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Resumo

O sector retalhista é um pilar das economias modernas, exigindo inovacdo continua para se
adaptar as tendéncias em sustentabilidade, digitalizacdo e envolvimento do cliente. Neste
contexto, diversos estudos exploraram a aplicacdo de técnicas computacionais avancadas
para melhorar a experiéncia do cliente e a eficiéncia operacional.

A implementacdo de assistentes virtuais € uma das propostas para a inovacdao do sector,
combinando-os com diferentes métodos de aprendizagem automatica, como sistemas de
recomendacdo, reconhecimento facial de emogbes, entre outros. No entanto, o
processamento de dados pessoais e subjetivos dos utilizadores pode levar a falhas de
privacidade. Para enfrentar estas questdes, a implementacdo de uma solucdo baseada em
Federated Learning revela-se uma alternativa viavel, permitindo usufruir dos beneficios das
restantes técnicas enquanto se preserva a privacidade dos dados.

O objetivo desta dissertacdo é apresentar, implementar e testar um novo sistema automatico
de recomendac¢do multimodal, suportado por métodos de reconhecimento facial de emocoes,
num ambiente de Aprendizagem Federada, capaz de lidar com problemas relacionados com a
privacidade e armazenamento de dados, enquanto atualiza continuamente os modelos do
sistema, aumentando a sua qualidade.

O desenvolvimento da dissertacdo demonstra a viabilidade do sistema proposto,
apresentando resultados iniciais promissores em algumas das métricas avaliadas, uma
arquitetura escalavel e um desempenho global aceitdvel quando adaptado a estrutura
federada proposta, em comparagdo com uma estrutura centralizada tradicional.

Palavras-chave: Aprendizagem Federada, Aprendizagem de Maquina, Reconhecimento Facial
de Emogdes, Privacidade de dados, Sistemas de Recomendagdo






Abstract

The retail sector is a cornerstone of modern economies, requiring continuous innovation to
adapt to evolving trends in sustainability, digitalization, and customer engagement. In this
context, numerous studies have explored the application of advanced computational
techniques to enhance customer experience and operational efficiency.

The implementation of virtual assistants is one of the suggestions for the innovation of the
sector, combining them with different machine learning methods, such as recommendation
systems, facial emotion recognition, amongst others. However, the processing of personal and
subjective data of the users leads to a data privacy breach. To address these issues, the
implementation of a Federated Learning solution becomes a viable answer to the presented
flaw, while being able to utilize the benefits of the other methods.

The objective of this dissertation is to present, implement and test a new automatic
recommendation multimodal system with the support of facial emotion recognition methods,
in Federated Learning environment, being able to tackle the problems related to privacy and
storage of data, while constantly updating the models of the system, increasing its quality.

The development of the dissertation showcases the viability of the proposed system by
displaying some early good results across some of the evaluated metrics, a scalable
architecture, and an overall acceptable performance when adapted to proposed federated
framework when compared to a traditional centralised structure.

Keywords: Federated Learning, Machine Learning, Facial Emotion Recognition, Data Privacy,
Recommendation Systems



Vi



Acknowledgements

This research work was developed under the project CAPE (22017 CAPE), funded by the
European Regional Development Fund (ERDF) within the project number NORTE2030-FEDER-
01241200 - 17576, and funded by National Funds through the Portuguese FCT - Fundagdo
para a Ciéncia e a Tecnologia under the R&D Units Project Scope, UIDB/00760/2020
(https://doi.org/10.54499/UIDB/00760/2020).

Vii



Table of contents

1 214 o [FTel 4 (o] 1 [N 15
P TR € | =) WU - 1 4= Y T P 15
1.2 Research Questions and ObJECTIVES ...ovinuuiiiiiiiiiiiiiiiii i eeiieeeiieeeeaenaeaans 16
1.3 Scientific CoONtribDULIONS ... .eet e i et e et e e e e e e neeeeaennaeans 17
2 State Of the ANt ciciiiiiiiiiiiiiiiiiiiiiiiiiiiiiietttttetiennnssssccessnnnnsssssccsnnes 18
2.1 Federated Learning ..couiiiiiiiiiiiittttttieeeeeeiiieeeeeeeeeeeeseseessnnnnnnssssssseeeesesaannn 18
2.1.1  Federated Learning PrOCESS . .uvveeeeeiiieteeeteeeeeeeeeannnnneeeeeeeessssseassnnnnnns 18
2.1.2 Types and Variants of Learning ProCess.....covvuueiiiiiitiiiiiiiiiiiiiiiieeeeeeeeeenannnn 21
2.1.3 Challenges of Federated Learning ......ccoiiiiiiiiiiiitiiiiiiiiiiiiiieeeeeeeeeeenannns 22
2.1.4 Current Advances and Future DireCtionS.......cueeeiriiiiiiiiiiiinreeeeeeeereeeeennnnnnns 25
2.2 Affective Computing and Emotion ReCOgNition .......c.evviiiiiiiiiiiiiiiiiiiiiiiiiiieeeenannn. 30
2.2.1  Emotion Models and TheOories ...cuiiiiiiiiiiiiiiiiiiiiii e eeaetiiiiiireeeeeeeeeeeenannn 30
2.2.2 Modalities for Emotion RECOGNItION .......uveeiiiiiiiriiiiiiiiiiiiiiiiieeeeeereeeeannnnnnns 32
2.2.3  Techniques and Datasets....uuueeeeitiiiiiriiiiiiiiieeeeeeeereeeenennnsasesseseeeeesennns 35
2.2.4 Frameworks, Challenges, Applications and Recent Trends in Affective
{000 ] 0 0] 101 13V N 40
3 TR € o T-1o ] =) g 606 ] o Tl LU 1 (o] o I PP 45
2.3 Recommendation SYSteMS .....uiiiiiiiiiiiiiiiiiiiieeteerereeaannnnneereeesesssssessannnnnns 45
R o - Y i o7 PP 46
2.5 Integration of Federated Learning into Affective Computing and Recommendation
B} £ =] 10T PPN 47
2.6 Chapter CONCIUSION ittt et teee et e it ieeeeeeeeeeseseseennnnnssesesseseseeesonnnn 49
3 Methods and Materials......ccciiiiiiiiiniiiiiiiiiinneriiieiiiinnnessccccsssnnnnsssces 51
3.1 Materials @and TOOUS .uuuuueiettttt ittt ittt ettt eeeeteeeaaainsseaaeeeseeeessessannnnnes 51
3.1.1 Federated Learning FrameWOrK .......c.ceeeiiiiiiiiiiiiiiiieeeeeeeereseeeennnnnnnneneeees 51
K IO A D - L - 1Y < S N 52
K A V= d g (o [o] Uo = < PPN 53
3.2.1  Implementation MethodologGies. ......cccuiiiiiiiiiiiiiiiiiiiiiiiii e 53
3.2.2  Testing Methodologies ....oviiiiiiiiiiiiiiiiiiiii i i i ettt et eeeeaaaaas 54
3.3 Security and Ethical qUESTIONS ...coiiiiiiiiiiiiiiiiiii it i ittt eeeeeeenanaas 55

4  MFFER: Multimodal Federated-Learning based Facial Emotion Recognition.. 56

4.1 FLOWER FrameWorK oiieeiiiiiiietettttteeeeeeeennnuaneeeeeeeesesessssnnnnnnnsssesesesesennns 56
4.2  Proposed System ArChit@CtUIre .....vviiiiiiiiiiiiiiiiiiiiiiiieeeeeeeeenannnnaneeeeeeeesssennns 57
5 EXperimentation......c.c.ccceeeeeeeeeeeeeeeeeeeeceeeccccscssscsssssssssssssssssssssssssnnnns 61

viii



5.1 Experiment Report: Trial 1 — Centralized Multimodal Emotion Recognition on

CREMA-D with a simplified model........c..oiieiiiiiiiiiiiiiiii e 61
o Tt P B Vo Ta [ Y ol 1) L = ot (U < PP PP 62
5.1.2  Training and Evaluation MetriCS....ueeiiiiiiiiiiiiiiiiiiiiieeeeeteeeeiiiiinneeeeeeeeeenns 64

5.2 Experiment Report: Trial 2 — Centralized Multimodal Emotion Recognition on

CREMA-D with fusion Methods. ......cvviiiiiiiii it e e e eeeeneeeeaans 65
5.2.1  MOdel ArChiteCtUre. . .eeeet ettt et e e e e e e e e eeeenneeeseennanens 67
5.2.2  Training and Evaluation MetriCS......cvvuiiiitiiiiiiiiiiiiiiiiiiie i eieeeeaees 68
5.3 Experiment Report: Trial 3 — Centralized Multimodal Emotion Recognition on
CREMA-D with fusion techniques and improved visual branch............cccoiiiiiiiiiiiinn. 70
5.3.1  MOdEl ArChitEC UM . ettt ittt et et eeeieeeeeeneeeeaennaeeeeennneens 71
5.3.2  Training and Evaluation MetriC.....ccviiiiiiiiiiiiiiiiiiiiiii et eiiiiiiiieeeeeeeeeaas 73
5.4 Experiment Report: Trial 4 — Federated Multimodal Emotion Recognition on
L08R 75
5.4.1  MOdel ArChitECtUN . i et et eeeeeeeirraaaeaaaaeeeeean 77
5.4.2 Training and Evaluation MetriCS....eieeiiiiiiiiiiiiieieieeiiiiiiiaeeeeeeeeseeaannnnns 77
5.5 Comparison with State-of-the-Art WOrKs.....ooiiiiiiiiiiiiiiiiiii it ittt eeeeans 80
o T I 01y F- To] =] gl ol ] g Tl LU Fo] o S PP PP 81
6 CONCIUSTIONS «eiiiiiiiiineeiiieiiiienneseeeeeessnnnasssccessssssssssscssssssnssssscssssnnnnas 85
(o T B 1= 1 T e T (1 ] o 3 - 85
Lo T S U1 = 0 o o G 85
7 =) 1= = Lol = 87



List of Figures

Figure 1 - Generic Framework of Federated Learning. (Wen et al., 2022) .......ccccoveevecvreeennenn. 20
Figure 2 - Categorization of Federated Learning. (Wen et al., 2022).....cccccecvveevcveescveecieescieennns 21
Figure 3 - Optimization Path to solve open problems (Li et al., 2020).......ccccceeeeecveeericrveeeeennnen. 23
Figure 4 - Evolution of privacy in FL (Li et al., 2020)........cccoeiiiieeiiiie et 25
Figure 5 - MMFER Proposed Archit@CtUIE........covicviei ittt 58
Figure 6 — Simplified flow of the First Experiment model..........ccoceeiviiiieiiii e, 63
Figure 7 - Classification metrics evolution in the First Experiment.........ccccccceeeeecveeeeciieeeeennen. 64
Figure 8 - MAE metrics evolution during the First Experiment.......ccccococeveiviieiiicieeecciiee e, 65
Figure 9 - Simplified flow of the Second Experiment model..........ccccoecvveeecciiiiecciie e, 67
Figure 10 - Classification metrics evolution of the Second Experiment.........cccccccvvveeeiiieeeennnen. 69
Figure 11 - MAE evolution in the Second EXperiment ........cccccviveiiiiiiciiee st 69
Figure 12 - Simplified flow of the Third Experiment mode .........ccccceeeeciieiecciee e, 73
Figure 13 - Classification metrics evolution in the Third Experiment .........ccccceeeciveeecciieeeennen. 74
Figure 14 - MAE evolution in the Third EXperiment........ccccccveeiieiiieiicieee e eveee e 75
Figure 15 - Classification metrics evolution of Client 1 during Federated Experiment.............. 78
Figure 16 - MAE metrics evolution of Client 1 during the Federated Experiment..................... 78
Figure 17 - Classification metrics evolution of Client 2 during Federated Experiment.............. 79
Figure 18 - MAE metrics evolution of Client 2 during Federated Experiment..............ccceceuun.eee. 80
Figure 19 - Global metrics of displayed level MAE...........c.coooiiiiiiieiiee e 82
Figure 20 - Global metrics of response [evel MAE ..........cooooiiiiicciie i 82
Figure 21 - Global metrics of displayed output aCCUracy.......cccceecuireeecciieeeeciiee et 83
Figure 22 - Global metrics of displayed valence accuracy.......cccccccceeevcieeeecciee e, 83

Figure 23 - Global metrics of response output aCCUraCy .....cceveveiieeeiiiiee e 84



List of Tables

Table 1 - Recent contributions in FL, SA @Nd RS......ueeeu e 49
Table 2- Comparison of Federated Learning Frameworks.......ccccccccevevvciieeiniiienecnciee e 52
Table 3 - Model Components of the first eXperiment .........cccceeeecieei e, 63
Table 4 - Classification results of the first experiment ........cccccoeeoieiicie e, 64
Table 5 - MAE results of the first experiment.......cccceoveiie e 65
Table 6 - Model Components of the Second experiment........cccoccoveeeeiieeeccciee e, 67
Table 7 - Classification results of the Second EXperiment .........ccccoeeeeeiieeeecciee e 68
Table 8 - MAE results of the Second EXPeriment.........ccceviieieeiiiciee et 69
Table 9 - Model Components of the Third EXperiment .........ccceeecieeieciiee e 71
Table 10 - Classification results of the 3rd EXperiment ........ccccoeecieieciiee e 73
Table 11 - MAE results of the 3rd EXperiment......c.c.ceoiciieeiiciiie ettt 74
Table 12 - Classification results of Client 1 during Federated Experiment...........cccccceecvveeenneen. 77
Table 13 - MAE results of Client 1 during Federated Experiment.........cccccceecveeeeccieeececiieeeennee, 78
Table 14 - Classification results of Client 2 during Federated Experiment..........ccccccevevveeennnen. 79
Table 15 - MAE results of Client 2 during Federated Experiment.........cccccccecveeeeecieeeecciieeeennee, 79
Table 16 - Results Comparison with State-of-the-Art Works .........ccccoeeceeiiciei e, 80

Xi



Xii



Acronyms and Symbols

List of Acronyms

Al

ANN

CK+

CNN

CREMA-D

DNN

DDQN

EDA

EEG

EMG

FACS

FCFS

FCT

FER

FL

GA

GDPR

GECAD

GSR

HFL

HMM

HRI

Artificial Intelligence

Artificial Neural Network

Extended Cohn-Kanade Dataset
Convolutional Neural Network
Crowd-sourced Emotional Multimodal Actors Dataset
Deep Neural Network

Double Deep Q-Network
Electrodermal Activity
Electroencephalography
Electromyography

Facial Action Coding System
First-Come, First-Served

Fundag3do para a Ciéncia e Tecnologia
Facial Emotion Recognition
Federated Learning

Genetic Algorithm

General Data Protection Regulation

Research Group on Intelligent Engineering and Computing for Advanced
Innovation and Development

Galvanic Skin Response
Hierarchical Federated Learning
Hidden Markov Model

Human-Robot Interaction

Xiii



1/0

loT
IFedAvg
KNN
LPC
LSTM

M2M
MER

MFCC
ML
Non-IID
PAD
RAF-DB
RGB
RNN
SVM
VFL

TFL
SGD

SSL

Input/Output

Internet of Things

Federated Averaging Interoperable Element-wise Affine Layers
K-Nearest Neighbours

Linear Predictive Coding

Long Short-Term Memory

Machine-to-Machine
Multimodal Emotion Recognition

Mel-Frequency Cepstral Coefficients
Machine Learning

Independent and identically distributed
Pleasure-Arousal-Dominance
Real-world Affective Face Database
Red, Green, Blue

Recurrent Neural Network

Support Vector Machine

Vertical Federated Learning
Transfer Federated Learning
Stochastic Gradient Descent

Self-Supervised Learning

List of Symbols

Xiv



1 Introduction

To begin this dissertation, a small contextualization of its context will be provided such as its
insertion as well as some of the scientific contributions it provided in the project it was
inserted in.

1.1 Contextualization

The retail sector is one of the most crucial sectors in any country’s economy, therefore
becoming a subject of multiple studies such as the (Retail and Wholesale Transformation May
Require up to 600 Billion in Investments to Future-Proof the Sector - EuroCommerce, no date)
in which it was concluded that the European Union’s retail and wholesale sectors need to
undergo transformation for sustainability, digitization as well as skills and talent.

With this, different efforts are being made to see how this can better be achieved by exploring
new technological approaches, including the incorporation of Al to increase both the
interaction with customers, as well as the optimization of store management, like sales, stocks
and distribution logistics.

As such, some of the techniques being explored are the implementation of recommendation
systems and emotion analysis of customers’ opinions of the products, including the ones
suggested by Al models, through a multimodal detection channel, such as the combination, of
audio, video, and text, it's possible to create a profile of the customer’s preferences to
increase the efficiency of the recommendation system. The user engagement with the
application may drive it to a higher degree of trust towards the system efficacy, however due
to the sensibility of the subject, this being, the user’s own preferences, and personal data
which is captured during the usage of the system, making it necessary for the system to be in
compliance with the GDPR (EUR-Lex - 32016R0679 - EN - EUR-Lex, no date), to also keep the
user’s trust in the safety of the system.
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One such alternative that has garnered considerable attention is Federated Learning. This
emerging technique diverges from the conventional centralized model by emphasizing edge
computing and harnessing data islands for training. Federated Learning allows Al models to be
trained collaboratively across a network of decentralized devices while preserving data
privacy and security. This approach aligns with the principles of data minimization and local
processing, which are essential components of GDPR compliance.

The primary objective of this dissertation is to investigate the feasibility and efficacy of
implementing a multimodal Facial Emotion Recognition system, which can support
recommendation systems by evaluating the user’s feelings and opinions towards a
recommended product, while using Federated Learning to protect the data necessary for the
system’s performance.

This research endeavours to bridge the gap between data privacy concerns and the need for
alternative Al training methodologies. Through empirical studies and data-driven analyses,
this dissertation aims to contribute valuable insights into the practical application of
Federated Learning within the affective computing field, in order to create a new tool for
retail, which can tackle the different challenges that are currently being faced in a
technological level.

The development of this dissertation was made as part of the CAPE project on ITEA, which is
being developed within an international consortium aiming to build a scalable platform. The
work developed here is primarily focused on the Portuguese use case, that has as a goal, the
development of a platform to assist sales in a store for materials for house decoration by
having kiosks with a recommendation system and chatbot that are powered by emotion
recognition model to provide more sensible recommendations and answers while interacting
with users to promote engagement and trust.

1.2 Research Questions and Objectives

This dissertation was written within the scope of the CAPE project; however scientific
considerations were taken on how this project can bring not only economic benefits but also
new scientific contributions. The main questions that arose during the development of the
project were the following:

e RQ1: The capability of the system to respond based on the user’s emotions

o RQ1.1: Would the subsequent NLP model be able to generate answer that
could match the detected feelings?

o RQ1l.2: Would the Recommendation model be capable of adequately
answering the recognized emotions (keep the same trend, adjust
recommendations properly, etc)

e RQ2: How can data be protected and kept in compliance with GDPR and other
protocols
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o RQ2.1: During the interaction with the system (Such as capturing the
user’s face)

o RQ2.2: For model training and analytics (For both Recommendation and
Facial Emotion Recognition models)

A list of objectives has been formulated according to the list of research questions that are to
be explored and to layout the route to be made throughout the development of this
dissertation. The objectives are the following:

e 01 - Exploring the state of the art of federated learning and emotion recognition

e 02 - Exploring the integration of federated learning with emotion recognition

e 03 - Exploring the open-source federated learning frameworks that are available and
their utilization

e 04 - Conceptualization and implementation of a solution that integrates federated
learning with emotion recognition, and its validation.

1.3 Scientific Contributions

The prototype being developed within the scope of this dissertation is a pivotal component of
the CAPE project, which has received funding from the Portuguese Foundation of Science and
Technology.

During the development of the associated project, a conference paper under the title
“Enhancing Personalized Recommendations with Federated Learning and Multimodel Emotion
Recognition” was submitted, accepted, and presented in the 2025 Sixth International
Conference on Intelligent Data Science Technologies and Applications (IDSTA2025) that
happened in Varna, Bulgaria between 1°t to 4" of September.

17



2 State of the Art

2.1 Federated Learning

Federated Learning (FL), first introduced in 2016 (Brendan McMahan et al., 2016) represents a
paradigm shift in machine learning (ML) methodology by enabling the decentralized and
collaborative training of models across a large number of edge devices. These devices, often
referred to as "clients" in the FL ecosystem, store and process their own local data. The data
remains on the device, obviating the need for data to be transferred to a central server for
model training. This decentralized approach addresses critical concerns surrounding data
privacy, security, and ownership, particularly in domains where sensitive or personal
information is involved, such as healthcare, finance, and loT.

The primary motivation behind Federated Learning is to mitigate the privacy risks associated
with traditional centralized machine learning approaches, where raw data is often transferred
to central servers for processing. In centralized ML, data sharing introduces significant privacy
and security vulnerabilities, as sensitive information can be exposed to malicious entities or
unauthorized users. FL provides a framework for overcoming these limitations by ensuring
that data remains on the edge device, thereby protecting the user's privacy while still allowing
for collaborative model improvement.

In this decentralized setup, each device is responsible for processing its local data and training
its model on the data it possesses, which is inherently more secure than moving raw data to a
central server. Moreover, FL can be integrated with differential privacy techniques to further
enhance security by ensuring that the model updates sent to the central aggregator are
sanitized to prevent any leakage of sensitive information. This allows organizations to
maintain high standards of data privacy while still benefiting from collective knowledge
embedded in the distributed data.

2.1.1 Federated Learning Process

The process of Federated Learning involves several key stages, which are repeated iteratively,
leading to the continuous refinement of the global model. These stages facilitate the
collaborative learning process, where the model evolves based on data from diverse edge
devices, ultimately enabling the global model to generalize across various environments.

1. Initialization: The FL process begins with the initialization of a global model. Typically,
this model is initialized with random parameters or pre-trained weights from an
existing model. Once initialized, the global model is sent to all participating edge
devices, where each device holds its own data, and is ready to perform local updates
based on its unique data distribution. The initialization phase is crucial as it sets the

18



foundation for the entire training process, providing the baseline from which model
updates will occur.

Local Training: Once the global model is downloaded, each participating device begins
the process of local training using its own local data. Local training involves iteratively
adjusting the model's parameters through an optimization technique such as
stochastic gradient descent (SGD), typically using the loss function associated with the
model's objective. Importantly, during this phase, the local data remains on the device
and is not shared with the central server or other participants, ensuring privacy and
compliance with data protection regulations. Local training can take place in multiple
iterations, where the model's weights are gradually refined to fit the local data
distribution. The advantage of local training is that it allows the model to benefit from
the data heterogeneity present across edge devices. This diversity in the data enables
the model to learn from a wide range of scenarios, improving its generalization
capabilities without needing access to centralized data. Additionally, local training can
also be tailored to the specific needs or constraints of each device, such as energy
efficiency or memory limitations.

Model Update: After completing the local training phase, each device computes the
gradients of the loss function with respect to the model parameters. These gradients
represent the updates made to the model as a result of the local training. The
gradient computation typically involves evaluating the difference between the
model's predictions and the actual data points in the local dataset, followed by an
optimization step to adjust the model's parameters. These computed gradients are
not the model's raw data, but rather abstract representations that capture the
learning performed on the local data. The key advantage of this step is that the
devices share only these gradient updates (not raw data) with the central server. This
ensures that sensitive information never leaves the device, making Federated
Learning an effective mechanism for maintaining data privacy. Moreover, these
updates are often compressed and aggregated before transmission to reduce the risk
of exposing sensitive information through inference attacks.

Aggregation: Once the local updates have been computed, they are sent to a central
aggregator (also called a federated server), which is responsible for combining these
updates into a single global model. The aggregation process typically involves a
weighted averaging of the model parameters or gradients from each device, where
the weights correspond to the amount of data or the training quality on each device.
Common aggregation methods include FedAvg (Federated Averaging), where each
device’s update is weighted by the number of data points it has. The aggregation step
is crucial for ensuring that the global model accurately reflects the collective learning
of all participating devices. The server does not access any individual device’s data but
instead aggregates the gradients in a way that accounts for the varying sizes and
characteristics of the local datasets.
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Global Model Update: Once the local updates are aggregated, the central server
generates an updated global model by applying the combined gradients to the global
model parameters. This new global model is then distributed back to all edge devices.
Each device replaces its current local model with the updated global model, which
now incorporates the learning from all other devices. This process of distributing the
new global model ensures that all devices benefit from the collective knowledge
gained across the federation, without the need for raw data sharing. Over time, as
more rounds of local training and aggregation occur, the model's performance
improves, and it becomes increasingly robust to the diversity of data encountered
across devices.

Iterative Process: The steps outlined above (local training, gradient computation,
aggregation, and model update) are repeated over several rounds, allowing the global
model to gradually refine and improve based on the insights gained from the
distributed data sources. This iterative process continues until a specified
convergence criteria is met—either when the model performance reaches an
acceptable level or when the model's parameter updates become sufficiently small,
indicating that further training would not yield significant improvements. The number
of rounds required for convergence can vary depending on factors such as the
complexity of the model, the heterogeneity of the data, the computational resources
available on the devices, and the size of the training dataset. Convergence can also be
influenced by the choice of optimization algorithm and hyperparameters, such as the
learning rate or the batch size.

Global model Sorver

Figure 1 - Generic Framework of Federated Learning. (Wen et al., 2022)
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2.1.2 Types and Variants of Learning Process

The usage of Federated Learning can be implemented using different architectures depending
on the communication and coordination paradigm among participating nodes. In a centralized
approach, a server orchestrates the federation process by selecting a sample of clients to
perform local model training on their private datasets. The clients then send their locally
trained model updates to the server, which aggregates these updates—commonly using
Federated Averaging (McMahan et al., 2017)—to generate a global model. This global model
is then redistributed to the clients for further local updates, iteratively improving the shared
model without requiring direct access to raw data.

Alternatively, a decentralized approach removes the reliance on a central server.
Communication occurs in a peer-to-peer manner, where clients exchange model updates
directly with one another or in small clusters. Decentralized FL can enhance fault tolerance
and scalability but introduces challenges in ensuring convergence and consistency of the
global model (Yang ef al., 2019).

A heterogeneous or hybrid approach has also been proposed, where local models may differ
in architecture or capacity, and a heterogeneous global model accommodates these variations.
Such designs aim to improve performance in environments where clients have different
computational resources or feature spaces (Li et al., 2020).
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FL can further be categorized based on the distribution of data across clients:

e Horizontal FL (sample-partitioned): Clients share a similar feature space but have
different data samples. This is typical in scenarios like mobile keyboard prediction or
sensor networks, where the same features are collected across multiple users, but
each user contributes unique records. Horizontal FL leverages overlapping features for
collaborative training while preserving data privacy across disjoint datasets (Yang et
al., 2019).

e Vertical FL (feature-partitioned): Clients share some overlapping samples (i.e.,
common IDs), but the feature spaces differ. Vertical FL is common in financial and
healthcare applications where multiple institutions have complementary features for
the same set of users or patients. Due to the heterogeneous feature spaces, vertical
FL often relies on simpler models or specialized protocols for secure gradient
computation, leaving room for methodological improvements in handling more
complex models (Yang et al., 2019).

e Federated Transfer Learning (sample and feature-partitioned): In scenarios where
neither the sample space nor the feature space overlaps, transfer learning techniques
are integrated with FL to enable knowledge transfer across domains. Here, patterns
learned in one domain can be applied to a different, non-overlapping domain,
extending FL to highly heterogeneous datasets (Pan et al., 2010), where knowledge
acquired in on domain is applied to a different domain, is used with FL (Liu et al.,
2018). This approach is particularly useful for cross-institutional collaborations in
healthcare or multi-enterprise settings, where data is highly distributed and
heterogeneous.

These categorizations provide a structured understanding of FL paradigms, clarifying the
design choices based on data characteristics, privacy requirements, and computational
constraints. Recent research continues to explore adaptive aggregation methods, model
personalization strategies, and privacy-preserving enhancements to expand the applicability
of FL in complex real-world environments.

2.1.3 Challenges of Federated Learning

e Data heterogeneity and non-lID data: While Federated Learning offers numerous
benefits, including improved data privacy and the ability to learn from distributed
datasets, there are several challenges that need to be addressed to fully realize its
potential. These include issues related to data heterogeneity, communication
efficiency, and the handling of non-lID data. Furthermore, the security of the
aggregation process is critical, as adversarial attacks on the federated server could
potentially compromise the integrity of the global model. Techniques such as secure
multi-party computation (SMPC) and homomorphic encryption are actively being
explored to mitigate these risks and ensure robust model aggregation.
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Figure 3 - Optimization Path to solve open problems (Li et al., 2020)

Regular data curations: One of the current limitations of FL is the regular curations
required in each node's dataset. This requirement poses challenges in terms of
maintaining data quality and ensuring the accuracy of the global model.(Liu et al.,
2021) have addressed this issue by proposing a novel protocol aimed at reducing the
frequency of necessary curations. Their protocol not only focuses on improving the
accuracy of the curator but also enhances privacy preservation without the reliance
on trusted third parties. Furthermore, the protocol emphasizes privacy preservation, a
fundamental concern in FL. By leveraging cryptographic techniques and secure
aggregation methods, the authors ensure that sensitive data remains protected
during the curation process. This approach minimizes the risk of data leakage or
privacy breaches, aligning FL with strict privacy requirements.

Practical scalability of FL: Importantly, their proposal offers a promising avenue for
advancing FL's practicality and scalability in real-world applications. By reducing the
overhead associated with regular curations, improving curator accuracy, and
enhancing privacy, their protocol addresses critical limitations in current FL systems,
paving the way for more efficient and secure decentralized machine learning.

Bias during global updates: There’s also the problem of bias in FL during the global
update as a critical concern that stems from the random selection of nodes for
training within most FL frameworks. Since these frameworks are designed to be
agnostic to the data distribution of each client, there is a risk of introducing bias into
the global model. This bias can significantly impact the overall performance and
fairness of the federated learning system. Addressing this issue, (Cho, Wang and Joshi,
2022) have introduced a novel framework that offers a convergence analysis of biased
clients. Their framework exhibits enhanced efficiency in terms of convergence speed
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when compared to traditional FL methods. To delve into the scientific aspects of this
proposal, it is imperative to understand the mechanisms and techniques employed to
mitigate bias and expedite convergence in FL.

e Fairness-aware aggregation: (Ezzeldin et al., 2021) introduces an algorithm tailored
for the purpose of fairness-aware aggregation within the context of federated
learning. Federated learning is a decentralized machine learning paradigm that
enables the training of models on distributed data sources, typically located on client
devices or edge servers, while preserving data privacy and security. In federated
learning, the primary goal is to collaboratively train a global model by aggregating
locally trained models from multiple clients. One of the key challenges in federated
learning is ensuring fairness across different groups of clients or data contributors,
particularly when there are imbalances or biases present in the data. The concept of
group fairness refers to the equitable treatment of different groups or subsets of data,
such as demographic groups, in the learning process. This is crucial to prevent the
propagation of biases and to ensure that the resulting model is fair and unbiased
when applied to real-world scenarios.

Communication bottlenecks and node failures: One notable challenge is the bottleneck
created by communication among the participating nodes, which can lead to node failures
and device dropouts, thereby hindering the overall effectiveness of FL systems. Addressing
this limitation, (Lim et al.,, 2022) introduced the Hierarchical Federated Learning (HFL)
framework as a potential solution. In the HFL framework, cluster heads are designated to
support data owners by facilitating intermediate model aggregation within their respective
clusters. This hierarchical and decentralized approach aims to alleviate the communication
bottleneck and reduce the reliance on a central controller, thereby enhancing the robustness
of FL systems. HFL offers promising advantages, it also introduces its own set of challenges.
Resource allocation, for instance, becomes a critical consideration in this framework.

Efficiently distributing computational resources among cluster heads and data owners to
ensure fair and effective model training remains an area of active research.

Furthermore, incentive design is another key aspect that requires careful attention within the
HFL framework. Incentives play a pivotal role in motivating data owners to actively participate
in FL and contribute their data for model training. Designing effective incentive mechanisms
that align the interests of all parties involved while preserving data privacy is a complex
problem that demands further investigation.
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2.1.4 Current Advances and Future Directions

e Surveys and evolution of FL: Multiple surveys have been done about Federated
Learning through the years since its introduction to explain not only its inline workings
and advantages, but also to describe the current situation of state of the art as well as
the challenges in the open to further develop the framework. (Wen et al., 2022) wrote
one of these surveys in which they go over the general overview of the workings of
Federated Learning, their categorization, concerns about privacy and security
challenges, going over the main techniques being used to ensure data communication
privacy as well as the most common types of attacks and methods to counter them.

In a different review proposed by (Li et al., 2020), they mention the evolution of FL
since it was first proposed. In this evolution chart, it mentions the progresses made in
various topics such as minimization of high communication costs and the statistical
and structural heterogeneity of data. Another of their summaries is related to security
improvements made. In this section a summary of the progresses made regarding
privacy risk minimization, preservation at both server and client side and creating
more secure frameworks.

They also delve into a comprehensive exploration of FL and its multifaceted
applications across various domains, including but not limited to mobile devices,
industrial engineering, and healthcare. This emergent paradigm of machine learning
has garnered substantial attention due to its potential to facilitate collaborative
model training while preserving data privacy and security.

In their final chapter, they present an extensive roadmap for advancing Federated
Learning, encompassing asynchronous training, gradient aggregation, incentive
mechanisms, model verification, blockchain integration, and the extension of FL to
unsupervised learning, thereby underscoring the rich and evolving landscape of this
transformative machine learning paradigm.
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Transformers for heterogeneity: (Qu et al., 2022) have raised valid concerns
regarding the data heterogeneity observed across different islands, and their proposal
to address this issue through the utilization of self-attention-based architectures,
particularly Transformers, is a notable approach in the realm of machine learning and
deep learning. One key advantage of using self-attention-based architecture like
Transformers is their ability to accelerate convergence during training. This is crucial,
especially when dealing with heterogeneous data, as quicker convergence can reduce
the risk of overfitting to specific subpopulations within the dataset. Additionally,
Transformers have been shown to exhibit better generalization performance when
faced with distribution shifts, as their inherent flexibility enables them to capture and
adapt to intricate patterns present in diverse data sources. Furthermore, the notion of
achieving a "better global model" aligns with the goal of developing machine learning
models that perform well across all islands, irrespective of the variations in data
characteristics. By leveraging self-attention mechanisms, researchers aim to enhance
the model's capacity to generalize effectively, thereby reducing the impact of data
heterogeneity on its performance.

FedAlign: (Mendieta et al., 2022) introduced a novel method, referred to as FedAlign,
which represents a promising advancement in the realm of FL. In the contemporary
landscape of machine learning, FL has garnered substantial attention due to its
potential to enable collaborative model training across decentralized devices or
servers while preserving data privacy. The primary objective of FedAlign, is to not only
achieve competitive performance comparable to state-of-the-art methods but also to
mitigate the computational demands and memory overhead typically associated with
such endeavours. Federated learning entails training machine learning models on data
distributed across multiple local devices or servers, thereby bypassing the need for
centralized data aggregation. This decentralized approach is particularly pertinent in
scenarios where data privacy and security concerns are paramount, such as in
healthcare, finance, and edge computing. However, federated learning often
confronts challenges in terms of communication efficiency, model convergence, and
scalability. FedAlign addresses these challenges through a set of innovative techniques.
The method's core proposition is the efficient synchronization of model updates
across participating devices or servers, which enables faster convergence. By
meticulously optimizing communication protocols and aggregating model updates in a
more resource-efficient manner, FedAlign reduces the demand for extensive
computational power and memory resources, making it a pragmatic choice for
resource-constrained environments. Moreover, FedAlign incorporates adaptive
strategies for model selection and parameter tuning, tailoring its behaviour to the
specific characteristics of the distributed data. This adaptability enhances its ability to
compete with state-of-the-art methods while mitigating the risk of overfitting or
underfitting on local data distributions. The interoperability between nodes in a
distributed computing system is a critical concern that continues to be the subject of
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ongoing research and development efforts, as it represents a fundamental
prerequisite for the seamless and efficient execution of such systems. One promising
solution that has emerged to address this challenge is the Federated Averaging with
Interoperable Element-wise Affine Layers (IFedAvg), as proposed by (Roschewitz et al.,
2021). IFedAvg is an innovative approach designed to enhance the coordination and
communication between nodes in federated learning settings, facilitating the
convergence of global model parameters while accommodating local variations.

IFedAvg: IFedAvg builds upon the conventional Federated Averaging (FedAvg)
algorithm, which is a widely adopted federated learning technique. FedAvg involves
aggregating local model updates from individual nodes and computing a global
update to refine the model. However, the standard FedAvg approach may encounter
difficulties when dealing with nodes that exhibit significant heterogeneity in their data
distributions or model architectures. In contrast, IFedAvg introduces the concept of
local element-wise affine layers, which serve to address the challenges of
interoperability and data heterogeneity among participating nodes. These affine
layers are applied to the local model updates generated by individual nodes before
they are incorporated into the global model. By introducing this additional layer of
adaptability, IFedAvg allows nodes to adapt their updates to the global model in a
more context-aware manner. The incorporation of local element-wise affine layers in
IFedAvg effectively provides a mechanism for nodes to fine-tune their contributions to
the global model, aligning them with the overarching objectives of the federated
learning system. This adaptability enables nodes to account for variations in their local
data distributions and model architectures, ultimately leading to more efficient model
convergence and improved overall system performance.

Curator accuracy: The need for regular dataset curations arises from the
decentralized nature of FL, where individual nodes contribute local updates to a
global model. These local updates may contain noisy or biased data, leading to model
performance degradation if not carefully curated. Traditional approaches to data
curation often involve centralizing data, which may not align with the privacy-
preserving goals of FL. This protocol introduces innovations to mitigate these
challenges. One key aspect of their approach is the enhancement of the curator's
accuracy. By improving the quality of data selection and aggregation, the global model
can benefit from cleaner and more informative updates, reducing the need for
frequent curations. This improvement in curator accuracy contributes to the overall
robustness and efficiency of the FL system.

Feature Selection: (Feng, 2022) presents an innovative feature selection mechanism
designed specifically for vertical Federated Learning setups. Vertical Federated
Learning involves scenarios where data sources possess different sets of features, and
the goal is to collaboratively train a model across these distributed datasets. However,
the inherent heterogeneity in features across data sources can pose challenges,
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including communication overhead and model convergence issues. His proposed
mechanism aims to address these challenges by optimizing feature selection within
the FL framework. The proposed feature selection mechanism operates at the
intersection of data privacy, communication efficiency, and model performance. It
leverages techniques such as differential privacy to ensure that sensitive information
is not exposed during the feature selection process. By enabling each local node to
autonomously decide on feature inclusion or exclusion, the mechanism contributes to
improved data privacy preservation within the FL ecosystem. Furthermore, the
feature selection mechanism enhances the performance of local nodes. By allowing
nodes to select the most relevant features for their local dataset, it can lead to more
efficient and accurate model training. This is particularly beneficial when dealing with
data sources that have varying degrees of data quality and relevance. In addition to
the performance gains at the local level, his approach also contributes to better
curation of the datasets used in federated learning. By focusing on selecting features
that are informative and relevant to the specific task, it reduces noise and redundancy
in the aggregated dataset, ultimately leading to improved model generalization and
predictive accuracy.

Backdoor mitigation: Furthermore, the mitigation of backdoor attacks in FL has
emerged as a crucial research area due to its inherent vulnerability. Backdoors, when
surreptitiously injected into the global model by malicious clients, pose a significant
threat to the integrity of the FL process, potentially compromising the collective
model's performance and confidentiality. In response to this threat, researchers have
introduced various methodologies aimed at enhancing the security and robustness of
FL systems. One notable contribution in this context is the framework proposed by
(Andreina et al., 2021). Their approach is founded on the concept of leveraging
feedback mechanisms within the FL system, harnessing data emanating from
individual client nodes to detect and mitigate the presence of poisoned or backdoored
models. The underlying premise of this framework revolves around the idea that the
data generated by benign clients can serve as a valuable resource for identifying
anomalous behavior and isolating nodes with malicious intentions. The effectiveness
of their framework is demonstrated through rigorous experimentation, highlighting its
superior performance in countering state-of-the-art backdoor attacks. Notably, the
reported accuracy of 100% suggests that the proposed approach successfully
identifies and neutralizes backdoor-infected models with a high degree of certainty.
Moreover, the low false positive rate, documented as being below 5%, underscores
the framework's ability to minimize the likelihood of misclassifying benign models as
malicious, thus ensuring the reliability of the detection process. This innovative
framework not only showcases promising results in bolstering FL security but also
represents a significant step forward in the ongoing efforts to fortify FL against
adversarial threats. By harnessing client-generated data and leveraging sophisticated
feedback mechanisms, this approach holds the potential to enhance the resilience of
FL systems and contribute to their widespread adoption in sensitive and privacy-
sensitive applications. However, as the field of FL security continues to evolve, further
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research and refinement of such frameworks will be essential to stay ahead of
increasingly sophisticated adversarial tactics and ensure the long-term viability of FL
as a robust and secure machine learning paradigm.

(Kumari et al., 2022) presents a robust defence framework designed to enhance the
security of distributed systems by effectively detecting and mitigating the presence of
malicious updates. The framework capitalizes on the concept of probability
distributions over client updates to scrutinize and identify any potentially harmful
alterations within the updates. This innovative approach involves the calculation of a
probabilistic measure that evaluates the characteristics of client updates, thus
enabling the monitoring of modifications made to the data. Central to this defence
framework is the development of a novel detection algorithm, which leverages the
computed probabilistic measure to efficiently discern and subsequently filter out any
malicious updates. The algorithm employs sophisticated statistical techniques to
compare the observed characteristics of incoming client updates against the expected
properties of legitimate updates. By establishing a probabilistic model that captures
the inherent variability in the update patterns, the algorithm can make informed
decisions regarding the trustworthiness of each incoming update. Furthermore, this
framework operates within the realm of distributed systems, making it particularly
relevant in contexts where multiple clients contribute updates to a shared system or
database. The utilization of probability distributions and probabilistic measures adds a
layer of sophistication to the security apparatus, enabling the early identification and
isolation of malicious updates, thus safeguarding the integrity and reliability of the
distributed system. The framework's emphasis on probabilistic analysis and its novel
detection algorithm offers promising prospects for improving the resilience of
distributed systems against malicious threats, ultimately contributing to the overall
security and trustworthiness of such systems in various applications, including but not
limited to cloud computing, decentralized networks, and collaborative data sharing
environments.

(Nguyen et al., 2021): One fundamental aspect of this framework involves the
development of specialized client selection strategies. These strategies aim to
intelligently select clients for training during the global update, considering not only
their model performance but also the potential bias they may introduce. This
selection process incorporates statistical techniques and machine learning algorithms
to assess the bias that each client's data may exhibit with respect to the global model.
The convergence analysis performed in this framework is rooted in mathematical and
statistical foundations, formulating optimization objectives that balance model
performance and fairness. Advanced optimization algorithms are integrated to adapt
to biased clients' contributions, accelerating convergence while preserving fairness
across the federated learning system.

Another key component of the framework is the incorporation of privacy-preserving
mechanisms. Given the distributed and privacy-sensitive nature of federated learning,
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safeguarding client data remains paramount. The proposed framework employs state-
of-the-art cryptographic and differential privacy techniques to ensure that sensitive
information remains protected while enabling efficient global updates. Experimental
evaluations demonstrate the efficacy of the framework, showing improvements in
convergence speed, model performance, and bias reduction across real-world
datasets.

Finally, the framework introduces a server-side fairness-aware aggregation algorithm,
designed to operate independently of the local debiasing methods used by individual
clients. Local debiasing methods can vary widely, from preprocessing techniques to
model modifications, but this algorithm allows clients to choose the approach best
suited for their data while still benefiting from equitable aggregation at the server. By
combining client selection, convergence optimization, privacy preservation, and
fairness-aware aggregation, this work provides a comprehensive solution to mitigate
bias and enhance fairness in federated learning scenarios, particularly in
environments with heterogeneous and distributed datasets.

2.2 Affective Computing and Emotion Recognition

Human intelligence is compromised not only by rational and logical thought processes, but
also by emotional processes, and as such, to translate this part of human rationality, affective
computing was introduced to expand the capabilities of machine learning models. (Shoumy et
al., 2020; Arya, Singh and Kumar, 2021)

Affective computing is a multidisciplinary area that involves computer science, psychology,
and cognitive science with the goal of creating a more human-like machine behavior for
Human-Computer Interactions.

This kind of technique allows for the exploration of areas such as the understanding of
sentiments, emotions, and opinions from different sources of data, through different
physiological signals, extending from facial reactions to heart rate signals, performing
sentiment analysis, which focuses on a binary classification (positive vs negative) or 3-way
classification (positive, neutral, negative) of the perception of sentiments, and the emotional
recognition, which is a more detailed analysis, identifying detailed views on the perceived
topic.

2.2.1 Emotion Models and Theories

The analysis of text thought Natural Language Processing was the main method to apply this
technique, but with the ever increase of availability of data on the Web, and the development
of hardware, incorporating video and audio, creating multimodal channels to increase the
effectiveness of models. Affective computing was developed by integrating emotion models
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into the computational fields, creating a combination of psychology and computer science. To

achieve this, different Emotion models and theories were analyzed and integrated into

computational system, which can be split into two different categories, named discrete

theories and continuous emotional states.

The core emotional discrete models are the following:

Tomkin’s Affective imagery consciousness (Tomkins, 2008): Tomkins’ framework
emphasizes the centrality of affect as a primary motivational system in human
behaviour. In contrast to models that treat emotions as secondary to biological drives,
Tomkins proposed that innate affects—such as joy, fear, anger, or shame—directly
shape perception, thought, and action. His theory highlights how emotions are
expressed through imagery and consciousness, forming the foundation of human
personality and social interaction.

Ekman’s basic emotions (Ekman, 2004): One of the most widely used models for the
representation of discrete emotions is the Ekman’s model that covers what he affirms
to the be, the core human emotions, these being happiness, sadness, anger, fear,
surprise and disgust. In his earlier studies, contempt was also one of the core
emotions, but with the development of his studies, he focused on the first 6.

Some models that derive from Ekman’s work include neutrality within these core
emotions.

In contrast to discrete emotions, a continuous emotional state represents a dimensional

vector where emotions change as a reaction to different stimuli such as arousal, being an

active reaction based on these stimuli, or valence, where one finds the stimuli pleasurable

and/or interesting compared to more displeasing sensations. The foundational frameworks of

these models were:

Russell’s Circumplex Model (Russell, 1980): where he organizes emotions in a
multidimensional space based on the said valence and arousal being able to describe
more complex emotions or mental states in a circumplex, managing to map multiple
or mixed emotions simultaneously. This presented a way to represent both structured
affective experiences and a representation of cognitive structures.
Pleasure-Arousal-Dominance (PAD) model (Mehrabian, 1996): just like Russell’s
Model, represents emotions in a multidimensional view, however, introduces a new
value in this scale, namely dominance that an individual as over a situation and how
these stimuli can better influence emotions than just using arousal and valence, and
how temperament and personality trains can further influence some of the existing
emotional states
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Some applications have been explored by integrating these models into affective computing
to create systems capable of better identifying emotions either in a discrete or continuous
representation. Some works based on continuous models such as (Di Tecco, Foglia and Prete,
2024) where they explore the use of key signals to attempt to identify the continuous states
of emotions where they achieved higher accuracy results compared to discrete models.

(Sharma et al.,, 2022) propose a model that can jointly predict discrete and continuous
emotional attributes by using multi-task learning, displaying perceivable improvements in
performance when comparing to single label models. Another proposal that studies the
comparison of the distinct models (Kansizoglou et al., 2022) where they estimate arousal and
valence when tracking individual emotional variations. During their experiments they
managed to observe that continuous models outperformed the discrete models.

Just like the example works above, there are more proposals that support the higher
performance of continuous models over discrete, however there are data limitations when
using these that will be discussed better in the challenges section.

Another method to analyse emotional models is through categories, named categorical
models or dimensions, named dimensional models, can be linked to the previously
categorized discrete and continuous emotions, however instead of focusing on perception
and the evolution of emotions, these methods to categorize models instead focus on
computational quantifications. In this representation, discrete models directly translate to
categorical models and continuous models to dimensional models.

The most widely used categorial models are, once again, the Ekman model, given the way of
how discrete emotions can be easily turned into categories, the model doubles down in how it
can be represented, and the other model is Plutchik’s wheel of emotions (PLUTCHIK, 1980),
where the wheel attempts to represent a visual representation of primary and secondary
emotions. Dimensional emotions can be directly traced back to the continuous models using
the same Russell’s Circumplex model and the PAD model as the core models. This method of
categorization highlights the bridge between theory and computing by more easily
representing these as algorithms (Wang et al., 2022)

2.2.2 Modalities for Emotion Recognition

The core component of affective computing is emotion recognition which allows computer
systems to perceive and interpret the different human emotional states through different
techniques. Since emotions can manifest through a variety of behavioural and physiological
signals that complement each other providing information of an individual’s internal state.
These signals are a core component for applications that range from a basic human-machine
interaction to supporting healthcare and education.

There are several methods with which emotion can be recognized. Commonly the techniques
focus on video, audio or text. These different modalities can be translated into different

32



components such as Facial expressions, speech and vocality, physiological signals and textual

and linguistic features. Each of these components has different techniques which will be

described:

e Facial Expression

O

Facial Action Coding System (FACS): FACS is a comprehensive tool that is used
to categorize facial movements based on their appearance. It’s an extensively
used technique for the analysis of facial expression recognition. (Ekman and
Friesen, 2019)

Facial Landmark Detection: This technique focuses on the identification and
analysis of key points of a face, such as eyes, nose, mouth and subtle changes
in these for the progression and evolution of emotions. Recent studies are
focused on the improvement of this technique(Cootes et al., 1995)

Static vs Dynamic Features: This technique was developed based on the
distinction between single-frames (static) and temporal progression (dynamic)
which originated from the first analysis of facial expression recognition in
videos (Bartlett et al., 2005)

e Speech and Vocal features

Speech being a form of communication, it is also a source of emotional information

that can be utilized for emotion recognition analysis. Pitch, intensity, rhythm and

other properties play an important part displaying the emotional state of an
individual.(Scherer, 1995)

O

Pitch: The variation in a pitch can describe arousal and valence that was
previously mentioned. While high pitched voices are more likely to indicate
strong emotions, a lower pitch tends to be associated with more passive
emotions. The study of the variation can represent the progress of someone’s
emotional state

Intensity: Intensity matches the amplitude of one’s speech, and it usually
reflects the emotional energy, just like with pitch, a louder speech is typically
associated to stronger emotions, while a lower speech can reflect more
passive emotions. Intensity patterns are often used to evaluate the overall
emotional perception

Speech Rate (Tempo): Speech rate represents emotional activity and
cognitive load. Faster speed is often associated to positive emotions or
emotional overload, while a lower speech rate can be linked to negative
emotions or lower cognitive load. Speech patterns can also be identified in
this subject such pauses or syllable duration to further categorise emotions.

e Acoustic Feature Extraction methods
Prosodic features described above have broad perceptive patterns which acoustic

feature extraction methods attempt to transcribe into numerical representations to

enable computer models to analyse these signals more systematically. The techniques
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utilised by this approach aim to capture fine-grained details in spectral, temporal and

cepstral domains, which can be used by machine learning or deep learning models

O

Mel-Frequency Cepstral Coefficients (MFCC): MFCCs are among the most
widely used method for speech-based emotion recognition. They aim to
capture the short-power spectrum in a speech based on perceptual (Mel)
frequency scale. This attempts to better simulate how the human auditory
system would process the sound. Some subtle emotional cues such as stress
or arousal can be better perceived in variations captured by MFCCs. (Davis
and Mermelstein, 1980)

Linear Predictive Coding (LPC): LPC models the vocal tract as a filter to
estimate spectral envelope of speech. Predicting the current samples, using
previous samples as reference, it’s possible to capture resonant frequencies,
known as formants, that reflect both phonetic and paralinguistic information
like emotion. A difference in coefficients may translate into distinctions
between lower and higher arousal speeches. (Atal and Hanauer, 1971).
Formant Analysis: As mentioned above, formants are resonant frequencies of
the vocal tract, often associated with the production of vowels. Emotional
states can shift the frequency of formants, allowing to identify different
emotions through them, frequent formants are often associated with anger
while a sadness lowers the frequency. (Acoustic Theory of Speech Production:
With Calculations Based on X-Ray ... - Gunnar Fant - Google Livros, no date).
Spectral Features (Energy, Centroid, Flux, Entropy): These features are
associated with the energy distribution across speech frequencies. The
variation of signals in these features is usually a good indicator for emotional
arousal and intensity (Mitra et al., 2017).

Physiological Signals

Physiological signals are associated to autonomic, subconscious signals of the central

nervous system that accompany emotional experiences. Since they’re subconscious in

contrast to facial or speech-based emotions, these signals can give a more accurate

information on the emotional state of a person. These are more associated to

healthcare and cognitive load assessment.

O

Heart Rate (HR) and Heart Rate Variability (HVR): Emotional arousal can be
often detected by cardiovascular activity. A higher heart rate can be a good
indicator of excitement or stress, while a variety can be linked to the
autonomic processes of the nervous system (Berntson et al., 1997).

Galvanic Skin Response (GSR)/ Electrodermal Activity (EDA): GSR measures
the electrical conductance of the skin which may vary based on the activity of
sweat glands due to the sympathetic nervous system control. It is mostly used
as method for lie detects and stress detection(Dawson, Schell and Filion,
2007).
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O

Electroencephalography (EEG): EEG captures brain activity through electrical
potentials on the scalp. Emotional states can be traced to specific frequency
bands and certain asymmetries on the hemispheres of the brain, presenting
direct measures of cortical processes and the underlaying effect (Davidson,
1992).

Electromyography (EMG): EMG measures the electrical activity generated by
the skeletal muscles, often used in affective computing to detect subtle facial
muscular reactions to stimuli that are not perceived by the human eye, that
are linked to changes in valence, either positive or negative (Cacioppo et al.,
1986).

Text and Linguistic features

Another modality used to express emotions is language, either spoken or written,

where affective cues can be identified and extracted by computational methods to be

analysed in either sentiment analysis or opinion mining. When comparing linguistic

signals to physiological or facial signals, these are indirect but still offer important

insight on one’s emotional state, especially in modern digital contexts.

@)

Sentiment Analysis: Sentiment analysis is the computational study of opinions,
sentiments and emotions expressed in text. In traditional contexts, text
extracts are classified based on their polarity, but currently it’s possible to
capture multiple degrees of the polarity and map sentiment and emotions.
Through time these classifications evolved from using rule-based lexicons,
into machine learning and deep learning models (Pang and Lee, 2008).
Emotion Lexicons: Emotion Lexicons are lists of annotated words linked to
emotional associations, serving as base resource for text-based emotion
recognition. Using the NRC, one of most widely used resource for text-based
emotion recognition, it was compiled through crowdsourcing, specifically
designed to support applications based on sentiment analysis, opinion mining
and computational social sciences. It contains the annotations to represent
the 8 basic emotions and both positive and negative polarity. Lexicons like this
provide a interpretable and lightweight tool for affective computing and
related fields, but they’re lacking in some nuances related to context
dependent language (Mohammad and Turney, 2013).

2.2.3 Techniques and Datasets

The development of affective computing systems relies on both the availability of high-quality
datasets and the use of machine learning techniques capable of extracting and modelling
complex emotional signals. While datasets provide the foundation for training and evaluation,
techniques define how effectively these signals can be interpreted, combined, and generalized
to real-world scenarios. This section introduces the core resources and methods used in
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emotion recognition research, covering datasets, machine learning approaches, multimodal
fusion strategies, and the architectures that integrate them.

2.2.3.1 Datasets and their Challenges

Research and development of affective computing relies on the availability of properly
annotated datasets that provide the foundation for training and evaluating emotion
recognition systems. There’s a far wide of datasets with different modalities, for example
facial images, audio, video, or even physiological signal, size of the dataset, type of annotation
schemes, if its categorical or dimensional. For the correct development of a new systems, the
correct selection of a dataset to achieve desired levels of performance and generalisation.

Some of the most popular datasets that are widely used by the scientific community are:

e CK+ (Extended Cohn-Kanade Dataset): This was one of the first datasets to be
introduced, and so, turned into being one the most widely used, it contains high-
resolution facial expression sequences that are labelled with basic emotions. It's
regarded to be well suited for controlled laboratory conditions and posed expressions
(Lucey et al., 2010).

e FER2013: This dataset was introduced in a Kaggle competition, quickly becoming a
benchmark for testing models in real-world scenarios despite the slight amount of
noise in labels and its low resolution, due to the large sample of greyscale images
categorised into the basic emotions (Goodfellow et al., 2013).

o AffectNet: Currently seen as one of the largest datasets due to having over a million
samples from the internet, with both categorical and dimensional classifications, it is
seen has the cornerstone for deep learning training approaches for systems
(Mollahosseini, Hasani and Mahoor, 2019).

e RAF-DB (Real-world Affective Face Database): Focused on more natural facial
expressions, RAF-DB is also compromised by samples from the web, that have been
labelled by trained annotators for both basic and complex emotions, increasing its
validity (Li, Deng and Du, 2017).

e CREMA-D (Crowd-sourced Emotional Multimodal Actors Dataset): A multimodal
dataset that contains audio and video clips of different actors expressing the basic
emotions. It’s widely used for the training of models that use multimodal fusion since
it combines vocal and visual modalities (Cao et al., 2014).
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These datasets are differentiated by their multiple different characteristics and scopes such
as:

e Size: Datasets can go from the thousands of samples (CK+, RAF-DB) to the millions
(AffectNet). Datasets of different sizes end up having different purposes, for example,
AffectNet as previously said due to its large size, it’s mostly used for the training of
deep neural networks, the smaller datasets are often used for controlled experiments.

e Modalities: Even though facial images are the most of modalities, datasets like
CREMA-D introduce audio and video, aligning closer to real case scenarios.

e Annotation scheme: Most labels follow the categorical models, such as the Ekman
basic emotions, or Plutchik Wheel, some follow dimensional models, focusing on the
valence or arousal of ratings. AffectNet is an example of a hybrid categorical dataset
that enables cross-model comparisons.

e Controlled vs Wild: CK+ and similar datasets are examples of controlled lab conditions
ideal for a controlled environment, where AffectNet or RAF-DB being compiled with
sources from the web, have a more natural display of emotions, managing to better
reflect real-world scenarios.

However, as it is with most scenarios, both the compilation and selection of datasets is
constrained due to multiple challenges that are naturally inherit to the subject.

e Bias and Diversity: Most datasets lack a proper representation of different age ranges,
ethnicity and sometimes even gender, creating doubts on the veracity and accuracy of
models trained under these datasets (Dominguez-Catena, Paternain and Galar, 2024).

e Annotation Ambiguity: Categorisation of emotions is often subjective, leading to the
creating of noise on samples when different annotators disagree (Kim and Wallraven,
2021).

e Context Dependence: Due to the fact that most datasets are limited to facial images,
it increases the difficulty or preparing systems to accurately evaluate emotions from
different contexts, for example audio (Aguilera, Mellado and Rojas, 2023a).

e Controlled scenarios vs Real-World generalisation: Models trained using lab-
controlled datasets tend to underperform when deployed on real-world based
scenario, often due to external effects such as illumination, pose, background,
sometimes even the intensity of emotions and expressions (Suresh, Yeo and Ong,
2021).

2.2.3.2 Machine Learning Techniques in Affective Computing

The analysis and recognition of human emotions have been approached through a wide
variety of machine learning methods, ranging from classical statistical models to more
advanced deep learning and transformer-based architectures. The choice of technique has
historically been guided by the availability of annotated data, computational resources, and
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the complexity of the target application. This section outlines the progression of machine
learning techniques for affective computing, highlighting their main contributions and
limitations.

e Classical Machine Learning Approaches: Early works in affective computing relied
heavily on classical machine learning algorithms, for example Support Vector
Machines (SVMs) (Cortes, Vapnik and Saitta, 1995), Random Forests (Breiman, 2001),
and Hidden Markov Models (HMMs) (Rabiner, 1989). These methods typically
required handcrafted feature extraction, where prosodic cues (e.g., pitch, intensity) or
geometric facial descriptors (e.g., distances between landmarks) were first computed
and then fed into classifiers. SVMs proved effective for small-scale and well-structured
datasets, while HMMs were frequently applied to capture the temporal progression of
emotions in sequential data such as speech or facial videos. Despite their success in
controlled environments, these approaches were limited in scalability and struggled
with the variability found in real-world data.

e Deep Learning Advances: The introduction of deep neural networks, and especially
Convolutional Neural Networks (CNNs) (LeCun et al., 1998), marked a paradigm shift
in emotion recognition. Unlike classical methods, CNNs are capable of learning feature
representations directly from raw data, significantly reducing reliance on manual
feature design. For facial emotion recognition, CNNs demonstrated substantial
improvements in accuracy by capturing fine-grained spatial information from images.
In parallel, Recurrent Neural Networks (RNNs) (Elman, 1990) and their extensions,
particularly Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997)
networks, were introduced to better model temporal dependencies in dynamic
modalities such as video sequences or speech signals. These architectures enabled
emotion recognition systems to move beyond static analysis, incorporating context
and temporal evolution into predictions.

e Transformer-Based Models and Attention Mechanisms: Recent advances in natural
language processing and computer vision have introduced transformer architectures
into affective computing. Transformers rely on self-attention mechanisms that allow
them to capture long-range dependencies across data sequences, making them
particularly suitable for multimodal and temporal emotion recognition tasks. For
example, transformer-based models have been successfully applied to combine facial
and vocal features, attending to the most salient signals across modalities. Beyond
their accuracy, transformers also offer interpretability advantages, as attention
weights can provide insights into which signals contribute most to emotion prediction
(Vaswani et al., 2017).

e Transfer Learning and Domain Adaptation: Another key development in affective
computing has been the application of transfer learning (Pan and Yang, 2010), where
models pretrained on large-scale datasets (e.g., ImageNet for vision, or large speech
corpora) are adapted to emotion recognition tasks. Transfer learning allows for
effective use of smaller and domain-specific datasets, reducing the need for extensive
manual annotations. Complementary to this, domain adaptation techniques (Ganin
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and Lempitsky, 2014) address discrepancies between training and deployment
environments, such as differences in recording conditions, demographics, or cultural
contexts. These strategies are critical in bridging the gap between controlled
laboratory datasets and real-world applications.

In summary, the trajectory of machine learning techniques in affective computing has
progressed from handcrafted feature-based methods to deep, data-driven representations
and finally to highly adaptable architectures that leverage pretraining and multimodal
integration. Each stage has addressed the limitations of the previous one, moving the field
closer to robust and generalizable systems capable of functioning effectively in unconstrained
real-world environments.

2.2.3.3 Multimodal fusion approaches

Multimodal fusion approaches refer to the techniques introduced to integrate the previously
mentioned multiple modalities of affective computing, like facial expression, speech, text,
physiological signs, gestures, amongst others for emotion recognition. Single modality
channels are often considered insufficient to accurately detect emotions, due to subtility or
ambiguity associated with them, for example the masking of emotions through visual signs
while voice or physiological inputs would detect, or sarcasm detected in tonality that a text
input wouldn’t detect. Fusing modalities in a multimodal approach allows the leveraging of
complementary cues between the different modalities which boosts the performance of
models across the multiple conditions, such as accuracy, robustness, and generalisation.

The main challenge of using these techniques is the combination of heterogenous data
through different temporal, spatial and statical properties. Properly coordinating the different
modalities like audio, video and text, can require some lengthy data preprocessing to have it
all properly assigned and aligned to each correct interval (Li and Tang, 2024).

Currently there are three fusion approaches that are widely being used in the development of
multimodal solutions.

e Early fusion (Feature-Level): Early fusion techniques are focused on the
aggregation of features from the multiple modalities, such as MFCCs from speech,
distance between facial landmarks, into single vectors that are fed to classifiers or
predictive models. This allows for classifiers to directly learn the correlations
between the different modalities, while turning model more expressive since all
the features are presented simultaneously. This increases the potentiality of
improved results for the model, due to the cross-modal interactions happening at
a feature level, displaying how the multiple modalities complement each other.
This also simplifies the design of the models, since the input later will contain all
the information. However, this causes the issues such as large dimensionality that
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increases the risk of overfitting, often needing to be reduced before being fed to
the model. Temporal mismatches are also possible causing some noise in the data
and this technique, since it needs to be fed all the features as an input, it may be
able to not recognise modalities that aren’t present, causing performance issues.
Imputation techniques may circumvent the issues, but the complexity of the
model is increased (Atrey et al., 2010).

e Late Fusion (Decision-Level): Contrasting early fusion, with late fusion, each
modality is processed individually, being processed on their model or classifier
and the output results are combined through different methods such as voting,
averaging, weighted sum or other, more complex strategies. Since this approach
keeps the modalities separated until the final decision, it is more robust to missing
or noisy data. The separation of models also allows for their individual use and
optimization, leading to an improved scalability of the system. Besides the
increased robustness to noisy or missing modalities, and the scalability, late fusion
also allows the incorporation of uncertainty by weighting predictions according to
the reliability of each modality, but the separation of the modalities, makes it that
it’s possible to miss the interactions of modalities, losing out on subtle emotional
cues (Zeng et al., 2009).

e Hybrid fusion: Hybrid fusion incorporates both the previous methods by having a
selected number of features and modalities be fused at a feature level and having
a decision level fusion at the end to ingrate the fusions of each stream. Hybrid
fusion is usually implemented as a hierarchical model or neural network with
modal specific minor networks that are followed by fusion layers. This approach
attempts to balance the advantages of each approach, while minimising on the
drawbacks that each present. While inter-modal interactions are kept and the
flexibility of prioritising the most reliable modalities, the increased complexity
increased the difficulty of the design of the model, tuning of hyperparameters,
while demanding more computational resources. The balancing of contributions
of feature-level and decision-level also have increased difficulty since that highly
dimensional vectors at the early fusion may lead to overfitting (Baltrusaitis, Ahuja
and Morency, 2019).

2.2.4 Frameworks, Challenges, Applications and Recent Trends in Affective
Computing

The development of affective computing systems has advanced rapidly, yet several practical
and theoretical challenges remain. These limitations influence the performance,
generalizability, and usability of emotion recognition technologies. Alongside these challenges,
the field has found applications across multiple domains and is embracing new approaches
and trends to overcome current limitations. The following sections summarize the key
challenges, application areas, and emerging directions in affective computing.
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2.2.4.1 Multimodal Emotion Recognition Architectures

As mentioned above, multimodal emotion recognition systems can integrate multiple sources
of information from the different modalities, like facial expressions, speech and physiological
signals as a method to improve the robustness of emotional inference. The combination also
helps addressing the ambiguity that is inherent to single channels, real-time awareness and
context awareness. As such, the proper election of fusion strategies and the correct
architectural design of system is necessary to create trustworthy and applicable systems to
the different fields.

e Healthcare: Emotion recognition in healthcare is primarily used on the monitoring of
mental health, stress and affective states as a supportive intervention or reinforce
medical assessments. Typically, in this field facial expression ns physiological signals
like heart rare or GSR are the primary modalities to be used, applying late fusion
strategies to reduce asynchronous or noisy signals during the clinical assessment,
ensuring correct results even if a modality is missing. (Pan et al., 2023) introduce a
deep learning-based multimodal emotion recognition labelled Deep-Emotion. This
system integrates facial expressions, speech and EEG adaptively selecting the most
discriminative features. (Alarcdo and Fonseca, 2019) focused their work on EEG-based
emotion recognition, emphasizing the role of EEG to identify affective disorders,
introducing a benchmark dataset and algorithm for this purpose, underlining how
physiological signals complement both facial and vocal subtility in healthcare contexts.

e Education: In education, the role of emotion recognition to enable adaptative
learning environments that can dynamically evolve to adapt to student’s cognitive and
affective states. These intelligent tutoring systems are mainly using facial expressions,
voice and their gaze to determine student’s engagement, frustration or even
confusion with certain subjects. A theorical basis for an affect-aware was introduced
by (D’Mello and Graesser, 2014) for education. It focuses on detecting affective states
like boredom, confusion or interest to improve feedback loops, managing to improve
students learning outcomes. More recent works such as of (Ye, Zhou and Tao, 2023)
introduced a synchronous multimodal dataset of learners watching educational or
instructional videos, while capturing features such as eye movement, physiological
signals, and the video. They propose a new model that integrated features related to
knowledge to boost the emotional representation reporting a 10% increase of
accuracy compared to uni-modal or baseline models.

¢ Human-Robot Interaction (HRI): Robots are used in different fields across society,
being necessary that these are capable of detecting emotions to establish trust and
facilitate their ability to maintain natural communication. Using a multimodal
approach to detect affective states, robots should be able to adapt their speech,
gestures and behaviour in real time to be more “humanlike”. (Spezialetti, Placidi and
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Rossi, 2020) introduce a complex emotional communication-based HRI system, by
integrating facial expressions, speech, posture and EEG signals on NAO robots and
other devices to recognise emotion emotions so they can respond accordingly. The
study focuses on the importance of fusion techniques to enhance the naturality and
effectiveness of the interactions of the robots. (Su et al., 2023) present an extensive
comprehensive review on recent advancements on HRI systems, mostly focusing on
the integration of vision, audio and touch to enhance the perception and
responsiveness of robots. They discuss current challenges and methodologies in
synchronizing and processing multimodal data, focusing on the importance of systems
that are context-aware and can adapt to human behavioural changes and
environmental change.

e Marketing and customer experience personalization: Multimodal emotion
recognition is a core feature to enhance marketing and costumer experience
personalization by allowing smart systems to understand and respond to the
emotional states of users. Focusing mostly on modalities like facial expressions,
tonality, textual sentiment, and physiological signals, businesses can create more
responsive and empathetic interactions. This leads to a higher customer satisfaction,
leading to emotional connections that increases loyalty and brand perception.
Emotion-LLaMA (Cheng et al.,, 2024) integrates audio, visual and textual inputs
through different emotion-specific encoders, using MERR dataset to enhance emotion
recognition across the multiple possible scenarios. The system achieves high state-of-
the-art performance with top scores in multiple competitions. Another system is
introduced by (Lee et al., 2024) where a multi-modal human recognition system that
can efficiently comprehend emotional information by combining both verbal and non-
verbal expression data. They use a system based on personalized-skin integrated facial
interface that is integrates data processing circuit to wirelessly transfer data to enable
real-time emotion recognition.

2.2.4.2 Challenges and Limitations

As previously mentioned, affective computing has multiple challenges and limitations that
pose a roadblock to the development of new affective computing applications. Besides
computational and data acquisition difficulties that are natural to the develop of Al models,
there are some that are predominant in affective computing.

e Real-time Recognition Constraints: Emotion recognition applications tend to operate
in dynamic environments where real-time processing is necessary to give instant
feedback to users, but achieving a low-latency performance without dropping
accuracy is one of the main challenges. Most studies focus on the necessity of
optimization of hardware and algorithms to allow real-time emotion detection in
practical applications (Yu et al., 2023).
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e  Cultural and Demographic Variability: Emotional expressions are influence by cultural
norms, age, gender, and other demographics factors. Models that are trained with
homogenous datasets within these characteristics may lead to biases, which reduces
the accuracy and fairness in a global perspective. Research reinforces the need of
diverse datasets to develop generalised and adaptative models that can address these
issues (Abbruzzese et al., 2019).

e Ambiguity and Subjectivity in Emotion Labelling: Emotion labelling has a crucial flaw
that its subjective nature, with different annotators having mismatched readings of
different emotional expressions. This variability is a common reason to existence of
noise in different training datasets, which affect the reliability of emotion recognition
systems. The community has been appealing for the introduction of ambiguity-aware
models that can handle the inconsistencies of these labelling issues (Cowen and
Keltner, 2021).

e Privacy Concerns: The acquisition, storage and analysis of data have been a growing
concern of users, and sensitive biometric data, such as facial expressions and
physiological signals, raise multiple privacy concerns. The unauthorized data collection
and potential misuse under the guise of surveillance purposed have created
regulatory scrutiny. Many legal frameworks are evolving to address such concerns,
advocating the need for transparent data practices and user consent (McStay, 2020).

2.2.4.3 Recent Trends and Future Directions

Multimodal emotion recognition being a crucial tool in multiple fields, it is quickly evolving
due to advances in machine learning, modelling, an increased number of multimodal datasets.
Current research shifted its focus towards core concerns related to the limitations of the
existing systems, that recently have been increasing such as data privacy, generalisation of
across different demographic groups, contextual boundaries and real-time conditions. The
goal of this section is to highlight the current works to continue improving multimodal
systems.

e Federated Learning for Privacy-Preserving Emotion Recognition: Due to the
sensitive data that is associated with Affective Computing, usually it being biometric
data that can be traced back to individuals, facial emotion recognition is an even
higher challenge as the primary data it’s the face of a person, making them instantly
recognised. The emergence of Federated learning provided a promising solution to
this issue. The decentralized nature of this method allows for conservation of data on
trusted edge devices, capable of training models, therefore ensuring the privacy of
data, while still allowing the performance of large-scale collaborative learning
systems. Such work that displays this evolution was presented by (Gahlan and Sethia,
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2024b), where they do a comprehensive review on the integration of Federated
Learning in emotion recognition systems, highlighting the potential of multimodal FL
architecture they dubbed as Fed-PhyERS. They aim to evaluate the feasibility but also
address some issues like limitations and ethical considerations in privacy-aware
systems.

Multimodal Transformers and Self-Supervised Learning: Transformers and self-
supervised learning (SSL) methods are being applied to evolve multimodal emotion
recognition systems by reducing their dependence on annotated datasets, which are
harder to acquire and might be biased in for certain demographic character. SSL
allows for models to exploit large multimodal data samples, which use transformer
architectures provide the means to do long-range dependencies and cross-modal
relationship for models. The combination of these methods provides a robust and
adaptative model. (Wu, Daoudi and Amad, 2023) present a framework that leverages
modality-specific encoders that when combined with a transformer-based encoder to
capture both intra and inter modal correlations. They demonstrate the ability of the
system to significantly enhance the performance of wearable emotion recognition
systems, especially in low-resource labelling settings.

Cross-cultural and cross-domain generalization: Emotion recognition systems can
demonstrate performance drops when applied in different cultures or domains than
ones initially trained or deployed in. These limitations are derived from how
emotions are expressed and perceived in varying cultural and situational contexts,
either from culturally specific reactions or expressions, or from different
demographic features that can’t be transcribed through cultures. This key issue is one
that needs to be tackled and addressed by system that want to have a reliable
performance in a global scale. The work of (Liang et al., 2019)propose an adversarial
learning framework to reduce both domain and cultural discrepancy in multimodal
emotion recognition. The features are learned from audio and visual inputs while at
the same time an opposing culture discriminator is trained to be “confused” by the
feature encoder. Because of this method, the encoder learns about features that are
predictive of emotions without having cultural as a variant. This type of approach is
typical of different domain-adversarial adaption applied specifically to cross-culture
MER.

Emotion recognition in the wild (unconstrained environments): Most emotion
recognition systems are developed and evaluated in controlled and supervised
conditions, like laboratories, which often underperform when deployed in real-world
environments introduce variability such as background noise, occlusion and lighting
issues, increasing the challenge of emotion recognition. Progress in this topic are
necessary to develop more robust system in different domains like healthcare, HRI,
customer service. (Aguilera, Mellado and Rojas, 2023b) assess existing in-the-wild
datasets, specifically designed for multimodal emotion recognition, highlighting the
challenges and opportunities of moving beyond controlled environments. Their study
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focuses on the need for systems to be able to remain accurate despite noise or lack
of data.

2.2.5 Chapter Conclusion

This chapter has surveyed the foundations and current directions of affective computing. It
began with theories and models of emotion, which provide the conceptual basis for
computational recognition, and reviewed the main modalities used to capture affective
signals. Computational techniques and benchmark datasets were then discussed, highlighting
the progression from single-modality approaches toward multimodal frameworks, while also
exposing issues such as data alignment, generalization, and bias.

Applications in healthcare, human—computer interaction, and marketing illustrated the wide
relevance of emotion-aware systems, while recent trends such as federated learning,
multimodal transformers, and cross-cultural generalization pointed to ongoing efforts to make
these systems more robust and ethically responsible.

In conclusion, affective computing is moving toward more accurate, generalizable, and
privacy-preserving models, yet significant challenges remain in interpretability, fairness, and
deployment in real-world contexts.

2.3 Recommendation Systems

Despite not being within the scope of the thesis, recommendation systems are a component
of the project which this thesis is part of, so | decided to make a short review of these to
better explain the architecture of the system in the chapters ahead.

Recommendation systems are software tools and techniques designed to assist users in
discovering content that fits their potential taste and interest, mostly being provided by
services aimed at end users. Their primary objective is to reduce information overload by
providing personalized suggestions, thereby improving user experience, engagement, and
decision-making efficiency, creating user trust and brand loyalty (Ricci, Rokach and Shapira,
2022). These systems are now widely used across domains such as e-commerce, digital media
platforms, and social networks, where the volume of available content far exceeds the user’s
capacity to explore manually. By automatically identifying relevant items for each user,
recommendation systems play a critical role in guiding interactions between users and the
system.

At a high level, recommendation systems are commonly categorized into three main types.

e Content-based filtering relies on the attributes of items and a user’s historical
preferences to generate recommendations (Pazzani and Billsus, 2007). For example, in
a movie recommendation system, the method would suggest films that share
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characteristics—such as genre, director, or keywords—with movies previously
consumed by the user. This approach emphasizes the features of items themselves
and the alignment with user profiles, allowing personalized recommendations even
when few users have interacted with the system.

e Collaborative filtering, in contrast, leverages the collective behaviour of users to
generate suggestions (Herlocker et al., 2004). Instead of analysing item attributes, this
method identifies patterns in user interactions, such as ratings or purchase histories,
to recommend items preferred by similar users. Collaborative filtering is particularly
effective when user behaviour provides rich signals, but item features are difficult to
quantify, and it often uncovers interests that the user might not have explicitly
expressed.

e Hybrid approaches combine content-based and collaborative filtering techniques to
leverage the strengths of both while mitigating their respective limitations (Burke,
2002).By integrating multiple strategies, hybrid methods can improve
recommendation accuracy, address the cold-start problem, and provide more robust
suggestions across diverse user populations.

Within the scope of the project that the development of this thesis was developed in,
recommendation systems will interact with multimodal emotion recognition system, receiving
the emotional outputs and some textual sentiment extraction of features, like requests of
product characteristics, to boost the performance of the recommendation system, being more
sensitive to the user’s emotional state and capable of providing recommendations that are
more aligned with the user’s interests.

In the context of this project, the presence of recommendation systems highlights the
importance of handling user data in a structured and efficient way. As these systems rely on
patterns extracted from user interactions, the way data is collected, stored, and processed
directly impacts their effectiveness and the overall system performance. This consideration
becomes particularly relevant when exploring approaches that prioritize data privacy and
decentralized learning, such as federated learning. The following chapter discusses the
integration of federated learning into both sentiment analysis and recommendation modules,
illustrating how these techniques can work together to enhance system capabilities while
preserving user privacy.

2.4 Chatbots

In a similar fashion as the recommendation systems, chatbots aren’t a core topic of this thesis
development, however, they’re a core component of the project where this thesis is centred
in, making it in my view, a topic worth going over slightly to describe how the multimodal
models will interact with the chatbots.
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Chatbots are software agents designed to interact with users through natural language,
providing responses and guidance in a conversational manner. Their main goal is to facilitate
communication, automate tasks, and enhance user experience by simulating human-like
interaction (Shum, He and Li, 2018). Chatbots are widely used across customer service, digital
assistants, healthcare, and educational applications, where they can efficiently handle large
volumes of queries while providing personalized interactions.

From a functional perspective, chatbots can be broadly categorized into two main types.

e Rule-based chatbots operate according to predefined scripts and decision trees. They
are limited to scenarios anticipated by their developers but can deliver highly
controlled responses in structured environments (McTear, 2002).

e Al-based chatbots, in contrast, leverage natural language processing (NLP) and
machine learning techniques to interpret user input and generate responses
dynamically. These systems can handle a wider variety of queries, learn from user
interactions, and provide more flexible and context-aware responses (Adamopoulou
and Moussiades, 2020).

Within the context of this project, chatbots play a pivotal role in interacting with users while
integrating insights from multimodal emotion recognition and sentiment analysis. The output
of the sentiment analysis model informs the chatbot about the user’s current emotional state,

allowing it to tailor its responses accordingly. This integration enhances user engagement and
ensures that the system provides replies that are not only contextually relevant but also
emotionally appropriate.

Although the focus of this thesis is not on the development of chatbots themselves,
understanding their function and interaction with other components is essential for grasping
the system architecture. By situating chatbots within the broader framework of multimodal
emotion recognition and recommendation systems, this chapter provides the necessary
context to appreciate the design and workflow of the system modules discussed in
subsequent chapters.

2.5 Integration of Federated Learning into Affective
Computing and Recommendation Systems

The integration of Federated Learning, Affective Computing and its branches, and
Recommendation System has the objective to develop intelligent systems that have as a focus,
the capability to preserve data privacy, have personalized user experience and are
emotionally aware to increase engagement. Federated Learning enables collaborative model
training across multiple edge devices without transferring the raw data of user data, being
able to address the critical issues that is handling sensitive multimodal data. Affective
computing provides the system the capabilities to detect and interpret human emotions and
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affective state, while recommendation systems focus on providing personalized content to
the users. The combination of these fields makes system adaptable to different real-world
environment, while being emotionally aware of the user’s emotional state, being able to be
more sensitive with its engagement, while conserving data privacy and providing the user with
the content they prefer. There have been multiple works in the recent years that have
displayed the integration of these different complementing technologies, to develop more
robust systems.

e Federated Multi-View Deep Learning for Privacy Preserving Recommendations
(Huang et al., 2020): Their work introduces a federated multi-view framework to be
deployed with recommendation system, focusing on privacy preservation capabilities
of federated learning by keeping the personal data of users on their local devices. The
multi view comes from the integration of multimodal data, this case, text, images and
ratings to boost the accuracy of recommendations. Their work showcased that
federated approaches are capable of matching traditional centralized framework’s
accuracy of recommendations.

o FED-ReMECS (Nandi and Xhafa, 2022): Presents a federated learning framework
capable of performing real-time multimodal emotion recognition, through audio,
video and physiological signals. Their framework was developed to be able to handle
data heterogeneity and also personalisation at a device-level. The goal was to focus
on preservation of private sensitive data, often associated to emotion recognition.

e Federated Collaborative Recommendation Model (Lin et al., 2023): Introduced the
proposal of the utilization of federated learning for a collaborative filtering model for
recommendation systems, by utilising data associated with distributed user-item
interactions while preserving its privacy. Their work displays that federated
collaborative models can achieve comparable results to the centralized approaches,
focusing on personalised recommendations without ever exposing individual data of
each user.

e Enhancing Emotion recognition through FL (Simi¢ et al., 2024): This work utilises a
federated learning framework with CNN based models for multimodal emotion
recognition focusing on audio, video and textual features, displaying the intended goal
of a privacy-preserving training on user devices. Their work highlights the improved
accuracy on emotion recognition and personalization at a device-level.

e AFLEMP: Attention-Based Federated Learning for Multimodal Physiological Data
(Gahlan and Sethia, 2024a): This work introduces a federated, attention-based model
for emotion recognition that focus on the multiple physiological signals, like ECG, GSR,
EEG. It uses attention mechanisms to weight features from different modalities, while
ensuring that privacy is kept by preserving the sensitive physiological data locally,
while still achieving high accuracy results.

o ClusterFedMeta: A Federated Recommendation Algorithm Based on User Clustering
and Meta-Learning (Yu et al., 2024): They propose the introduction of a federated
recommendation algorithm combining user clustering with meta-learning approaches,
addressing data heterogeneity and privacy concerns of federated environments. They
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demonstrate effectiveness in personalised recommendation tasks while maintaining
the user data on local devices.

Table 1 - Recent contributions in FL, SA and RS

Citation Application Data Modality|| FL Method Key Contributions
. . Federated |/Introduced federated multi-view learning; privacy-preserving;
(Huang et|| Recommendation || Text, images, o ] ) )
) multi-view |matches centralized performance; integrates multimodal data
al., 2020) Systems ratings ) ) )
deep learning for improved recommendations
Nandi
( . . Audio, video, ) ) . .
and Real-time Emotion . . Federated real-time emotion recognition; handles multimodal
. physiological || Fed-ReMECS ) . o ) .
Xhafa, Recognition . streaming; device-level personalization; privacy-preserving
signals
2022)
) ) User-item Federated Distributed recommendation with privacy; personalized
(Lin et | Recommendation || . ] ] ) ]
interaction || collaborative || recommendations; comparable performance to centralized
al., 2023) Systems o
data filtering models
- ) . CNN-based . ) . . o
(Simié et Emotion Audio, video, federated Combines CNNs with FL for multimodal emotion recognition;
ederate
al., 2024) Recognition text learnin improves accuracy; privacy-preserving on-device training
Ing
(Gahlan . . .
. Physiological Attention- . . . ) )
and Emotion . Attention mechanism for multimodal physiological data;
] o signals (ECG, based FL ) ) ]
Sethia, Recognition keeps data local; improves accuracy; privacy-preserving
GSR, EEG) (AFLEMP)
2024a)
. User Proposed ClusterFedMeta, a federated recommendation
(Yu et al.,|| Recommendation || . . Federated ] o ) . .
interaction . algorithm combining user clustering with meta-learning,
2024) System Meta-Learning . i .
data addressing data heterogeneity and privacy concerns.

2.6 Chapter conclusion

This chapter has presented a comprehensive overview of the state of the art in Federated
Learning, Affective Computing, and Recommendation Systems, highlighting both foundational
concepts and recent advancements. Beginning with Federated Learning, the chapter explored

its

operational

processes,

including centralized, decentralized,

and heterogeneous

frameworks, as well as the categorization of horizontal, vertical, and transfer learning
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approaches. The discussion emphasized the inherent challenges of FL, such as data
heterogeneity, communication bottlenecks, client bias, and fairness considerations, alongside
emerging solutions that leverage hierarchical architectures, privacy-preserving mechanisms,
and fairness-aware aggregation. Furthermore, the chapter highlighted current advances and
future directions, including model alignment, self-attention architectures, and adaptive
aggregation strategies, illustrating the dynamic evolution of FL research.

In parallel, the chapter examined Affective Computing and Emotion Recognition, providing an
overview of prevailing emotion models and theories, multimodal recognition techniques, key
datasets, and contemporary frameworks. The challenges associated with capturing,
interpreting, and integrating diverse emotional signals were addressed, with emphasis on the
need for robust, privacy-preserving, and adaptive solutions. Additionally, recent trends in
applications of Affective Computing—ranging from healthcare to human—computer
interaction—demonstrated the increasing relevance of integrating machine learning
approaches, including Federated Learning, to manage distributed and sensitive data.

Finally, the chapter discussed Recommendation Systems and Chatbots, highlighting their
operational principles, personalization strategies, and integration with machine learning
models. The section on the convergence of Federated Learning with Affective Computing and
Recommendation Systems underscored the potential benefits of combining privacy-
preserving decentralized learning with adaptive, user-centric applications. Collectively, this
chapter establishes a solid foundation for subsequent discussions on the design and
implementation of integrated systems, providing both theoretical context and practical
insights into the opportunities and challenges inherent in combining FL with emotion-aware
and recommendation-driven technologies.
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3 Methods and Materials

This chapter aims to describe the methods tools that will be used in the development of the
proposed framework. It will also be described the ethical questions that can be posed to this
solution.

3.1 Materials and Tools

In this sub-section, it will be introduced the FL framework that will be used and the datasets
that will be explored for the first experiments.

3.1.1 Federated Learning Framework

The development of the proposed framework involved a thorough evaluation of existing
open-source Federated Learning (FL) frameworks to determine the most suitable option for
handling communication with the server and the implementation of federating strategies.
Among the frameworks considered, FLOWER was chosen as the primary framework for
several compelling reasons.

FLOWER stood out due to its user-friendly documentation, rapid implementation capabilities,
and adaptability. Notably, FLOWER offers the flexibility to operate with either
TensorFlow/Keras or PyTorch, permitting users to select the library that aligns with the
specific algorithm requirements.

During the framework selection process, other FL frameworks were also explored, with
specific criteria guiding the assessment. The primary selection criteria included open-source
availability and ease of use. Several alternative frameworks were evaluated and subsequently
excluded based on these criteria:

1. PySyft + PyGrid: Despite its potential, this framework was discarded due to difficulties
in implementation, particularly in understanding the implementation process.

2. Tensorflow Federated: While initially considered, challenges arose in trying to
implement this framework according to the provided documentation, leading to its
exclusion from the selection process.

3. Fate: The Fate framework was not experientable due to its compatibility limitations,
as it only functioned on Linux and Mac platforms. This limitation, combined with the
extensive time required for testing, made it impractical for the current project. The
framework's specifications were gathered based on collective user ratings rather than
firsthand experimentation.

4. OpenFL: This framework was not chosen because it mandated the use of its specific
communication protocols. Given that the primary goal of the prototype was to gain a
fundamental understanding of FL and its implementation, OpenFL was deemed
unsuitable for the project's scope.
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5. Other Complex or Domain-Specific Frameworks: Several other open-source FL
frameworks were deemed too intricate for the project or were tailored for specific
domains, such as NVIDIA Clara, which is primarily designed for healthcare applications.
These frameworks were considered less suitable for the initial stages of development.

It is important to note that the selection of FLOWER as the chosen framework was based on
its ease of use, flexibility, and compatibility with the project's objectives. Depending on the
performance and evolving requirements of the project, future reconsideration of the
framework choice may be warranted.

Table 2- Comparison of Federated Learning Frameworks

Framework Usability Usage (0} Open Source

Flower Simple to use Unrestricted All Yes

PsySyft + PyGrid Difficulties Research Purposes All Yes
implementing

TensorFlow Difficulties Unrestricted All Yes
Federated implementing

Fate Flexible Unrestricted Mac, Linux Yes

OpenFL Requires specific Unrestricted All Yes

certificates
NVIDIA Clara Not tested Healthcare All Yes

3.1.2 Datasets

The only dataset currently being used in this work is the CREMA-D (Crowd-sourced Emotional
Multimodal Actors Dataset), which is a publicly available and widely recognized dataset in the
field of emotion recognition and affective computing. CREMA-D contains more than 7,000
short audio-visual recordings of 91 actors, each performing a set of scripted sentences with
varying emotional expressions. These expressions cover a range of basic emotions, including
anger, disgust, fear, happiness, neutrality, and sadness. The dataset provides synchronized
audio and video data, enabling the development of models that can process and learn from
multiple modalities simultaneously. The recordings were collected under controlled
conditions but vary in vocal effort and intensity, offering a diverse representation of
expressive behaviour.
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Each clip in the dataset has been annotated by multiple raters through a crowd-sourced
process, capturing both the emotion that was intended by the actor (displayed emotion) and
the emotion that was interpreted by the raters (perceived emotion). This dual annotation
approach allows for a more nuanced understanding of emotional communication and
supports a range of research objectives, including the analysis of differences between
expression and perception. The structured format and high annotation quality of the dataset
make it suitable for training and evaluating machine learning models in classification,
regression, and multi-task learning contexts.

Although CREMA-D is currently the only dataset being used in this work, the overall system
has been designed with extensibility in mind. It has been structured to support the future
integration of real-world datasets derived from experimental of the deployment scenario.
These future datasets are expected to include live or recorded emotional responses collected
in cyber-physical environment, allowing the proposed system to transition from controlled
research setting to more practical, real-time use cases. As such, while CREMA-D serves as the
foundation for initial development and evaluation, the methodology remains adaptable to
accommodate additional data sources as the project progresses.

3.2 Methodologies

3.2.1 Implementation Methodologies.

In the process of implementing the framework, the initial phase involves leveraging existing
tools and models to construct a prototype. This crucial step enables us to kickstart the
development process efficiently. One key component of this phase is the model used for
training, which is currently based on deep learning with Rectified Linear Unit (ReLU) activation
layers, as well as a softmax layer on local nodes. This approach is informed by the work of
(Fred Agarap, 2018) which serves as a solid foundation for our training model.

When it comes to Federated Learning (FL), we are actively exploring the possibility of
implementing a variant of Federated Averaging (FedAvg) that is better suited to handle data
originating from Internet of Things (loT) devices. This adaptation is essential, as loT devices
can produce highly heterogeneous data. To simulate this diversity, we plan to consider
different data loads of the same dataset for each client or even use entirely different datasets
with similar data characteristics. This strategy aims to ensure that the initial trained models
are well-prepared to exhibit behaviour closely aligned with our expectations during the
subsequent deployment phase of the framework.

Now, regarding the aggregation strategy, we are still in the process of evaluating various
options. The literature offers a wide range of possibilities, each with its own advantages and
trade-offs. It is possible that we may opt for a customized aggregation strategy that builds
upon the principles of a state-of-the-art approach. This flexibility allows us to tailor the
strategy to the specific needs and nuances of our framework as it evolves.

As we make progress in achieving our development milestones, we remain open to new
considerations on how to further enhance the proposed system. Continuous improvement
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and feasibility assessments are integral to our approach, and we are committed to adapting to
emerging challenges and opportunities.

In terms of communication between clients and the aggregation server, we are also exploring
the incorporation of a blockchain layer. This addition is aimed at bolstering the security of
transferred model weights and mitigating the risk of potential leaks. By implementing
blockchain technology, we aim to fortify the integrity and confidentiality of data exchanges,
ensuring that our framework adheres to the highest standards of security.

Overall, our framework is a dynamic and evolving project, driven by a commitment to
innovation and excellence. We look forward to the exciting journey ahead as we work towards
realizing its full potential.

3.2.2 Testing methodologies

The study outlined here is a comprehensive investigation into the effectiveness and efficiency
of a novel federated learning framework compared to a conventional federated learning
approach, specifically focusing on the default implementation of the FLOWER framework as
described in its official documentation. This study aims to contribute to the growing body of
knowledge surrounding federated learning by addressing several key aspects.

Comparative Analysis of Aggregation Strategies: One of the central focuses of this research is
to compare the aggregation strategy employed in the novel framework with the widely used
FedAvg strategy. The primary objective is to understand how this alternative aggregation
method, if implemented, impacts various performance metrics, including accuracy,
convergence speed, and model generalization. This comparison will provide valuable insights
into the potential improvements or trade-offs associated with different aggregation
techniques in federated learning.

Resource Utilization and Execution Time: Beyond performance metrics, the study aims to
delve into the computational resources required by both the novel federated learning
framework and the traditional FLOWER implementation. This analysis will include aspects
such as CPU and memory consumption. Additionally, the study will measure the execution
time of both frameworks to assess their efficiency and scalability. These findings will help
evaluate the practical feasibility of adopting each framework in real-world scenarios.

Comparison with Traditional Machine Learning: To provide a holistic perspective, the
research will also conduct a comparative analysis between federated learning and traditional
machine learning approaches. This comparison will consider various factors, including model
performance, training time, and data security. By juxtaposing the results obtained from these
two approaches, the study will shed light on the advantages and limitations of federated
learning in different contexts.

Anticipated Outcomes: It's worth noting that existing literature suggests that federated
learning can sometimes yield suboptimal results compared to centralized approaches due to
the inherent challenges of decentralized training. However, the study anticipates that
federated learning will demonstrate clear advantages in terms of reduced training time and
enhanced data privacy and security. The overarching goal of this comparative study is to
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determine whether the observed differences in performance metrics between federated and
traditional approaches justify the potential benefits, particularly in terms of data security and
efficiency.

In summary, this comprehensive analysis seeks to provide valuable insights into the trade-offs
involved in adopting federated learning in real-world applications. By examining multiple
facets of performance, resource utilization, and security, the study aims to clarify when and
how federated learning can strike a balance between performance, data security, and
efficiency, ultimately contributing to the informed adoption of this innovative approach in
various domains.

3.3 Security and Ethical questions

As previously mentioned, Federated Learning holds significant potential to address the
pressing privacy and security concerns raised by various entities. In recent years, the issue of
safeguarding user data has garnered substantial attention, prompting the introduction of
regulations such as the General Data Protection Regulation (EUR-Lex - 32016R0679 - EN - EUR-
Lex, no date).

FL, which is an edge computing-based Al technique, ensures that data never leaves the user's
device, thereby instilling confidence in users regarding the safety of their personal information.
However, there remain concerns surrounding the potential exploitation of weights transferred
to the server for aggregation, which could potentially be used to glean information from a
node.

In a comprehensive study by (Mothukuri et al., 2021) , the authors delve into the current
threats and vulnerabilities within FL, including the possibility of security attacks like inference
attacks and unintentional data leakage. They also propose several solutions to mitigate the
risk of these attacks and discuss the trade-offs associated with implementing these measures.

Most research in this field acknowledges that FL inherently offers data protection at the user
or local node level, making it an appealing choice with minimal ethical drawbacks and
vulnerabilities from a user's perspective. However, there is a unique challenge in FL's reliance
on edge computing: willing participants in the system are essentially agreeing to use their own
devices for training, thereby expending their own resources. This aspect might make some
individuals more hesitant to participate, despite the enhanced data security compared to
traditional approaches.

In the proposed framework, where training occurs on kiosks devices or devices to which loT
data is transmitted, these resources are already considered part of the system. Consequently,
this concern does not apply in this scenario, and conventional security approaches typically
adopted in cyber-physical systems can be utilized to address any remaining security
considerations. This approach aims to strike a balance between data privacy and resource
utilization, ensuring that FL remains a viable solution in a rapidly evolving landscape of privacy
and security concerns.
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4 MFFER: Multimodal Federated-Learning
based Facial Emotion Recognition

In this chapter, a description of the proposed system will be provided. The proposed system
introduces the utilization of Federated Learning to train a multimodal facial emotion
recognition system deployed in Kiosks to support a chatbot agent responsible for user
interaction and recommendation system.

4.1 FLOWER Framework

In the development of the system, a rigorous evaluation of open-source frameworks, as
outlined in section 3.1.1, was undertaken to determine the most suitable foundation. The
FLOWER framework was identified as the optimal core component, primarily due to its proven
scalability and robustness. The utilization of FLOWER's core functionalities, particularly its
basic aggregation functions, was deemed essential for creating the global model and
performing evaluation functions within the system.

However, it is imperative to note that the FLOWER framework presented certain challenges in
achieving the intended scalability of the proposed system. One notable limitation was the
strategy method employed for server setup. This method stipulates a predefined number of
clients required to initiate the federated process. Consequently, this approach rendered it
impossible to seamlessly introduce new devices into the environment without making
modifications to the strategy. This constraint posed a hindrance to the system's adaptability
and extensibility.

Additionally, a critical issue arose concerning the persistence of progress within the
framework. Upon termination of the federated learning process, all progress would be lost
unless the model was explicitly saved. This necessitated the reloading of the model in every
iteration of the process, thereby diminishing the cost-effectiveness of an iterative learning
approach.

Another noteworthy characteristic of the FLOWER framework is its reliance on
communication between clients and the server via the GRPC protocol. However, the set of
implemented functions within this protocol did not align with the desired communication
approach envisioned for the proposed system. To achieve the desired efficiency and
effectiveness of the system, it became imperative to explore alternative communication layer
approaches, which ultimately shaped the core design of the proposed system.

In summary, the selection of the FLOWER framework as the core component for the system

was driven by its scalability and aggregation functions. However, limitations related to
adaptability, progress persistence, and communication protocols necessitated innovative
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solutions and adjustments in the development process to ensure the system's alignment with
its intended goals and performance requirements.

4.2 Proposed System Architecture

Figure 5 shows the proposed architecture combining traditional recommendation system
models with a multimodal emotion detection model to gauge the user's emotional state
during the interaction with the system. This allows for a constant understanding of the user's
reactions to the recommendations provided by the system, which will be based on the user's
purchases history or local store trends, allowing the virtual assistant to give answers and new
recommendations based on the user's reactions. However, since the system deals with
sensitive data, a strong robust method to ensure user's trust into the system is necessary. The
use of Federated Learning ensures data privacy during the utilisation of the system, as well as
the constant training processes to keep the models updated and effective. To achieve this, the
system avoids transferring sensitive information, allowing training to occur locally, ensuring
greater data protection and confidentiality.

The system consists of a global federated framework, which contains its own version of all the
models used by the system and its own validation dataset. This is necessary to aggregate the
knowledge provided by the individual deployed nodes and validate the results of the
aggregation of the model weights. The local federated learning framework represents the
local deployed nodal, which enables decentralised training of recommendation and
multimodal emotion detection model. Local instances also include a chatbot within their
intelligent layer, which is in contact with the user interface, helping to enhance user
interaction and engagement.

The recommendation component relies on three main approaches: Collaborative Filtering,
Content-Based Filtering, and Hybrid Algorithm. To ensure efficient performance, the
architecture also integrates a data layer, where interactions between users and the virtual
assistant, as well as product information, are stored. This structure ensures that the system
has all the information necessary for personalised and optimised recommendations.

The virtual assistant interface allows for direct interaction with the user, providing
personalised responses and recommendations. Communication between different
components is managed through web services, ensuring efficient and secure data flow.
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Principal Components
This section presents and details the various components that make up the architecture.

e Global Federated Framework: The Global Federated Framework functions as a
knowledge aggregator, by averaging the weights of the locally trained models from
the different nodes by performing regular updates selecting randomly selected nodes.
This continuously improves the system’s global performance, updating models with
worse results, while ensuring that models with better performances are not
overwritten with the global model. This is achieved without compromising user
privacy, as sensitive data never leave the local device.

e Local Federated Learning Framework: Each local instance of the system trains the
recommendation and sentiment detection models based on the stored data of user
purchase history and store purchase history, making models prioritise user’s
preference and only then the purchase association that exists in the store. This
federated architecture allows the local models to be constantly updated with lower
training times, since all the data is stored locally. In this way, by using federated
learning, the user experience can still be constantly improved while keeping data
protected outside of global major updates.

¢ Intelligent Processing Layer: This layer represents the core of the intelligence of the
system, including the different models that make up the system, such as the
recommendation system model, the multimodal sentiment detection model, and it
also contains the virtual assistant, consisting of the following modules:

o Recommendation Systems:

1. Collaborative Filtering: Analyses behaviour patterns among users to
suggest relevant items based on similar preferences.

2. Content-Based Filtering: Recommends products based on item
characteristics and the user’s individual preferences.

3. Hybrid Algorithm: Combines different recommendation techniques to
improve the accuracy of suggestions.

o Chatbot: Enables users to interact with the system naturally using natural
language. This chatbot being part of the intelligent layer, makes it capable of
receiving information from the recommendation models and sentiment
detection model, providing accurate recommendations based on user
prompts, while being capable of reacting to emotional state

o Multimodal Sentiment Detection Model: Analyse user emotions based on
text, audio, and image, adjusting responses and recommendations based on
their input and emotional state. The modal output will feed both the Chatbot
and Recommendation systems, feeding the full output to the chatbot so it can
produce the best answer, while only feeding the recommendation system
with features specified by the user and the detected opinion and emotion.

o ChatbotWebService: Facilitates communication between the user interface
and internal services, ensuring an efficient and consistent information flow.
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e Data Layer: The data layer is responsible for storing essential information for system
operation. It includes three main databases:

o User/Bot Conversations: Stores interaction history to enable continuous
improvement of the user experience.

o Product Database: Contains details on the products available for
recommendation.

o Purchase History: Contains records of user purchases and purchase
association to enhance recommendation accuracy and personalization.

e Virtual Assistant: The virtual assistant is the interface through which users interact
with the system. This component allows for the presentation of personalised
recommendations, quick human-like responses, especially after detecting the user’s
feelings to the recommendations and queries, and a smoother interaction experience.
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5 Experimentation

In this chapter, we delve into a comprehensive description of the experiments that have
already been conducted. These experiments represent a significant milestone in the
development of the proposed system, which was meticulously crafted during the CAPE project
within GECAD. | must take this moment to extend my heartfelt gratitude once again for the
support provided throughout the journey leading up to this dissertation.

The inception of this project was fuelled by a set of robust requirements, stemming from the
need to work with precise and accurate information to provide users with the best experience.
The aim was to devise a facial emotion recognition system that would support a
recommendation system and a virtual assistant. By discerning the user emotions while they
interact with the full system, the identified emotions would be used to tailor
recommendations that matched the users’ desires, and the virtual assistant would provide
more thoughtful and delicate answers based on how users react and express themselves.

These experiments were meticulously designed and executed with a dual focus in mind. First
and foremost, they aimed to meet the exacting requirements of the project, ensuring that the
proposed system could seamlessly integrate into the sales assistance of a retail store and
deliver tangible benefits. Secondly, they were driven by the pursuit of scientific innovation,
particularly within the realm of Federated Learning. This dual commitment underscores not
only the practical relevance of our work but also its contribution to the broader landscape of
technological advancement.

As mentioned above, due to the hardship finding data, due to the required protection
mechanisms related to sensitive data, all the models use the CREMA-D dataset for training

5.1 Experiment Report: Trial 1 — Centralized Multimodal
Emotion Recognition on CREMA-D with a simplified model

This experiment aims to evaluate the performance of a prototype multimodal deep learning
model for emotion recognition using the CREMA-D dataset. In this scenario, only the visual
and audio features were taken into consideration when developing the multimodal system,
with a late fusion being done as final layer to integrate the predictions into simplified outputs.
The model jointly predicts:

e Displayed emotion (as expressed by the actor)
e Perceived (response) emotion (as interpreted by the listener)
e Displayed and response emotion intensity levels (regression)

e Displayed valence (positive/neutral/negative categories)
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The preprocessing of data is as follows:
Total Clips Used: Filtered and aligned using clipName and HDF5 indices
Modality Inputs:

e Audio: MFCCs (shape: 100 x 13) normalized using training set mean and std.

e Video: 10 RGB frames per clip (224x224), pre-processed and normalized.
Labels:

o displayed_output: Categorical label (actor’s displayed emotion)

e response_output: Categorical label (listener's perceived emotion)

e displayed_level: Float in [0, 1] (displayed emotion intensity)

e response_level: Float in [0, 1] (perceived emotion intensity)

e displayed_valence: Categorical label (valence of displayed emotion)
Data Split: 80% training / 20% testing (randomized with fixed seed)

The hardware utilised for the experiments were desktops, kindly provided by GECAD to
perform these experiments. The process of visual data increases the necessary computational
resources of the experiment.

Hardware:

e CPU: AMD Ryzen 9 7950X 16-Core Processor

e GPU: NVIDIA GeForce RTX 4080 (16 GB VRAM)

e RAM: 32 GB (2 x 16 GB) DDR5 5200 MHz

e Hard Drive: SSD 500 GB (181 GB free out of 487 GB)
e 0S: Windows 11

5.1.1 Model Architecture

In this initial experiment, the model design focused only on the core multimodal fusion of
audio and visual information. Audio features were extracted as MFCCs and processed through
a 1D CNN, while video features were encoded via a frame-level CNN followed by a temporal
LSTM. The two modalities were concatenated at a shared representation layer, from which
multiple output heads performed emotion classification and intensity regression.
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Table 3 - Model Components of the first experiment

Component

Description

Audio Branch

1D CNN + Global Average Pooling on MFCCs

Visual Branch

TimeDistributed 2D CNN = LSTM on video frames

Fusion

Concatenation of audio and video encodings

Shared Head

Dense + Dropout layer

Output Heads

Five parallel heads: classification x 3, regression x 2

Figure 6 — Simplified flow of the First Experiment model

Loss Functions:

Categorical Crossentropy (for classification tasks)

Mean Squared Error (for regression tasks)

Loss Weights:

response_output: 1.0

displayed_output: 1.0

Displyed_level
(Output)

Displyed_level
(Output)

Displyed_level
(Output)

Displyed_level
(Output)

Displyed_level
(Output)
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e response_level: 0.2
e displayed_level: 0.2
e displayed_valence: 1.0
Optimizer: Adam (learning rate = 1le-4)
Precision Policy: Mixed precision (float16) enabled on GPU

Training Duration: 10 epochs (roughly 1 minutes per epoch, for a total of 10 minutes)
Batch Size: 16

Total parameters: 12,962
Trainable parameters: 12,786

Non-trainable parameters: 176

5.1.2 Training and Evaluation Metrics

Table 4 - Classification results of the first experiment

Output Training Accuracy Validation Accuracy
displayed_output 68.8% 73.4%
response_output 49.6% 51.3%
displayed_valence 87.7% 89.5%

First_Experiment - Classification

091 e
0.84
0.7 1 — response_output_accuracy - Train
- —=- val_response_output_accuracy - Val
E —— displayed_output_accuracy - Train
§ 064 ™" val_displayed_output_accuracy - Val
< ™7 | — displayed_valence_accuracy - Train
—=~ val_displayed_valence_accuracy - Val
0.5 1
0.4 4

Epoch

Figure 7 - Classification metrics evolution in the First Experiment
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Table 5 - MAE results of the first experiment

Output Training MAE Validation MAE
displayed_level 0.0513 0.0474
response_level 0.2028 0.2034

First_Experiment - MAE

response_level_mae - Train
val_response_level_mae - Val
0.25 — displayed_level_mae - Train
=== wal displayed level mae - Val

0.20 1

MAE

0.154

0.10 9

Figure 8 - MAE metrics evolution during the First Experiment

The model performs very well on tasks involving displayed emotion and valence, which aligns
with the clarity of actor-performed expressions in CREMA-D.

Perceived emotions (response outputs) are harder to model, due to the subjective nature of
listener interpretation. No signs of overfitting — validation accuracy and MAE remain close to
training values. Regression heads for intensity (level) converge well, with displayed_level
showing very low MAE.

5.2 Experiment Report: Trial 2 — Centralized Multimodal
Emotion Recognition on CREMA-D with fusion methods

This experiment evaluates a multimodal deep learning architecture that integrates audio, text,
video, and demographic features, with late fusion methods at key sections for joint emotion
recognition on the CREMA-D dataset. The model simultaneously predicts:
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Displayed emotion (actor’s expressed emotion)
Perceived (response) emotion (listener’s interpretation)
Displayed and response emotion intensity levels (regression)

Displayed valence (positive / neutral / negative categories)

The preprocessing of data is as follows:

Clips Used: Filtered and aligned using clipName and HDF5 indices

Modality Inputs:

Labels:

Audio: MFCCs, shape (100 x 13), normalized with training mean/std.
Text: 50-dimensional embeddings, preprocessed and normalized.
Visual: 10 RGB frames per clip, resized to 224 x 224, normalized.

Demographics: Structured metadata features.

displayed_output: categorical (actor’s displayed emotion)
response_output: categorical (listener’s perceived emotion)
displayed_level: float in [0, 1] (displayed intensity)
response_level: float in [0, 1] (perceived intensity)

displayed_valence: categorical (positive/neutral/negative)

Data Split: 80% training / 20% testing (fixed seed).

The hardware utilised is the same desktop as in the previous experiment.

Hardware:

CPU: AMD Ryzen 9 7950X 16-Core Processor

GPU: NVIDIA GeForce RTX 4080 (16 GB VRAM)
RAM: 32 GB (2 x 16 GB) DDR5 5200 MHz

Hard Drive: SSD 500 GB (181 GB free out of 487 GB)
0S: Windows 11
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5.2.1 Model Architecture

Compared to the previous experiment, where we only had a fusion at visual and audio level,
for this experiment, a new text and demographic branch were added. The text branch is
compromised by a translation of the audio into text to have an independent analysis, while
the demographics introduces meta data related to the actors of the dataset to attempt to
generalise the contextualization of the model

Table 6 - Model Components of the Second experiment

Component Description

Audio Branch 1D CNN + BatchNorm + Global Average Pooling + Dense(64) on MFCCs

Text Branch Dense(64) + Dropout(0.2) on text embeddings

Demographic

Dense(32) + Dropout(0.2)
Branch

Visual Branch TimeDistributed 2D CNN - BiLSTM(32) = Dense(64) on video frames

Hierarchical concatenation of audio—text—demo and visual-demo

Fusion )
encodings
Shared Head Dense(128 - 64) + Dropout
Output Heads Five parallel heads: 3 x classification, 2 x regression

Displyed_level
(Output)

Displyed_level
(Output)

Displyed_level
(Output)

Figure 9 - Simplified flow of the Second Experiment model

Displyed_level
(Output)

Displyed_level
(Output)
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Loss Functions:
e Categorical Crossentropy (classification)
e Mean Squared Error (regression)
Loss Weights:
e response_output: 1.0
e displayed_output: 1.0
e response_level: 0.2
e displayed_level: 0.2
e displayed_valence: 1.0
Optimizer: Adam (learning rate = 1e-4)

Precision Policy: Mixed precision (float16) on GPU
Batch Size: 16

Total parameters: 140,786
Trainable parameters: 140,434
Non-trainable parameters: 352

In contrast with the previous experiment, for this model, two different executions were run to
better to understand the increase on the model’s performance and resource exhaustion

5.2.2 Training and Evaluation Metrics

To compare the performance of this version of model, compared to the first one, the same
number of epochs were executed to have a more linear degree of comparison.

Table 7 - Classification results of the Second Experiment

Output Training Accuracy Validation Accuracy
displayed_output 77.3% 79.9%
response_output 52.7% 53.6%

displayed_valence 91.2% 92.4%
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Figure 10 - Classification metrics evolution of the Second Experiment

Table 8 - MAE results of the Second Experiment

Output Training MAE||Validation MAE

displayed_level 0.0449 0.0383

response_level 0.2025 0.2027

Second_Experiment - MAE

0.30 response_level_mae - Train
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-—- val_displayed_level_mae - Val
0.254
0.20
w
=
=
0.154
0.10
0.05 4
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Figure 11 - MAE evolution in the Second Experiment
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As we can observe, there was a significant increase in performance, across all metrics,
achieving a displayed_valence accuracy over 92%. The only challenge remaining is related to
the perceived, in this case, response_output, that is in the 53%. As such, it was decided to re-
do this test, with a higher number of epochs to try to find the stabilising point of the model.
However, the previous model trained in roughly a minute per round, while this model, being
more robust, increased the training time to approximately 30 minutes per epoch, making
harder to justify the utilization of this model considering the increase of performance doesn’t
truly justify such a heavy increase in runtime.

5.3 Experiment Report: Trial 3 — Centralized Multimodal
Emotion Recognition on CREMA-D with fusion techniques
and improved visual branch

Based on the perceived results of the previous experiment, a new trial was executed, applying
changes to the visual branch to attempt to have increased performance in this modality,
attempting to bring it closer to the other values. It follows the same structure as the previous
trials:

Displayed emotion (actor’s expressed emotion)

Perceived (response) emotion (listener’s interpretation)

Displayed and response emotion intensity levels (regression)

Displayed valence (positive / neutral / negative categories)

The preprocessing of data is as follows:
Clips Used: Filtered and aligned using clipName and HDF5 indices

Modality Inputs:
e Audio: MFCCs, shape (100 x 13), normalized with training mean/std.
e Text: 50-dimensional embeddings, preprocessed and normalized.
e Visual: 10 RGB frames per clip, resized to 224 x 224, normalized.

¢ Demographics: Structured metadata features.

e displayed_output: categorical (actor’s displayed emotion)
e response_output: categorical (listener’s perceived emotion)
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e displayed_level: float in [0, 1] (displayed intensity)

e response_level: float in [0, 1] (perceived intensity)

o displayed_valence: categorical (positive/neutral/negative)

Data Split: 80% training / 20% testing (fixed seed).

The hardware utilised is the same desktop as in the previous experiment.

Hardware:

e CPU: AMD Ryzen 9 7950X 16-Core Processor

e GPU: NVIDIA GeForce RTX 4080 (16 GB VRAM)

e RAM: 32 GB (2 x 16 GB) DDR5 5200 MHz

e Hard Drive: SSD 500 GB (181 GB free out of 487 GB)
e 0OS: Windows 11

5.3.1 Model Architecture

As stated in the introduction, changes to the visual branch of the model were made to
improve efficiency and performance. The stacked convolutional approach with the LSTM
underperformed and was replaced by a pyramidical CNN-LSTM stack to compress spatial
information hierarchically reducing overhead and redundancy. Fusion layers were also

enhanced by applying gating mechanism to better evaluate the contribution the weights from
the different modalities.

Table 9 - Model Components of the Third Experiment

Component

Description

Audio Branch

MFCC input (100x13) - Masking - 1D CNN (64 filters) - BatchNorm - Global
Average Pooling - Dense(64, ReLU).

Text Branch

Precomputed text embeddings (50-dim) - Dense(64, ReLU) - Dropout(0.2).

Demographic
Branch

Actor metadata (age/sex features) - Dense(32, ReLU) = Dropout(0.2).

Visual Branch

10 RGB frames (224x224) - TimeDistributed CNN (Conv2D x3 with pooling &
batchnorm, Global Avg Pool) - BiLSTM(64, bidirectional) - Dense(128, ReLU).
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Component Description

Dense(1, sigmoid) applied to audio, text, and visual encodings, producing learnable

Gating Mechanism
& importance weights for each modality.

Fusion 1: Audio- ||Concatenation of gated audio, gated text, and demographics - Dense(128, ReLU) >

Text-Demo Dropout(0.3).
Fusion 2: Visual- Concatenation of gated visual and demographics - Dense(128, ReLU) -
Demo Dropout(0.3).

Concatenation of Fusion 1 and Fusion 2 - Dense(256, ReLU) - Dropout(0.4) -

Final Fusion
Dense(128, RelLU).

Output Heads Five parallel heads: 3 x classification, 2 x regression

Loss Functions:
e Categorical Crossentropy (for classification tasks)
e Mean Squared Error (for regression tasks)
Loss Weights:
e response_output: 1.5
e displayed_output: 1.0
e response_level: 0.5
e displayed_level: 0.2
e displayed_valence: 1.0

Optimizer: Adam (learning rate = 1e-4)
Precision Policy: Mixed precision (float16) enabled on GPU
Training Duration: 15 epochs (roughly 20 minutes per epoch, for a total of 5 hours

aproximately)
Batch Size: 16

Total parameters: 320,789
Trainable parameters: 320,213

Non-trainable parameters: 576’
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Figure 12 - Simplified flow of the Third Experiment mode
5.3.2 Training and Evaluation Metric
Table 10 - Classification results of the 3rd Experiment
Output Training Accuracy Validation Accuracy

Displayed Output 93.4% 95.9%
Response Output 57.1% 57.6%
Displayed Valence 93.6% 95.3%
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Figure 13 - Classification metrics evolution in the Third Experiment

Increasing the number of rounds and by adapting the model slightly to optimize, an increase
in run time performance was noticed (a reduction of 10 minutes per round on the same setup
as the previous experiment) as well as an increase in all metrics. However, the response
output remains with a lower than desirable value, while showing some unstable fluctuations.
During training it was noted that it stabilized around the 13" epoch, as the last epochs all had

a similar result.

Table 11 - MAE results of the 3rd Experiment

Output Training MAE||Validation MAE
Displayed Level 0.0431 0.0339
Response Level 0.2014 0.2015
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Figure 14 - MAE evolution in the Third Experiment

5.4 Experiment Report: Trial 4 — Federated Multimodal
Emotion Recognition on CREMA-D

To conclude the development and trial of the system, the last developed prototype takes the
model of the previous experimented and is integrated into the Federated framework. Data
processing is slightly adjusted. To simulate the decentralised approach, clients access a
dynamic portion of data, based on how many connect to the server. In the current example,
since the experiment uses desktop, each client would access 50% of the total data, assigning
via round-robin, so they can access similar data files. The remainder of features being
evaluated and processed remains the same:

e Displayed emotion (actor’s expressed emotion)
e Perceived (response) emotion (listener’s interpretation)
e Displayed and response emotion intensity levels (regression)

e Displayed valence (positive / neutral / negative categories)

The preprocessing of data is as follows:
Clips Used: Filtered and aligned using clipName and HDF5 indices

Modality Inputs:
e Audio: MFCCs, shape (100 x 13), normalized with training mean/std.
e Text: 50-dimensional embeddings, preprocessed and normalized.

e Visual: 10 RGB frames per clip, resized to 224 x 224, normalized.
75



Labels:

Demographics: Structured metadata features.

displayed_output: categorical (actor’s displayed emotion)
response_output: categorical (listener’s perceived emotion)
displayed_level: float in [0, 1] (displayed intensity)
response_level: float in [0, 1] (perceived intensity)

displayed_valence: categorical (positive/neutral/negative)

Data Split: Linear equal split by clients where does a 80% training / 20% testing (fixed seed)
internally for their own data.

The hardware utilised is the same desktop as in the previous experiment for client 1:

Hardware:

CPU: AMD Ryzen 9 7950X 16-Core Processor

GPU: NVIDIA GeForce RTX 4080 (16 GB VRAM)
RAM: 32 GB (2 x 16 GB) DDR5 5200 MHz

Hard Drive: SSD 500 GB (181 GB free out of 487 GB)
0OS: Windows 11

A second desktop is used as client 2. They share the same hardware however the disk space
was more limited:

Hardware:

CPU: AMD Ryzen 9 7950X 16-Core Processor

GPU: NVIDIA GeForce RTX 4080 (16 GB VRAM)
RAM: 32 GB (2 x 16 GB) DDR5 5200 MHz

Hard Drive: SSD 500 GB (17,2 GB free out of 487 GB)
OS: Windows 11

The server was deployed in a virtual machine, using a minimal setup due to the lack of
available resources

Hardware:

CPU: Intel® Xeon® Silver 4210 CPU @ 2.20 GHz
RAM: 32 GB
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e Hard Drive: SSD 100 GB (38,7 GB free out of 99,3 GB)
e 0S: Windows Server

5.4.1 Model Architecture

As mentioned on the experiment description, the federated experiment was the adaptation of
the centralised model of the third experiment into the federated framework, as such, the
components described in Erro! A origem da referéncia nao foi encontrada. and plot of Figure
12 remain the same in both clients during this experiment. The main notable difference
compared to the centralised experiment, is that the training was faster. Client 1 averaged on
15 minutes per epoch, while client 2 averaged on 17 minutes per epoch. This could be
explained by disk accesses to during the training and client 2 having less accessible disk space,
could have caused some I/0 access bottleneck

5.4.2 Training and Evaluation Metrics

As expected due to the split of data, the clients displayed different metric progression,
however, the results were similar between both clients, keeping in pair with the centralised
results. The results being similar to the centralised approach (with a slight drop of
performance) which is expected in the federated framework, due to the splitting of data and
weights averaging, the reduction of global training time shows that there’s potential on the
framework

Table 12 - Classification results of Client 1 during Federated Experiment

Output Training Accuracy Validation Accuracy
Displayed Output 82.2% 81.4%
Response Output 54.7% 54.2%
Displayed Valence 91.2% 91.9%
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Figure 15 - Classification metrics evolution of Client 1 during Federated Experiment

Table 13 - MAE results of Client 1 during Federated Experiment

Output Training MAE||Validation MAE

Displayed Level 0.0455 0.0414

Response Level 0.2033 0.2036
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Figure 16 - MAE metrics evolution of Client 1 during the Federated Experiment



Table 14 - Classification results of Client 2 during Federated Experiment

Output Training Accuracy Validation Accuracy
Displayed Output 82.3% 81.8%
Response Output 54.8% 55.3%
Displayed Valence 91.4% 91.9%
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Figure 17 - Classification metrics evolution of Client 2 during Federated Experiment

Table 15 - MAE results of Client 2 during Federated Experiment

Output Training MAE||Validation MAE
Displayed Level 0.0450 0.0412
Response Level 0.2031 0.2026
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Figure 18 - MAE metrics evolution of Client 2 during Federated Experiment
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5.5 Comparison with State-of-the-Art works

As mentioned in the previous chapters, the CREMA-D dataset that was used for the testing of
the development of the system, is widely used standard benchmark in the field, having been
used in several works to report the classification accuracy on displayed emotions. As such to

display the results of this dissertation, a comparison between the achieved results with the
literature will further display the capabilities of the system.

Most works in the literally only focus on the evaluation of displayed emotions, which in the
case of the works is labelled as the “displayed_output” as mentioned in the experiments, and
as such, this will be the metric used to compare with the literature.

Table 16 - Results Comparison with State-of-the-Art works

Method / Work

Modalities Used

Task Type

Reported Performance
(CREMA-D)

Notes

This work — FL Clients 1 &
2

Audio + Video +
Text +
Demographics

Multi-task
classification +
regression

Displayed Output
Accuracy: Client 1 =
81.8%, Client 2 =81.7%

Federated, client-
specific

(Salas-Caceres et al., 2025)

Audio + Video

Classification

Accuracy = 81.4%

Fusion + LSTM

(Mocanu, Tapu and
Zaharia, 2023)

Audio + Video

Classification

Accuracy = 76.3%

Cross-modal audio-
visual fusion
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Method / Work

Modalities Used

Task Type

Reported Performance
(CREMA-D)

Notes

(Islam, Karray and

Multi-stage fusion

Audio + Video Classification Accuracy = 84.6%
Muhammad, 2025) network
Lightweight model with
(Radoi and Cioroiu, 2024) Audio + Video Classification Accuracy = 74.2% uncertainty-based

learning

As shown in Table 16, it is showcased that the models developed in this work achieve
competitive performance on the CREMA-D dataset. For instance, FL Clients 1 and 2 reach
displayed output accuracies of 81.8% and 81.7%, respectively, surpassing several recent
audio/video-based approaches such as (Salas-Caceres et al., 2025), (Mocanu, Tapu and
Zaharia, 2023) and (Radoi and Cioroiu, 2024), which report accuracies of 81.4%, 76.3% and
74.2%, respectively.

While most prior studies focus exclusively on displayed emotion classification, our approach
extends the evaluation to multi-task predictions, including displayed valence, perceived
response, and intensity regression. Notably, the ability to capture both categorical and
continuous emotion representations demonstrates the flexibility of the proposed system and
highlights the benefits of incorporating multimodal inputs (audio, video, text, and
demographic data).

Additionally, the client-specific evaluation in a federated learning setting indicates that each
client can maintain high performance locally while contributing to the broader model without
sharing sensitive data. This approach contrasts with traditional centralized SoTA models,
providing not only competitive accuracy but also enhanced privacy and adaptability across
heterogeneous client data.

Overall, these results confirm that the proposed system is not only competitive with modern
state-of-the-art works on CREMA-D but also introduces unique capabilities in multi-task and
privacy-aware emotion recognition.

5.6 Chapter conclusions

During the development of the multiple prototypes, we could verify some progress on the
development of the framework establishing a good basis for the project architecture. The
gradual increase in the performance of the model with the performed changes was tangible
but still leaving room for improvements.
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Figure 19 - Global metrics of displayed level MAE
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Figure 20 - Global metrics of response level MAE

82



Global Comparison - Displayed Output
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Figure 21 - Global metrics of displayed output accuracy
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Figure 22 - Global metrics of displayed valence accuracy
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Figure 23 - Global metrics of response output accuracy

Observing the progress of the multiple evaluated metrics across the experiments, the
evolution in the centralised experiments is noticeable, especially visible across the accuracy
metrics, while the regression metrics tend to stabilise early enough across all experiments,
fluctuating in very small changes, almost unnoticeable if we reduced the scale of accuracy.
The increase of 10 epochs to 15 epochs also shows the potential growth of the model. Given
the current evolution, displayed valence accuracy and displayed output seem to be stabilising
but response output still has some growth room, a possible experiment with a higher number
of epochs could get closer to the actual metrics ceiling. The regression metrics seem to
achieve their ceiling fairly early on, leaving room low room for improvement with the current
model.
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6 Conclusions

6.1 Main conclusions

The presented CAPE framework demonstrates a promising approach for multimodal emotion
recognition in a federated learning setting. While certain evaluation metrics, such as the
response_output, still show lower-than-desired performance, the system achieves
competitive results in other key metrics, particularly displayed_output and displayed_valence.
For instance, both FL Client 1 and Client 2 reached displayed output accuracies above 81%,
which surpasses several recent state-of-the-art multimodal approaches evaluated on the
CREMA-D dataset.

From a scientific perspective, this work provides a concrete proof-of-concept that a federated
deployment does not significantly compromise model performance compared to centralized
environments. The system successfully preserves the privacy of sensitive user data while
maintaining high classification accuracy, demonstrating the feasibility and advantages of a
privacy-aware federated approach.

The integration of multiple modalities—audio, video, text, and demographic information—
was shown to contribute positively to performance, highlighting the importance of
multimodal fusion in emotion recognition tasks. This finding supports the notion that
combining diverse sources of information can improve the robustness and generalization of
emotion prediction models.

Although some research questions related to RQl, specifically the integration with NLP
models for chatbot interaction or with recommendation systems, remain open, the work
thoroughly addresses RQ2. It confirms that federated learning can be effectively applied to
multimodal emotion recognition without a significant trade-off in performance. Moreover,
the architecture, supported by a scientific publication, positions the CAPE framework as a
solid foundation for further research and development.

6.2 Future Work

Several directions remain for the continued improvement and application of the CAPE
framework:

1. Optimization of Emotion Recognition Models: While the multi-task approach
provides valuable insights into both classification and regression of emotional states,
metrics such as response_output accuracy remain below the desired threshold.
Future work should focus on refining model architectures and exploring advanced
fusion strategies to enhance performance further.
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2. Computational Efficiency: The current framework presents challenges in terms of
runtime and resource requirements. Future development will aim to optimize models
for deployment on lower-cost hardware, enabling broader accessibility and scalability.

3. Extended Application and Integration: The current work has not fully explored
integration with NLP-based systems or recommendation engines. Future studies could
incorporate CAPE into interactive systems, such as chatbots or adaptive interfaces, to
evaluate real-world utility.

4. Scientific Dissemination and Collaboration: The results achieved provide a strong
foundation for publication in scientific journals and conferences. Future work will aim
to document and present the findings to the research community, fostering
collaboration and contributing to advancements in federated, multimodal emotion
recognition.

5. Exploration of Novel Metrics: Further research should also investigate additional
evaluation metrics that capture nuanced aspects of perceived emotion, extending the
framework beyond standard classification accuracy and regression measures.

The last step being left open is the adaptation of the work presented in this dissertation to be
organised and presented on a scientific magazine, displaying the progress of the development
of the project.
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