model and converted to pos-

teriors via a subunit classifier trained on the SMILE-DSGS dataset (isolated signs), as

described in Chapter 4.

• Skeleton-based posteriors: Derived from MediaPipe hand skeleton features and classi-

fied using a pretrained subunit classifier trained on SMILE-DSGS dataset, as described

in Chapter 3.

For handshape posteriors, we use MediaPipe hand landmark-based features classified using

the subunit method described in Section 5.2.2. The subunit classifier is trained on a curated

set of handshape categories for DSGS.

Non-manual features

For non-manual features, we explore two distinct approaches for generating posteriors:

• FMAE-based posteriors: We use an FMAE model pretrained and fine-tuned for FAU

detection.

• Face-I3D-based posteriors: We extract spatio-temporal features from the face region

using an I3D network.

Since both models are trained for multi-label classification, each output dimension corre-

sponds to the likelihood of a particular non-manual feature (e.g., cheeks, eyebrow raise)

being present in a frame. Each of these dimensions serve as independent channels in the

KL-HMM system. To account for temporal variation across signs, we experiment with models

having different numbers of HMM states (e.g., 8 and 20). For each system, we select the

best-performing configuration based on validation alignment accuracy and report its results

in our final analysis. We use only the L1 signer data from SMILE-SRT for this analysis.

Figure 6.5 presents an overview of our full integration pipeline. It shows how skeleton-based

and I3D-based classifiers are used to generate manual feature posteriors, while various non-

manual detection strategies produce non-manual posteriors. All channels are combined in a

KL-HMM system trained on SMILE-SRT dataset.

6.2.2 Evaluation metrics

To evaluate segmentation quality, we use the Jaccard Similarity Score (JSS), which quantifies

the overlap between predicted and ground truth sign boundaries. JSS is defined as:

J (A,B) = |A∩B |
|A∪B | ,
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Skeleton-based
Subunit Classifier

I3D-based
Subunit Classifier

Non-Manual
Detection

Handshape
Posteriors

KL-HMM
(SMILE-SRT)

zhshp

zhmvt

znmf

Hand Crops

Frame Sequence

Cropped Frame Sequence

Hand movement
Posteriors

Non-Manual
Posteriors

Alignment

Figure 6.5 – Overview of the complete system integrating manual and non-manual features for KL-
HMM-based alignment. Handshape and hand movement posteriors are extracted using skeleton-
and I3D-based subunit classifiers respectively, while facial expression posteriors are obtained
via non-manual detection. All channels contribute to a multi-channel KL-HMM for modeling
followed by sign segmentation through alignment.

where, A and B are the sets of predicted and ground truth boundaries, respectively, and

0 ≤ J(A,B) ≤ 1. A score of 1 indicates perfect alignment; a score of 0 indicates no overlap.

JSS is robust to repeated elements and has been widely used in various tasks including key-

word similarity (Niwattanakul et al., 2013), recommender systems (Bag et al., 2019), activity

recognition (Ivanova et al., 2021), and phonological proximity in sign language (Naranjo-

Zeledón et al., 2020). With the manual and non-manual posteriors extracted and integrated

into the phonology-based framework, we proceed to evaluate their impact on temporal sign

segmentation. These models are trained exclusively on L1 signer data1, consisting of approxi-

mately 12 annotated sentences per signer across 9 signers, meaning that each sentence occurs

roughly 9 times in total. While this constitutes a relatively small dataset, it serves as a valuable

benchmark to test the robustness of our framework. The next section presents the results

across different feature configurations, highlighting the contribution of non-manual cues to

segmentation performance.

6.2.3 Results and analysis

Table 6.2 reports the Jaccard Similarity Scores for various combinations of manual and non-

manual features used within the alignment framework. The following observations can be

made from the table:

• When using manual features alone, the I3D-based hand movement representation per-

forms slightly better than MediaPipe-based features, achieving a JSS of 0.568 compared

to 0.554, indicating the benefit of spatio-temporal modeling for hand movement.

1L1 signers are native signers who acquired sign language as their first language
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6.3 Summary

Table 6.2 – Jaccard Similarity Scores for sign segmentation for different manual and non-manual
feature combinations. In all the cases, the MediaPipe skeleton-based handshape posteriors are
used as part of the manual feature stack. Best performance is highlighted in bold.

Manual Feature Non-Manual Feature JSS

MediaPipe None 0.554
MediaPipe Face-I3D 0.555
MediaPipe FMAE 0.560

I3D None 0.568
I3D Face-I3D 0.608
I3D FMAE 0.556

• The integration of non-manual features further improves segmentation performance.

Notably, combining I3D manual features with Face-I3D-based non-manual features

yields the highest JSS of 0.608, highlighting the complementary role of facial expressions

in enhancing alignment accuracy. There no notable performance improvement is

observed when adding non-manual information to MediaPipe-based manual features

(0.560 vs. 0.555 vs. 0.554).

6.3 Summary

In this chapter, we investigated the role of non-manual features particularly facial action

units in the context of continuous sign language modeling and assessment. We explored

several methods for non-manual feature detection using FAUs as a proxy, and evaluated their

effectiveness in both detection and alignment tasks. Experimental results on the Aff-Wild2

dataset suggest that spatio-temporal models (Face-I3D) outperform frame-based FMAE, and

FLAME-based MLP and LSTM baselines in FAU detection.

To validate the relevance of non-manual features in sign language segmentation, we integrated

the NMF posteriors into a phonology-based alignment framework. Using the SMILE-SRT

dataset, we compared models trained with manual features alone to those enhanced with

non-manual channels. The results showed consistent improvement in alignment quality when

non-manual features especially those from the Face-I3D model.
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7 Conclusions and future directions

In this thesis, we advanced phonology-based sign language assessment in two key contexts: to

support learner feedback and to evaluate the quality of machine-generated signing.

In Chapter 3, we evaluated 2D and 3D skeleton estimation methods derived from RGB input

with the objective of enabling accessible, webcam-based sign language learning and assess-

ment. The primary goal was to assess the impact of losing depth information present in

systems like Kinect on both recognition and assessment performance. Our findings show that

while RGB-based skeletons provide an interpretable and modular representation of signing,

their effectiveness is constrained by the accuracy and consistency of pose estimation models.

Importantly, we observed that recognition accuracy and assessment quality are not always

correlated. A method achieving high recognition performance may still fail to capture articu-

latory quality in a way that supports reliable assessment and vice-versa. This highlights the

necessity of evaluating recognition and assessment performance separately when designing

sign language learning tools. Despite the absence of depth data, RGB-based methods achieved

competitive assessment results, suggesting that depth is not strictly required for effective

evaluation of signing performance. The methods developed in this chapter were integrated

into a web-based sign language learning application, which was presented as a demo at

an international conference (Tornay et al., 2023). Subsequent work built on this system to

conduct rater studies (Holzknecht et al., 2024) comparing human judgments and automatic

assessment outputs, further validated its practical relevance. Furthermore, the RGB-based

assessment system developed is being integrated to support the Swiss Deaf Association as

part of Inclusive Information and Communication Technologies (IICT) project.

In Chapter 4, we investigated the use of deep learning-based representations for sign language

assessment, with a particular focus on evaluating hand movement and handshape quality

in isolated signing. Two categories of models were examined: supervised convolutional net-

works (I3D) and self-supervised Vision Transformers (ViTs). We analyzed their effectiveness in

capturing articulatory dynamics relevant to assessment. Our findings show that I3D-based

features provide a strong alternative to skeleton-based representations, particularly in mod-

eling fine-grained movement patterns. In contrast, ViT-based models although effective for
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sign recognition demonstrated noticeably weaker performance in assessment tasks. This gap

reinforces the observation from Chapter 3: high recognition accuracy does not necessarily

imply strong assessment capability. This work also underscores the trade-offs between super-

vised, task-specific models and sign language agnostic, pre-trained representations. While

sign language agnostic features may underperform in detailed assessment, they still encode

meaningful motion information and may serve as practical alternatives in low-resource or

cross-lingual scenarios. Overall, the results establish the viability of deep spatio-temporal

features as a foundation for phonologically grounded sign language assessment. Building

on these insights, we then investigate how such feature representations (video-based and

pose-based) can be used to assess automatically generated sign language content.

In Chapter 5, as a step toward integrating feedback into sign language generation systems in

a manner aligned with human judgment, we proposed a posterior-based evaluation frame-

work that leverages phonological posteriors specifically for hand movement and handshape

to assess the articulatory quality of generated signing outputs. By applying this framework

to both video-to-video and text-to-pose generation models, we conducted a detailed com-

parison between generated and reference sign productions. Importantly, the framework is

modality-flexible, it can be applied to evaluate both RGB video and pose-based outputs using

the methods developed in Chapter 3 and Chapter 4, making it suitable for a wide range of gen-

erative architectures. This approach draws inspiration from prior work in speech assessment,

where posterior-based methods have been successfully used to evaluate speech intelligibil-

ity in pathological speech (Fritsch et al., 2021) and accentedness detection in non-native

speakers (Rasipuram et al., 2015). These approaches, originally developed in the context of

spoken language processing, have been successfully extended to sign language in this thesis.

This cross-modal transfer highlights the broader applicability of phonologically grounded,

posterior-based assessment frameworks, which align well with human judgment, to human

language technologies across modalities. Notably, the models used for posterior extraction

were trained on a different sign language than the one used in the assessment evaluation. This

cross-lingual setup suggests that the posterior components may exhibit a degree of language

independence, indicating the potential of the framework to generalize across sign languages,

an important step toward building robust, scalable assessment tools. Together, these results

support the use of posterior-based evaluation as a linguistically meaningful and interpretable

alternative for assessing generated outputs. They also highlight the potential of such metrics

to serve not only as diagnostic tools but also as feedback mechanisms within future genera-

tion pipelines, helping to improve the quality and usability of automatically generated sign

language content.

Finally, in Chapter 6, we took an initial step towards the transition from isolated to continuous

sign language assessment. Until this point, our assessment framework focused exclusively on

manual features. However, in continuous signing, non-manual cues such as facial expressions

and head movements play a crucial role in signaling grammatical structure and marking sign

boundaries. Despite their linguistic importance, non-manual feature detection remains an

under-researched problem in the field. In this context, we developed and evaluated methods
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for non-manual feature detection by training models on the large-scale Aff-Wild2 FAU dataset

and fine-tuning them on the SMILE-SRT sign language dataset. Among the models explored,

those using spatio-temporal representations yielded the best performance in detecting non-

manual cues relevant to signing. We then successfully integrated the resulting non-manual

posteriors into our phonology-based framework for continuous sign segmentation. The

framework incorporates both manual and non-manual components. The manual posteriors

are derived from skeleton-based and spatio-temporal features, as described in Chapters 3 and

4. Importantly, although the posterior models were trained on isolated sign language data, they

generalized effectively to continuous signing, enabling segmentation without prior alignment.

Through a comparative analysis of alignment results with and without non-manual channels

we demonstrated that incorporating non-manual features improves segmentation accuracy.

These findings underscore the importance of non-manual cues in effective identification of

sign boundaries.

We suggest the following future directions:

• Sign language aware transformer-based assessment: While ViT-based features have

demonstrated promising results in recognition tasks, their effectiveness in articulatory

assessment remains limited compared to sign language aware systems. A promising

direction is to adapt transformer-based models for sign language assessment by incor-

porating sign language aware posteriors derived from domain-specific subunits, such as

handshape or movement categories. This approach could enhance the model’s ability to

capture the nuances of sign language articulation, potentially bridging the performance

gap observed in our studies.

• Continuous sign language assessment: The current methodology lays the groundwork

for continuous sign language assessment by first performing sign segmentation, with

the goal of subsequently applying isolated sign assessment techniques to each seg-

mented unit. In this thesis, we focused specifically on the segmentation component,

demonstrating that phonology-based models augmented with non-manual features can

improve alignment quality in continuous signing, but the assessment of the segmented

signs is still an open problem. A key future direction is to extend this framework by using

the segmented sign boundaries to exploit isolated sign language assessment within

continuous signing sequences. Another open research problem is to move toward global

continuous sign language assessment, that is, assessing signing performance directly

on continuous sequences without relying on prior segmentation.

• Fluency assessment: While this thesis focused on phonological assessment in a

reference-based setting, an important future direction is the evaluation of fluency: how

naturally and confidently a signer produces sequences of signs. Fluency plays a crucial

role in overall proficiency and communicative effectiveness, particularly in free or spon-

taneous signing, where no explicit reference is available. Extending the phonology-based

framework to assess fluency would require systems that jointly perform recognition
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and assessment, enabling the analysis of temporal smoothness, co-articulation, and

sign transitions. This shift raises new challenges, especially in managing the trade-off

between recognition accuracy and assessment reliability mentioned earlier.
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