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Abstract

Delivering high-quality multimedia experiences at scale requires objective Quality of Experi-
ence (QoE) models that reliably approximate human perception across heterogeneous contents,
devices, and network conditions. Subjective user studies remain the reference standard for as-
sessing perceived quality, but they are costly, time-consuming, and impractical for continuous or
large-scale monitoring. Consequently, service providers and system designers increasingly rely
on objective, learning-based models to predict and manage QoE in real time. Yet, existing ap-
proaches often fail to generalize across content types, devices, and operating conditions, leaving
a persistent gap between measurable system parameters and what users actually experience.

This dissertation addresses the general problem of defining, training, and deploying learning-
based QoE models. It develops a two-layer conceptual framework encompassing both service-
level QoE, which models user experience as a function of network and application behavior, and
content-level QoE, which assesses the perceptual quality of visual media itself. Across these com-
plementary layers, the thesis demonstrates how data-driven methods can extract task-relevant fea-
tures, learn perceptual dependencies, and achieve resource-efficient deployment. Together, these
studies outline a methodological paradigm for learning-based QoE estimation applicable to inter-
active and immersive media services across diverse multimedia contexts, including conversational,
streaming, immersive, and biometric applications. The proposed methodology demonstrates how
QoE modeling principles can be adapted to different media types, learning paradigms, and de-
ployment settings. Each study corresponds to a peer-reviewed publication, collectively forming a
systematic progression of research that advances toward a consistent methodology for perception-
aware QoE prediction.

The proposed framework is built around five pillars: (i) signal design, identifying task-relevant
cues from application, network, and content while removing noise and redundancy; (ii) temporal
modeling, capturing sequential dependencies and dynamic effects that shape perceived quality
over time; (iii) multi-view fusion, enabling learning from integrating heterogeneous or partially
shared data sources; (iv) multi-projection fusion, enabling learning from complementary feature
spaces including multi-projection representations for 3D volumetric media; and (v) computational
efficiency, ensuring the resulting models are lightweight, scalable, and suitable for real-time or
edge deployment.

Using this framework, the dissertation develops several specialized models: an application-
telemetry-driven QoE predictor for real-time audiovisual Web Real-Time Communication (We-
bRTC) conversations; a transformer-based estimator for adaptive video streaming that encodes
start-up delays, quality switches, and stalls; a collaborative multi-view learning approach that
supports privacy-preserving QoE modeling under distributed data constraints; and a no-reference
point cloud quality assessment (NR-PCQA) model that employs multi-projection features and
adaptive view weighting to evaluate volumetric content without pristine references. A final case
study on face image quality assessment (FIQA) demonstrates the adaptability of these design
principles, highlighting the generality and deployability of the framework.

Across these chapters, the models show strong correlation with subjective judgments, ro-

bustness to variations in content and devices, and favorable computational profiles for real-time
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operation. They establish consistent evaluation protocols and feature analysis procedures that
promote interpretability, reproducibility, and cross-context reliability. Collectively, the contri-
butions provide a general recipe for objective QoE modeling to design the right signals, model
temporal dependencies, fuse complementary and multi-projection views, and optimize for effi-
ciency validated across diverse datasets and multimedia modalities.

Overall, this dissertation bridges the gap between QoE theory and practical implementation,
offering a comprehensive, data-driven framework for predicting human-perceived quality across

interactive, streaming, and immersive media.
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Introduction

1.1 | Motivation

The rapid growth of real-time communication, adaptive video streaming, and emerging volumet-
ric/Extended Reality (XR) media has intensified the need for objective predictors of human-perceived
quality that are accurate, robust, and deployable [1]. Subjective tests remain the gold standard but
are costly, slow, and difficult to reproduce at scale. Service operators therefore rely on objective,
data-driven models to monitor and optimize quality in the wild; yet, existing models often struggle
to generalize when content, device, user context, or network conditions change. This thesis is moti-
vated by the gap between what can be measured automatically and what users actually perceive in
diverse, evolving multimedia ecosystems.

A first driver is heterogeneity and domain shift [2]. Modern services span heterogeneous contents
(natural scenes, screens, videos, point clouds), devices (mobile/desktop/VR), codecs, and transport
conditions. Models trained in one setting frequently degrade in another due to distribution shifts
and dataset bias. A practical methodology must therefore emphasize signal design (choosing the
right indicators), regularization and fusion across different views, and validation protocols that test
cross-context robustness rather than single-dataset accuracy alone.

A second driver is temporal dynamics. Perception is not a static function of independent frames
or aggregates; therefore, recency, duration, and order of events (e.g., start-up delay, quality switches,
stalls, jitter) shape how users judge overall quality. Conversational Quality of Experience (QoE)
depends on interactive latency and smoothness, while streaming QoE depends on event sequences
across the session. This motivates sequence-aware models that encode long-range dependencies and
attention to salient events, moving beyond snapshot predictions.

A third driver is data fragmentation and privacy. Valuable signals are often distributed across
organizations, applications, or devices, and in many cases cannot be pooled due to business sensitivity

or privacy regulations (e.g., GDPR). Classical centralized training is unrealistic; instead, methods



Chapter 1. Introduction 1.2. Research Challenges

must leverage complementary feature views and partial datasets while avoiding raw-data sharing.
This motivates multi-view learning that fuses information at the representation level and supports
collaborative modeling under real constraints.

A fourth driver is the rise of new media types where reference signals are scarce or unavailable.
Point clouds and volumetric content introduce geometric sparsity, view dependence, and rendering
pipelines that differ fundamentally from 2D video. Many operational scenarios require a no-reference
(NR) assessment that remains aligned with human judgments. This motivates multi-projection fea-
ture extraction and adaptive view weighting that capture perceptually relevant cues without needing
pristine references.

Finally, a fifth driver is deployment efficiency [3]. Real-time and edge settings impose strict la-
tency, memory, and power budgets. Models must be compact and computationally tractable without
sacrificing fidelity, and they should expose clear trade-offs between accuracy and efficiency. This
motivates architectures and fusion strategies that are lightweight by design, with explicit reporting
of Floating Point Operations (FLOPs), memory, and inference time alongside accuracy metrics.

Accordingly, this dissertation conceptualizes QoE modeling as a two-layer problem. The service-
level layer focuses on how network and application behaviors, such as delay, jitter, and adaptation
dynamics, influence the user’s conversational and streaming experience. The content-level layer, by
contrast, targets the perceptual quality of visual and immersive media itself, including 2D video, 3D
point clouds, and biometric imagery. Together, these layers form a unified perspective that connects
system behavior with perceptual outcomes, enabling the design of scalable and adaptive QoE models
applicable across heterogeneous multimedia contexts.

Taken together, these considerations motivate a thesis that formulates a two-layer conceptual,
learning-based framework for objective modeling of perceived quality, and then instantiates and
validates the framework across complementary service and content-level domains and use cases, each

corresponding to a dedicated chapter.

1.2 | Research Challenges

Advancing objective models of human perceived quality requires understanding both service-level
factors that shape user experience and content-level factors that influence perceptual quality, which
is a lined with bridging a persistent gap between what systems can measure automatically and what
users actually experience. Multimedia ecosystems are inherently heterogeneous; contents range from
natural scenes and screen recordings to images and 3D point clouds; delivery spans mobile and
desktop devices, variable codecs, and fluctuating networks. Models that perform well in one regime
often degrade in another because of distribution shift and dataset bias. A central challenge, therefore,

is to design modeling pipelines that remain reliable under such cross-domain variation rather than
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optimizing narrowly for a single dataset or operating point.

Perception in communication and streaming is also fundamentally temporal. Start-up delays,
quality switches, stalls, jitter, and conversational latencies do not affect users independently; their
order, duration, and recency shape the overall judgment of quality. Static or aggregate features
obscure these dependencies, leading to predictors that miss key perceptual phenomena (e.g., “stall
memory” effects or the asymmetry between early and late impairments). Capturing long-range struc-
ture and event salience is thus a prerequisite for precise estimation of perceived quality in sequential
services.

At the same time, observability is imperfect. Application-layer telemetry, such as Web Real-Time
Communication (WebRTC) logs, contains rich but noisy, partially redundant indicators. Without
principled screening and ablation, models risk overfitting to imprecise correlations and becoming
fragile in deployment. The methodological challenge is to extract compact, stable signal sets that
retain explanatory strength while remaining interpretable enough to guide engineering decisions.

Data governance introduces a further constraint. Useful signals are frequently fragmented across
organizations, entities, studies, or dataset features, and privacy or business rules prevent raw-data
pooling. Classical centralized training is often infeasible. The challenge is to recover the benefits of
comprehensive information under partial observability, enabling collaborative learning that respects
privacy constraints while still exploiting complementarity between different views.

Emerging content-level modalities, such as point clouds and volumetric video, intensify these is-
sues. Volumetric and point cloud content exhibit geometric sparsity, view dependence, and rendering
artifacts that differ from 2D imagery. In many operational scenarios, pristine references are unavail-
able, so models must infer perceptual quality without reference signals. Designing NR assessors that
remain aligned with human judgments and that can adapt multiple projections or viewpoints derived
by a 3D object through adaptive fusion and integration poses both algorithmic and computational
challenges.

Finally, deployment imposes hard resource constraints. Real-time and edge settings demand
predictable latency and a low memory footprint. Highly accurate but heavy models are unusable in
practice; the challenge is to make accuracy-efficiency trade-offs explicit and to deliver architectures
whose runtime profiles match system budgets.

Taken together, these challenges motivate a conceptual, learning-based QoE framework that (i) se-
lects and stabilizes task-relevant signals under heterogeneous conditions, (ii) encodes temporal struc-
ture where perception is sequential, (iii) enables learning under fragmented and privacy-constrained
data, (iv) supports NR assessment for emerging modalities, and (v) remains efficient and deploy-
able (FIQA use case). Subsequent chapters instantiate this framework in concrete use cases, each
addressing different aspects of these challenges, from service-level QoE in conversational and stream-
ing systems to content-level QoE in immersive and perceptual quality applications, quantifying its

effectiveness and generality across diverse multimedia contexts.

3
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1.3 | Research Questions

Based on the challenges outlined overhead, this doctoral research is guided by a set of core questions.
The research questions operationalize the thesis aims into testable inquiries that cover predictive
validity, generalization across domains and devices, privacy-aware learning with partial information,
and deployability under resource constraints.

Each question is grounded in one or more pillars of the proposed conceptual framework, sig-
nal design, temporal modeling, multi-view fusion, multi-projection fusion, and computational effi-
ciency, and corresponds to a concrete modeling strategy validated through controlled experiments,
ablation analyses, and cross-context evaluations. Performance is reported with rank and linear cor-
relations (Spearman Correlation Coefficient (SCC)/ Pearson Correlation Coefficient (PCC)), error
metric (RMSE), and, where applicable, R?, alongside statistical significance, calibration, and re-
source profiles (memory, FLOPs). Together, these research questions form a coherent progression
from service-level QoE modeling (interactive and streaming systems) to content-level QoE modeling
(3D and perceptual imagery), ultimately converging in a methodological paradigm for perceptual
quality prediction.

RQ1. (Signals that matter - WebRTC) To what extent can carefully curated application-layer
telemetry from WebRTC predict conversational QoE under controlled impairments, and which indi-
cators (e.g., freeze burstiness, RTT tails, encoder/adaptation dynamics, audio concealment) are the
dominant drivers of prediction across contents and impairment types? (Chapter 2: WebRTC QoE)

RQ2. (Time matters - Streaming) Does a sequence-aware estimator that encodes per-segment /session
Key Performance Indicators (KPIs) and attends to salient events (start-up delay, switches, stalls) out-
perform standard streaming models across devices, and how robust is it under train/test device shifts
and variations in event timing and duration? (Chapter 3: Streaming QoE)

RQ3. (Share without sharing - Multi-view QoE) Can representation-level fusion of complementary
feature views approximate full-view accuracy without sharing raw data, and how does performance
degrade (or remain stable) under view imbalance, missing views, and cross-dataset settings? (Chapter
4: Multi-View QoE)

RQ4. (Modality-agnostic design - NR-PCQA) Can an NR, multi-projection point cloud model
with adaptive view weighting achieve state-of-the-art SCC/PCC and reduced RMSE under practical
compute budgets, while remaining robust to content-level diversity, projection choices, and rendering
conditions? (Chapter 5: NR-PCQA)

RQ5. (Deployability - Efficiency coverages) What inference time, memory, and FLOPs envelopes
are sufficient for online estimation across the studied scenarios, and what accuracy-efficiency trade-
offs emerge across backbones and fusion strategies when targeting real-time and edge constraints?
(Chapter 6: FIQA case study)

A concluding synthesis chapter revisits these research questions collectively, reflecting on the

4
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empirical findings, methodological trade-offs, and open challenges observed across both service-level
(interactive and streaming) and content-level (volumetric and perceptual) QoE modeling, figure 1.1.
It further outlines future directions in personalization, uncertainty-aware decision support, and cross-

domain adaptation.
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Figure 1.1: Illustration of the conceptual organization of the dissertation, mapping the research
questions to the corresponding modeling activities and chapter-level contributions across service-
level and content-level QoE.
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1.4 | Aims and Objectives

Together, these objectives operationalize the proposed two-layer framework for learning-based QoE
modeling, integrating service-level and content-level perspectives under a unified methodological
paradigm.

The two-layer conceptual framework proposed in this thesis directly addresses the core questions
introduced earlier, with each solution instantiated and validated in peer-reviewed publications. To-
gether, these objectives form a systematic progression of studies, where successive publications build
on earlier insights to gradually shape a methodological paradigm for objective QoE prediction. The
overarching aim of this dissertation is to develop and validate a learning-based framework for objective
modeling of human-perceived quality that remains reliable across heterogeneous contents, devices,
and network conditions, and that is efficient enough for online monitoring and control. The doctoral
study treats both service-level QoE (e.g., WebRTC conversations, adaptive video streaming) and
content-level perceptual quality assessment (e.g., Image Quality Assessment (IQA) and Point Cloud
Quality Assessment (PCQA)), showing how common design principles, signal selection, temporal en-
coding, multi-view fusion, and efficiency can be instantiated across distinct use cases. Corresponding
to the research questions outlined above, the main objectives of this dissertation are as follows.

Objective 1: Signal design for conversational QoE - Addressed through the research
presented in Chapter 2, which is based on the publication [4]. Application-layer telemetry
from webrtc-internals is rich but noisy. This objective establishes a principled pipeline that collects
audiovisual call sessions under controlled impairments (packet loss, jitter, rate limiting, delay) with
matched MOS, harmonizes the logs, and selects a compact, non-redundant set of task-relevant signals
via correlation/Analysis of Variance (ANOVA) statistical analysis and redundancy checks, followed
by training lightweight regressors to predict conversational QoE. The result is a reproducible feature-
curation recipe and an accurate, compact predictor suitable for online use, with sensitivity and
ablation analyses identifying the most influential factors. (Thesis chapter 2: WebRTC QoE)

Objective 2: Temporal modeling for adaptive streaming QoE - Investigated through
the study presented in Chapter 3, derived from the work published in [5]. Session qual-
ity in adaptive streaming depends on the sequence and timing of events, including start-up delay,
quality switches, and stalls. So this objective develops a sequence-aware QoE estimator that encodes
per-segment and session KPIs and uses transformer attention to capture long-range dependencies
and emphasize salient impairments. The pipeline standardizes sequentialization and normalization
of KPIs, handles variable-length sessions, and trains lightweight models that outperform standard
baselines while remaining robust under cross-device and train/test shifts. The result is a generalizable
temporal QoE modeling framework with systematic comparisons to established baselines and explicit
cross-device validation. (Thesis chapter 3: Streaming QoE).

Objective 3: Collaborative multi-view learning under data constraints - This ob-
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jective is fulfilled through the methodology and results reported in Chapter 4, which
extend the work published in [6]. Informative QoE signals are often fragmented across entities or
datasets, where privacy and governance rules prevent raw data pooling. This objective introduces a
multi-view learning scheme that fuses intermediate representations from complementary feature views
to approximate full-view performance from partial observations, without sharing raw samples. The
chapter provides an architectural recipe (per-view encoders with a shared fusion head), training and
consistency strategies for uneven /missing views, and empirical evidence of privacy-preserving, collab-
orative QoE modeling, including analyses of view complementarity, robustness under view ablations,
and identified failure modes. (Thesis chapter 4: Multi-View QoE).

Objective 4: NR modeling for PCQA - This objective is realized through the study
presented in Chapter 5, which builds upon the study in [7]. Volumetric/point cloud media
often lack pristine references, yet operators need NR predictors that remain aligned with human
perception. This objective proposes a multi-projection, adaptive weighting NR-PCQA model; a fixed
set of 2D projections is rendered from each point cloud, view-specific features are extracted with
lightweight backbones, and a content-adaptive fusion module assigns weights to aggregate these cues
into a single quality score without relying on references. The result is a modality-agnostic NR model
that attains state-of-the-art rank/linear correlations with reduced error under practical compute
budgets; ablation studies quantify the contribution of each view, the effect of projection count, and

robustness across diverse contents and rendering conditions. (Thesis chapter 5: NR-PCQA).

Objective 5: Efficiency and deployability - Pursued through the study presented in
Chapter 6, an extended version of the research in [8]. This objective tests whether the thesis
principles transfer to face image quality assessment (FIQA) under tight efficiency constraints. The
unified methodology is adapted by (i) curating face-specific signals (e.g., sharpness/blur, exposure,
pose, occlusion, alignment confidence) alongside compact deep features; (ii) employing efficient back-
bones (e.g., MobileNetV3/ShuffleNet) with lightweight heads; and (iii) optimizing correlation-aware
losses to maximize SCC/PCC while controlling RMSE. The pipeline is profiled end-to-end under
strict memory and hardware budgets, with ablations over input size and model width to trace ac-
curacy and efficiency trade-offs. The result is a deployment-feasible FIQA model and evidence that
the same design choices, like signal selection, efficient architectures, and careful objective design,
generalize beyond media quality, reinforcing the overall approach. (Thesis chapter 6: FIQA case
study).

Objective 6: Research insights and future work - Addressed in Chapter 7. The final
chapter summarizes the proposed conceptual two-layer QoE assessment framework, highlighting its
substantial benefits, wide applicability, scalability, and strong potential for real-time multimedia ser-
vice implementation. It concludes the dissertation by synthesizing the key findings from all chapters

and outlining future research directions. (Thesis chapter 7: Research insights)
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1.5 | List of Publications and Awards

1.5.1 | International Conferences

Ma, S., Chen, W. T., Gao, Q., Wang, J., Zhou, C. W., Sun, W, ... & Yue, Y. (2025). VQualA
2025 Challenge on Face Image Quality Assessment: Methods and Results. Accepted in ICCVW
2025. arXiv preprint arXiv:2508.18445.

Hamidi, M., Amirpour, H., Atzori, L., & Timmerer, C. (2025). A lightweight ensemble-based
face image quality assessment method with correlation-aware loss. Accepted in ICCVW 2025.
arXiv preprint arXiv:2509.10114.

Hamidi, M., Amirpour, H., Atzori, L., & Timmerer, C. (2025). Perceptual JND Prediction
for VMAF Using Content-Adaptive Dual-Path Attention. In 2025 International Conference on

Visual Communications and Image Processing (VCIP). Accepted.

Hamidi, M. (2025). Learning-Based Objective Perceptual Quality Models Across Interactive
and Immersive Media. In 2025 International Conference on Visual Communications and Image

Processing (VCIP) - Doctoral Symposium Track. Accepted.

Hamidi, M., Porcu, S., Floris, A., & Atzori, L. (2025, Sep). MVAW-PCQA: A No-reference
Point Cloud Quality Assessment via Multi-View Adaptive Weighting. In 2025 17th Interna-
tional Conference on Quality of Multimedia Experience (QoMEX). Accepted.

Hamidi, M. A., Porcu, S., Floris, A., & Atzori, L. (2025, June). A Transformer-Based Mod-
eling Approach for Robust QoE Estimation in Video Streaming. In 2025 23rd Mediterranean
Communication and Computer Networking Conference (MedComNet) (pp. 1-6). IEEE.

Hamidi, M., Porcu, S., Floris, A., & Atzori, L. (2024, June). Towards the Application of Mul-
tiview Learning in Quality of Experience Collaborative MModeling In 2024 16th International
Conference on Quality of Multimedia Experience (QoMEX) (pp. 286-292). IEEE.

Hamidi, M., Bingol, G., Floris, A., Porcu, S., & Atzori, L. (2023, December). Analysis of
Application-layer Data to Estimate the QoFE of WebRTC-based Audiovisual Conversations. In
2023 IEEE Globecom Workshops (GC Wkshps) (pp. 365-370). IEEE.

1.5.2 | Awards

m First Rank — VCIP 2025 Grand Challenge on Live Broadcasting Video Quality Assessment.
B Second Rank — VCIP 2025 Grand Challenge on Image Manipulation Quality Assessment.
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® Fourth Rank (Top 5) — VQualA (ICCV 2025) Face Image Quality Assessment Challenge.

1.6 | Dissertation Structure

The present thesis addresses the development of learning-based objective models for estimating the
QoE across interactive and immersive multimedia services.

It develops a two-layer conceptual framework encompassing;:

B a service-level QoE layer, which models user experience as a function of network and application

behavior, and

m a content-level QoE layer, which evaluates the perceptual quality of visual and volumetric

media.

Across these complementary layers, the proposed framework integrates statistical analysis, feature
selection, and machine learning strategies to bridge the gap between measurable system indicators
and subjective human perception. Each chapter of the thesis contributes to one or more pillars
of this framework, including signal design, temporal modeling, multi-view fusion, multi-projection
fusion, and computational efficiency, progressively building toward a methodological paradigm for
learning-based QoE prediction.

The thesis is organized into six chapters as follows:

m Chapter 1 — Introduction. This chapter presents the background and motivation for the re-
search, highlighting the need for reliable, data-driven QoE models that generalize across hetero-
geneous contents, devices, and network conditions. It introduces the main research challenges,

objectives, and questions, and outlines the methodological pillars of the proposed framework.

m Chapter 2 —- WebRTC Conversational QoE from Application-Layer Telemetry (We-
bRTC QoE). This chapter investigates the feasibility of predicting user-perceived quality
in real-time audiovisual communications using only application-layer telemetry collected from
webrtc-internals. A statistical feature selection pipeline based on the PCC and ANOVA is pro-
posed, followed by regression modeling using tree-based and neural approaches. Experimental
results demonstrate that the selected features achieve strong correlation with subjective ratings,

and the Multi-Layer Perceptron (MLP) model outperforms state-of-the-art QoE predictors.

m Chapter 3 — Temporal Modeling for Adaptive Video Streaming QoE (Streaming
QoE). This chapter extends the proposed framework to HTTP Adaptive Streaming (HAS)
services, where user-perceived quality depends on time-varying events such as start-up delays,

quality switches, and playback stalls. A sequence-aware transformer-based model is developed

9



Chapter 1. Introduction 1.6. Dissertation Structure

to capture the temporal dependencies between streaming events and user judgments. The chap-
ter highlights the advantages of temporal encoding over snapshot-based models and provides

extensive cross-device validation.

m Chapter 4 — Collaborative Multi-View Learning for QoE Prediction (Multi-View
QoE). This chapter explores QoE estimation in distributed environments where data are frag-
mented across multiple entities or feature views and cannot be shared directly due to privacy
constraints. A multi-view learning approach is proposed to fuse latent representations across
views without exchanging raw data. The results demonstrate that collaborative representation

fusion can recover performance close to that of centralized models while preserving data privacy.

m Chapter 5 — No-Reference Point Cloud Quality Assessment (NR-PCQA). The method-
ology is extended to volumetric media, where reference content is often unavailable. A PCQA
model is proposed, combining multi-projection feature extraction with adaptive view weight-
ing. This approach achieves state-of-the-art performance in terms of correlation with subjective

scores and robustness across different datasets and projection settings.

m Chapter 6 — Efficiency and Practical Deployment (FIQA Case Study). This chapter
validates the generality and deployability of the proposed methodology by applying it to Face
Image Quality Assessment (FIQA). The same design principles signal selection, lightweight
feature extraction, and regression modeling are adapted under technical constraints, including
Memory used, FLOP operations, and inference time. The results demonstrate that the pro-
posed framework remains effective for real-time and edge-based systems, achieving competitive

accuracy with compact architectures and correlation-aware loss functions.

m Chapter 7 — Research Insights and future perspectives. The final chapter summarizes
the main findings and contributions of the thesis. It discusses the implications of the proposed
unified methodology, emphasizing its generality, scalability, and potential for deployment in
real-time multimedia services. Future directions include extending the framework to feder-
ated learning, uncertainty-aware decision support, and cross-modal quality prediction across

emerging immersive applications.

Overall, the thesis contributes a consistent and validated framework for objective QoE modeling
that integrates statistical interpretability with data-driven efficiency. The proposed methodology
demonstrates strong predictive power, robustness, and scalability across multiple modalities, forming

a solid foundation for the next generation of perception-aware, data-driven multimedia systems.
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WebRTC Conversational QoE from

Application-Layer
Telemetry (WebRTC QoE)

2.1 | Introduction

Following the research framework and objectives presented in Chapter 1, this chapter initiates the
service-level layer of the proposed framework by addressing Objective 1: Signal Design for Conversa-
tional QoE. The focus is on developing an interpretable and data-driven methodology for predicting
QoE in real-time conversational services based on Web Real-Time Communication (WebRTC) teleme-
try. As emphasized in the introductory chapter, conversational services such as video calls and virtual
meetings are key enablers of modern communication ecosystems, where perceived quality depends on
both network-level performance and application-level behavior.

Traditional QoE estimation models often rely on network parameters that fail to capture user
perception accurately in application-layer adaptive systems. To bridge this gap, this chapter pro-
poses a fully application-layer QoE estimation method that leverages the rich telemetry exposed by
WebRTC. By extracting and modeling meaningful signal features, such as jitter, bitrate, and de-
lay, from real session data, the study aims to build interpretable QoE predictors that are accurate,
reproducible, and suitable for real-time monitoring. This represents the first practical step toward
achieving the dissertation’s broader goal of learning-based, deployable QoE models that can operate
autonomously across diverse multimedia contexts.

The increasing adoption of real-time communication (RTC) technologies has fundamentally trans-
formed how users interact in audiovisual services such as video conferencing, online education,
telemedicine, and remote collaboration. Over the last decade, WebRTC has emerged as the leading

open-source framework that enables peer-to-peer audiovisual communication directly in web browsers
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[9], without the need for additional software or plug-ins. Its flexibility, low latency, and native inte-
gration into browsers have made it the foundation for modern platforms such as Google Meet, Zoom,
and Microsoft Teams.

With the growing reliance on such real-time services, the perceived quality of communication, or
QoE, has become a central concern. While Quality of Service (QoS) metrics, such as packet loss,
jitter, and latency, describe network behavior, they do not directly reflect how users perceive the
quality of communication. In contrast, QoE captures the subjective satisfaction of users, influenced
not only by network conditions but also by encoding parameters, device capabilities, and even con-
versational dynamics. As WebRTC operates over heterogeneous networks and devices, understanding
and predicting QoE from observable system metrics is both crucial and challenging.

Traditional approaches to QoE estimation often rely on subjective testing following standardized
methodologies such as ITU-T P.910 or P.913 [10, 11]. These studies, while accurate, are time-
consuming, expensive, and not feasible for large-scale or real-time monitoring. As a result, there
has been increasing interest in objective, data-driven QoE estimation models that can automatically
infer user-perceived quality from network or application metrics [12, 13]. Most existing methods,
however, depend heavily on network-layer statistics or simulation environments, which may not fully
capture the application-level adaptation mechanisms used by WebRTC (e.g., congestion control,
bitrate adaptation, frame rate regulation).

In this context, this chapter focuses on modeling QoE at the application layer, directly from
telemetry data generated by WebRTC itself. Unlike network-level traces, these logs provide a detailed
view of the audiovisual session as managed by the browser, including send/receive bitrates, packet
loss, jitter buffer size, round-trip time (RTT), frame rate, and resolution changes. Such data offer
a valuable opportunity to build lightweight, interpretable models that can predict QoE in real time
without intrusive measurement tools.

The core objective of this chapter study is to investigate the relationship between application-
layer parameters and user-perceived QoE, and to develop an ML-based framework that can predict

perceived quality from WebRTC telemetry. To achieve this, several steps are taken:

1. A dataset of audiovisual conversations is collected under controlled network impairments, in-

cluding delay, jitter, and packet loss.

2. Subjective scores are obtained using standardized Mean Opinion Score (MOS) ratings from

participants.

3. Statistical analyses, such as the Pearson correlation coefficient (PCC) and the Analysis of

Variance (ANOVA), are employed to identify the most influential parameters.

4. Different machine learning (ML) models (e.g., Random Forest, XGBoost, and Regression Trees)

are trained and compared for their ability to predict QoE based on selected parameters.
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The significance of this study lies in its application-oriented perspective. By using the data that
WebRTC already provides, this approach eliminates the need for specialized hardware or deep packet
inspection, making it practical for real-time deployment in browsers or at the edge. Furthermore, the
insights obtained from this study inform the signal design pillar of the broader QoE modeling frame-
work introduced in this thesis, establishing which metrics are most predictive of human perception
and how they should be processed.

This chapter is organized as follows:

Section 2.2 reviews related work and research gaps on network and application-level QoE esti-
mation. Section 2.3 outlines the methodology, which includes data collection, feature selection, and
model training. Section 2.4 proposes ML models and implementations for QoE estimation modeling,
followed by the results and comparison with the state-of-the-art approaches. Section 2.5 reports the
model performance results in terms of RMSE and R?. Section 2.6 presents key findings and contri-
butions of the chapter. Finally, Section 2.7 concludes the chapter with reflections and directions for

future work.

2.2 | Background and Related Work

The estimation and prediction of QoE for real-time audiovisual communication have been widely
studied over the last two decades. The research field has evolved from early network-level QoS-based
models to more recent application-aware and data-driven approaches, many of which apply ML or
statistical methods. This section provides an overview of related work organized along three main
directions: (i) network-level QoE estimation, (ii) application-layer and hybrid approaches, and (iii)
WebRTC-specific modeling efforts.

Early studies on QoE prediction primarily focused on establishing empirical relationships between
network performance indicators such as packet loss, delay, and jitter and user-perceived quality. The
common assumption was that QoE could be expressed as a deterministic function of a limited number
of network metrics, often through non-linear regression or exponential decay models. For example,
a study in [14] conducted a subjective campaign of quality assessment on artificially generated VoIP
calls, collecting the values of network metrics associated with each test call. Similarly, [15] explored
the relationship between one-way delay, jitter, and MOS in conversational scenarios, confirming that
even small latency variations could significantly impact interactivity. These models were simple and
interpretable, but they often failed to generalize because they neglected the adaptive mechanisms of
modern multimedia applications.

More sophisticated approaches began integrating multiple QoS metrics. In the study [16], they
provided studies on three network-impaired video sets with the aim to provide a comprehensive

evaluation of the effects of networks on video quality. In study [17]|, a parametric packet-based
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model has been created to estimate user-perceived audiovisual quality of Internet Protocol Television
(IPTV) services. It is divided into three modules: audio, video, and audiovisual quality. However,
these models remained technology-dependent and relied heavily on controlled lab conditions. A key
limitation of network-level QoE models is that they require access to packet traces or deep packet
inspection (DPI). Such data are often unavailable in real deployments due to encryption, privacy
regulations, or performance overhead. Moreover, network parameters alone cannot describe how
codecs, buffers, or adaptive controls mitigate impairments. As a result, there has been a gradual

transition toward application-layer and hybrid QoE modeling approaches.

Application-layer QoE estimation methods exploit information available within the application’s
control or adaptation layer. Unlike network metrics, these indicators—such as sender bitrate, frame
rate, frame drops, buffer occupancy, or resolution changes reflect the actual experience of the end
user more directly. For adaptive video streaming, work in [18| introduced the concept of QoE-aware
bitrate adaptation, showing that metrics like rebuffering duration, quality switches, and start-up
delay are primary determinants of user satisfaction. Similarly, a study in [19] proposed the Model
Predictive Control (MPC) approach for Adaptive Bitrate (ABR) streaming, explicitly modeling how
bitrate and rebuffering jointly affect QoE. In real-time applications, a study in [20] demonstrated
that application-level parameters (e.g., encoder bitrate, frame rate, and freeze ratio) could be used

to predict perceived quality in live streaming.

Hybrid approaches combine network and application-layer data, achieving improved accuracy
but at the cost of complexity. The work in [21] argued that hybrid models can better capture
user experience under heterogeneous networks, but their deployment remains limited because of the

difficulty in synchronizing metrics from multiple layers.

The evolution of application-layer modeling has been strongly influenced by the growing adop-
tion of ML. Instead of fitting pre-defined equations, ML-based models learn non-linear relationships
directly from data. The work done by [22] and [13] used ML algorithms to predict QoE based on
the collected session data, achieving higher accuracy than classical regression models. These ad-
vances set the foundation for WebRTC-specific QoE prediction, where ML methods can directly
exploit browser telemetry. WebRTC has become the standard framework for browser-based real-time
communication, yet its QoE modeling presents unique challenges. Because it operates under highly
variable conditions—different browsers, operating systems, and devices QoE estimation must account

for both network variability and application-level adaptation.

Early work in |23] presents a model-free Deep Reinforcement Learning approach aimed at enhanc-
ing user experience by managing the data rate of media streams transmitted in the uplink direction by
a moving, remote-controlled device. The model incorporates WebRTC-compliant metrics to ensure
its seamless integration into real-world applications. Its primary objective is to maximize a reward

function specifically designed to align with users’ perceptions of video streams.

14



Chapter 2. WebRTC Conversational QoE from Application-Layer
Telemetry (WebRTC QoE) 2.2. Background and Related Work

Another study in [24] presents a comprehensive analysis of webrtc-internals tool', a powerful tool
integrated into the Google Chrome browser for gathering WebRTC statistics. Our primary objective is
to demonstrate that these statistics can effectively predict the QoE for WebRT'C video calls. Through
a series of rigorous experiments and an end-user questionnaire, we successfully collected WebRTC
Internals statistics and MOS. By applying Multiple Linear Regression (MLR), we quantified the
relationship between selected WebRTC Internals statistics and QoE, ultimately leading to a robust
prediction model for QoE in WebRTC video calls.

2.2.1 | Research Gap and Contribution

Despite the growing body of research on WebRT'C and real-time audiovisual QoE, existing approaches
still face several limitations that hinder their applicability in live, user-centric environments. A com-
prehensive review of the literature reveals persistent challenges related to data accessibility, feature
selection, and model generalization.

The main research gaps can be summarized as follows:

1. Limited integration of multiple impairment factors. Most studies analyze one impairment type
(e.g., packet loss) at a time, whereas real WebRTC calls are affected by combinations of delay,

jitter, and rate constraints.

2. Lack of systematic feature analysis. Previous models often rely on arbitrary or fixed sets of

parameters without rigorous statistical selection.

3. Absence of a reproducible pipeline. Few works document their data preprocessing, feature

correlation, or validation process, which hinders comparison and reuse.

4. Over-reliance on network metrics. Many approaches still depend on network-layer data, limiting

their deployability in end-user applications.

5. Limited focus on real-time feasibility. Complex models may provide good accuracy but are not

optimized for online or browser-based prediction.

Overall, this chapter contributes to the dissertation’s Objective 1: Signal Design for Conver-
sational QoE, by establishing the foundational framework for learning-based QoE modeling from
application-layer telemetry. This chapter addresses these gaps by introducing a fully application-
layer QoE estimation framework for WebRTC audiovisual communication. The proposed method
leverages telemetry available from webrtc-internals to construct an interpretable, data-driven model

that predicts subjective MOS scores under multiple impairment scenarios. It employs a systematic

!chrome:/ /webrtcinternals/
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signal design approach, combining correlation analysis, ANOVA-based feature selection, and ML re-
gression to build a reproducible and efficient QoE predictor. Moreover, the analysis provides insight
into which features matter most for human-perceived quality, forming a foundation for adaptive QoE
management and the broader signal-design pillar of this dissertation.

This work not only validates the feasibility of application-layer QoE prediction but also provides
the methodological basis upon which the subsequent chapters expand, first toward temporal model-
ing for adaptive streaming QoE (Chapter 3) and later toward collaborative, modality-agnostic, and

deployable QoE frameworks.

2.3 | Methodology

This section describes the experimental design, data acquisition, and modeling process developed to
estimate the QoE of WebRTC-based audiovisual communication using application-layer telemetry.
The goal is to establish a reproducible and interpretable pipeline capable of predicting user-perceived
quality directly from browser-generated metrics, without requiring deep packet inspection or network-
layer data. So, in a nutshell, the main objectives of this work are to: i) investigate the relationship
between WebRTC session parameters and the users’ QoE through statistical analysis; ii) utilize the
identified parameters to build ML-based QoE estimation models; iii) compare and discuss experi-

mental findings and model performance with the state-of-the-art.

2.3.1 | Subjective experiment

The subjective test aimed to assess the QoE of WebRTC-based audiovisual conversations under a
variety of network impairment conditions. The goal was to understand how degradations such as
delay, jitter, and packet loss rate (PLR) jointly affect users’ perception of communication quality.

Table 2.2 summarizes the test conditions (TCs) used in the study, representing different com-
binations of the three impairment factors. These parameters were chosen to emulate realistic yet
controlled network scenarios capable of stressing the built-in adaptation mechanisms of WebRTC.
The experiments were carried out using Google Chrome, which natively supports WebRTC-based
calls. Two laptop computers were connected in a peer-to-peer setup, allowing real-time audiovisual
communication through the browser.

A dedicated local network was created between the two laptops using a managed router, thereby
ensuring that the test environment remained isolated from unpredictable Internet traffic and back-
ground congestion. This isolation was crucial to guarantee reproducibility and to make sure that
the only distortions affecting the communication were those intentionally introduced in each test

condition.

16



Chapter 2. WebRTC Conversational QoE from Application-Layer
Telemetry (WebRTC QoE) 2.3. Methodology

The PyNetem tool was used to inject network impairments at the link layer. PyNetem extends
the Linux Traffic Control (tc) module by allowing precise manipulation of network delay, jitter, and
packet loss. Each combination of parameters in Table 2.2 was applied for the entire duration of a
conversation, ensuring that both participants experienced a consistent degradation throughout the
session.

The chosen impairment values may appear high compared with those typically used in Voice over
IP (VoIP) experiments. However, this choice is justified by the resilience mechanisms implemented
within the WebRTC stack and the Google Chrome browser. These include adaptive bitrate con-
trol, forward error correction (FEC), and packet retransmission strategies provided by the Google
Congestion Control (GCC) algorithm [25]. Due to these compensation techniques, WebRTC-based
applications can often maintain acceptable audiovisual quality even under moderate levels of network
stress. Therefore, stronger network distortions were necessary in this experiment to produce observ-
able differences in perceived quality and to align with the levels of distortion considered in related
QoE research [26, 27].

A total of 20 participants (11 females and 9 males), aged between 23 and 36 years, took part
in the experiment. All participants had normal or corrected-to-normal vision and hearing and were
familiar with online video calls. They were paired into 10 conversational dyads, each performing a
series of 15 conversations (one per test condition). The conversational content followed the “Who am
I7” game—a lighthearted, semi-structured task where each participant attempts to guess a celebrity
selected by their partner by asking yes/no questions in turn. This task was chosen because it creates
a natural two-way interaction that mirrors real-life conversational dynamics while ensuring consistent
speech activity across all sessions.

During each conversation, the webrtc-internals tool in Chrome was enabled to capture detailed
statistics about the ongoing communication session. These statistics included audio and video stream
metrics such as packet loss, jitter, frame rate, encoder/decoder statistics, and round-trip time. All
logs were saved locally as JSON files for later analysis and feature extraction. Each conversation
lasted approximately 60 seconds, balancing natural interaction time with participant fatigue.

After completing each session, both participants were immediately asked to rate the perceived
audiovisual quality of the conversation using the 5-point Absolute Category Rating (ACR) scale, as
recommended by ITU-T Rec. P.800 [28]. The ACR scale includes the following levels: 1 - Bad, 2 -
Poor, 3 - Fair, 4 - Good, and 5 - Excellent (see Table 2.1).

All scores were collected individually and later averaged across participants to obtain the MOS
for each test condition. Before computing the MOS, data consistency was checked, and two partic-
ipants were identified as outliers due to inconsistent rating patterns (e.g., uniform responses across
conditions). Consequently, the final MOS values reported in Table 2.2 represent the average ratings
from 18 valid participants.

The resulting MOS trends clearly show that packet loss is the most critical factor affecting au-
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diovisual quality in WebRTC conversations. Even at moderate levels (15%), packet loss significantly
reduced the perceived smoothness of the conversation, often leading to noticeable freezes and desyn-
chronization between audio and video. The impact was even more severe when packet loss was
combined with delay and jitter, causing frequent audio dropouts and visible frame stuttering, which
participants rated as “Poor” (average MOS ~ 2).

Conversely, conversations with only delay or jitter, but no packet loss, were perceived as tolerable.
Most participants described them as “slightly annoying but understandable,” corresponding to MOS
values between 3 (“Fair”) and 4 (“Good”). This suggests that WebRT'C’s congestion control and adap-
tive encoding strategies effectively mitigated delay and jitter alone but could not fully compensate
for packet losses that resulted in data corruption or missing frames.

Overall, the subjective results confirm that the perceived QoE in WebRTC-based audiovisual calls
depends on a complex interplay of network factors. Among these, packet loss remains the dominant
impairment, while delay and jitter primarily amplify its impact when occurring simultaneously. These
findings provide a strong motivation for analyzing application-layer telemetry parameters, as they
capture how WebRTC internally reacts to such distortions and how these reactions correlate with

user-perceived quality.

Table 2.1: Quality levels based on subjective scores.

Score Quality Level Description

5 Excellent Imperceptible degradation

4 Good Perceptible but not annoying
3 Fair Slightly annoying

2 Poor Annoying

1 Bad Very annoying

2.3.2 | Statistical analysis

Figure 2.1 illustrates the complete statistical analysis and data preprocessing pipeline adopted to
extract informative features from the raw telemetry logs collected through the webrtc-internals tool.
The goal of this phase was to transform the heterogeneous, time-varying WebRTC parameters into
a consistent numerical representation suitable for ML-based QoE modeling.

For each test condition T'C; (with ¢ € {1,2,...,15}), the webrtc-internals tool recorded a total of
116 WebRTC session parameters (p; j, where j € {1,2,...,116}) indexes the parameters and k €
{1,2,...,18} represents the test participants. These parameters include a broad range of indicators
describing the audio, video, and data channel performance of each WebRTC session.

Examples of such parameters are the Round Trip Time (RTT), jitter buffer delay, packets lost,

bytes sent, frames encoded, and keyframes received. Each parameter was captured as a time series
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Table 2.2: Test conditions (TCs) and MOS

]
Q

Delay (ms)

Jitter (ms)

PLR (%) | MOS

0

0

0 3.89

500

0

0 3.67

1000

0

0 3.72

500

500

0 3.44

1000

500

0 3.44

0

15 3.22

500

)

15 3.06

1000

15 2.72

OO0 || T = W DN~

500

500

15 2.33

—
o

1000

500

15 2.44

—_
—_

0

30 2.56

—
[N

500

[an)

30 2.11

—
w

1000

30 2.11

—_
S

500

500

30 1.89

—_
ot

1000

500

30 1.44

webrtc-internais data

116 WehbRTC session
parameters

(116 x VariableArrayLength)
WebRTC session parameters

Subjective Test

3 network impairments: delay,
packet loss rate, jitter

15 test conditions

20 subjects = 18 without outliers

(15 x 18) ACR scores
15 MOS values

——>|

!

Statistics Computation
7 statistical metrics: minimum,
maximum, mean, median,
standard deviation, variance, sum

(7 x (15 x 116)) Matrices of
parameter stats

ANOVA
(7 x 116) F-score and p-value matrices

Selection of the WebRTC session
parameters whose stats (at least 3)
achieved p-value < 0.001 with the MOS

39 WebRTC session parameters

Pearson Correlation Coefficient
(7 x 116) PCC score matrix

Selection of the WebRTC session
parameters whose stats (at least 3)
achieved |PCC| > 0.8 with the MOS

53 WebRTC session parameters

of the most si;
parameters

Intersection of the WebRTC session
parameters whose stats (at least 3)
achieved p-value < 0.001 and
|PCC| > 0.8 with the MOS

14 WebRTC session parameters

ML-based prediction model
Training of 4 ML algorithms
Regression tree, SVR, XGBoost, MLP

Input: 14 WebRTC session parameters

Output: estimated MOS

Figure 2.1: Overview of the statistical analysis process.
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sampled throughout the duration of the conversation, typically with one data point per second. As a
result, each WebRT'C parameter was stored as an array of variable length depending on the sampling
frequency and session duration.

To make the dataset homogeneous and manageable, the first processing step involved the ag-
gregation of telemetry data across participants for each test condition. Algorithm 1 formalizes this
procedure. Specifically, for each parameter p; ;. collected from all 18 participants under the same
TC; the parameter data were concatenated into a unified vector p; ;. This operation ensured that
random variations due to individual participant behavior were smoothed out, producing a single con-
solidated distribution per parameter and test condition. Next, we computed a set of seven descriptive

statistics for each joined parameter vector p; ;.

1. Maximum (max) — captures the upper bound of the parameter’s fluctuation range.
2. Minimum (min) — indicates the lowest observed value.

3. Mean — reflects the average behavior over the session.

4. Median — represents the central tendency, less sensitive to outliers than the mean.
5. Standard deviation (std) — quantifies short-term variability.

6. Variance (var) — measures the spread of the data distribution.

7. Sum — provides a measure of the total accumulated activity (e.g., total bytes or packets).

Algorithm 1 Calculation of statistical metrics for the WebRTC session parameters.

for all TC; do >ie{l,2,...,15}
for all p; ; do >je{l,2,...,116}
bij = U;lle Pi.j.k
piy" = min(p;;)
P = maz(p; ;)
pi" = mean(pi,;)
p?fjed = median(p; ;)

pff]de” = standardDeviation(p; ;)
Py = variance(p; ;)
P = sum(p;))
end for
end for

Each of these seven metrics was computed for all 116 parameters and for all 15 test conditions,
resulting in seven distinct 15 x 116 matrices — one per statistical metric. For instance, the “mean”

matrix contains the average values of all 116 parameters across the 15 network conditions, while
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the “std” matrix captures their variability. Collectively, these matrices form what we refer to as the
parameter stats, a structured dataset summarizing the dynamic behavior of WebRTC sessions across
all impairment scenarios. This process provided a compact yet information-rich representation of the
original telemetry data. Instead of working with raw time series of varying length, which are difficult
to align and compare, each test condition was now described by a fixed-size feature vector derived
from the parameter stats. This transformation facilitated the subsequent statistical and machine-
learning analyses while maintaining interpretability — each feature retained its physical meaning
(e.g., average bitrate, variance of RTT).

The next step involved the identification of the most relevant WebRTC session parameters in
relation to the MOS collected during the subjective experiment. The main objective was to discover
which session metrics were statistically correlated with perceived quality, thus serving as effective
predictors for QoE modeling.

To this end, we applied two complementary statistical techniques: the PCC and the ANOVA. The
PCC analysis quantifies the strength and direction of the linear relationship between each parameter
stat and the MOS values. For a given parameter p; ;, the PCC was computed between its vector
of statistical values (across the 15 TCs) and the corresponding MOS vector. Features exhibiting a
strong correlation — defined as |r| > 0.8 for at least three of the seven statistics — were retained as
PCC-selected parameters. This filtering process ensured that only those parameters with consistent
linear dependencies on perceived quality were kept, reducing noise and redundancy.

The ANOVA test complements this by assessing whether differences in parameter distributions
correspond to statistically significant differences in MOS across test conditions. Unlike PCC, which
captures correlation, ANOVA tests the discriminative power of each parameter with respect to QoE.
For each parameter, we performed seven ANOVA tests (one per statistic), obtaining the associated
p-values. Parameters that showed significance (p < 0.001 in at least three metrics) were considered
ANOVA-selected parameters.

Finally, the intersection of the PCC and ANOVA sets was computed to obtain a joint parameter
set, representing the most robust indicators — those that are both strongly correlated with and
significantly discriminative for perceived quality. This systematic feature selection yielded three

groups of parameters:
m PCC-selected parameters (24 total).
B ANOVA-selected parameters (34 total), and

m Joint parameters (22 total), which represent their intersection.

The parameter stats and their statistical selection process play a pivotal role in this study, as they

form the bridge between raw telemetry data and interpretable QoE indicators. Through this two-step
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statistical analysis, we effectively reduced the complexity of the feature space while preserving the
most perceptually relevant information. The resulting parameter subsets were subsequently used as

input features for machine-learning-based QoE prediction models, described in the next section.

2.3.3 | Pearson Correlation Coefficient

The PCC is one of the most widely used statistical tools for evaluating the linear relationship between
two continuous variables. It provides an intuitive, quantitative indication of how one variable changes

in relation to another. Mathematically, the PCC is defined as:

TXY = ——" (2.1)
oxoy

where cov(X,Y) represents the covariance between the two variables X and Y, ox and oy are

their standard deviations. The resulting correlation coefficient rx,y ranges from -1 to +1.

m A PCC value close to +1 indicates a strong positive correlation, meaning that as one variable

increases, the other tends to increase as well.

m A PCC value close to -1 indicates a strong negative correlation, where one variable increases

while the other decreases.

B Values near 0 suggest little or no linear relationship between the two variables.

In practice, absolute correlation values greater than 0.8 are typically interpreted as strong cor-
relations, while those below 0.3 are weak or negligible. Intermediate values may still indicate some
association but are often influenced by noise or non-linear dependencies.

In the context of this study, the two datasets under comparison were the MOS obtained from
the subjective experiment and each statistical feature (or “parameter stat”) derived from the webrtc-
internals logs. The MOS reflects human-perceived audiovisual quality, while the parameter stats
capture measurable technical indicators of the communication session (e.g., bitrate, jitter, or frame
rate). The objective of this analysis was to determine which technical parameters were most linearly
associated with the perceived QoE, thus potentially serving as strong predictors for subsequent model
training.

For each of the 116 WebRTC session parameters, we computed seven PCC values — one for
each statistical descriptor (maximum, minimum, mean, median, standard deviation, variance, and
sum) previously obtained during data preprocessing. This approach allowed us to capture not only
the average behavior of a parameter but also how its variability and extremes relate to QoE. For
instance, a parameter might have a weak correlation in its mean but a strong correlation in its

variability, indicating that fluctuations rather than absolute levels drive user perception.
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To systematically identify the most relevant parameters, we established a correlation selection
rule: A WebRTC session parameter is considered correlated with the MOS if at least three out of its
seven parameter stats exhibit an absolute PCC value greater than 0.8.

This rule was designed to ensure robustness — avoiding the inclusion of parameters that showed
a strong correlation only sporadically or due to random fluctuations. By requiring at least three
independent statistics to exceed the threshold, the method effectively filtered out unstable or context-
dependent relationships.

As an illustrative example, consider the parameter RTCInboundRTPAudioStreamInsertedSam-
plesForDeceleration, which represents the number of additional audio samples inserted by WebRTC’s
jitter buffer to compensate for late packet arrivals. High values of this parameter generally indicate
buffer expansion due to jitter, leading to perceptible audio delays or distortions. The computed PCC
values for this parameter across its seven statistics, including mean: -0.885, min: 0.153, max: -0.613,
median: -0.860, stdev: -0.834, var: -0.816, sum: -0.900.

Since five out of seven of these metrics exceed the absolute threshold of 0.8, this parameter was
classified as strongly correlated with the MOS. The negative sign of most coefficients indicates an
inverse relationship — higher buffer deceleration corresponds to lower perceived quality, as expected
from a user-experience standpoint.

Overall, the PCC analysis identified 24 WebRTC session parameters that demonstrated a strong
linear correlation with MOS across multiple statistical measures. These parameters collectively form
what we refer to as the PCC-selected feature set, denoted as pcc params. This subset represents
the most perceptually relevant technical indicators in our dataset, each reflecting measurable aspects
of WebRTC’s adaptive behavior that users notice during impaired communication.

The importance of this analysis goes beyond numerical selection. The identified pcc_params offer
valuable insights into how WebRTC manages impairments at the application level. For example,
parameters related to frame encoding rate, packet loss counters, and jitter buffer occupancy all
exhibited high correlations, reinforcing that QoE in real-time audiovisual calls is jointly influenced by
both video continuity and audio smoothness. These observations provide an interpretable foundation
for the subsequent ML phase, where the pcc_ params are used as key inputs to train regression models
aimed at predicting QoE directly from WebRTC telemetry.

2.3.4 | Analysis of variance

The ANOVA is a fundamental statistical method used to assess whether there are significant differ-
ences between the means of two or more groups. In essence, ANOVA evaluates whether the observed
variability in a dataset can be attributed to differences among group means or is instead the result of
random noise. It is a hypothesis-driven approach that provides insight into how strongly one variable

(the independent factor) influences another (the dependent factor).
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In the context of this research, ANOVA was employed to determine which WebRTC session param-
eters exhibited statistically significant relationships with MOS, the subjective measure of perceived
audiovisual quality. The underlying question was whether variations in a given telemetry feature
corresponded to meaningful variations in user-perceived QoE across different network impairment
conditions.

Mathematically, ANOVA tests the null hypothesis (Hp) that all group means are equal, i.e.,

Ho:pr=po=...= g (2.2)

where each u; represents the mean of MOS values corresponding to a particular test condition or
feature grouping. The alternative hypothesis (H,) states that at least one of these means differs from
the others, implying a non-random effect of the parameter on QoE.

When the ANOVA test yields a p-value below a chosen significance threshold, the null hypothesis
is rejected, suggesting that the observed differences among means are unlikely to be due to chance
alone. In this study, we adopted a strict significance threshold of p < 0.001. This conservative
choice ensures that only parameters with very strong statistical evidence of association with MOS
are retained, minimizing the likelihood of false positives.

To carry out the analysis, ANOVA was computed between the MOS values (dependent variable)
and each parameter stat (independent variable). As in the PCC analysis, each WebRTC session
parameter was represented by seven statistical descriptors—maximum, minimum, mean, median,
standard deviation, variance, and sum—capturing different aspects of its distribution across the 15
test conditions.

For each parameter, we therefore performed seven separate ANOVA tests, one for each statistic,
obtaining a corresponding p-value that quantifies how strongly the parameter’s variation is linked
to changes in perceived quality. This process allowed us to assess not only whether a parameter
influenced MOS but also whether specific statistical aspects (e.g., variability vs. central tendency)
were more perceptually relevant.

To ensure robustness and reduce sensitivity to random fluctuations, we applied the following
selection criterion: A WebRTC session parameter is considered significant for the MOS if at least
three out of its seven statistics achieve a p-value < 0.001. This rule mirrors the approach used in the
PCC-based selection and emphasizes stability across multiple statistical views of the same parameter.
By requiring significance in at least three metrics, we guarantee that the parameter’s influence on
QoE is consistent and not an artifact of a single distributional property.

As an illustrative example, the parameter RTCInboundRTPAudioStreamInsertedSamplesForDe-
celeration—which measures the number of additional audio samples inserted by the jitter buffer to
handle late packets—showed the following p-values across its statistics: mean: < 0.001, min: < 0.001,
max: 0.0149, median: < 0.001, stdev: < 0.001, var: < 0.001, sum: < 0.001. Since six out of seven

statistics passed the significance threshold, this parameter was classified as highly significant for the

24



Chapter 2. WebRTC Conversational QoE from Application-Layer
Telemetry (WebRTC QoE) 2.4. QoE Estimation Models

MOS. This result aligns with the earlier PCC findings, reinforcing the importance of this parameter as
a key indicator of perceived quality. In practical terms, frequent buffer decelerations indicate packet
arrival instability, which users perceive as degraded smoothness or delayed audio, thus lowering QoE.

Overall, the ANOVA analysis identified 34 WebRTC session parameters that met the signifi-
cance criterion, confirming that these parameters exhibit systematic and measurable effects on user-
perceived quality across the evaluated test conditions. These parameters are hereafter referred to as
the ANOVA-selected feature set, or anova_ params.

Together with the PCC-based analysis, ANOVA provides complementary insights:

m While PCC highlights linear correlations between technical and perceptual metrics,

m ANOVA focuses on variance-based significance, identifying features that cause perceptible dif-

ferences in quality ratings.

The combination of these two methods yields a robust feature selection strategy that captures
both correlation and discriminative strength. This dual-stage selection ensures that the retained
parameters are not only statistically relevant but also perceptually meaningful, forming a solid foun-
dation for training ML models that can accurately estimate QoE based solely on application-layer

telemetry.

2.4 | QoE Estimation Models

In this section, we describe the proposed ML-based models used for estimating the QoE from
application-layer telemetry, along with the achieved performance results. The overarching goal of
this stage was to evaluate how effectively the WebRTC session parameters identified through the
PCC and ANOVA analyses could predict user-perceived quality, as expressed by the MOS obtained
during the subjective tests.

The dataset used for model training consisted of the values achieved by the selected WebRTC
session parameters across the 15 test conditions (TCs), each representing a specific combination of
delay, jitter, and packet loss. For each TC, the webrtc-internals telemetry provided 116 parameters
whose statistical features (as detailed in the previous section) were aggregated into structured matri-
ces. After feature selection, these were reduced to smaller subsets representing the most perceptually
relevant metrics. The target output to be estimated by each regression model was the corresponding
MOS value, as reported in Table 2.2. Thus, the input—output pairs consisted of numerical features
derived from WebRTC telemetry and the subjective quality ratings given by human participants.

To systematically explore the impact of different feature selection strategies on model perfor-

mance, we trained and evaluated a total of nine regression models, organized into three groups
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according to the feature sets used as input. Each group employed one of the following feature sub-

sets:

B pcc_params: the 24 WebRTC session parameters identified as correlated with MOS according
to the PCC analysis in Section 2.3.3. These parameters capture strong linear relationships

between network /application-level statistics and perceived quality.

B anova__params: the 34 WebRTC session parameters determined to be significant for MOS via
the ANOVA test presented in Section 2.3.4. These features exhibit statistically meaningful

differences in distribution corresponding to changes in user-perceived quality.

B joint params: the 22 parameters common to both pcc params and anova params, repre-
senting the intersection of the two sets. This subset contains features that are simultaneously
strongly correlated with and statistically significant for QoE. It includes all parameters from

pcc_params except for two specific metrics 2 3 which did not meet the ANOVA significance
threshold.

The rationale for training separate models with each feature subset was to compare the predic-
tive capacity and robustness of correlation-based, significance-based, and combined feature selection
strategies. By analyzing their relative performance, we could determine which statistical approach
most effectively isolates the parameters that drive perceived quality in WebRTC-based audiovisual
conversations.

To ensure methodological consistency and fair comparison, each of the three feature sets was
used to train three different regression algorithms, covering a spectrum from interpretable to highly

expressive models:

1. Decision Tree Regressor (DT) — a transparent model that recursively partitions the feature
space based on thresholds, providing interpretability and insight into the hierarchical impor-

tance of individual parameters.

2. Extreme Gradient Boosting (XGBoost) — a powerful ensemble of decision trees optimized
for predictive performance, capable of capturing non-linear dependencies between features and
MOS.

3. Multilayer Perceptron (MLP) — a feedforward neural network with one or more hidden layers,

used to explore the potential of deep learning for mapping complex feature—QoE relationships.

2RTCMediaStreamTrack _sender hugeFramesSent
3 RTC RemotelInboundRtpAudioStream packetsLost
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Each model was trained and validated using a 5-fold cross-validation procedure to mitigate over-
fitting and to ensure statistical robustness despite the limited number of test conditions. Within each
fold, 80% of the TCs were used for training and 20% for testing, and the process was repeated across
all folds to obtain mean and standard deviation performance metrics.

Model performance was evaluated using two standard regression metrics:

m The coefficient of determination (R?), indicating how well the model explains the variance in
the MOS; and

m The Root Mean Square Error (RMSE), representing the average prediction error in MOS units.

These metrics were chosen for their interpretability in QoE studies: a high R2 value close to 1
denotes strong predictive alignment with user scores, while a low RMSE indicates precise estimation
with minimal deviation from subjective ratings.

The combination of these regression techniques and feature subsets allowed us to perform a

comprehensive comparison across three dimensions:

1. The statistical nature of the input features (correlation-based, significance-based, or combined),
2. The model complexity and interpretability (tree-based vs. neural models), and

3. The stability of results across multiple cross-validation folds.

Through this structured design, the experimental pipeline not only assessed the predictive strength
of selected parameters but also provided insights into the most suitable modeling approach for real-
time QoE estimation from WebRTC telemetry. The following subsection presents and discusses the
achieved results, including a detailed performance comparison among the trained models and an
interpretation of which feature selection strategy produced the most reliable and generalizable QoE

predictor.

2.4.1 | ML algorithms

The ML algorithms adopted in this study were designed to predict the MOS directly from the selected
WebRTC session parameters. Three regression models were trained and compared in order to capture
different types of relationships between the input features and the subjective quality ratings. The
selected models were chosen to cover a range of complexity, interpretability, and representational

power, from simple tree-based learners to non-linear neural networks.

B Regression Tree: This model is a form of decision tree regressor where the target variable is

continuous rather than categorical. A regression tree partitions the feature space into regions
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by recursively splitting the data according to feature thresholds that minimize prediction error.
Each internal node in the tree represents a decision based on one feature, while each leaf node
corresponds to a predicted continuous output value. The primary advantages of regression trees
are their interpretability and their ability to model non-linear relationships without requiring
explicit feature transformations. In this work, the regression tree served as a baseline model,
providing insights into the hierarchical structure of the most influential WebRTC parameters

that drive variations in perceived QoE.

m Extreme Gradient Boosting (XGBoost): This algorithm is an efficient and scalable imple-
mentation of the gradient boosting framework for supervised learning. XGBoost constructs an
ensemble of decision trees, where each new tree is trained to correct the residual errors made by
the ensemble of previous trees. The boosting process continues iteratively, gradually improving
predictive performance while preventing overfitting through regularization techniques such as
shrinkage and subsampling. The term gradient refers to the fact that each tree is optimized
with respect to the gradient of a differentiable loss function, typically using gradient descent.
XGBoost is particularly effective for small to medium-sized datasets like those in this study,
as it balances accuracy, generalization, and computational efficiency. In the context of QoE
prediction, XGBoost captures subtle non-linear dependencies between network parameters and
user perception, allowing the model to identify complex interactions between delay, jitter, and

packet loss.

® Multi-Layer Perceptron (MLP): The MLP is a feedforward artificial neural network capable
of learning complex non-linear mappings between input and output spaces. It consists of an
input layer, one or more hidden layers with non-linear activation functions, and an output
layer. In this study, the MLP regressor was trained using the backpropagation algorithm with
the Adam optimizer, minimizing the mean squared error loss. The activation functions used in
the hidden layers introduce non-linearity, enabling the network to model intricate relationships
that simpler models may fail to capture. Since the target output (MOS) is continuous, the
output layer used a linear (identity) activation function. This configuration allows the MLP to
approximate continuous quality scores directly rather than discrete classes. The MLP model
was particularly suitable for exploring whether neural architectures could generalize across
heterogeneous feature sets, as WebRTC telemetry data often contains interdependent metrics

such as bitrate adaptation, buffer delay, and packet retransmission counts.

The combination of these three algorithms enables a comprehensive evaluation of different mod-
eling paradigms for QoE prediction. The regression tree provides a simple and interpretable refer-
ence, XGBoost introduces an ensemble approach with strong generalization capability, and the MLP

explores deep, non-linear interactions between features. Together, these models form a balanced
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methodological suite that supports both analytical understanding and high predictive accuracy, en-

suring the robustness of the proposed framework for real-time QoE estimation.

2.4.2 | Implementation and optimization

The selected ML algorithms were implemented using the Python programming language, leveraging
its open-source ecosystem and rich set of libraries for data analysis and model development. In par-
ticular, the scikit-learn library was used as the main framework for building, training, and evaluating
the regression models. This library provides reliable implementations of most classical ML algorithms
and offers efficient tools for model selection, cross-validation, and performance evaluation.

Before model training, all input features were normalized using the MinMaxzScaler function from
scikit-learn. 'This preprocessing step scaled each feature to a fixed range, typically between 0 and
1. Feature scaling was a necessary step because WebRTC session parameters have widely differ-
ent numerical magnitudes (for example, packet counts may range in the thousands, while ratios or
percentages remain below 1). Without normalization, features with larger numeric ranges could
dominate the optimization process, causing biased model convergence. By scaling all features to a
uniform range, the training process became more stable, and each parameter contributed equally to
the prediction task.

To maximize model performance, an extensive process of hyperparameter optimization was per-
formed as a first step. Hyperparameters control the behavior and flexibility of each ML algorithm
(for example, tree depth in decision trees or learning rate in neural networks), and tuning them is
critical to achieve high predictive accuracy. Poorly chosen hyperparameters can lead to underfitting
or overfitting, whereas optimal values improve the generalization ability of the model and reduce
prediction error.

The objective of the tuning phase was to find the hyperparameter configurations that minimized
the RMSE and maximized the coefficient of determination (R?). A lower RMSE indicates that the
model’s predictions are close to the subjective MOS ratings, while an R? value close to 1 demonstrates
that the model explains most of the observed variance in the data.

To identify the optimal hyperparameters efficiently, two complementary search methods from the
scikit-learn library were used: GridSearchCV and RandomizedSearchCV. These functions automate
the process of evaluating different combinations of hyperparameter values using cross-validation to

prevent overfitting.

B GridSearchCV: This method performs an exhaustive search over a predefined grid of possi-
ble hyperparameter values. Each combination is tested systematically, and the configuration

yielding the best cross-validation performance is selected. Although this approach guarantees
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finding the optimal combination within the tested grid, it can be computationally expensive

when the search space is large.

B RandomizedSearchCV: This method randomly samples combinations of hyperparameters
from specified distributions. While not exhaustive, it allows a broader exploration of the search
space with significantly reduced computational cost. It is particularly useful when there are

many hyperparameters or when prior knowledge about optimal ranges is limited.

Both search strategies were combined with k-fold cross-validation, with & = 5, to ensure robust
model evaluation. In this procedure, the dataset was split into five equally sized folds. For each
iteration, four folds (80% of the data) were used for training and one fold (20%) for validation. The
process was repeated five times so that every sample was used for validation exactly once, and the
average performance across folds was recorded. This technique improves the reliability of model
evaluation by reducing variance associated with random data splits and by making better use of the
limited number of test conditions available.

For each of the three ML algorithms described in Section 2.4.1, a comprehensive set of hyper-
parameters was explored. The investigated hyperparameters and the best-performing values (high-
lighted in bold) are reported in Table 2.3. These include, for example, the maximum depth of trees
and minimum samples per leaf for the Regression Tree, the number of estimators and learning rate
for XGBoost, and the number of layers, neurons, and learning rate for the MLP. The optimization
process ensured that each model configuration achieved its best possible trade-off between bias and
variance.

The combination of scaling, hyperparameter optimization, and cross-validation provided a strong
foundation for the subsequent performance evaluation. By following a consistent and systematic pro-
cedure for all models, the comparison across algorithms and feature sets became fair and meaningful,
allowing the analysis to focus on which modeling approach most effectively predicts the perceived
QoE from WebRTC telemetry.

Table 2.3: The hyperparameters for the three ML methods; optimal values are highlighted in bold.
MLP used the ADAM optimizer.

Regression tree XGBoost MLP

Max Num. Num. | Max | Lrn. | Num. | Neur. | Lrn.

dep. leafs est. dep. | rate lay. rate
11 500 700 7 1071 1 8 1071
12 600 800 8 1072 2 16 1072
13 700 900 9 1073 3 32 1073
14 800 1000 10 | 107* 4 64 1074
15 900 1100 11 | 107° 5 128 | 107°
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2.5 | Results

Figures 2.2 and 2.3 show the performance of the three regression models, each trained with the three
feature datasets and optimized using the hyperparameters highlighted in bold in Table 2.3. Model
performance is reported in terms of the coefficient of determination (R?) and the RMSE. For both
metrics, the results represent the mean values and standard deviations obtained from the 5-fold cross-
validation procedure, where each fold provided an independent evaluation of model generalization.
The error bars in the figures thus reflect the variability of the models’ predictive stability across

different training—validation splits.

B pcc_params MWanova_params M joint_params
0.86
0.84

0.82
0.80
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Regression Tree XGBoost
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Figure 2.2: Coefficient of determination R? results achieved by the 3 regression models when trained
on the 3 features datasets.

A general observation from the results is that all three regression models achieved their best
performance when trained with the feature set based on pcc params, which includes the 24 We-
bRTC session parameters identified through the PCC analysis. Specifically, these models consistently
achieved the highest R? values and the lowest RMSE scores compared to those trained on the other
two feature sets. This finding demonstrates that the PCC-based statistical analysis effectively identi-
fied the most informative WebRT'C session parameters for estimating end-user QoE. The parameters
in this set capture the strongest linear relationships between network-level indicators and subjective
quality ratings, confirming that features exhibiting consistent linear correlations with MOS contribute
most to accurate QoE prediction. The complete list of these selected parameters is reported in Table
24.

By contrast, models trained using the anova params feature set, which includes 34 parame-
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Figure 2.3: RMSE results achieved by the 3 regression models when trained on the 3 features datasets.

ters deemed statistically significant according to the ANOVA analysis, achieved comparatively lower
performance. This result suggests that the additional parameters identified by ANOVA, though sta-
tistically significant, may introduce redundancy or noise into the feature space. Instead of improving
estimation accuracy, these extra features appear to slightly degrade performance, likely due to over-
parameterization and increased model variance in such a small dataset. This behavior is consistent
with the general principle that adding weakly correlated or redundant features can confuse the model
and reduce its generalization capability.

When considering the joint params feature set, which includes the 22 parameters common to
both the PCC and ANOVA analyses, a further slight performance decrease is observed. This reduction
can be attributed to the loss of two key parameters from the PCC-only subset, namely 4 and °, which
are among the features most directly related to frame transmission and packet reliability. Their
exclusion reduces the model’s ability to capture some of the key degradations that users perceive
as quality drops. Nevertheless, the joint params set remains valuable as it represents a more
conservative feature subset, containing only those parameters that are both linearly correlated and
statistically significant for QoE estimation.

While the overall trend holds across all regression models, the specific behaviors differ slightly
among them. The Regression Tree model exhibited moderate performance across all feature sets,
showing better results when trained with anova params compared to joint params. This can be

explained by the model’s limited ability to capture complex non-linear interactions between param-

4RTC MediaStreamTracksenderyugeFramesSent
® RTC RemotelInboundRtpAudioStreampacketsLost
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Table 2.4: The 24 pcc_params. Note: Dec. is the abbreviation for deceleration.

WebRTC session feature

RTCIceCandidatePair bytesReceived
RTCInboundRT P AudioStream _concealedSamples

RTCInboundRT P AudioStream __concealment Events
RTCInboundRT PAudioStream __header BytesReceived
RTCInboundRT P AudioStream __insertedSamplesForDec.
RTCInboundRT P AudioStream __jitter Buf fer EmittedCount
RTCInboundRT P AudioStream __packetsLost
RTCInboundRT PVideo _framesDecoded

RTCInboundRT PVideo framesDecoded s
RTCInboundRT PVideo framesPerSecond
RTCInboundRT PVideo framesReceived
RTCInboundRT PVideo header BytesReceived
RTCInboundRT PVideo keyFramesDecoded
RTCInboundRT PVideo pliCount

RTCInboundRT PVideo totalSquaredInter FrameDelay
RTCMediaStreamTrack _receiver _concealedSamples
RTCMediaStreamTrack _receiver _concealmentEvents
RTCMediaStreamTrack _receiver _insertedSamplesForDec.
RTCMediaStreamTrack _sender _hugeFramesSent
RTCOutboundRT PVideoStream hugeFramesSent
RTCOutboundRT PVideoStream keyFramesEncoded
RTCOutboundRT PVideoStream pliCount
RTCOutboundRT PVideoStream qpSum__ framesEncoded
RTC RemotelnboundRtpAudioStream packetsLost

eters; the addition of a few extra ANOVA-selected features may have compensated for some missing

relationships at the cost of slight overfitting.
The Extreme Gradient Boosting (XGBoost) model performed strongly in general and demon-

strated relatively stable performance across the three feature sets. Its best results were achieved
when trained with anova params, where it reached the highest R? and lowest RMSE among the
tree-based models. This improvement over the single Regression Tree is expected, as XGBoost lever-
ages ensemble learning by combining multiple decision trees, each correcting the residual errors of
its predecessors. This iterative refinement allows XGBoost to model more complex dependencies
between features, providing a more accurate representation of the underlying QoE dynamics. The
ensemble nature of XGBoost typically enhances robustness to noise and reduces the variance associ-
ated with single-tree predictors, which aligns well with the characteristics of the WebRT'C telemetry
data.

The Multi-Layer Perceptron (MLP), representing the neural network approach, achieved the best
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overall performance among the three algorithms. When trained with both the pcc params and
joint _params feature sets, it produced the highest R? values and the lowest RMSE, outperforming
the Regression Tree and XGBoost models. This indicates that the MLP’s ability to capture complex,
non-linear relationships between input features and QoE leads to superior predictive accuracy. Unlike
tree-based models, which rely on threshold-based splits, the MLP learns smooth functional mappings
by optimizing weights through gradient-based backpropagation. Such flexibility enables it to adapt
to intricate relationships in the WebRTC feature space, where quality degradation may depend on
subtle combinations of network metrics (for example, interactions between jitter variability and video
frame loss).

It is worth noting, however, that neural networks like MLP do not guarantee convergence to
a global minimum, and their performance depends strongly on initialization and training stability.
Despite these challenges, the MLP in this study was able to converge effectively, achieving consistent
results across folds. This robustness can be attributed to proper feature normalization, careful hyper-
parameter optimization, and the relatively compact size of the dataset, which prevented overfitting.

In summary, the experimental results confirm that the feature selection method based on PCC
produced the most compact and effective parameter set for predicting QoE in WebRTC-based au-
diovisual conversations. Among the tested regression algorithms, the MLP achieved the best balance
between predictive accuracy and model stability, followed by XGBoost and Regression Tree. These
findings demonstrate that even with a relatively small set of well-chosen features, it is possible to
build a reliable, data-driven model capable of estimating user-perceived quality with strong alignment

to subjective evaluations.

2.5.1 | Comparison with the state-of-the-art

To evaluate the effectiveness of the proposed QoE estimation models, we compared their performance
with that of state-of-the-art approaches reported in the literature. To the best of the author’s
knowledge, the study in [12] is the only existing work that specifically proposed a regression-based
QoE prediction model trained on features derived from the webrtc-internals telemetry data. In that
study, a Multiple Linear Regression (MLR) model was trained using only four selected WebRTC
session parameters, achieving a coefficient of determination R? = 0.732. This result provides a
valuable baseline for evaluating subsequent developments in application-layer QoE estimation.

In contrast, all the models proposed in this work achieved substantially higher performance in
terms of both R? and RMSE. When trained with the parameters identified through the PCC-based
feature selection, the proposed MLP model achieved R? = 0.852 and RMSE = 0.282, clearly outper-
forming the state-of-the-art MLR model by a significant margin. Even the simpler Regression Tree
and XGBoost models surpassed the previously reported results, highlighting the advantage of using

a more rigorous statistical preprocessing pipeline combined with non-linear regression techniques.
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These findings confirm that the combination of statistical feature selection (PCC and ANOVA) and
modern regression methods yields a significant improvement in predictive accuracy.

Furthermore, to provide an additional benchmark, we applied the DQX model proposed in [27],
which estimates audiovisual communication quality using a set of multiple network-level variables. We
computed the estimated MOS values for the 15 test conditions listed in Table 2.2 and compared them
with the subjective MOS obtained from our experiment. The resulting RMSE between the predicted
and actual MOS values was 0.672, which is more than twice the RMSE achieved by any of the
proposed models. This comparison reinforces the effectiveness of the presented approach in predicting
user-perceived QoE, showing that models trained directly on application-layer telemetry can capture
perceptually meaningful effects more accurately than traditional network-level QoE models.

Overall, these results demonstrate that the proposed methodology not only advances the state-
of-the-art in WebRTC QoE prediction but also establishes a strong foundation for future models

targeting real-time, data-driven QoE estimation in communication systems.

2.6 | Key findings and contributions

The proposed analysis and modeling framework for WebRTC-based audiovisual conversations pro-
vides several important insights into how application-layer telemetry can be used to predict user-

perceived QoE. The key findings and contributions of this study are summarized as follows:

B A complete dataset was created by collecting webrtc-internals telemetry from controlled audio-
visual conversations under fifteen test conditions combining delay, jitter, and packet loss. This
dataset links objective WebRTC statistics with subjective MOS, enabling reproducible QoE

modeling and analysis.

m A statistical feature analysis pipeline was designed to transform raw telemetry into structured
parameter statistics and select the most informative features using the PCC and ANOVA. This
approach ensured interpretability and reduced feature redundancy while preserving perceptually

relevant information.

B The PCC-based feature selection method proved to be the most effective for QoE estimation.
The identified 24 parameters (pcc_params) captured the strongest correlations with MOS and

yielded the highest prediction accuracy across all tested models.

m Three regression algorithms—Regression Tree, XGBoost, and Multi-Layer Perceptron (MLP)—were
implemented, optimized, and evaluated using a 5-fold cross-validation procedure. Among them,
the MLP achieved the best performance with R? = 0.852 and RMSE = 0.282, demonstrating
its ability to model non-linear relationships between application-level features and perceived

quality.
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B A comprehensive hyperparameter optimization was performed using GridSearchCV and Ran-
domizedSearchC'V, ensuring that each algorithm achieved its best accuracy—efficiency trade-off.
The evaluation confirmed the reliability and reproducibility of the models across different fea-

ture subsets.

m The proposed models significantly outperformed existing state-of-the-art approaches, including
the Multiple Linear Regression (MLR) model in [12] and the DQX model in [27]|. The achieved
improvements highlight the advantage of using feature sets extracted directly from application-

level telemetry rather than relying on traditional network-layer metrics.

B The study demonstrated that careful statistical preprocessing and feature selection are as crit-
ical as the choice of the regression model itself. Reducing noise and focusing on the most
discriminative parameters resulted in robust models that generalize well across various network

impairment scenarios.

m Finally, this work provides a transferable methodology for QoE estimation in real-time commu-
nication systems. The proposed statistical machine learning framework can serve as a blueprint
for future studies on QoE prediction in other multimedia domains, such as adaptive video

streaming, VoIP, and immersive communication.

These findings collectively validate the hypothesis that objective QoE estimation can be achieved
directly from application-layer data without requiring access to low-level network information.

Together, these findings reinforce one of the key objectives of this dissertation: establishing a
data-driven and interpretable foundation for service-level QoE estimation using accessible, real-world
telemetry data. This foundation enables the development of increasingly adaptive, generalizable,
and deployment-ready QoE models in the subsequent chapters. The chapter establishes a solid
foundation for extending the methodology to other multimedia services in the subsequent chapters of
this dissertation. These results provide the first empirical validation of the proposed thesis framework,
proving that objective QoE modeling is feasible using application-level data alone. The following
chapter extends this methodology to HTTP adaptive video streaming, where temporal dynamics such
as start-up delay, quality switches, and playback stalls become the primary determinants of perceived
quality.

Building upon the signal-design methodology and feature analysis framework introduced in this
chapter, the next study extends QoE modeling to adaptive video streaming, where perceived quality
varies dynamically throughout the viewing session. While the WebRTC model focused on static
session-level estimation, Chapter 3 introduces temporal deep learning methods capable of capturing
sequential variations in quality over time, marking the next step toward context-aware and temporally

adaptive QoE prediction.
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2.7 | Conclusion

This study presented a comprehensive workflow for identifying and modeling the most relevant We-
bRTC session parameters that influence user-perceived QoE in audiovisual conversations affected by
network distortions. The proposed methodology combined descriptive statistical analysis, correlation
and variance-based feature selection, and data-driven regression modeling to create a reliable and
interpretable QoE prediction pipeline. By systematically integrating these steps, we demonstrated
how subjective perception data and objective telemetry logs can be jointly leveraged to build accurate
and generalizable QoE estimators.

The feature selection process, based on the PCC and ANOVA, proved essential in isolating pa-
rameters that have a consistent and statistically significant relationship with perceived quality. The
experiments demonstrated that the parameters identified through PCC yielded the most compact
and effective feature set for QoE estimation, resulting in superior prediction performance across all
regression algorithms. Among the three trained models (Regression Tree, XGBoost, and MLP), the
Multi-Layer Perceptron achieved the best results, with R?2 = 0.852 and RMSE = 0.282. This per-
formance represents a substantial improvement over existing state-of-the-art models, including the
MLR method from [12| and the DQX model from [27].

The results also confirmed that conducting a rigorous statistical analysis before training ML-
based estimators significantly enhances model robustness and generalization. By reducing noise and
eliminating redundant features, the proposed feature selection pipeline enables ML algorithms to
focus on the most informative signals that directly correspond to user perception.

In summary, this study provides empirical evidence that objective QoE estimation for WebRTC
applications can be effectively achieved through data-driven approaches grounded in statistical anal-
ysis and ML modeling. The combination of PCC and ANOVA-based feature selection with efficient
regression models forms a generalizable methodology that can be extended to other multimedia ser-
vices. In future work, we plan to apply the same framework to additional application domains such as
adaptive video streaming and VoIP communication. This extension will enable a more comprehensive
validation of the proposed methodology and contribute to the development of unified, real-time Qo

monitoring tools for interactive multimedia systems.
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3.1 | Introduction

Following the research directions outlined in Chapter 1, this chapter deepens the service-level layer
by focusing on the temporal dynamics of adaptive video streaming to achieve the dissertation’s
Objective 2: Temporal modeling for adaptive streaming QoE. While the previous chapter addressed
QoE prediction from application-layer telemetry in conversational scenarios (WebRTC), adaptive
video streaming introduces a more complex and dynamic context, where the perceived quality evolves
continuously over time due to bitrate adaptation, stalling, and resolution switching events. This
aligns directly with the dissertation’s overarching aim of developing data-driven, context-aware QoE
estimators that can generalize across different service types and time-varying conditions.

The central hypothesis explored in this chapter is that the temporal evolution of streaming impair-
ments carries valuable information about user-perceived quality, operationalizing the second pillar of
the dissertation: temporal modeling, which seeks to represent how time-dependent distortions influ-
ence human-perceived quality. By explicitly modeling these temporal patterns through deep learning
architectures capable of sequence understanding, such as recurrent and attention-based networks, the
study seeks to capture long-term dependencies between network events and perceived QoE, thereby
addressing one of the key challenges highlighted in Chapter 1: the dynamic and time-varying nature
of multimedia experience.

In today’s rapidly evolving digital landscape, the seamless delivery of multimedia content has be-
come an essential component of our daily lives. From video-on-demand platforms and live streaming
services to online gaming and virtual communication tools, the demand for high-quality multime-
dia experiences has grown exponentially. However, guaranteeing a consistent and satisfying user

experience across such dynamic and heterogeneous environments remains a significant challenge for
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network operators and service providers. QoE encompasses the user’s holistic perception of the per-
formance and usability of a service, integrating technical quality aspects with cognitive and emotional
responses. It reflects how end users subjectively assess the quality of multimedia services based on
audiovisual fidelity, responsiveness, interactivity, and overall satisfaction [29].

In recent years, increasing research attention has been devoted to quantifying and predicting user-
perceived QoE both through subjective and objective methodologies. Subjective approaches rely
on user studies, where participants rate their experiences following standardized procedures, such
as the ACR method. Although these studies are invaluable for understanding human perception,
they are costly, time-consuming, and difficult to scale. Conversely, objective QoE models aim to
computationally estimate perceived quality using measurable system or media parameters without
the need for direct human feedback. Such models are often trained or calibrated using ground-truth
subjective data collected under controlled laboratory conditions to ensure their perceptual relevance.
Nevertheless, a persistent limitation lies in the variability of users’ perceptual judgments, which
are influenced by numerous factors, including personal expectations, content familiarity, cultural
background, and prior exposure to impairments [30].

Modeling these subjective variations remains a fundamental challenge in QoE research. Therefore,
an effective QoE estimation model must not only map the technical performance of the system to
perceived quality but also generalize across diverse network conditions, device types, and usage
contexts. Traditional parametric or data-driven methods, such as autoregressive models [31], deep
neural networks [32], and ensemble learning approaches [33], have achieved promising results in
predicting QoFE for specific services. However, they often lack robustness when applied to unseen
contexts or new streaming conditions. These models are typically sensitive to the range of parameters
used during training, which limits their adaptability and generalization capabilities. Consequently,
QoE estimation models may suffer from overfitting and fail to accurately represent user experience
in real-world, dynamic environments.

To overcome these challenges, recent research trends have turned toward architectures capable
of modeling complex temporal dependencies and heterogeneous data sources. Among these, the
transformer deep learning architecture [34] has emerged as a powerful solution. Initially proposed
for natural language processing (NLP), transformers have achieved state-of-the-art performance in
a wide range of sequential learning tasks, including sentiment analysis [35], machine translation,
and large-scale language modeling [36]. Unlike conventional recurrent neural networks (RNNs) or
Long Short-Term Memory (LSTM) models, transformers rely entirely on the multi-head attention
mechanism, which enables them to capture both local and global dependencies within a sequence.
By dynamically attending to the most relevant parts of the input data, the transformer can model
intricate interactions and contextual relationships between variables that occur at different temporal
distances.

These properties make transformers particularly well-suited for the QoE estimation problem in
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video streaming scenarios, where users’ experiences are influenced by a sequence of time-varying fac-
tors such as video bitrate fluctuations, rebuffering events, resolution changes, and playback delays.
The ability to learn long-range dependencies allows the transformer to effectively interpret the tempo-
ral dynamics of streaming sessions, capturing how impairments at different time instants cumulatively
impact the overall user perception. Furthermore, the attention mechanism provides interpretability
by revealing which parts of the sequence contribute most to the final QoE prediction, thereby offering
insights into the perceptual relevance of different streaming events. In addition, since QoE percep-
tion may differ across viewing devices and usage contexts, the transformer’s attention mechanism
can implicitly learn these contextual variations, enhancing the robustness of the model across diverse
operating conditions.

In this chapter, we investigate the application of transformer learning to QoE modeling for adap-
tive video streaming services. Specifically, we design a novel transformer-based QoE estimation model
capable of processing sequential input data that encapsulates both video-related and session-level key
performance indicators (KPIs). To achieve this, we propose a systematic workflow that includes data
collection, encoding, and sequentialization, ensuring that the information is represented in a form
suitable for the transformer’s learning process.

In a nutshell, we design a complete workflow to support sequence learning:

1. Encode and sequentialize session KPIs into per-segment tokens that reflect start-up delay,

bitrate, and resolution levels, quality switches, rebuffering onsets, and durations.
2. Normalize and pad variable-length sessions with appropriate masking.

3. Train a compact transformer with a regression head to predict MOS. The workflow is instan-
tiated on two open datasets from the ITU-T P.1203 standardization process [37], covering 82

impaired sequences and subjective ratings on both PC and mobile devices.

4. Evaluation follows the metrics used throughout the thesis, such as Root Mean Square Error
(RMSE), Pearson correlation coefficient (PCC), and Spearman correlation coefficient (SCC) —

and includes cross-device tests to probe robustness when training and testing devices differ.

Each HRC includes diverse combinations of quality switches between different resolutions and
bitrates, initial loading delay, and stalling events.

Experimental results demonstrate that the proposed approach consistently outperforms the I'TU-
T P.1203 model in QoE prediction accuracy for both device types. Moreover, it exhibits strong
cross-device generalization capability, meaning that a model trained on data from one device (e.g.,
mobile) can effectively estimate the QoE of videos viewed on another device (e.g., PC). These findings
indicate that transformer learning represents a promising direction for developing robust and context-

adaptive QoE estimation models.
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The remainder of this chapter is structured as follows. Section 3.2 reviews the related works and
research gaps on QoE modeling and the use of deep learning architectures in this field. Section 3.3
presents the methodology and workflow process behind the proposed transformer-based QoE model.
Section 3.4 details the implementation steps and training configuration, while Section 3.5 reports
and discusses the experimental results. Section 3.6 presents the key findings and contributions of the

chapter, and finally, Section 3.7 concludes the chapter with perspectives for future work.

3.2 | Background and Related Work

Objective QoE models aim to predict the perceived quality of multimedia applications and content
using measurable technical parameters rather than direct subjective feedback from users [38]. Over
the last decade, several models have been developed for video streaming services to bridge the gap
between system-level performance metrics and end-user perception [39]. Among these, the ITU-
T Recommendation P.1203 represents the most comprehensive and widely adopted framework for
estimating the QoE of adaptive audiovisual streaming services [37].

The P.1203 model follows a scalable design that accounts for spatial and temporal degradations
across four operational modes, which correspond to different levels of available input data and encryp-
tion constraints. Mode 0 operates under the most restricted conditions, requiring minimal access to
information such as codec type, target bitrate, resolution, frame rate, and segment durations, thereby
maintaining low computational cost. In contrast, Mode & operates with full access to the video bit-
stream, enabling a more detailed quality estimation at the expense of higher complexity. Each mode
combines the outputs of several submodules—responsible for audiovisual quality, stalling, and inte-
gration—into a final prediction of session-level quality expressed on the MOS scale ranging from 1
(Bad) to 5 (Excellent). Despite its strong standardization value and scalability, P.1203’s fixed ana-
lytical formulation limits its flexibility in dynamically changing environments and in cases where the
distribution of input parameters differs from those used during model calibration.

In recent years, a growing body of research has focused on leveraging ML methods to enhance
the accuracy and generalization of QoE prediction models [40]. ML approaches can learn complex,
non-linear relationships between KPIs and user-perceived quality, offering a data-driven alternative
to fixed parametric functions. For instance, the nonlinear Auto-Regressive model with exogenous
variables (NARX) proposed in [31] was designed to capture temporal dependencies in QoE by pro-
cessing previous subjective quality measurements along with contextual features such as playback
quality, rebuffering traces, and memory effects from prior events. The NARX model demonstrated
that accounting for temporal correlations between impairments significantly improves the prediction
of time-varying QoE.

Similarly, the authors of [41] trained a large set of ML models, including regression and classi-
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fication algorithms, to estimate QoE and related service parameters such as startup delay, bitrate,
and resolution under diverse network conditions. Their findings revealed that model performance
strongly depends on dataset diversity and highlighted the importance of cross-dataset generalization,
where models trained on one dataset are evaluated on others with different characteristics. This line
of research emphasized the need for robust learning strategies capable of handling unseen streaming
conditions, user devices, and service types.

Deep learning approaches have further advanced the field by automatically learning abstract
representations from raw or high-dimensional features. The DeepQoE framework proposed in [42]
integrates multi-modal data, such as video features and textual metadata, using 3D Convolutional
Neural Networks (CNNs) and word embeddings. These representations are fused and fed into a
neural network to produce a learned embedding space suitable for both classification and regression
of QoE. DeepQoE exemplified the potential of end-to-end learning pipelines in capturing perceptual
factors beyond simple bitrate or stall duration features.

In [32], the authors presented DeSVQ, a deep learning model combining CNN and Long Short-
Term Memory (LSTM) networks to model both spatial and temporal dependencies affecting QoE.
The CNN layers capture frame-level visual degradations, while the LSTM layers model sequential
dependencies that arise from temporal quality fluctuations. The integration of these two feature
processing stages significantly improved correlation metrics compared to either architecture alone,
highlighting the importance of jointly modeling time and content effects.

Despite these advances, most deep learning models exhibit limitations in adapting to highly
diverse and dynamic contexts, such as heterogeneous network conditions, device capabilities, and
user expectations. CNN and LSTM-based models, while powerful, often struggle with scalability
and long-range dependencies because recurrent connections inherently constrain temporal learning
to short or medium-length sequences. This has motivated the exploration of transformer architectures
as a more flexible and efficient alternative.

Transformers have become a state-of-the-art solution for sequence modeling and transduction
tasks, including natural language processing, speech recognition, and machine translation, where they
have surpassed recurrent architectures such as LSTMs and GRUs in both accuracy and computational
efficiency [36]. Their self-attention mechanism allows direct modeling of relationships between any
two points in a sequence, enabling the capture of global temporal dependencies. This architecture’s
ability to weigh the relevance of each input element makes it particularly suitable for QoE estimation,
where user perception depends on the cumulative and contextual influence of temporally distributed
events (e.g., stalling, switching, bitrate changes).

In recent literature, transformer-based models have been increasingly applied beyond text pro-
cessing to address multimedia and network management problems. The FlowFormers algorithm in-
troduced in [43] represents one of the first attempts to apply transformer encoders to network traffic

analysis. By exploiting self-attention to capture dependencies between packet sequences, FlowForm-
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ers achieved superior performance in real-time network flow classification tasks, demonstrating the
capability of transformers to handle sequential network data more effectively than CNN and LSTM
counterparts.

Another relevant study [44] applied transformers to user satisfaction prediction in proactive di-
alogue systems. In this case, the model processed both structured numerical inputs and textual
dialogue turns, learning dependencies between current and past user interactions. The results in-
dicated a 19% improvement in satisfaction prediction accuracy and a 2.3% increase in overall user
experience, showcasing the model’s strength in multimodal temporal reasoning.

In the domain of visual quality assessment, hierarchical transformer architectures have recently
been proposed to handle multi-scale temporal dependencies in video perception. The Hierarchical
Transformer model introduced in [45] combines two transformer modules: one operating at the clip
level to extract short-term embeddings and another at the frame level to derive a holistic video-
level representation. The final quality score is predicted using a linear regressor on the aggregated
embeddings. This approach outperformed several conventional deep learning methods for video qual-
ity assessment, reinforcing the transformer’s capacity to capture fine-grained and long-term temporal
structures. However, it focuses primarily on visual fidelity and does not explicitly incorporate stream-
ing impairments such as delay or rebuffering, which are crucial determinants of QoE in adaptive video
streaming.

These prior studies collectively demonstrate the transformative potential of self-attention mech-
anisms in modeling sequential data where temporal dependencies play a central role. However, their
application to end-to-end QoE estimation for streaming services remains underexplored. Most ex-
isting transformer-based methods either concentrate on visual quality or operate in non-streaming
contexts where temporal degradations are limited. To the best of the authors’ knowledge, the present
work constitutes the first study that employs transformer learning to jointly model video quality and
session-related factors for QoE estimation. By encoding and sequentializing key performance indica-
tors such as resolution, bitrate, stalling, and delay, the proposed model leverages the transformer’s
attention mechanism to learn the complex, time-dependent interactions that shape user-perceived
quality. The output is expressed in the MOS scale, enabling direct comparison with standardized

models such as ITU-T P.1203 and facilitating integration into broader QoE evaluation frameworks.

3.2.1 | Research Gap and Contribution

A systematic analysis of state-of-the-art approaches reveals persistent challenges in modeling the
temporal and contextual aspects of user-perceived QoE. From the reviewed literature in Section 3.2,

several research gaps can be identified:

1. Limited modeling of temporal dependencies. Most existing QoE estimation models rely on
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aggregated session statistics or frame-based features, which disregard the temporal order and
duration of playback impairments. This limits their ability to reflect how sequential events,

such as the position and frequency of stalls or quality switches, affect perceived experience.

2. Lack of integration between video quality and session dynamics. Prior studies often focus
on visual quality assessment alone, neglecting session-related parameters such as rebuffering,
delay, and adaptation behavior that strongly influence user satisfaction in adaptive streaming

environments.

3. Restricted adaptability to heterogeneous contexts. Many deep learning models are trained and
tested under homogeneous conditions (single dataset or device type) and fail to generalize when

network environments, device characteristics, or content types vary.

4. Underexplored use of attention-based architectures for QoE estimation. Although transform-
ers have achieved remarkable success in sequence modeling tasks across other domains, their
application to QoE prediction, particularly for adaptive video streaming, remains largely un-

explored.

5. Limited interpretability of deep learning QoE models. Conventional CNN or LSTM-based
models operate as black boxes, offering little insight into which temporal events most influence

the predicted QoE, making them less suitable for diagnostic or optimization purposes.

Overall, this chapter addresses these gaps by introducing a sequence-aware transformer-based
modeling framework for video streaming QoE estimation and contributes to the dissertation’s goal of
developing temporal, data-driven QoE models that capture both instantaneous and evolving aspects
of user experience. The proposed approach represents each streaming session as a per-second sequence
of KPIs capturing bitrate level, delay, and stalling events, thus preserving the temporal evolution of
playback quality. By leveraging the multi-head attention mechanism, the model learns long-range
dependencies between impairments and identifies which temporal segments are most influential for
user perception.

Extensive experiments on two open ITU-T P.1203 datasets demonstrate that this architecture
achieves higher accuracy and stronger cross-device generalization than the standardized ITU-T P.1203
model. Furthermore, the attention weights provide an interpretable representation of QoE dynamics,
offering valuable insights for streaming optimization and adaptive service management. This con-
tribution extends the thesis’s broader goal of developing data-driven, generalizable, and explainable

QoFE estimation models applicable across diverse multimedia services.
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3.3 | Methodology

The variability and dynamic nature of the QoE are deeply rooted in human subjectivity and are
shaped by multiple interacting factors, including system-level performance, human perception, and
the surrounding context [29]. Each of these dimensions contributes differently to how users perceive
and evaluate the quality of a multimedia service. As a result, modeling QoE represents a multi-faceted
challenge that requires capturing both objective indicators of service delivery and their subjective
interpretation by users.

Traditional objective QoE models generally define a deterministic or statistical relationship be-
tween a selected subset of QoF influence factors and the perceived quality for a specific application
domain. In the case of adaptive video streaming, these influence factors are typically derived from
session-level parameters, such as the resolution or bitrate of delivered segments, the frequency and
duration of rebuffering events, and the magnitude of quality switches between segments. Although
such parameters effectively capture observable impairments, the predictive accuracy of classical mod-
els is often constrained by the specific configuration and value ranges represented in the training data.
Consequently, models that rely on static or aggregated metrics struggle to generalize to dynamic or
previously unseen streaming conditions.

The ITU-T Recommendation P.1203 has established an important step forward by providing a
scalable, modular, and standardized framework for QoE estimation. The P.1203 model can operate at
multiple levels of input granularity, ranging from low-level bitstream features to high-level playback
data, and can be fed with per-second measurements of video and session-related variables [46]. This
temporal input capability allows P.1203 to capture fine-grained variations in playback behavior; how-
ever, its analytical formulation still limits flexibility when learning complex, non-linear dependencies
between time-varying impairments and perceived quality.

Inspired by the sequential modeling concept underlying P.1203, this work proposes a transformer-
based QoE estimation model that leverages per-second sequential encoding of video and session-
level information. The transformer architecture is inherently designed to process ordered sequences
and to capture dependencies across distant temporal points through its multi-head self-attention
mechanism. This mechanism enables the model to assign varying levels of importance to each time
step in the sequence, allowing it to focus on the most perceptually relevant segments when estimating
QoE. By representing session data as sequences of KPIs, the model learns to interpret not only the
individual impairments but also their cumulative and contextual impact on user experience.

The core rationale for encoding KPIs as sequential data lies in the hypothesis that user-perceived
quality is not determined by isolated events but by the temporal structure of impairments. For
example, an early stall followed by smooth playback may be perceived differently from a late stall
of the same duration, even if both sessions share identical average statistics. By capturing data at

a per-second resolution, the model can identify patterns, transitions, and dependencies that would
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be otherwise lost in coarser temporal aggregations. Furthermore, by directly feeding this sequential
data into the transformer, the model naturally exploits its capacity to learn high-order temporal
relationships and non-linear interactions among multiple KPIs.

To guide the investigation, three main research questions are formulated:

m Q1: What performance can the transformer-based model achieve in predicting the QoE of
videos with different lengths and diverse impairment patterns (e.g., quality switching, delay,
and stalling)?

B Q2: How effectively can the transformer-based model predict the QoE of videos viewed on

different devices, such as mobile and PC platforms?

B Q3: How does the performance of the proposed transformer-based model compare to the stan-

dardized ITU-T P.1203 model in terms of accuracy and generalization?

Figure 3.1 illustrates the proposed workflow for data processing and model training. The process
begins with the collection of KPIs at one-second intervals during each video streaming session. These
KPIs are extracted from session logs and include information on video bitrate, resolution, quality
level, segment duration, occurrence of initial delay, and stalling events. The data is then encoded
into a numerical representation that captures both the categorical and continuous attributes of each
second, forming a sequence suitable for input to the transformer encoder.

After encoding, the data undergoes a sequentialization step, where the per-second tuples are
ordered chronologically to form a temporal stream of KPIs. This sequence effectively represents
the evolution of playback quality throughout the session, enabling the model to learn dependencies
between earlier and later events. Additional preprocessing steps, such as normalization, padding,
and masking, are applied to standardize sequence lengths and ensure compatibility with the model’s
input requirements.

In parallel with the KPI collection, the overall video quality perceived by users is obtained through
controlled subjective experiments. Each test sequence is rated by a pool of participants, and their
individual scores are averaged to compute the MOS for both PC and mobile viewing conditions.
The MOS serves as the ground-truth target for model training and evaluation, establishing a direct
mapping between the temporal sequence of KPIs and the perceived session quality.

During training, the transformer learns to minimize the prediction error between the estimated
QoE values and the ground-truth MOS. The attention mechanism adaptively identifies which time
steps contribute most to the predicted quality, providing interpretability and highlighting the per-
ceptual relevance of specific events such as stalls or quality drops. The model is designed to handle
sessions of varying duration and to generalize across devices and datasets by relying on shared tem-

poral patterns rather than device-specific distributions.
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Figure 3.1: The proposed workflow process.

In summary, the proposed methodology combines sequential encoding of video KPIs with trans-
former learning to build a robust QoE estimation framework. The final output is a trained transformer-
based model capable of predicting the perceived QoE of video sequences streamed over the Internet,
expressed in the MOS scale. The subsequent sections describe the detailed implementation of the
model architecture, the dataset characteristics, and the comparative evaluation with the ITU-T
P.1203 benchmark.

3.4 | Model Implementation
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3.4.1 | Datasets

We consider two open datasets® released within the ITU-T P.1203 standardization procedure (P.NATS)
[47]. Following the original nomenclature [47], they are denoted as TR04 and TR06. Both datasets
were designed to probe the impact of HAS-typical network and playback conditions referred to as
Hypothetical Reference Circuits (HRCs) on user-perceived quality. Each HRC defines a specific com-
bination of quality switching behavior between resolutions and bitrates, the presence or absence of an
initial loading delay, and one or more stalling events. TR04 comprises 20 HRCs applied to 3 distinct
contents, each 60 seconds in duration, resulting in 60 test sequences. TRO06 comprises 11 HRCs ap-
plied to 2 contents, each 180 seconds in duration, resulting in 22 test sequences. In total, the corpus
contains 82 impaired sequences that represent a diverse set of temporal impairment patterns and
content types. In the original subjective study [47], each sequence was viewed and rated on both PC
and mobile devices under controlled conditions. Thus, for every sequence there are two target labels,
MOSpc and MOS)y, both reported on the ACR scale from 1 (Bad) to 5 (Excellent). Averaging
across subjects yields continuous MOS targets within [1,5]. This setup is well aligned with our goals
for sequence-aware QoE estimation. The two datasets differ in content duration and impairment
configurations, which allows us to examine model behavior across short and long sessions and across
heterogeneous device contexts. The presence of MOS labels on both devices enables same-device and

cross-device evaluations using a common ground-truth scale.

3.4.2 | Data encoding and sequentialization

As discussed in Section 3.2, transformer architectures are specifically designed to operate on ordered
sequences, making them well-suited for representing the temporal structure of streaming sessions.
Consequently, the raw data contained in the I'TU-T P.1203 datasets was transformed into sequential
inputs that encode how the viewing conditions evolve over time. This procedure consists of two main
stages, including data encoding and data sequentialization.

In the data encoding phase, the goal is to create a compact numerical representation of the KPIs
describing each second of playback. For every test video sequence, a tuple was generated for each

second, defined as:

thn=(Q,D,S), (3.1)

where d identifies the dataset (TR04 or TR06), v denotes the index of the test video sequence,
and n represents the current second of the video, ranging from {1, ..., Ng} Each tuple, therefore,
encapsulates the information observed at that particular instant. The variable () corresponds to the

video quality level at that second, represented by the bitrate-resolution pair reported in Table 3.1.

https://github. com/itu-p1203/open-dataset
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The variable D is a binary flag indicating whether an initial delay is present (D = 1 for a delayed

frame, 0 otherwise), while S denotes the occurrence of a stalling event (S = 1 for a stall, 0 otherwise).

Table 3.1: Quality levels of the test video sequences.

Q | Bitrate (kbps) | Resolution - height (px)
7 10000 1080
6 2500 1080
4 500 480
2 150 240

This per-second encoding captures three major QoE-affecting factors, including quality, delay,
and stall in a unified format. Compared with aggregated statistics such as total stall duration or
average bitrate, this second-level representation retains fine-grained temporal information that allows
the model to learn how the position, frequency, and duration of impairments influence perception.
For example, a stall of two seconds occurring in the first few seconds of playback may be perceived
differently from the same stall occurring near the end of the session. Such subtle effects can only be
identified when the temporal order of events is explicitly modeled.

The sequentialization stage then concatenates the encoded tuples in chronological order to form

the complete input sequence for each video session:

SQY=[to1 @52 B ... ] yal. (3.2)

where @ denotes concatenation. Each element tg,n becomes a token in the sequence that will be
processed by the transformer encoder. This operation produces a structured timeline of playback
behavior, preserving not only the occurrence of events but also their relative position in the session.
Through this sequential structure, the model can distinguish, for instance, between a single long stall
and multiple shorter stalls or between gradual and abrupt quality transitions—differences that often
lead to distinct subjective impressions.

For every sequence SQ¢, two corresponding target values are available, including the MOS ob-
tained from subjective evaluations on PC devices (M OSpc) and on mobile devices (M OSys). These
labels define the ground truth used during model training and validation. Maintaining both device-
specific targets allows us to perform independent device-wise experiments as well as cross-device
analyses, where a model trained on one device type is tested on the other. This dual labeling also en-
ables investigation into whether the model can capture perceptual differences attributable to display
size, viewing distance, or user interaction patterns.

Overall, this encoding-sequentialization pipeline converts raw playback traces into temporally
ordered numerical sequences that serve as the foundation for the proposed transformer-based QoE

estimation framework. By treating each second of a session as a token containing (Q, D, .S), the
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model can exploit the self-attention mechanism to learn which moments in the timeline contribute

most to perceived quality, achieving a more context-aware and interpretable estimation process.

3.4.3 | Data preprocessing

Transformers require a fixed input length per batch. Since the actual duration of a session may exceed
the nominal content duration due to initial delay or buffering, we standardize the sequence length
by padding shorter sequences. Concretely, we apply zero-padding to SQ? up to the maximum length
observed in the dataset, adding tuples with @ =0, D =0, S = 0. During training and inference, an
attention mask is applied so that padded positions do not contribute to the self-attention computation
or the subsequent pooling. A second challenge concerns label imbalance. In many QoE datasets, MOS
distributions are not uniform across the [1, 5] range, which can bias regression models toward frequent
regions and degrade performance at the tails. To mitigate this, we adopt the SMOGN technique
for imbalanced regression [48|, which leverages the SmoteR interpolation strategy [49]. SMOGN
adaptively oversamples underrepresented regions by interpolating nearby samples in feature-label
space while reducing the risk of generating unrealistic examples. Using a Random Search procedure
over augmentation factors, we found that tripling the size of the training set (we explored factors from
2 to 10) provided the best trade-off between bias reduction and overfitting, leading to the strongest
QoE estimation performance in our experiments. Finally, numerical fields are normalized to stabilize
optimization. Categorical quality levels @) are handled consistently with Table 3.1 (e.g., encoded as
discrete levels mapped to their bitrate-resolution semantics), while binary indicators D and S are
kept in {0, 1}. The same preprocessing pipeline is applied consistently across training and validation

splits to avoid leakage.

3.4.4 | Proposed transformer-based model

As anticipated in Section 3.3, the novelty of transformer-based deep learning architectures lies pri-
marily in the multi-head attention mechanism within the encoder block. This component allows the
network to attend to different segments of the input sequence simultaneously, learning correlations
and dependencies among temporally distant events. Unlike traditional recurrent architectures such as
LSTM or GRU, which process data sequentially and may suffer from vanishing gradients, transform-
ers process the entire sequence in parallel. This enables them to capture both short and long-range
temporal dependencies with higher computational efficiency and improved representational power.
Each encoder block applies a sequence of self-attention and feed-forward operations, repeated N
times, to progressively refine the representation of the input data. Through these stacked layers, the
model builds hierarchical abstractions that describe how variations in the input parameters, such as

bitrate changes, stalling, or delay, interact over time to influence user perception. The redundancy
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resulting from repeated encoding steps allows the model to reinforce stable correlations and smooth
out noise, leading to more consistent and accurate predictions of QoE. In this work, these architectural
properties are leveraged to perform regression on MOS with high robustness across both content and
device types.

The proposed transformer-based network, schematically depicted in Fig. 3.2, is composed of
four main building blocks: the Encoder block, the GlobalAveragePoolinglD layer, the Multi-Layer
Perceptron (MLP), and the Regression head. The encoder block (highlighted by a dashed outline) is
the core of the model and contains two key modules: the Multi-Head Attention (MHA) module and
the Feed-Forward module. The MHA module is responsible for modeling dependencies among tokens
in the sequence. It includes a normalization layer to stabilize learning, followed by an attention
layer consisting of four attention heads, each of size 256. Each attention head learns an independent
mapping of the input sequence, focusing on different aspects of the data; for instance, one head may
learn to emphasize stalling-related segments, while another captures bitrate fluctuation patterns. The
parallel combination of multiple heads enhances the model’s ability to capture diverse relationships
within the same sequence. A dropout layer with a dropping rate of 0.15 is applied after attention
to mitigate overfitting. The module concludes with a residual or skip connection that adds the
input tensor to the output, allowing gradients to propagate unimpeded through the network and
facilitating stable optimization across layers. Following the attention mechanism, the Feed-Forward
module performs non-linear transformations to refine the contextualized token representations. It
includes a normalization layer, two one-dimensional convolutional layers (ConvlD), each with eight
filters and a kernel size of one, and a dropout layer with a rate of 0.15. The Conv1D layers act as
lightweight fully connected transformations applied to each token, helping the model to project the
attention outputs into a higher-dimensional feature space.

This design captures non-linear relationships that are not directly modeled by attention alone,
thereby enhancing the expressive capacity of the encoder. The feed-forward module also employs a
skip connection to preserve essential features and ensure that low-level information remains acces-
sible throughout the depth of the network [50]|. The encoder block described above is stacked N
times, where N = 4 was determined to be the optimal configuration after extensive experimentation.
Increasing N beyond this value offered negligible performance improvement while leading to higher
computational cost and risk of overfitting, whereas using fewer blocks reduced the model’s ability to
capture long-term dependencies. Hence, the selected configuration represents an effective trade-off
between accuracy, generalization, and training efficiency. The output of the encoder is subsequently
aggregated by a GlobalAveragePoolinglD layer, which computes the average representation of all
tokens in the sequence.

This operation produces a fixed-length feature vector independent of sequence duration, allowing
the model to process sessions of varying length. The aggregated representation is then passed to

the MLP module, which performs high-level feature transformation and regression preparation. The
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Figure 3.2: The architecture of the proposed Transformer-based model.
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MLP consists of three fully connected layers with 512, 256, and 128 neurons, respectively, followed
by a dropout layer with a rate of 0.25. Each dense layer uses the Rectified Linear Unit (ReLU)
activation function to introduce non-linearity, and L2 kernel regularization to discourage overfitting
by penalizing large weight magnitudes. Finally, the Regression head outputs the predicted QoE value
in the form of a continuous MOS score. This final layer acts as a linear projection that maps the
processed feature representation to a scalar quality estimate. The entire model, therefore, defines a

non-linear function:

= fo(SQD), (3.3)

where 7 is the estimated MOS and SQY represents the sequential input for a video v from dataset
d. The parameters 6 are optimized through backpropagation to minimize the prediction error. To
identify the best architectural configuration, the number of layers, neurons, attention heads, and reg-
ularization parameters were tuned using a Random Search approach [51]. This procedure was chosen
over exhaustive grid search because of its better efficiency in exploring large hyperparameter spaces
and its empirical success in identifying near-optimal solutions for deep neural networks. The model
was trained to minimize the Mean Squared Error (MSE) loss function, using the Adam optimization
algorithm [52], which combines adaptive learning rates with momentum for faster convergence.

Training followed a 5-fold cross-validation procedure to ensure the robustness of the results and
reduce the effect of random initialization. In each fold, 70% of the available data was used for training
and 30% for validation. An early stopping criterion was applied based on the validation loss, which
typically led the model to converge within 40 epochs. This strategy prevented overfitting and reduced
unnecessary training time. Overall, this transformer-based design achieves a strong balance between
architectural simplicity and predictive capacity. By employing multi-head attention and sequential
encoding of KPIs, the model is able to automatically learn which moments in a streaming session
are most relevant to user perception and how they interact over time. This approach leads to more
accurate, interpretable, and generalizable QoE estimations compared with conventional deep learning

architectures.

3.5 | Results

Table 3.2 summarizes the overall QoE estimation performance of the proposed transformer-based
model in terms of three widely adopted evaluation metrics, including RMSE, PCC, and SCC. RMSE
quantifies the absolute prediction error between the estimated and ground-truth MOS values, while
PCC and SCC measure, respectively, the strength of linear and monotonic relationships between the
predicted and subjective scores. Together, these indicators provide a comprehensive assessment of

both accuracy and ranking consistency, which are equally important for QoE prediction tasks.
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Table 3.2: QoE estimation performance of the proposed transformer-based model compared to the
state-of-the-art ITU-T P.1203 model in terms of RMSE, PCC, and SCC.

Device | Model Dataset RMSE | PCC | SCC
TRO4 0.3850 | 0.9118 | 0.8858
P.1203 TRO6 0.3964 | 0.9195 | 0.8994
Mobile TR04+TRO06 0.3881 | 0.9092 | 0.8869
TR04 0.3552 | 0.9230 | 0.8920
Prop. TRO6 0.2855 | 0.9540 | 0.9525
TR04+TRO06 0.3549 | 0.9267 | 0.9152
TR04 0.5257 | 0.8783 | 0.8235
P.1203 TRO6 0.3595 | 0.9548 | 0.9206
pC TR04+TRO06 0.4867 | 0.9014 | 0.8654
TRO04 0.3934 | 0.9148 | 0.8714
Prop. TRO6 0.3031 | 0.9589 | 0.9377
TR04+TRO06 0.3698 | 0.9289 | 0.9043
TRO04 0.4608 | 0.8854 | 0.8472
P.1203 TRO06 0.3784 | 0.9286 | 0.8998
PC TR04+TRO06 0.4402 | 0.8959 | 0.8692
+ TRO04 0.3987 | 0.9093 | 0.8733
Mobile | Prop. TRO6 0.3344 | 0.9456 | 0.9442
TR04+TRO06 0.3873 | 0.9192 | 0.8972
Trn: Mob. TR06
Val: PC TRO6 0.3426 | 0.9536 | 0.9541
Trn: Mob. TR04
Cross. Prop Val: Pg TRO4 0.4006 | 0.9151 | 0.8786
Device ' Trn: PC TR06
Val: Mob. TRO6 0.3608 | 0.9566 | 0.9634
Trn: PC TR04
Val: Mob. TRO4 0.4055 | 0.9051 | 0.8538

For comparison, the table also reports the performance achieved by the reference ITU-T P.1203

model in its Mode 0 configuration. This baseline operates under the highest encryption constraint

and the lowest computational complexity, using only a limited set of playback and encoding param-

eters (e.g., bitrate, resolution, frame rate, and segment duration). Although P.1203 Mode 0 is not

specifically optimized for the open datasets used in this study, since it was trained on the entire

set of 30 datasets generated by the P.NATS group, it provides an important benchmark for gauging

the improvements achieved by our transformer-based approach. The remaining P.NATS datasets are

not publicly available, which restricts direct model retraining but does not affect the validity of the

comparative analysis.

The “Device” column in Table 3.2 specifies the platform on which the subjective assessments were
conducted, distinguishing between Mobile and PC viewing conditions. Both the TR04 and TRO06
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datasets contain subjective ratings from participants who watched the same impaired videos on both

devices, which allows device-specific and cross-device evaluations to be performed consistently.

3.5.1 | Performance on same-device datasets

To address Research Questions Q1 and Q3, we first compare the performance of the proposed
transformer-based model against the ITU-T P.1203 baseline across both datasets and devices. The
results clearly indicate that the transformer-based approach consistently outperforms the standard
model in all tested configurations. This improvement is observed not only on individual datasets
(TR04 and TRO06) but also when combining them into a unified training—validation pool (TR04+TRO06).

The most significant gains are obtained for Mobile device evaluations on the TR06 dataset, where
the proposed model achieves an RMSE of 0.2855 compared with 0.3964 for P.1203, and a PCC of
0.954 versus 0.9195. This improvement reflects the transformer’s ability to better capture long-range
dependencies introduced by extended video durations (180 seconds in TR06) and diverse impairment
patterns. For PC devices, the proposed model also provides substantial improvements on the TR04
dataset (RMSE 0.3934 vs. 0.5257, PCC 0.9148 vs. 0.8783) and on the combined TR04+TR06 dataset
(RMSE 0.3698 vs. 0.4867, PCC 0.9289 vs. 0.9014).

These results demonstrate that attention-based modeling of per-second KPIs leads to better gen-
eralization and more accurate MOS prediction across heterogeneous content and conditions. By
leveraging the self-attention mechanism, the transformer can identify perceptually relevant moments
in the playback sequence, such as the timing of stalls, the duration of buffering events, or the ampli-
tude of bitrate changes, and assign them appropriate importance weights. In contrast, the analytical
formulation of P.1203 treats such events using fixed rules that may not fully capture their contextual
effect on user perception.

When results from both devices are aggregated (Mobile + PC), the proposed model continues
to outperform the I'TU-T reference across all metrics. The overall RMSE reduction averages around
0.08, while both correlation coefficients (PCC and SCC) exhibit consistent increases. The joint-device
performance highlights the robustness of the proposed approach, suggesting that it successfully learns

general patterns of perceptual degradation rather than overfitting to device-specific data.

3.5.2 | Cross-device evaluation

To address Research Question Q2, we further evaluate the robustness of the model under cross-
device conditions, where training and validation are conducted on different device types. This setting
assesses the model’s capacity to generalize across viewing contexts, which is critical for practical QoE
monitoring systems deployed in heterogeneous user environments. Specifically, the model was trained

on all Mobile data and tested on PC data, and vice versa.
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The results reveal that the transformer model maintains high prediction accuracy even when
applied to a device different from that used during training. Cross-device performance is particularly
strong on the TRO6 dataset, where training on Mobile and validating on PC yields an RMSE of
0.3426 and a PCC of 0.9536. When the direction is reversed-training on PC and validating on
Mobile, the model achieves an RMSE of 0.3608 and a PCC of 0.9566, indicating minimal degradation
and excellent generalization capability. These values remain close to, or even better than, the same
device performance, confirming that the attention-based model learns intrinsic QoE dynamics that
are largely independent of display characteristics.

On the TRO4 dataset, the cross-device correlations remain high, with PCC values around 0.91
and RMSE near 0.40 in both training—validation directions. Although slightly lower than the cor-
responding TRO6 results, these values are still comparable to or better than those obtained by the
ITU-T P.1203 model on the complete datasets (Mobile + PC). The difference between TR04 and
TRO6 can be attributed to the shorter sequence length and less diverse impairment configurations in
TRO4, which offer fewer temporal cues for the model to exploit. Nonetheless, the consistency across
all scenarios indicates that the transformer architecture captures generalizable temporal relationships
rather than overfitting to device or content-specific patterns.

Overall, the experimental findings confirm that the proposed transformer-based model achieves su-
perior predictive performance and strong cross-context robustness compared to the ITU-T standard.
The results provide empirical evidence for three main conclusions. First, incorporating per-second
sequential data into the learning process significantly enhances prediction accuracy relative to mod-
els trained on aggregated features. Second, the multi-head attention mechanism enables the model
to capture subtle contextual dependencies, such as the perceptual impact of impairment order and
recovery dynamics, which are ignored by traditional approaches. Third, the model’s ability to gen-
eralize across devices demonstrates its potential for real-world deployment, where QoE monitoring
systems must operate reliably under diverse playback configurations and user conditions.

In summary, the transformer-based model not only achieves lower estimation error and higher
correlation with subjective data but also exhibits stable and interpretable behavior across datasets.
These results validate the research hypotheses formulated in Section 3.3 and position the proposed
approach as a promising foundation for future QoE prediction frameworks that integrate multi-modal

or cross-platform data.

3.6 | Key findings and contributions

This chapter has presented the design, implementation, and evaluation of a transformer-based model
for QoE estimation in adaptive video streaming services. The key outcomes and contributions can

be summarized as follows:
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B Development of a sequence-aware QoE modeling framework: A complete data processing and
modeling workflow was proposed, covering the collection, encoding, and sequentialization of
streaming session parameters. This framework enables the representation of playback sessions
as per-second sequences of KPIs, allowing the model to capture both the order and duration of

impairments such as stalling, delay, and quality switching.

B Design of a transformer-based deep learning architecture for MOS regression: A tailored trans-
former network was implemented to estimate user-perceived quality from sequential data. The
architecture integrates multi-head attention, residual connections, and lightweight convolutional
transformations, effectively modeling long-range temporal dependencies and complex contex-

tual relationships between playback events.

m Performance improvement over the ITU-T P.1203 standard: Extensive experiments on two open
datasets (TR04 and TR06) demonstrated that the proposed model consistently outperforms the
ITU-T P.1203 baseline in all configurations. Average reductions in RMSE ranged from 0.08 to
0.13, with corresponding increases in both PCC and SCC correlation coefficients, confirming

higher prediction accuracy and perceptual alignment.

B Demonstration of strong cross-device generalization: The model exhibited high robustness when
trained and tested on different devices. Cross-device evaluations showed RMSE values of 0.34
- 0.40 and PCC values exceeding 0.95, proving that the learned attention-based representation

captures intrinsic QoE patterns independent of device characteristics.

B [mproved interpretability and insight into temporal QoE dynamics: The attention mechanism
provided interpretability by highlighting which temporal segments most influenced the predicted
QoE. This feature enables a deeper understanding of the perceptual impact of event ordering,
stall duration, and recovery phases, offering valuable feedback for adaptive bitrate control and

streaming optimization.

m Contribution toward a scalable and generalizable QoE modeling paradigm: The proposed ap-
proach bridges the gap between analytical parametric models and conventional deep neural
networks by combining high predictive accuracy, interpretability, and cross-context adaptabil-
ity. It establishes a foundation for future extensions toward multimodal and real-time QoE

estimation within intelligent service management systems.

Together, these findings strengthen one of the critical objectives of this dissertation: advanc-
ing service-level QoE estimation toward temporal and context-aware modeling, enabling dynamic
understanding of user experience over time.

Building on the temporal and deep learning foundations established here, the next chapter extends

the scope of QoE modeling from temporal sequence prediction to collaborative and privacy-preserving
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learning across multiple datasets and entities. While this chapter focused on learning time-dependent
patterns within single streaming scenarios, the forthcoming study explores how knowledge can be
shared and integrated across diverse feature spaces using an MV learning framework, further gener-

alizing the proposed approach toward scalable and interoperable QoE prediction.

3.7 | Conclusion

This chapter has investigated the potential of transformer learning architectures for modeling and
estimating the QoE in adaptive video streaming services. To this end, a complete workflow was
proposed, encompassing the key stages of data collection, encoding, sequentialization, and model
training. The methodology was designed to exploit the transformer’s ability to process ordered
sequences and to learn long-range dependencies among temporally distributed impairments. Through
this approach, each streaming session was represented as a per-second sequence of KPIs, enabling
the model to capture the dynamic nature of user experience over time.

The proposed transformer-based model was rigorously evaluated using two publicly available
datasets from the I'TU-T P.1203 standardization campaign, TR04 and TR06, which together include
82 video sequences affected by common streaming impairments such as bitrate switching, playback
delay, and rebuffering events. Subjective MOS ratings obtained for both mobile and PC devices were
used as the ground-truth labels for performance evaluation. The model’s predictions were compared
against those of the ITU-T P.1203 reference model in Mode 0, which serves as the standard baseline
for parametric QoE estimation under limited input information.

Experimental results have shown that the proposed model consistently outperforms the I'TU-T
P.1203 model across all tested conditions. In particular, substantial improvements were observed
for the MOS prediction of mobile devices on the TR0O6 dataset, where the RMSE was reduced by
approximately 0.11 (from 0.3964 to 0.2855), and for PC devices on the TR04 dataset, where the
RMSE decreased by 0.13 (from 0.5257 to 0.3934). A similar performance gain was achieved for the
combined TR04+TR06 dataset, with the RMSE lowered by about 0.117. When both mobile and PC
evaluations were aggregated, the average RMSE reduction remained around 0.08, accompanied by
notable increases in correlation metrics (PCC and SCC). These improvements confirm that modeling
temporal dependencies through attention mechanisms yields more accurate and perceptually aligned
QoE predictions than rule-based parametric approaches.

Another important finding concerns the cross-device generalization capability of the proposed
model. The transformer demonstrated strong robustness when evaluated on a device different from
that used for training. For the TRO6 dataset, training on mobile data and validating on PC data
yielded an RMSE of 0.3426, while the inverse configuration (training on PC and validating on mobile)
achieved an RMSE of 0.3608. Both results correspond to PCC values above 0.95, indicating an almost

59



Chapter 3. Temporal Modeling for Adaptive Video
Streaming QoE (Streaming QoE) 3.7. Conclusion

linear agreement with subjective scores. On the TR04 dataset, cross-device experiments produced
RMSE values around 0.40, comparable to those obtained on the combined dataset and superior to
the standard ITU-T P.1203 model. These findings demonstrate that the transformer architecture
captures intrinsic QoE patterns that generalize across devices, rather than learning device-specific
artifacts.

In summary, the results obtained in this study validate all three research hypotheses formulated in
Section 3.3. First, sequential modeling of per-second KPIs significantly improves prediction accuracy
compared to models trained on aggregated statistics. Second, the multi-head attention mechanism
enables the model to discover temporal and contextual dependencies that are difficult to represent
with conventional deep learning architectures. Third, the cross-device experiments confirm that the
proposed approach generalizes well to heterogeneous viewing contexts, a key requirement for practical
QoE monitoring systems.

Beyond numerical performance, the interpretability of the attention mechanism provides an ad-
ditional advantage: it allows visualization of which temporal segments most strongly influence the
predicted QoE. This feature not only enhances the model’s transparency but also provides valuable
insights for adaptive streaming optimization, such as identifying which types of impairments most
strongly affect user satisfaction.

Overall, the proposed transformer-based framework represents an effective and generalizable so-
lution for QoE estimation in adaptive video streaming. It bridges the gap between parametric ana-
lytical models and purely data-driven approaches by combining explainability with high predictive
accuracy. The encouraging results obtained here lay the foundation for future work aimed at inte-
grating multimodal features (e.g., audio quality, network statistics, and user feedback) and extending
transformer-based architectures toward real-time QoE prediction and adaptive service management

within next-generation multimedia networks.
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Prediction (Multi-View QoE)

4.1 | Introduction

Following the methodological roadmap introduced in Chapter 1, this chapter extends the investigation
of objective QoE modeling beyond single-dataset or single-entity approaches toward a collaborative
learning paradigm. While the previous chapters focused on modeling temporal and streaming-specific
QokFE using individual datasets, this study explores how knowledge can be shared and integrated across
multiple data sources without compromising privacy or requiring data exchange. This transition
directly addresses one of the dissertation’s central challenges, outlined in Chapter 1, the fragmentation
and non-interoperability of QoE models trained under isolated experimental conditions. To this
end, this chapter introduces a Collaborative Multi-View Learning (MVL) framework that leverages
multiple partial datasets, or “views,” to jointly predict user-perceived QoE. Each view represents
a distinct subset of features or influence factors collected by different entities (e.g., Internet Service
Providers (ISPs), Over-The-Top (OTTs), or research groups). By employing MV learning techniques,
the proposed approach enables knowledge sharing through model-level fusion rather than raw data
exchange, ensuring both privacy preservation and improved generalization across diverse operational
contexts.

This study operationalizes the third pillar of the proposed framework: MV fusion, which focuses on
integrating heterogeneous or partially shared data sources to improve prediction accuracy, robustness,
and generalization. Therefore, it establishes a crucial link between the early-stage signal-design and
temporal-modeling studies and the later content-level investigations on perceptual and volumetric
quality. In doing so, it demonstrates how collaborative learning can overcome data silos and build
unified, extensible QoE predictors.

In today’s highly digitalized society, user-perceived quality has become a decisive factor in the
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success and sustainability of Web-based services. The ability to deliver multimedia content that
meets users’ expectations is increasingly recognized as a core competitive advantage for both ISPs
and OTT application providers. The user perception of quality is commonly evaluated through the
concept of QoE, which is defined as “the degree of delight or annoyance of the user of an application
or service” [29]. QoE goes beyond purely technical indicators by integrating the human dimension,
capturing how users perceive, react to, and evaluate the quality of multimedia applications as a result
of network and service conditions.

Objective QoE models are employed to automatically estimate user-perceived quality without
direct user involvement. These models rely on measurable QoE influence factors (IFs), which can
be network-related (e.g., delay, packet loss, jitter, throughput) or application-related (e.g., playout
buffering, bitrate adaptation, audiovisual fidelity) [38]. They are widely used by ISPs and OTT
providers not only for real-time quality monitoring but also for root cause analysis, helping to de-
tect inefficiencies, diagnose performance bottlenecks, and guide network and service optimization
strategies aimed at improving user satisfaction.

The development of accurate objective QoE models, however, fundamentally depends on the
availability of subjective test data. Such data are typically obtained through controlled experiments
in which human participants rate the quality of multimedia sessions under various network and service
configurations. Despite extensive research efforts and numerous subjective studies, the coverage of
existing datasets remains limited. Subjective tests are inherently expensive, time-consuming, and
context-dependent, making it infeasible to capture all possible scenarios of interest, especially as
usage conditions, devices, and service architectures evolve over time. Furthermore, most studies
consider only a restricted set of influence factors, leading to models that generalize poorly when new
parameters or configurations are introduced. When experiments are conducted independently by
different research groups, the lack of synchronization and consistency in parameter definitions often
prevents the merging of datasets, as the recorded variables are neither standardized nor directly
compatible. This heterogeneity complicates the construction of unified datasets suitable for training
large-scale data-driven models, such as neural networks (NNs).

Recent advances in Artificial Intelligence (AI) have provided promising pathways to overcome
these limitations. Among them, MV learning has emerged as a particularly effective paradigm for
integrating heterogeneous datasets that describe the same target phenomenon from different perspec-
tives [53]. In MV learning, each dataset or “view” represents a distinct but complementary subset
of features, and the learning algorithm jointly exploits multiple views to improve predictive accu-
racy and generalization. By leveraging shared information across views, MV models can capture a
broader understanding of the underlying relationships while preserving the specificity of each data
source. This paradigm has proven successful in several domains, such as image recognition, speech
processing, and social network analysis, where data from multiple sources contribute unique but

related insights.

62



Chapter 4. Collaborative Multi-View Learning for QoE
Prediction (Multi-View QoE) 4.1. Introduction

Building on these foundations, this work explores the potential of MV learning for QoE modeling.
We hypothesize that integrating information from multiple subjective datasets, even when collected
independently and containing different IFs, can yield more robust and generalizable QoE predic-
tors. Beyond accuracy improvements, the MV paradigm also offers important privacy and scalability
advantages: since each view is processed separately, raw data sharing between entities is unneces-
sary. Instead, the integration occurs at the feature or representation level (e.g., through intermediate
neural layers), allowing multiple organizations to collaboratively improve prediction models without
disclosing proprietary or sensitive data.

To empirically investigate this hypothesis, we consider three modeling strategies: Full View (FV),
Partial View (PV), and MV. To ensure full experimental control, we start from a single comprehensive
dataset of Web browsing sessions |54], which is then artificially partitioned into two distinct subsets
(views) simulating independent datasets collected by separate entities. In the FV configuration, an
NN is trained on the entire dataset, serving as an upper-bound reference. The PV configuration
trains the same NN architecture on only one view, representing a scenario with limited feature
availability. The MV configuration implements a data fusion mechanism that combines intermediate
representations (learned features) extracted from the two NNs trained on separate views, forming a
unified feature space for final QoE prediction. To ensure completeness, all possible combinations of
influence factors in the two views are tested, allowing systematic evaluation of the impact of feature
partitioning and integration.

The experimental results demonstrate that the proposed MV approach achieves QoE estimation
performance comparable to that of the F'V model, even though it is trained using only the two
separated views. In contrast, models trained on a single view (PV) exhibit a noticeable decline in
prediction accuracy, particularly when fewer IFs are available. This outcome confirms that integrating
complementary information from multiple datasets can substantially improve model robustness and
generalization. Moreover, the benefits of MV learning become especially evident when data scarcity
or feature incompleteness restricts the performance of conventional single-view approaches.

In summary, this chapter contributes to the broader objectives of this dissertation by validating
that collaborative and privacy-preserving learning strategies can achieve accuracy comparable to
centralized, FV models. By confirming the feasibility of knowledge fusion across heterogeneous
datasets, the MV QoE framework lays the methodological foundation for the subsequent chapters,
where the focus expands toward modality scalability (3D point clouds) and deployment efficiency
(FIQA).

The remainder of this chapter is structured as follows. Section 4.2 reviews related work and re-
search gaps on QoE modeling and multi-view learning. Section 4.3 presents the proposed methodology
and model design behind the suggested multi-view QoE learning method, followed by Section 4.4,
which describes the implementation details and neural network configurations. Section 4.5 reports

and discusses the experimental results, Section 4.6 summarizes the findings and contributions of the

63



Chapter 4. Collaborative Multi-View Learning for QoE
Prediction (Multi-View QoE) 4.2. Background and Related Works

chapter, and finally, Section 4.7 concludes the chapter and outlines the potential research directions.

4.2 | Background and Related Works

The MV learning paradigm has gained considerable attention in recent years as a powerful strategy
to improve the performance and robustness of machine learning models, particularly in fields where
information can be represented from multiple complementary perspectives. In MV learning, each
“view” corresponds to a distinct feature subset or data modality that describes the same target phe-
nomenon. By integrating these multiple representations, MV approaches can capture richer and more
discriminative information, thereby achieving better generalization and interpretability compared to
single-view learning. This section reviews relevant applications of MV learning in multimedia and
related domains, followed by a discussion of its potential for QoE modeling.

In the domain of image captioning, the work presented in [55] proposed an MV multimodal trans-
former architecture that integrates visual and textual information to generate descriptive captions
for images. The model includes two separate neural branches, one processing the image and the
other the textual description which are subsequently fused using a transformer network. This fusion
mechanism enables the model to align semantic representations across modalities, effectively captur-
ing the relationship between image content and language structure. The proposed MV architecture
significantly outperformed state-of-the-art single-view and unimodal approaches, demonstrating the
benefits of learning from complementary representations.

A similar concept was applied in the biomedical field, where [56] developed a MV, multi-class
disease classification system based on voice features. This framework leverages several acoustic de-
scriptors, such as Mel-Frequency Cepstral Coefficients (MFCC), Log Mel-filter bank coefficients (logF-
BANK), and Spectral Subband Centroids. These heterogeneous feature sets are treated as different
views of the same vocal signal, which are fused within a two-phase classification module. The integra-
tion of distinct acoustic cues significantly enhanced the model’s predictive performance in identifying
disease presence from speech recordings, illustrating how MV learning can effectively handle feature
heterogeneity while improving discriminative power.

In the field of facial expression recognition (FER), the OCA-MTL (Orthogonal Channel Attention-
based Multi-Task Learning) approach proposed in [57] adopts a Siamese CNN architecture to learn
view-independent representations of human emotions. The system processes two input streams simul-
taneously, one from frontal and one from non-frontal viewpoints of the same subject’s face, covering
head rotations from —90° to +90°. By jointly training these parallel networks with shared and
task-specific objectives, the model learns pose-invariant facial features, achieving a mean accuracy
of 88.4% across six emotion categories. This outperformed existing single-view FER methods and

confirmed that MV learning can effectively generalize across spatial variations.
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Another notable contribution is the Noise-aware Incomplete MV Learning Network (NIM-Nets)
proposed in [58]. This framework was specifically designed to address incomplete or noisy data
scenarios, which are common in real-world MV applications. NIM-Nets generate a shared latent
representation across multiple views, ensuring consistency and information completeness even when
some views contain missing or corrupted features. By explicitly modeling noise distributions, this
method enhances the robustness of MV fusion and maintains predictive accuracy under imperfect
data conditions. The ability to handle partial and unreliable inputs makes this approach particularly
relevant for scenarios where data from multiple entities or sensors are difficult to synchronize or
standardize.

The above studies collectively demonstrate that leveraging multiple views or modalities leads
to more accurate, stable, and interpretable predictions compared to single-view architectures. MV
learning has proven effective in diverse applications, ranging from computer vision and speech pro-
cessing to medical diagnostics, where integrating information from heterogeneous sources provides
complementary insights into the target variable. These works also highlight the versatility of MV
frameworks in managing incomplete data, improving model robustness, and enabling fusion across
different representation levels, from raw features to deep embeddings.

However, despite these successes, the use of MV learning in QoE modeling remains largely unex-
plored. Existing QoE studies primarily rely on single-dataset or single-modality approaches, where
subjective ratings are linked to a predefined set of technical parameters, such as bitrate, rebuffering
events, or network delay. In most cases, these datasets are collected independently, using distinct
configurations and variable naming conventions, which limits their interoperability. Consequently,
training a unified model across different studies is often infeasible without extensive data normaliza-
tion or re-annotation. Moreover, classical QoE models, whether parametric or data-driven, typically
ignore the opportunity to fuse information from complementary datasets that may capture different
dimensions of user perception.

Several recent studies have explored privacy-preserving and collaborative learning paradigms for
QoE modeling, particularly through federated and round-robin learning schemes, where multiple
entities jointly train a model without sharing raw data. Notably, in [?], introduced collaborative
learning mechanisms for QoE estimation by sequentially or federatively exchanging neural network
weights across isolated data silos, demonstrating that near-centralized performance can be achieved
while preserving privacy.

However, these approaches primarily assume a homogeneous feature space shared across all par-
ticipating entities and rely on weight aggregation or sequential fine-tuning of a single global model.
As a result, they do not explicitly address scenarios where different entities observe complementary
or partially overlapping feature subsets, nor do they investigate how heterogeneous feature represen-
tations can be fused at the model level.

In contrast, many practical QoE scenarios involve MV data, where different stakeholders collect
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different types of information (e.g., network KPIs, application-level statistics, or content descriptors).
This distinction motivates the need for MV learning frameworks that operate at the representation
level rather than solely at the model-weight level. The proposed framework evaluates three configu-
rations, including Full View (FV), Partial View (PV), and MV to systematically assess the feasibility
and benefits of learning from multiple perspectives of QoE data. By doing so, it aims to establish
whether MV-based integration can lead to better QoE predictors, improved feature utilization, and

increased generalization across heterogeneous data sources.

4.2.1 | Research Gap and Contribution

From the reviewed literature, several research gaps can be identified:

1. Limited distinction between collaborative learning and MV learning in QoE modeling. Existing
collaborative QoE approaches focus on federated or sequential weight sharing over homogeneous
feature spaces, without explicitly modeling multiple complementary feature views within a

unified architecture.

2. Lack of representation-level fusion for heterogeneous QoE features. Prior works aggregate model
parameters but do not investigate how latent representations extracted from different feature

subsets can be fused to improve perceptual prediction.

3. Insufficient handling of partial observability and view imbalance. Existing collaborative frame-
works assume equal feature availability across participants, whereas real-world QoE data often

exhibit missing, uneven, or asymmetric feature views.

4. Absence of systematic analysis of view contribution and redundancy. Few studies quantify how
individual views contribute to QoE prediction accuracy or how performance degrades under

reduced feature availability.

5. Limited evaluation across independent subjective experiments. Most collaborative QoE studies
rely on partitioned versions of a single dataset, rather than integrating genuinely independent

subjective datasets with differing feature definitions.

Overall, this chapter contributes to the dissertation’s overarching objective of developing general-
izable, collaborative, and privacy-aware QoE modeling frameworks. Unlike prior collaborative learn-
ing approaches that focus on weight sharing over homogeneous feature spaces, this study introduces
a MV learning framework for QoE prediction that explicitly models heterogeneous and partially over-
lapping feature views at the representation level. By demonstrating that MV fusion can approximate
full information performance without raw data exchange and by systematically analyzing robustness

under missing and imbalanced views, this work extends collaborative QoE modeling beyond federated
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optimization and establishes a methodological foundation for cross-modality scalability (Chapter 5)

and efficiency-driven deployment (Chapter 6).

4.3 | Proposed approach

The research presented in this chapter investigates the application of MV learning to QoE modeling.
QoE predictors, or objective QoE models, describe the functional relationship between a set of mea-
surable QoE IFs and the perceived user quality. In practice, these models take monitored QoE IFs as
inputs and produce an estimated QoE score as output. Despite the large number of models proposed
in the literature, existing QoE predictors are often incompatible across datasets or services, meaning
that a model trained under certain conditions performs poorly when applied to data collected under
different configurations. This lack of generalization can be attributed mainly to two reasons: (i) QoE
depends on multiple IFs of different nature, including both network-based factors (e.g., delay, packet
loss, throughput) typically measured by ISPs, and application-based factors (e.g., playout buffering,
multimedia fidelity) collected by OTT service providers [29]; (ii) different studies employ dissimilar
sets of IFs, or the same [Fs measured within different value ranges, leading to inconsistent mappings
between features and perceived quality.

Consequently, each model tends to achieve its best estimation accuracy only when the input vari-
ables match those used during its training phase. Because the impact of each IF, and the magnitude
of its variation on user perception differs across contexts, transferring a model to another dataset
usually introduces bias. Furthermore, the ground-truth data used to train objective QoE models
are obtained through controlled subjective experiments, which are expensive and time-consuming to
repeat. For example, consider two entities, an ISP and an OTT platform, both monitoring the QoE
of the same video streaming service. The ISP develops a model that estimates QoE primarily as
a function of network delay, whereas the OTT’s model focuses on application-level metrics such as
playout buffering. Although both delay and buffering jointly influence the perceived QoE, each model
remains limited by its own data perspective. The two entities, moreover, are typically unwilling or
unable to share raw data due to privacy concerns, regulatory constraints, or commercial sensitivity.
This raises a key research question:

Is it possible for these entities to share abstract model information rather than data, so that each
model can enhance its predictive accuracy by leveraging the learned knowledge of the other, without
exposing proprietary datasets or conducting new joint subjective tests?

To explore this question, we build upon the extensive body of existing QoE models and propose an
MV-based framework that can integrate the knowledge extracted from multiple independent datasets.
Here, an entity refers to any organization or research group (e.g., ISP, OTT provider, or academic

laboratory) conducting subjective assessments and developing QoE models for Web-based multimedia
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applications. The MV learning paradigm enables such entities to combine knowledge from several
views—each corresponding to a distinct subset of IFs to predict a common target (user-perceived
quality). By taking advantage of multiple views, MV-based predictors can capture complementary
aspects of the phenomenon, improving both accuracy and robustness compared to single-view learn-
ing. Crucially, MV learning allows this integration to occur without sharing raw data: instead, the
entities exchange intermediate model representations or latent features, typically extracted from the
hidden layers of neural networks trained on their own datasets. This ensures privacy preservation
while enabling collaborative enhancement of model performance.

Formally, let K; denote the vector encoding all IFs considered by entity ¢ and used to predict user
quality through model Q;(K;; D;), defined as

Q¢ = Qi(Ki; Dy), 1<Q8" <5, (4.1)

where the predicted QoE Q¢! lies on the five-level Absolute Category Rating (ACR) scale [28].
Each model @); is trained on its corresponding dataset D;, collected independently during a sub-
jective experiment. The goal is to build an enhanced quality model QZ(KZ, D;,Oy) that improves
estimation accuracy by integrating shared information Oy derived from the fusion layer outputs of
other collaborating models @, trained on their respective datasets D; for j # i and j € 1,...,J,
where J is the number of entities participating in the collaboration.

To illustrate the concept, consider two models Q1 (K7; D1) and Q2(K2; D2), represented in Fig. 4.1,
which estimate QoE for the same service based on distinct feature sets K7 and K5. Their basic forms

are:

¢ = Q1(K1; Dy), (4.2)

Q5" = Qa2(K2; Dy). (4.3)

The proposed enhancement consists of exchanging model-level information through a fusion layer
output Oy, yielding improved models:

Q' = Q1(K1;D1,05), 1< Q" <5, (4.4)

Q5" = Qa(Ka; D2,0y), 1< Q5" <5, (4.5)

where Qx(K 23 Dz, Oy) represents the refined model trained on its local dataset D, and augmented
with shared knowledge O (with z € 1,2). Through this mechanism, each entity benefits from the
complementary insights captured by the others while keeping its raw data private.

To comprehensively evaluate the feasibility and performance of this framework, three learning

strategies are implemented and compared:
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1. Partial View (PV): Each model Q;(K;; D;) is trained solely on its local dataset D;, which
contains the IFs K; and corresponding QoE scores. This configuration represents the con-

ventional case in which each entity independently develops its predictor, producing an output
Qgst
o5t

2. Multi-View (MV): Each enhanced model Q. (K; D., Oy) is trained using its own dataset

D, and the fused information O derived from the other collaborating models. This is the
proposed collaborative configuration, producing outputs Q;“ that reflect both local and shared

knowledge.

3. Full View (FV): A single unified QoE model Q(K; D) is trained on a combined dataset D
containing all features K = J,; K; and corresponding QoE scores. This represents the idealized
case in which all entities share their raw data to train one centralized model. It serves as
an upper-bound reference, even though such data sharing is rarely feasible in practice due to

privacy and operational constraints.

[ nput (,;D,) | [ Input (k,,D,) |
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Figure 4.1: PV approach: the blue solid lines indicate the Qx(Kgf; D,) models, whose outputs are
Q%" (x = 1,2). MV approach: the red dashed lines indicate the Q,(Ky; Dy, Of) models, which are

trained with the support of the fusion layer output Oy, and whose outputs are Agst (x=1,2); Oy is
the output of one of the hidden layers of Q, models (x=1,2).

By comparing these three strategies, including PV, MV, and FV, the study systematically quan-

tifies the benefits of model-level fusion relative to isolated and fully shared configurations. The
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analysis demonstrates how MV learning can serve as a bridge between isolated data silos and central-
ized learning, enabling collaborative QoE modeling that balances predictive accuracy, data privacy,

and real-world deployability.

4.4 | Implementation details

This section describes the implementation framework adopted for evaluating the proposed MV learn-
ing approach for QoE modeling. In Section 4.4.1, we first introduce the Web QoE dataset [54], which
contains subjective quality ratings of web browsing sessions and the corresponding IFs. Then, in
Section 4.4.2, we present the structure and configuration of the Fully Connected Deep Neural Net-
works (FC-DNNs) used to model QoE in the three investigated approaches (Partial View, MV, and
Full View). Finally, Section 4.4.3 details the implementation process for each approach, including

the data fusion scheme, training configuration, and evaluation setup.

4.4.1 | Dataset

The experimental analysis relies on the publicly available Web browsing QoE dataset presented
in [54], which provides a comprehensive mapping between network and application-level indicators
and user-perceived quality scores. This dataset includes 3,400 individual web browsing sessions, each
rated by human participants using the ACR scale, where 1 corresponds to Bad and 5 corresponds to
Excellent. A total of 135 users participated in the subjective tests, each interacting with a variety
of web pages characterized by different page sizes, numbers of embedded objects, and loading times,
thus reflecting diverse real-world browsing conditions. These ratings serve as the ground truth for
training and validating the proposed QoE models.

To identify the most influential factors for QoE prediction, the authors of [54| performed a Pearson
correlation coefficient (PCC) analysis between each measured feature and the corresponding subjec-
tive scores. Among all the available parameters, the nine features that exhibited the strongest linear

correlation with QoE (PCC > 0.7) were selected for modeling. These include:
m (1) the time required to load the Document Object Model (DOM),

E (2) the time to load the last visible multimedia element, known as the Approximate Above-
The-Fold (AATF) time,

m (3) the Page Load Time (PLT) corresponding to the triggering of the onLoad event,

m (4-5) two Bytelndex (BI) metrics that quantify the progressive download behavior in terms of
bytes,
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m (6-7) two ObjectIndex (OI) metrics that capture the completion timing of web objects, and

® (8-9) two ImageIndex (II) metrics reflecting the incremental rendering of images during page

loading.

These nine IFs jointly capture the key temporal and structural aspects of the page-loading process
that are perceptually relevant to users. By focusing on the subset of features exhibiting the strongest
correlation with subjective ratings, the analysis ensures that the modeling task remains both inter-
pretable and computationally tractable. Hence, the original dataset D is composed of feature vectors
each containing d = 9 IFs and their corresponding MOS values.

To simulate a multi-entity scenario, in which different organizations collect different subsets of
features, the dataset D was artificially partitioned into two non-overlapping subsets (views), denoted
by D; and Ds. Each subset represents the data available to an independent entity, such as an
ISP or OTT provider, measuring QoE-related parameters in isolation. Formally, D1, Do C D and
Dy N Dy =, with |Dq| = dy and |Ds| = da, such that d; + dy = d = 9. This artificial split emulates
a realistic use case where different stakeholders monitor distinct sets of IFs, for example, one entity
focusing on network-related metrics and another on application-layer metrics without direct data
sharing between them.

The motivation behind this division is twofold. First, it allows systematic evaluation of the PV
scenario, in which a QoE model is trained using only a subset of features, thus mimicking real-world
conditions of limited observability. Second, it enables the MV configuration, where feature represen-
tations extracted from each subset are later fused to improve prediction accuracy without merging the
underlying data. The resulting framework provides a controlled environment to compare the three
modeling paradigms (PV, MV, and FV) on the same baseline dataset, ensuring that performance

differences are attributable solely to the modeling strategy rather than variations in data distribution.

4.4.2 | Neural Network Architectures

To implement the QoE prediction models for the three considered approaches (Partial View, MV,
and Full View), we employed Fully Connected Deep Neural Networks (FC-DNNs). This choice was
motivated by their capacity to learn complex, non-linear relationships between input features and
target variables through hierarchical feature transformations. The fully connected structure allows
each neuron in a layer to interact with all neurons in the subsequent layer, ensuring dense information
flow across the network and facilitating the learning of high-order feature representations. Such rep-
resentations can be easily mapped to distinct quality classes, making FC-DNNs particularly suitable
for QoE estimation tasks [59]. Through a combination of matrix multiplications, bias additions, and
non-linear activation functions, FC-DNNs progressively transform raw input data into meaningful

latent embeddings that capture both direct and indirect dependencies among the QoE IFs.
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We designed and implemented two neural network architectures, including FC-DNN1 and FC-
DNNZ2 to address the different experimental configurations. The first network, FC-DNN1, was used
for the FV configuration, whereas the second network, FC-DNN2, was used for both the PV and
MYV configurations. Although both architectures share similar design principles, FC-DNN2 includes

a dual-branch structure and a fusion mechanism to handle the feature sets from multiple views.

4.4.2.1 | FC-DNN1: Full-View model

The first model, FC-DNN1 (depicted in Fig. 4.2), takes as input the complete dataset X consisting
of = features (QoE IFs) and outputs the predicted QoE score. It comprises eight hidden dense layers
with progressively decreasing neuron counts, such as 800, 600, 500, 400, 256, 128, 64, and 32 units,
followed by an output layer of 5 neurons activated by a SoftMax function to produce probabilities
corresponding to the 5 ACR quality levels. The hierarchical reduction of neurons across layers
encourages feature abstraction and compresses high-dimensional input information into a compact

latent representation.

Dense Layers
Num of neurons, respectively:

Input layer 800, 600, 500, 400, 256, 128, 64, 32 Output layer
h 20} I : K along with, shape: (5,)
shape: len(k) Kernel regularizer: L2(0.01), Activation: softmax

Activation: Relu,
and Layer normalizations

Figure 4.2: The architecture of FC-DNN1. The input dataset X is Dy for PVy, Dy for PV, and D
for F'V.

Each hidden dense layer uses the Rectified Linear Unit (ReL.U) activation function combined with
an L2 kernel regularization term (regularization factor set to 0.01) to prevent overfitting by penalizing
large weight magnitudes. To further stabilize the training process, a normalization layer is applied
after each dense layer, ensuring that neuron activations maintain a stable distribution across batches
and improving convergence speed.

The operations of FC-DNNT1 can be formally expressed as:
dpy(.) =nl(ReLU(.)), (4.6)

Res = SoftMax(dpyg (... (dpuy (dny, (Input))))), (47)
with nu = [800, 600, 500,400, 256, 128, 64, 32], '

where Input is the input feature vector, Res is the predicted quality distribution, and the vector
of neuron units is defined as nu = [800, 600, 500, 400, 256, 128, 64, 32]. The normalization function

nl(.) normalizes the activation values within each batch according to:
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ReLU (activations) — mean(ReLU (activations))

nl =
V/var(ReLU (activations))

(4.8)

This normalization improves gradient stability and reduces the risk of internal covariate shift.
Overall, FC-DNN1 acts as the reference model capable of leveraging all available IFs simultane-

ously, thus serving as an upper bound for evaluating the benefits of MV integration.

4.4.2.2 | FC-DNN2: MV and Partial-View model

The second architecture, FC-DNN2 (shown in Fig. 4.3), is specifically designed for the MV and PV
learning configurations. It adopts a two-branch structure, where each branch processes a different
dataset (D or D3), corresponding to the separate views defined in Section 5.4.1. Each branch extracts
view-specific feature representations independently before they are fused into a shared latent space
through a fusion layer. This design enables the network to learn complementary information from

distinct feature subsets, even when data sharing between entities is not possible.

D'EHSEI:25'3 Of:l Activati ’ _R‘ LU aSIOf shape: (5,)
'd 1\ vation. ke L Activation: softmax
MNormalization layer: nl
Dense Layers
(Ky; Dy) Input nu: 800, 600, 500, 400, 256,
layer Activation: RelLU,
Mormalization layer: nl
.

Dense Layers
(Kz; D3) Input nu: 800, 600, 500, 400, 256
layer Activation:RelLU,
Mormalization layer: nl
Dense Layers 0utput layer

\_ /J nu: 128, 64, 32
Dense{256 Or) - 128, 64, asto shape: (5,)
Activation:RelLU, Acmangn softmax

MNormalization layer: nl

A

~
S

Figure 4.3: The architecture of FC-DNN2.

Each branch consists of five hidden dense layers with neuron counts nu = [800, 600, 500, 400, 256].
These layers are activated by ReLU functions and regularized with the same L2 penalty (0.01) and

normalization as in FC-DNN1. Formally, the output of each branch before fusion is:
Opn = dnus (- (dnuy (dnw, (Input)))), (4.9)

where Input represents the feature vector of one view, Oy, denotes the encoded representation of
branch bn, and bn € 1,2 is the branch index.
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The Fusion layer combines the intermediate outputs O; and Os from the two branches using a
concatenation operator @ along the feature axis, followed by a dense transformation layer with 256

neurons. The fusion operation is defined as:

Of = du256(01 D 02), (4.10)

where Oy is the fused feature vector. This shared latent representation integrates complementary
patterns learned by each branch and is subsequently fed back to both branches to refine their high-
level representations.

Each branch then continues with three additional dense layers of sizes [128,64,32] applied se-

quentially to the fused vector:

LastOp, = dyus (dyuy (dnuy (07))), (4.11)

producing LastOy, for each branch (bn € 1,2). Finally, both branches feed into an Output layer
consisting of a dense layer with 5 neurons and SoftMax activation to generate class probabilities

corresponding to the 5 QoE levels:

Qsst = SoftMazx(LastOyy,), (4.12)

where Qiff is the predicted QoE for branch bn.

The fusion mechanism allows both branches to benefit from shared information without direct
access to the other’s raw data, thus ensuring privacy preservation. The 256-dimensional fusion layer
acts as a knowledge-sharing interface that captures the latent relationships between different feature

subsets and facilitates their alignment in the prediction space.

4.4.2.3 | Training and optimization setup

The number of hidden layers and neurons in both networks was determined empirically through it-
erative experimentation to achieve the best balance between model complexity and generalization.
Different architectures were initially tested, and the chosen configurations (eight layers for FC-DNN1
and five layers per branch for FC-DNN2) were found to provide the most stable convergence and
highest estimation accuracy. Both FC-DNNs were trained using the categorical cross-entropy loss
function, optimized via the Adam optimizer. Training was monitored with an early stopping mecha-
nism, set with a patience of 20 epochs, and the maximum number of epochs was limited to 3000. The
dataset was split into training and validation subsets following a 70%/30% ratio, and 5-fold cross-
validation (k = 5) was employed to ensure robustness and reduce the impact of data partitioning on

model performance.

74



Chapter 4. Collaborative Multi-View Learning for QoE
Prediction (Multi-View QoE) 4.4. Implementation details

This configuration provides a fair comparison between the FV, PV, and MV approaches, isolating
the effect of the MV fusion mechanism on QoE prediction accuracy while ensuring methodological

consistency across all experiments.

4.4.3 | Approaches

To evaluate the effectiveness of the proposed MV learning approach, we used the dataset described
in Section 4.4.1 as the data source D, which contains d = 9 IFs identified as the most correlated with
the subjective QoE scores. From this dataset, we created two distinct and non-overlapping subsets,
D1 and Ds, each representing a separate “view” of the same phenomenon. Each subset includes a
different combination of the nine IFs, simulating the case in which two independent entities (e.g., an
ISP and an OTT provider) have access to disjoint sets of QoE-related parameters.

The number of possible combinations of IFs between the two subsets can be expressed as:

d!
Nt = Gt

This equation gives the number of ways the original feature set D can be divided into two subsets

(4.13)

D1 and Ds, containing d; and dy elements, respectively, such that d; + do = d. In other words, it
represents the total number of distinct feature partitions that can be formed to evaluate the model’s
robustness across different feature configurations.

Based on this formulation, the following feature combination cases were examined:

B d; =8 and dy = 1: 9 combinations.
B d; = 7 and dy = 2: 36 combinations.
B d; = 6 and dy = 3: 84 combinations.

B d; =5 and dy = 4: 126 combinations.

The total number of possible feature subset combinations is therefore 255, ensuring a compre-
hensive exploration of all feasible feature splits. This exhaustive testing allows us to assess how the

availability and distribution of features between entities influence QoE prediction performance.

4.4.4 | Implementation of the three learning approaches

To ensure a fair and systematic comparison, all three approaches, including PV, MV, and FV,
were implemented using the same dataset, network architectures, and training settings described in
Section 4.4.2. The main differences between them lie in the number of input features and the presence

or absence of the fusion mechanism.
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1. Partial View (PV): In this configuration, each entity independently trains a QoE model using
its local dataset only. Two separate FC-DNN1 networks were trained: one on D; (denoted as
PV1) and another on Dy (denoted as PV3). The first model receives as input d; features, while
the second receives ds features. This setup reflects a realistic scenario in which entities build
QoE predictors solely based on their own available IFs, without access to additional information

from other sources.

2. Multi-View (MV): The proposed MV configuration aims to overcome the limitations of isolated
training by integrating knowledge from both views. Here, the FC-DNN2 network is used,
featuring two input branches that process D; and Dy in parallel. Each branch independently
learns a latent representation of its own features, and these representations are then merged
in the fusion layer, as described in Section 4.4.2. This setup allows both entities to indirectly
benefit from each other’s learned information via model-level fusion, without sharing raw data.

The MV configuration thus simulates a collaborative yet privacy-preserving training scenario.

3. Full View (FV): This configuration represents the upper-bound reference and serves as a bench-
mark for evaluating the MV and PV approaches. In this case, a single FC-DNN1 network is
trained using the complete dataset D, which includes all nine IFs. The FV model assumes
that all data are centrally available, allowing it to learn from the complete feature space. Al-
though this setup is rarely feasible in practice due to privacy and operational constraints, it
provides a valuable comparison point for quantifying the performance trade-offs introduced by

MYV learning.

To achieve a comprehensive evaluation, the experiment systematically covered the entire feature
space. All possible combinations of IFs (di,ds) were generated, and corresponding models were
trained for both PV and MV configurations. For each combination, training and validation followed
the same data splits, normalization procedure, and optimization settings to ensure consistency. This
exhaustive approach makes it possible to analyze how feature completeness, partitioning, and fusion
contribute to the final QoE estimation accuracy.

Overall, this methodology allows a detailed comparison of the three learning paradigms, including
isolated (PV), collaborative (MV), and centralized (FV), in terms of both their predictive performance
and practical applicability to real-world QoE modeling scenarios involving multiple independent data

sources.

4.5 | Results

This section presents the experimental results obtained for the validation phase of the three considered

approaches, including FV, PV, and MV, in terms of mean accuracy, precision, recall, and F1-score
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for the QoE prediction task. The results are based on the dataset described in Section 4.4.1, using
the experimental setup and architectures detailed in Section 4.4.2 and Section 4.4.3. Performance
metrics were computed for each configuration of feature subsets and then averaged across all 5 folds
of the cross-validation process.

Table 4.1 summarizes the mean QoE estimation accuracy for all tested combinations and sizes
of D1 and Ds. Each reported value represents the average performance across all possible feature
combinations generated for a given (di,d2) pair.

Since each configuration was evaluated under a 5-fold training/validation scheme, the total num-

ber of accuracy values contributing to each mean is given by 5 x Ny, 4,. Specifically:

B 5x9 = 45 values for di = 8 and dy = 1.

B 5x36 = 180 values for d; = 7 and dy = 2.
B 5x84 = 420 values for d; = 6 and dy = 3.
B 5x126 = 630 values for d; = 5 and dy = 4.

B 5x1 =5 values for d = 9.

Table 4.1: Mean QoE estimation accuracy of the FV, MV, and PV approaches for different combi-
nations and sizes of Dy and Ds.

Input features | MV; | MV, | PVy | PV, | FV
di=8,dy =1 0.68 | 0.67 | 0.69 | 0.20 -
di=17,dy =2 0.68 | 0.68 | 0.68 | 0.32 -
di=6,d,=3 0.68 | 0.68 | 0.65 | 0.44 -
di=5,dy =4 0.69 | 0.69 | 0.68 | 0.57 -

d=9 - - - - 0.72

Thus, the reported results represent robust averages computed over a total of 1,280 independent
training—validation experiments. This extensive evaluation ensures statistical reliability and allows a

meaningful comparison among the three modeling strategies.

4.5.1 | Overall performance comparison

As expected, the FV approach achieved the highest overall accuracy (0.72), confirming that training
a single neural network (FC-DNN1) on the entire dataset, where all nine features are simultaneously
available, provides the most accurate QoE estimation performance. However, the proposed MV
approach achieved accuracy values that are only marginally lower but still comparable to F'V, reaching
0.69 for both MV; and MV, when di = 5 and do = 4. This finding is significant, as the MV
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configuration operates under a data-privacy constraint, where no raw data is exchanged between the
two branches. Instead, only high-level feature representations are shared through the fusion layer,
which integrates information from the hidden dense layers of both branches. Therefore, the MV
model achieves nearly the same predictive performance as the ideal FV model while preserving data
isolation between the two entities, an essential advantage for real-world applications.

Table 4.1 also reveals that the MV approach consistently outperforms the PV models, particularly
when the number of available features per entity is small. The improvement is most pronounced
when one of the datasets contains only a few IFs. For example, the mean accuracy achieved by
PV, increases by 0.47, 0.36, 0.24, and 0.12 when moving from PV, to M Vs for do = 1, 2, 3, and 4
features, respectively. This demonstrates that knowledge integration through the fusion layer enables
models trained on limited information to benefit from complementary patterns learned by other
models, effectively compensating for missing input variables. Hence, the MV framework enhances
predictive performance under partial observability, confirming its capability to support collaborative

and privacy-preserving QoE estimation.

4.5.2 | Best-performing feature combinations

Table 4.2 reports the mean QoE estimation performance of the MV and PV approaches for the best-
performing feature combination, corresponding to d; = 5 and do = 4, with D1 = I Fs, [ Fg, 1 F7, [ Fg, [ Fy
and Dy = IFy,IF3,IFy, [F5. For comparison, the FV results (trained on all nine IFs) are also in-
cluded in the same table. The findings indicate that not only the number of features available to
each dataset but also their specific combination can influence the model’s performance. Although the
number of IFs per subset remains the primary determinant of accuracy, the selection and distribution
of features across D and D9 still affect the final results to a smaller extent.

With the optimal feature split, the MV approach achieves performance nearly equivalent to
FV in all evaluation metrics (accuracy, precision, recall, and Fl-score). This confirms that the
fusion mechanism effectively combines the most informative aspects of the two feature subsets to
approximate the performance of a model trained on the full dataset. Furthermore, the table provides
insight into per-class prediction performance for each ACR level. The results show that all models
tend to predict lower ACR scores (1 and 2) more accurately than mid-to-high scores (3-5). This
behavior is likely due to dataset imbalance, as lower quality sessions are more distinct and easier to
classify, whereas high-quality sessions being more frequent and similar to each other, are harder to
differentiate. Despite this challenge, the MV configuration maintains stable performance across all
classes, whereas PV models show greater variability between classes.

Interestingly, the results also indicate that the MV approach harmonizes the performance between
the two branches. While in the PV setup PV outperforms PV, (due to one additional feature in
its training set), in the MV configuration MV; and MV, achieve comparable performance, both
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Table 4.2: Mean QoE estimation performance of the FV, MV, and PV approaches for the best
combination of features when dy = 5 and do = 4, i.e.,, Dy = {IF5, [ Fg,1F;,1F3,1Fy} and Dy =
{IF\,1F3,IFy,IF5}. M-AVG is the Macro Average among the 5 ACR scores.

Appr. | Metric  |—— 2ACTR ;Co‘rez 5| M-AVG
Mean Acc. 0.72
FV Precision | 091 | 0.76 | 0.65 | 0.57 | 0.67 0.71
Recall 0.94 | 0.85 | 0.66 | 0.55 | 0.58 0.72
F1-Score | 0.92 | 0.80 | 0.65 | 0.56 | 0.62 0.71
Mean Acc. 0.68
PV; Precision | 0.89 | 0.73 | 0.61 | 0.55 | 0.59 0.67
Recall 0.89 | 0.78 | 0.57 | 0.49 | 0.65 0.68
F1-Score | 0.89 | 0.75 | 0.59 | 0.52 | 0.62 0.67
Mean Acc. 0.57
PV, Precision | 0.74 | 0.61 | 0.53 | 0.44 | 0.51 0.57
Recall 0.80 | 0.62 | 0.48 | 0.42 | 0.53 0.57
F1-Score | 0.77 | 0.62 | 0.50 | 0.43 | 0.52 0.57
Mean Acc. 0.71
MW, Precision | 0.91 | 0.76 | 0.65 | 0.57 | 0.64 0.71
Recall 0.93 | 0.81 | 0.65 | 0.54 | 0.64 0.71
F1-Score | 0.92 | 0.78 | 0.65 | 0.56 | 0.64 0.71
Mean Acc. 0.70
MVs Precision | 0.91 | 0.78 | 0.64 | 0.57 | 0.61 0.70
Recall 0.91 | 0.83 | 0.63 | 0.50 | 0.65 0.71
F1-Score | 0.91 | 0.80 | 0.64 | 0.53 | 0.63 0.70

approaching that of the FV model. This confirms that the fusion layer’s shared representation
successfully compensates for information asymmetry between entities, yielding balanced and improved

predictions across both branches.

4.5.3 | Evaluation of minimal-feature scenarios

To further evaluate the robustness of the MV approach under extreme conditions, Table 4.3 presents
the results for dy = 8 and dy = 1, where Dy = IFy,IF5, I[F3, I F5, 1 Fg, 1F;, IFg, [Fy and Dy = I Fy.
This configuration simulates a highly unbalanced data-sharing scenario in which one entity has access
to nearly all features, while the other possesses only minimal information (a single IF). Such a case is
representative of real-world industry collaborations, where smaller organizations or ISPs may monitor
only a limited set of metrics compared to large OTT providers.

The results clearly highlight the benefit of the MV mechanism in such asymmetric configurations.

Even when Dy includes only one feature, the integration enabled by the fusion layer allows M V5 to
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reach an accuracy comparable to that of PVj, which was trained with eight features. This illustrates
that even minimal feature contributions from other entities—once transformed into latent knowledge

through shared neural representations—can significantly enhance prediction accuracy.

Table 4.3: Mean QoE estimation performance of the MV and PV approaches when d; = 8 and do = 1,
with Dy = {IFy,I[Fy,IF3,IF5, [ Fg,1F7, [Fg,1Fy} and Dy = {IF,}. M-AVG is the Macro Average
among the 5 ACR scores.

Appr. | Metric | —— ?C‘R;w‘rez 5| M-AVG
Mean Acc. 0.70
PV Precision | 0.90 | 0.74 | 0.65 | 0.57 | 0.61 0.69
Recall 0.93 | 0.82 | 0.61 | 0.52 | 0.61 0.70
F1-Score | 0.91 | 0.78 | 0.63 | 0.54 | 0.61 0.70
Mean Acc. 0.20
PV, Precision | 0.04 | 0.02 | 0.10 | 0.13 | 0.17 0.09
Recall 0.20 | 0.09 | 0.49 | 0.11 | 0.11 0.20
F1-Score | 0.07 | 0.03 | 0.16 | 0.04 | 0.04 0.07
Mean Acc. 0.71
MV, Precision | 0.89 | 0.78 | 0.61 | 0.60 | 0.62 0.70
Recall 0.94 | 0.83 | 0.72 | 0.42 | 0.62 0.71
F1-Score | 0.92 | 0.81 | 0.66 | 0.50 | 0.62 0.70
Mean Acc. 0.70
MV, Precision | 0.87 | 0.78 | 0.65 | 0.58 | 0.59 0.69
Recall 0.92 | 0.81 | 0.63 | 0.47 | 0.66 0.70
F1-Score | 0.89 | 0.79 | 0.64 | 0.51 | 0.63 0.69

In contrast, the single-view model PV5 trained on only one feature performs substantially worse,
underscoring the importance of cross-model information exchange. Therefore, the proposed FC-
DNN2 architecture demonstrates scalability and adaptability: additional branches can be easily added
to incorporate more entities, further improving model robustness and performance in collaborative
multi-party settings.

The experimental results confirm three major findings. First, the MV learning strategy effectively
bridges the performance gap between isolated (PV) and centralized (FV) training, achieving near-
optimal QoE prediction accuracy without requiring data sharing. Second, the fusion mechanism
within FC-DNN2 enables efficient knowledge transfer between independent models, allowing each to
benefit from information learned by the others while maintaining data privacy. Third, the approach
proves scalable and generalizable, which is able to maintain strong accuracy even under conditions
of limited feature availability or imbalanced data access.

These results validate the hypothesis that integrating multiple independent QoE datasets through

model-level fusion can yield accurate, privacy-preserving, and collaborative prediction frameworks.
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This finding opens new research directions toward federated QoE modeling, where distributed enti-
ties cooperate through model updates rather than data exchange, enabling large-scale, ethical, and

effective QoE optimization in real-world multimedia service environments.

4.6 | Key findings and contributions
The main findings and scientific contributions of this chapter can be summarized as follows:

1. Introduction of MV learning for QoE estimation. This work represents one of the first attempts
to apply the MV learning paradigm to QoE prediction, enabling the integration of information

from multiple independent datasets through feature-space and model-level fusion.

2. Development of a privacy-preserving collaborative framework. The proposed architecture allows
separate entities to exchange learned representations rather than raw data, ensuring confiden-

tiality while jointly improving QoE estimation accuracy.

3. Design and implementation of dual-branch FC-DNN architecture (FC-DNN2). A dedicated
two-branch neural network with a fusion layer was introduced to merge intermediate latent

representations from different data views, enabling efficient cross-model information sharing.

4. Comprehensive evaluation of feature distribution scenarios. A total of 255 feature partition
combinations were tested to emulate diverse data-ownership and observability conditions, pro-

viding a complete characterization of model behavior across varying feature availability.

5. Demonstration of performance parity with full-view learning. The MV approach achieved accu-
racy and Fl-scores nearly identical to those of the FV model (0.69 vs. 0.72) while significantly

outperforming PV models trained on single feature subsets.

6. Scalability to asymmetric and minimal-feature configurations. Experiments with extreme cases
(e.g., di = 8, do = 1) revealed that even when one entity has access to minimal data, MV
learning can recover comparable performance through latent fusion, suggesting potential for

multi-branch and federated extensions.

7. Foundation for distributed QoE modeling. The proposed framework paves the way for large-
scale, real-world QoE prediction systems based on federated or collaborative intelligence, sup-

porting distributed learning across stakeholders in multimedia service ecosystems.

Together, these findings reinforce one of the critical objectives of this dissertation: promoting
collaborative and privacy-preserving QoE modeling, where distributed data sources contribute to

unified learning without data exchange.
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Building upon the collaborative and generalizable learning paradigm established in this chapter,
the following study extends the proposed methodologies to the domain of immersive three-dimensional
(3D) media. While the MV framework validated the feasibility of knowledge sharing across heteroge-
neous 2D streaming datasets, the next chapter investigates whether similar data-driven principles can
be applied to more complex spatial content-levels, such as point clouds, where visual and geometric
fidelity jointly determine user-perceived QoE. This transition marks the evolution of the dissertation’s
research scope, from 2D and network-centric QoE modeling toward scalable, no-reference quality as-
sessment for 3D immersive environments, reinforcing the adaptability of the proposed learning-based

approach across modalities.

4.7 | Conclusion

This chapter presented an in-depth investigation into the application of MV learning for QoE mod-
eling, aiming to address the limitations of existing data-driven models that are constrained by the
availability and heterogeneity of QoE-related datasets. Building upon the concept of collaborative
learning across independent entities, we proposed an MV-based framework capable of integrating
information from distinct feature subsets without requiring raw data sharing. Three complementary
approaches, such as FV, PV, and MV, were designed and compared using the publicly available web
QoE dataset introduced in [54].

To simulate realistic cross-entity data collection scenarios, the original dataset was divided into
multiple combinations of non-overlapping feature subsets (D; and D3), representing independent data
views. Two deep learning architectures, FC-DNN1 and FC-DNN2, were implemented to support these
experiments: FC-DNN1 was used for the FV and PV cases, while FC-DNN2, equipped with a fusion
mechanism, was employed for the MV configuration. The proposed MV model leverages shared
latent representations between network branches, enabling privacy-preserving information exchange
that enhances prediction accuracy even under feature-limited conditions.

The obtained results demonstrated that the MV approach achieves QoE prediction performance
comparable to the FV model, which operates on the complete feature set, and clearly outperforms
the PV configurations that rely on partial information only. This performance gain was particularly
evident when one of the datasets contained a small number of features. In such cases, the fusion layer
of FC-DNN2 effectively compensated for missing information by integrating complementary patterns
learned from other views, proving the potential of MV learning in collaborative QoE estimation.
Moreover, the MV model maintained stable performance across all evaluated metrics—accuracy, pre-
cision, recall, and F1-score, confirming the robustness and generalizability of the proposed approach.

These findings highlight that MV integration offers a viable alternative to centralized data fusion,

combining strong predictive accuracy with privacy protection and scalability. By enabling inde-
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pendent entities, such as ISPs and OTT providers, to collaboratively improve QoE models without
exposing their proprietary data, the proposed MV learning framework provides an effective foun-
dation for future federated QoE modeling and distributed intelligence across networked multimedia

systems.
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No-Reference Point Cloud Quality
Assessment (NR-PCQA)

5.1 | Introduction

Following the research directions and objectives outlined in Chapter 1, this chapter advances the
investigation of objective QoE modeling toward immersive 3D media, marking a significant step in
assessing the scalability of the proposed methodologies across content modalities. While the previous
chapters addressed temporal and multi-view QoE estimation for 2D audiovisual and streaming scenar-
ios, here the focus shifts to the spatial dimension of user experience, where depth perception, geometry
accuracy, and visual fidelity jointly determine perceived quality. This transition responds directly to
the overarching challenge defined in Chapter 1, developing generalizable and data-driven QoE models
capable of adapting to emerging media formats such as point clouds, which serve as the backbone of
Extended Reality (XR) and Human Digital Twin (HDT') environments. By introducing a no-reference
point cloud quality assessment (NR-PCQA) framework, this chapter demonstrates how the thesis’s
learning-based approach can be effectively extended to immersive communication scenarios, preserv-
ing both accuracy and computational efficiency without relying on reference data. This approach
aligns directly with the fourth and fifth pillars of the proposed framework, multi-projection fusion
and computational efficiency, as it achieves state-of-the-art performance while remaining lightweight
and suitable for real-time or edge deployment.

In doing so, it bridges the gap between service-level and content-level QoE modeling, confirm-
ing the versatility of the proposed learning-based paradigm across both interactive and immersive
multimedia environments.

Immersive technologies are rapidly reshaping the landscape of digital communication and enter-
tainment, enabling users to interact with three-dimensional (3D) content in more engaging and lifelike

ways. Applications such as remote collaboration, live entertainment, education, and virtual events
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increasingly rely on volumetric and spatial representations to provide realistic and interactive user
experiences. The growing accessibility of XR devices, such as augmented, mixed, and virtual reality
headsets, has accelerated this trend, allowing a wider audience to explore immersive environments
with unprecedented realism. A fundamental technology supporting these experiences is the point
cloud, a 3D data format that represents a scene or object through a set of spatially distributed points
containing geometry and color information. Point clouds enable precise and dynamic reconstructions
of real-world scenes, making them ideal for rendering human subjects or objects in volumetric video
and telepresence applications. For instance, performers or speakers can be captured and transmitted
as 3D entities, allowing viewers to experience events from freely chosen viewpoints, enhancing spatial
immersion and user engagement.

Efficient transmission of such high-dimensional content requires adaptive streaming mechanisms
that can dynamically adjust quality according to network conditions. To this end, Dynamic Adaptive
Streaming over HTTP (DASH) has been extended to handle point cloud data through the introduc-
tion of DASH-PC protocols [60]. These extensions support the end-to-end pipeline of encoding,
packaging, and adaptive delivery of point cloud sequences to client devices, where they are decoded
and rendered in real time. Within this pipeline, an accurate PCQA mechanism is essential for several
reasons: it guides the rate adaptation process, supports optimal representation selection for trans-
mission, and provides actionable information to maintain a high QoE for end users. Consequently,
objective PCQA models play a crucial role not only in perceptual optimization but also in the efficient
management of network and computation resources.

Objective PCQA methods are commonly categorized into Full-Reference (FR), Reduced-Reference
(RR), and No-Reference (NR) models [61]. FR models require access to both the reference and the
distorted point cloud, enabling precise comparison but at the cost of high computational load and
impractical requirements for real-world streaming, where the reference content is rarely available. RR
models reduce this dependency by relying on a subset of extracted features from the reference and
distorted versions, trading some accuracy for efficiency. NR models, instead, estimate quality solely
from the distorted point cloud itself, requiring no access to the original data. This independence
from reference information makes NR models inherently more scalable and deployable in real-time
scenarios, as they minimize computational overhead and avoid the need for extra transmission band-
width. For adaptive streaming systems, where quality assessment must occur continuously and at
low latency, NR approaches represent the most practical and lightweight solution.

However, designing accurate and efficient NR-PCQA models remains challenging due to the unique
characteristics of point clouds. Unlike conventional 2D images or videos, point clouds are composed
of irregularly distributed points in 3D space, often reaching millions of points per frame. This irreg-
ular and sparse structure makes it difficult to directly apply traditional convolutional operations or
spatial filters. Moreover, point clouds are susceptible to a variety of distortions, introduced during

acquisition, compression, transmission, or rendering, that can degrade both geometry and color fi-
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delity. These distortions manifest differently depending on the capture setup, compression algorithm,
and viewing configuration, making the perceptual modeling of point cloud quality a highly complex
task.

Streaming-oriented scenarios introduce further challenges. Geometry-based encoders such as G-
PCC (Geometry-based Point Cloud Compression) [62] and hybrid codecs often require significant
bitrates and computational resources for encoding and decoding. When quality models depend on
full 3D data processing, they inherit these computational burdens, which undermine their usabil-
ity in latency-sensitive environments. Existing deep learning-based PCQA models, while achieving
strong performance, often suffer from high complexity due to operations like 3D convolutions [63],
graph-based feature extraction [64], or multimodal fusion techniques [65]. Additionally, many of
these approaches involve time-consuming preprocessing steps, such as point alignment, normaliza-
tion, or voxelization, further hindering their real-time applicability. Hence, there is a growing need
for compact and efficient NR-PCQA solutions capable of operating on lower-dimensional data while
preserving high prediction accuracy.

To address these limitations, this work proposes a Multi-View Adaptive Weighting Point Cloud
Quality Assessment (MVAW-PCQA) model—a novel NR-PCQA framework that leverages 2D pro-
jection views instead of direct 3D point cloud data. The key idea is to project the 3D point cloud
onto multiple orthogonal planes, transforming the irregular spatial data into structured 2D images
that are easier to process using CNNs. This transformation drastically reduces computational com-
plexity while maintaining sensitivity to geometric and color distortions observable across different
viewpoints. In particular, our model employs a pre-trained CNN backbone to extract deep features
from six orthogonal projections of each point cloud. Each view is processed independently to main-
tain consistent feature distributions and capture view-specific information, ensuring that the network
learns spatial patterns associated with local distortions without prematurely mixing them across
views.

To enhance the expressiveness and flexibility of the model, an adaptive weighting fusion mecha-
nism is introduced to combine features extracted from the six projections. Rather than treating all
views equally, the fusion module learns to assign dynamic importance weights, emphasizing the most
informative projections that contribute more strongly to perceived quality. This adaptive weighting
strategy enables the model to better capture inter-view correlations while remaining lightweight and
interpretable. Through this design, the proposed MVAW-PCQA framework achieves a strong bal-
ance between accuracy, computational efficiency, and model compactness, making it well-suited for
real-time and resource-constrained applications.

Experimental evaluations demonstrate that the proposed method outperforms state-of-the-art
PCQA models on the SJITU-PCQA dataset, achieving superior correlation with subjective quality
scores while maintaining a compact architecture with a moderate number of parameters. These

results confirm the potential of 2D projection-based NR-PCQA approaches as practical and efficient
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solutions for immersive communication systems.

The remainder of this chapter is organized as follows. Section 5.2 reviews the related work
in PCQA, highlighting existing methods and their limitations. Section 5.3 presents the proposed
MVAW-PCQA model and details its multi-view and adaptive fusion mechanisms. In Section 5.4,
experimental evaluations and comparisons with state-of-the-art methods are discussed. Section 5.5
highlights the findings and contribution of the chapter, and finally, Section 5.6 concludes the chapter

and outlines potential directions for future research.

5.2 | Background and Related Works

Objective PCQA methods aim to estimate the perceptual quality of distorted 3D content through
mathematical or learning-based models that replicate human perception. Depending on the avail-
ability of reference data, they are commonly divided into three main categories: Full-Reference (FR),
Reduced-Reference (RR), and No-Reference (NR) approaches. FR models have access to both the
original and distorted point clouds and compute quality scores by directly comparing them. RR
models require only a limited set of extracted features from the reference and distorted versions. NR
models, in contrast, operate solely on the distorted content, without any knowledge of the reference,
making them the most suitable choice for real-time and bandwidth-limited applications such as point

cloud streaming and immersive communication [61].

5.2.1 | Full-Reference and Reduced-Reference PCQA

FR PCQA methods have historically achieved the highest correlation with subjective quality, as they
rely on complete geometric and color information from the reference data. Notable examples include
GraphSIM, PointSSIM, and PCQM. GraphSIM [66] computes quality by modeling point clouds as
graphs and evaluating color and geometry distortions using graph signal gradients, effectively captur-
ing local structural inconsistencies. PointSSIM [67] adapts the widely used 2D Structural Similarity
(SSIM) index to 3D space, assessing perceptual quality in terms of luminance, contrast, and structural
fidelity across corresponding point neighborhoods. Similarly, PCQM [68] introduces a perceptually
motivated weighted linear combination of geometry- and color-based features, demonstrating strong
consistency with human visual perception for compressed point clouds.

Although accurate, FR approaches are impractical for streaming applications, as the original point
cloud is rarely available on the client side and the computational cost of point-wise correspondence
matching is high. To mitigate this dependency, a few RR approaches have been explored [69]. These
extract compact statistical or perceptual descriptors from both the reference and distorted point

clouds, transmitting only a reduced subset of features. However, RR methods remain limited in
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scope and adoption, since even partial reference data introduces bandwidth overhead and complicates

deployment in distributed, real-time environments.

5.2.2 | No-Reference PCQA

NR models eliminate the dependency on reference data and estimate perceptual quality directly
from the received point cloud. They have gained increasing attention due to their potential for low-
complexity, scalable, and adaptive QoE monitoring in streaming pipelines. Existing NR approaches
can be broadly categorized according to their input domain into three groups: (1) projection-based
models, which operate on 2D projections of the point cloud; (2) model-based methods, which directly
analyze the 3D point set or graph structure; and (3) hybrid architectures, which combine information

from multiple modalities.

5.2.2.1 | Projection-Based Approaches

Projection-based NR-PCQA methods are particularly attractive for real-time use because they align
well with the MPEG V-PCC standard [70], which encodes point clouds as sequences of 2D texture
and geometry patches. These methods process rendered 2D images derived from different view-
points, leveraging mature 2D deep learning techniques while avoiding the high computational cost of
operating on unstructured 3D data.

Among early deep learning approaches, IT-PCQA [71] explores the perceptual relationship be-
tween natural images and 3D projections through a hierarchical CNN architecture combined with
adversarial domain adaptation, improving generalization across datasets. PQA-Net [72] introduces
a multi-view projection framework, where 2D projections of a point cloud are processed by a CNN
with dual-task learning for distortion classification and quality regression. Zhang et al. [73] proposed
a dynamic view-capture strategy, generating rotating projection paths analyzed using both 2D- and
3D-CNNs to capture view-dependent distortions. More recently, MS-PCQE [74] extended this idea
by incorporating multi-scale projections and a dual-branch Vision Transformer (ViT), integrating
focal-length-aware feature interactions and mask-aware attention mechanisms to enhance prediction
accuracy.

In parallel, other studies have explored regression-based projection models, emphasizing sim-
plicity and interpretability. Van Damme et al. [75] proposed a linear regression model based on
handcrafted 2D projection metrics, using content-aware sigmoid mappings to better align predictions
with subjective scores. Weil et al. [76] developed a Gradient Boost regressor that estimates quality
using compression parameters, frame rate, and viewing distance as explanatory variables. Nguyen et
al. |77] adapted the ITU-T P.1203 model, originally designed for video QoE, to dynamic point cloud

streaming by re-parameterizing its coefficients using subjective datasets. Finally, the bitstreamPCQ
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model [78] bypasses decoded projections entirely, estimating quality analytically from encoding pa-
rameters such as quantization levels and texture bitrates, offering a computationally efficient yet less
perceptually driven alternative.

Projection-based approaches thus benefit from their alignment with practical streaming pipelines
and the availability of mature 2D feature extractors. However, they may suffer from information
loss due to the projection process, which collapses 3D geometry into 2D planes, potentially omitting

depth cues and fine structural variations relevant to human perception.

5.2.2.2 | Model-Based Approaches

Model-based NR-PCQA methods analyze the 3D point cloud directly, preserving its geometric struc-
ture at the cost of increased computational burden. The 3D-NSS model [79] extracts color and ge-
ometric statistics such as curvature, anisotropy, and LAB color components, applying natural scene
statistics (NSS) principles and a support vector regressor (SVR) to predict quality. GPA-Net [64]
introduces a graph convolutional framework with a novel Graph Point Attention (GPAConv) ker-
nel that captures structure-aware distortions through learned spatial dependencies. ResSCNN [63]
employs sparse convolutional operations to efficiently process geometry and color features encoded
as sparse tensors, offering hierarchical feature extraction while reducing redundant computation.
Similarly, GQI [80] utilizes CNNs trained on local geometric patches and integrates curvature and
grayscale attributes to compute global perceptual scores.

These approaches typically achieve strong accuracy but are computationally demanding and re-
quire full 3D decoding, limiting their applicability in real-time streaming or embedded systems. They
also involve significant preprocessing, including normalization and alignment of point coordinates,

which increases latency and memory consumption.

5.2.2.3 | Hybrid Architectures

Hybrid PCQA models attempt to combine the advantages of both projection-based and model-based
approaches by fusing 2D texture and 3D geometric cues. The MM-PCQA model [65] exemplifies
this category by employing a dual-branch architecture that processes 2D projections and 3D point
segments in parallel. A cross-modal attention mechanism merges features from both modalities,
achieving improved accuracy but at the cost of considerable complexity. Similarly, Plain-PCQA [81]
adopts a multi-branch deep learning framework that analyzes both visual and geometric attributes.
It includes a no-reference branch for perceptual features extracted from projections and a degraded-
reference branch that incorporates simplified geometric information. This hybrid configuration adapts
to varying levels of reference availability, yielding high accuracy but remaining computationally heavy.

While hybrid and 3D model-based methods deliver competitive performance, their reliance on

high-dimensional or multimodal data leads to significant computational overhead and preprocess-
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ing costs, making them less practical for real-time or streaming applications. Projection-based
NR-PCQA, in contrast, provides a more efficient pathway for perceptual assessment, as it can di-
rectly exploit the 2D projections already generated by V-PCC or DASH-based streaming pipelines.
This eliminates the need for complex 3D reconstruction or feature synchronization, allowing for a
lightweight yet effective assessment of perceptual quality.

The review above reveals a clear research trend toward projection-based NR-PCQA models, which
balance performance and efficiency by leveraging 2D representations. However, existing methods of-
ten treat multiple projections equally, overlooking the fact that different views contribute unequally
to the overall perceived quality. Moreover, most approaches rely on simple feature averaging or con-
catenation, which may dilute critical spatial cues. To address these limitations, the model proposed
in this work introduces a Multi-View Adaptive Weighting PCQA (MVAW-PCQA) framework that
processes six orthogonal 2D projections through a CNN backbone and adaptively fuses their deep
features based on learned importance weights. This design not only reduces computational cost but
also enhances interpretability by explicitly modeling view-level relevance in quality estimation. By
eliminating the need for 3D reconstruction or multimodal integration, the proposed approach achieves
high efficiency while maintaining strong correlation with human-perceived quality, paving the way

for scalable and real-time NR-PCQA solutions in immersive communication systems.

5.2.3 | Research Gap and Contribution

From the reviewed literature, several gaps and open challenges can be identified in the field of objective
PCQA:

1. High dependency on reference data. Most existing PCQA models are designed under the FR or
RR paradigm, which requires access to either the complete or partial original point cloud. This
dependency makes them impractical for deployment in real-time streaming scenarios, where the

reference content is unavailable or too large to transmit.

2. Excessive computational complexity of 3D model-based methods. Deep 3D architectures, such
as convolutional and graph-based networks, require dense point sampling, voxelization, or graph
construction, resulting in high computational cost and long inference times. This significantly

limits their scalability for real-time applications or integration into adaptive streaming pipelines.

3. Limited generalization and flexibility of hybrid models. Although hybrid models achieve strong
accuracy by combining 2D and 3D modalities, they depend on complex preprocessing, cross-
modal synchronization, and large memory footprints. These constraints hinder their deploy-
ment in dynamic or resource-constrained environments, such as mobile XR devices or live

streaming systems.
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4. Inefficient fusion in projection-based models. Most existing projection-based NR-PCQA meth-
ods process multiple 2D projections but treat all views equally, using either concatenation or
uniform averaging to combine features. This uniform treatment ignores the fact that differ-
ent projections contribute unequally to perceived quality, depending on the spatial structure,

distortion type, and viewpoint relevance.

5. Lack of lightweight and adaptive NR-PCQA models. Despite their efficiency advantage, existing
projection-based approaches often fail to balance model compactness and perceptual accuracy.
There remains a need for a method that can provide both adaptive view importance estimation

and computational efficiency while maintaining state-of-the-art performance.

This chapter aims to effectively bridge the identified gaps by presenting a precise and perceptually
robust PCQA framework. This innovative approach is closely aligned with the overarching objectives
of this dissertation, enhancing its overall contribution to the field. The objective is to address the
gaps by introducing a Multi-View Adaptive Weighting Point Cloud Quality Assessment framework, a
novel no-reference approach that relies solely on 2D projection views of the point cloud. The key idea
is to replace costly 3D operations with multi-view 2D feature extraction and to integrate the resulting
representations using an adaptive weighting fusion module that learns the relative contribution of each
projection to the overall perceived quality. By operating exclusively on 2D projections, the proposed
model drastically reduces computational overhead while maintaining sensitivity to geometric and

color distortions.

5.3 | Proposed approach

We propose a projection-based no-reference NR-PCQA method called MVAW-PCQA, which predicts
the QoE for distorted point clouds using only their 2D projection views as input.

MVAW-PCQA is built on a deep learning architecture (illustrated in Fig. 5.1) that extracts fea-
tures from each projection view of the point cloud. It incorporates an adaptive weighting mechanism
that prioritizes features derived from the most significant projection views, those that contain the

most relevant information needed to predict the quality of the point cloud.

5.3.1 | MVAW-PCQA Architecture

Let us consider a colored 3D point cloud PC, represented as a finite set of N points in Euclidean
space:

PC = {pn = (Tn,Yn,2n) €ER3 | n=1,2,...,N}, (5.1)
where each point p,, is defined by its 3D coordinates (Z,,yn,2n). Each point may also contain

associated color attributes, which contribute to the perceptual representation of the object. To
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Figure 5.1: The architecture of the proposed MVAW-PCQA method.

reduce the complexity of operating directly on irregular 3D data, the proposed method converts
the point cloud into a set of 2D projection views (PVs). Specifically, six orthogonal projections are
generated, denoted as {PVy, PV, ..., PVs}, corresponding to the front, back, left, right, top, and
bottom perspectives of the 3D point cloud, as illustrated in Fig. 5.2. These projections preserve both
the texture and color distribution of the original PC, while implicitly retaining geometric cues through
perspective variations. This 2D representation provides a structured and dense format that is far
easier to process using standard convolutional architectures, while still encapsulating the essential
perceptual information of the original 3D scene.

The overall architecture of the proposed MVAW-PCQA model is shown in Fig. 5.1. The network
takes as input the six PVs of each point cloud and follows a modular pipeline consisting of: (1)
multi-view feature extraction using a convolutional backbone; (2) adaptive weighting fusion for view
importance estimation; and (3) quality regression for predicting the MOS. Each of these components

is described in the following subsections.

5.3.1.1 | Multi-View Feature Extraction

The first stage focuses on extracting high-level semantic and perceptual features from each of the
six projection views. For this purpose, we adopt ConuNeXt-T [82| as the backbone CNN archi-
tecture, chosen for its excellent balance between accuracy, computational efficiency, and scalability.
ConvNeXt-T builds upon the design principles of modern Transformers but retains the simplicity of
CNNs, employing depthwise convolutions, layer normalization, and large receptive fields to achieve
high representational capacity at a low inference cost.

The network was pre-trained on ImageNet to leverage strong generalization capabilities learned

from large-scale natural image data. To adapt ConvNeXt-T to the PCQA task, its original classi-
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Figure 5.2: Generation of the six 2D projection views (front, back, left, right, top, and bottom) from
the 3D point cloud.

fication head was replaced with a fully connected (FC) layer that outputs a 256-dimensional latent
feature vector for each view. Formally, the CNN-based feature extraction function can be expressed

as:

F,=f(PV)), ie{l2....P}, FeRP (5:2)

where f(-) denotes the feature extractor, P = 6 is the number of projection views, and D = 256 is
the feature dimensionality. Each PV is processed independently to obtain its corresponding feature
vector Fj, ensuring that the network captures view-specific information without premature feature
mixing. All extracted feature vectors are then vertically concatenated to form the global feature

matrix:

F:[F17F2;F37F4)F57F6]TGRPXDv (53)

This representation provides a compact yet informative description of the point cloud from multiple

perspectives, preserving the statistical and perceptual diversity of the input data.

5.3.1.2 | Adaptive Weighting Fusion Mechanism

Traditional fusion strategies in multi-view PCQA, such as uniform averaging or heuristic weight-
ing 83, 84, 85|, assume that all projections contribute equally to the perceived quality. However,
this assumption often leads to suboptimal performance, since certain viewpoints may contain more

salient information about visual distortions or structural degradations. For example, occlusions, miss-
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ing regions, or compression artifacts may be more evident from specific orientations, making them
disproportionately important for accurate quality assessment.

To overcome this limitation, we propose a learnable adaptive weighting mechanism that dynami-
cally determines the importance of each view. The mechanism operates as a lightweight attention-like

module, implemented as a two-layer Multi-Layer Perceptron (MLP) with ReLU activation:
a; = Woo(W1F;+b1)+be, i={1,...,P}, (5.4)
where:
m W € R?6%128 and by € R'?® are trainable parameters of the first linear layer (FC1);
B o denotes the ReLU activation function;
m Wy € R128%! and by € R! are trainable parameters of the second linear layer (FC2).

The scalar outputs a; represent preliminary importance scores assigned to each projection view.
To ensure that the learned importance scores are normalized and comparable across views, a softmax

function is applied along the projection dimension:

P
exp(a;
a; = Pp#, such that Zai =1. (5.5)
Ej:l exp(a;) i=1
The normalized weights «; capture the relative contribution of each view, assigning higher values to
projections that carry more perceptually significant information. The final fused feature representa-

tion is then obtained as a weighted combination of the six view-specific features:

P
Ffused = Z aiFi) Ffused € RD- (56)
=1

This adaptive fusion strategy enhances the model’s sensitivity to view-dependent distortions while
suppressing redundant or less informative projections. By learning these weights jointly with the rest
of the network, the model can dynamically focus on the most relevant spatial cues during training,

leading to more accurate quality predictions.

5.3.1.3 | Quality Regression and Output Prediction

The final stage of the MVAW-PCQA pipeline maps the fused feature vector Frys.q to a predicted
MOS value, which represents the estimated perceptual quality of the input point cloud. To achieve
this, a two-layer MLP is applied, incorporating ReLLU activation for non-linearity and a linear output

for regression:

MOSP =Wy G(W3Ffused + b3) + b4, (57)

where:
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m W3 € R?%%128 and b3 € R'?8 are the trainable parameters of the first FC layer (FC3);
m W, € R28%! and by € R! are the trainable parameters of the second FC layer (FC4);
B o again denotes the ReLU activation function.

This regression head learns a non-linear mapping from the high-dimensional fused feature space
to a single scalar quality score. The model is trained end-to-end to minimize the difference between
predicted and ground-truth MOS values, allowing the network to jointly optimize both the view-
weighting mechanism and the quality regression function.

In summary, the proposed MVAW-PCQA architecture integrates multi-view feature extraction
and adaptive feature fusion within a single lightweight framework. By processing orthogonal 2D
projections of the point cloud, it avoids the computational burden of 3D convolutions and complex
alignment procedures, while the adaptive weighting module ensures that the most informative views
dominate the quality prediction. This combination of efficiency, adaptivity, and perceptual awareness
allows MVAW-PCQA to outperform existing NR-PCQA methods both in terms of correlation with
subjective scores and model compactness, making it suitable for real-time point cloud streaming and

immersive communication scenarios.

5.4 | Experimental Results

To assess the effectiveness of the proposed MVAW-PCQA model, a comprehensive set of experiments
was conducted on a well-established point cloud quality benchmark. The goal of this evaluation is
to investigate the predictive performance of the proposed model in estimating the perceptual QoE
and to compare it against existing state-of-the-art PCQA approaches. This section presents the
dataset used for training and evaluation, followed by the experimental setup, evaluation metrics, and

quantitative results.

5.4.1 | Dataset

The SJITU-PCQA dataset [86] is one of the most widely used and publicly available large-scale bench-
marks for point cloud quality assessment. It was specifically designed to support the development and
evaluation of both full-reference and no-reference PCQA models. The dataset includes nine distinct
point cloud contents, each representing different levels of geometric complexity, texture richness, and
color distribution. These contents span a wide range of perceptual characteristics, from simple static
objects to complex human and environmental scenes, ensuring that the dataset covers various types

of distortions and visual artifacts encountered in real-world applications.
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Each original point cloud was subjected to seven distinct types of distortions, each applied at six
different degradation levels, thus providing a diverse range of quality variations for learning-based

models. The seven types of distortions include:

B Octree-based compression, simulating quality loss due to geometry quantization during 3D

compression.

m Color noise, introducing random perturbations to color channels while preserving geometric

structure.

B Downscaling, reducing spatial resolution by sub-sampling points to mimic acquisition or trans-

mission constraints.

B Geometry Gaussian noise, adding Gaussian-distributed positional noise to points to degrade

surface fidelity.
m Downscaling + Color noise, jointly introducing resolution and texture degradation.

m Downscaling + Geometry Gaussian noise, combining geometric and structural distortion

effects.

m Color noise + Geometry Gaussian noise, representing complex mixed artifacts often

present in compressed or streamed data.

Altogether, the SJTU-PCQA dataset contains a total of 9 x 7 x 6 = 378 distorted samples, each
associated with subjective quality scores collected through an extensive human study. The subjective
tests were conducted in a controlled laboratory environment, following the ITU-R Recommendation
BT.500-11 [87] guidelines for subjective video and visual quality assessment. A total of 64 par-
ticipants (aged between 18 and 30 years) evaluated the visual quality of each point cloud sample.
Participants rated the perceived quality using a 10-point scale, which was subsequently mapped to
the conventional five-category ACR scale, including 1-2 (Bad), 3-4 (Poor), 5-6 (Fair), 7-8 (Good),
and 9-10 (Excellent). The final subjective quality for each distorted point cloud was computed as
the MOS by averaging the individual scores across all subjects. This provides a robust ground-truth
measure of perceptual quality, which serves as the target for the regression task in our model training.
The diversity of distortion types, combined with the wide MOS distribution, makes SJTU-PCQA a
challenging and representative benchmark for testing no-reference PCQA algorithms.

To ensure a fair comparison, all point clouds were preprocessed following the official dataset proto-
col. Each 3D point cloud was first normalized within a unit cube to ensure geometric consistency, and
its six orthogonal projection views were generated following the procedure described in Section 5.3.1.
These PVs were then used as the input to the proposed MVAW-PCQA network for both training

and evaluation.
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5.4.2 | Implementation Details

The proposed MVAW-PCQA framework was implemented and trained on a high-performance work-
station equipped with an Intel Core i9-14900K CPU, an NVIDIA RTX 4090 GPU, and 64 GB of
RAM. The model was developed using the PyTorch deep learning framework, which provides the flex-
ibility and efficiency required for large-scale experimentation. All experiments were conducted under
the same computational environment to ensure reproducibility and consistency of results. To balance
stability and convergence speed, different learning rates were assigned to the two main components
of the network. The CNN backbone (ConvNeXt-T) was initialized with a smaller learning rate of
5 x 1075, as it was pre-trained on ImageNet, whereas the regression head was trained with a higher
rate of 5 x 10™* to allow faster adaptation to the PCQA task. This differential learning rate strategy
stabilized optimization and prevented catastrophic forgetting in the pre-trained backbone. Training
was carried out using the Adam optimizer [52|, which combines adaptive learning rate adjustment
with momentum to achieve fast and stable convergence. A weight decay term of 1 x 10~% was ap-
plied every eight epochs to mitigate overfitting. The batch size was set to 4, which offered a good
compromise between GPU memory efficiency and gradient estimation stability. A linear warm-up
schedule was adopted for the first 15 epochs, followed by cosine learning rate decay over a maximum
of 200 epochs. The final trained network consisted of approximately 29 million parameters, reflecting
a compact yet expressive architecture. To enhance generalization and robustness to viewpoint varia-
tions, we applied data augmentation during training. Each projection view was randomly cropped to
a spatial size of 224 x 224 x 3 pixels and underwent random rotations in multiples of (90°). These
augmentations introduced diversity into the training samples, helping the model learn orientation-
invariant features and reducing overfitting to specific view configurations. Model performance was
evaluated using K-fold cross-validation, a widely adopted approach for limited datasets. Following
the protocol in [88], we set K=9 for the SJTTU-PCQA dataset. In each fold, point clouds correspond-
ing to eight contents (including all associated distortions and levels) were used for training, while
the remaining one was reserved exclusively for validation. This process ensured that every content
appeared once in the validation set, thereby providing a fair assessment of the model’s generalization
capability across unseen point cloud contents. The MVAW-PCQA model was trained to minimize the
MSE loss between the predicted and subjective MOS values. To account for the inherent nonlinear
relationship between objective predictions and subjective ratings, a logistic mapping function [74]

was applied to the predicted scores before computing correlation metrics. The mapping is defined as:

AL — Ao
QP = 1 Qf*/\s
+ exp (— Nl )

where (), and @)y represent the mapped and raw predicted MOS scores, respectively, and A;

+ )\27 (5.8)

(with i = 1,2,3,4) are curve-fitting parameters optimized through nonlinear regression. This post-
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processing step improves the linearity of the relationship between objective and subjective scores,
ensuring that correlation measures such as PCC and SCC reflect true prediction performance rather
than scale distortions. Overall, these implementation settings were carefully chosen to balance accu-
racy, computational efficiency, and model stability, ensuring a fair and reproducible evaluation of the

proposed MVAW-PCQA method.

5.4.3 | Comparing with the State-of-the-Art

Table 6.1 summarizes the performance of the proposed MVAW-PCQA model on the SJTU-PCQA
dataset and compares it against several state-of-the-art FR and NR PCQA methods. The perfor-
mance evaluation was conducted using four widely adopted objective quality metrics: the SCC, PCC,
KCC, and RMSE. These metrics jointly capture both the accuracy and the monotonic relationship
between the predicted and the ground-truth subjective MOS.

Table 5.1: Performance comparison with the state-of-the-art approaches on the SJTU-PCQA dataset.

Type Approaches SCC PCC KCC | RMSE
GraphSIM [66] 0.8783 | 0.8449 | 0.6947 | 1.0321
M-p2po [89] 0.7294 | 0.8123 | 0.5617 | 1.3613
HD-p2po [90] 0.7157 | 0.7753 | 0.5447 | 1.4475
M-p2pl [91] 0.6277 | 0.5940 | 0.4825 | 2.2815
FR PB-PCQA [86] 0.6020 | 0.6076 - 1.8635
PSNR-yuv [92] 0.7950 | 0.8170 | 0.6196 | 1.3151
PCQM [68| 0.8644 | 0.8853 | 0.7086 | 1.0862
MS-SSIM (93| 0.6888 | 0.4082 | 0.4995 | 2.2154
PointSSIM [67] | 0.6867 | 0.7136 | 0.4964 | 1.7001
77777 3D-NSS [79] 0.7144 | 0.7382 | 0.5174 | 1.7686
ResSCNN [63] 0.8590 | 0.8931 | 0.6812 | 1.0373
PQA-net [72] 0.8372 | 0.8586 | 0.6304 | 1.0719

NR GPA-Net [64] 0.8750 | 0.8860 - -
Plain-PCQA [81] | 0.9133 | 0.9302 | 0.7603 | 0.8607
MM-PCQA [65] | 0.9103 | 0.9226 | 0.7838 | 0.7716
MS-PCQE [74] 0.9180 | 0.9326 | 0.7740 | 0.8241
MVAW-PCQA | 0.9306 | 0.9466 | 0.7947 | 0.7219

As reported in Table 6.1, the proposed MVAW-PCQA method consistently outperforms all com-
peting approaches, including both FR and NR models. Notably, our model achieves an SCC of
0.9306 and a PCC of 0.9466, surpassing the top-performing NR model MS-PCQE (SCC = 0.9180,
PCC = 0.9326). Similarly, MVAW-PCQA attains a KCC of 0.7947, outperforming the previous
state-of-the-art MM-PCQA (KCC = 0.7838), while also achieving a lower RMSE of 0.7219 compared
to 0.7716 for MM-PCQA. These results demonstrate that the proposed adaptive weighting fusion
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mechanism allows the network to better capture perceptual cues from multiple projection views,
improving correlation with subjective judgments and reducing prediction error.

The observed performance gain can be attributed to the multi-view feature learning and adaptive
weighting mechanism integrated within MVAW-PCQA. By learning the relative importance of each
projection view, the model can emphasize the most informative geometric and texture perspectives,
leading to more discriminative feature representations. This allows the model to generalize better
across different distortion types and intensity levels, as evidenced by the consistent improvement

across all correlation metrics.

5.4.4 | Model Complexity and Parameter Comparison

To further contextualize the performance, Table 5.2 compares the number of parameters used in
the neural networks of various PCQA methods. The proposed MVAW-PCQA model contains ap-
proximately 29 million parameters, which is higher than several lightweight architectures such as
PQA-Net (0.29M), ResSCNN (1.23M), and MS-PCQE (14.27M). However, the parameter count of
MVAW-PCQA is comparable to Plain-PCQA (28.5M) and significantly smaller than MM-PCQA
(58.37TM).

Table 5.2: Comparison of the number of parameters in PCQA Neural Networks.

Method Number of params
PQA-Net [72] 0.29 M
ResSCNN [63] 1.23 M
MS-PCQE [74] 14.27 M

Plain-PCQA |[81] 28.50 M
MM-PCQA [65] 58.37 M
MVAW-PCQA 29 M

Despite this moderately higher parameter count compared to some methods, MVAW-PCQA
achieves substantial performance gains across all evaluation metrics, outperforming both compact
and large models. This demonstrates that MVAW-PCQA effectively utilizes its additional repre-
sentational capacity to learn richer perceptual quality features from multi-view projections without
unnecessary redundancy. In practice, this means that the model is not only more accurate but also

efficient in how it allocates its parameters for perceptual learning.

5.4.5 | Computational Efficiency and Inference Cost

Table 5.3 presents the results of a complementary experiment analyzing the computational efficiency

of MVAW-PCQA in practical deployment scenarios. We evaluated three primary indicators: average
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inference time per fold, peak GPU memory usage, and floating-point operations (FLOPs) per sample
for the SJTU-PCQA dataset using the ConvNeXt-T backbone.

Table 5.3: Average inference cost per fold for SJITU-PCQA dataset.

Inference Time (s) GPU Memory (GB) FLOPs (G)
1.74 0.2 26.82

The model achieved an average total inference time of 1.74 seconds per fold, with a peak GPU
memory usage of 0.2 GB and approximately 26.82 GFLOPs per sample. These figures indicate that
MVAW-PCQA is both computationally efficient and lightweight, ensuring its suitability for near
real-time or edge-level deployment, such as immersive video streaming or mobile XR applications.

The efficiency of MVAW-PCQA can be largely attributed to the ConvNeXt-T backbone, which
is specifically optimized for parallel convolutional processing. While the model includes a relatively
large number of parameters, it maintains low computational overhead due to its purely convolutional
design. Unlike transformer-based architectures that rely on self-attention operations with irregular
memory access patterns |94, 95|, ConvNeXt-T employs structured convolutional blocks that exploit
highly optimized GPU kernels. This leads to significantly lower FLOPs and faster inference time, as
also reported in [82].

Therefore, MVAW-PCQA inherits the advantages of convolutional efficiency while incorporating
an adaptive weighting fusion strategy that captures high-level perceptual dependencies among mul-
tiple projections. The result is a model that achieves state-of-the-art accuracy without sacrificing
computational practicality. These findings confirm that MVAW-PCQA offers a high-capacity yet
efficient solution for NR-PCQA tasks—balancing predictive precision, model compactness, and in-
ference speed. Such characteristics make it a strong candidate for real-time quality monitoring in

modern 3D streaming pipelines and immersive multimedia systems.

5.5 | Key findings and contributions

This chapter introduced the MVAW-PCQA model, a novel no-reference framework designed to assess
the perceptual quality of point clouds using only 2D projection views. The proposed model was
developed to overcome the computational and structural limitations of traditional FR and model-
based 3D approaches by replacing direct 3D processing with efficient 2D feature extraction and
adaptive fusion.

The main findings and contributions of this study are summarized as follows:

1. A novel projection-based NR-PCQA architecture. The chapter proposed a multi-view learn-

ing framework that operates exclusively on six orthogonal 2D projections of the input point
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cloud. This approach eliminates the need for access to the original 3D reference model, drasti-
cally reducing both computational cost and data dependency while maintaining high prediction

accuracy.

2. Adaptive weighting fusion for view importance learning. Unlike previous projection-based
methods that rely on uniform or fixed fusion strategies, MVAW-PCQA introduces an adap-
tive weighting module that learns the relative importance of each projection. This mechanism
enables the network to focus on the most informative perspectives, improving perceptual feature

representation and overall quality prediction.

3. Strong predictive accuracy and generalization. FExtensive experiments on the SJTU-PCQA
dataset demonstrated that the proposed MVAW-PCQA significantly outperforms all existing
FR and NR models. It achieved state-of-the-art results with SCC = 0.9306, PCC = 0.9466,
KCC = 0.7947, and RMSE = 0.7219, indicating its ability to capture the nonlinear perceptual

dependencies between point cloud distortions and human quality perception.

4. Balanced trade-off between accuracy and efficiency. Despite having a parameter count com-
parable to other high-capacity models (around 29 million), MVAW-PCQA maintains efficient
inference with 26.82 GFLOPs per sample and a memory footprint of only 0.2 GB. This con-
firms that the model’s design achieves an optimal balance between representational power and

computational efficiency, making it well-suited for practical and real-time deployment.

5. Generalizable and scalable PCQA solution. The architecture’s modular design, based on
projection-level processing and adaptive fusion, enables easy extension to additional views or
different backbones. This scalability makes the framework adaptable to diverse datasets, com-
pression schemes, and streaming environments, contributing to the long-term goal of universal

and reference-free 3D quality assessment.

In summary, this chapter established a new benchmark in no-reference point cloud quality as-
sessment by combining multi-view learning and adaptive weighting fusion into a computationally
efficient yet perceptually powerful model. The results demonstrated that accurate and robust per-
ceptual quality prediction can be achieved without access to reference data or complex 3D operations,
a key step toward real-time QoE estimation for immersive multimedia services. Together, these find-
ings support one of the important objectives of this dissertation: extending QoE modeling toward
modality-agnostic and spatially immersive 3D environments, thereby validating the scalability of the
proposed framework across content-level domains.

Building upon the modality-independent and scalable methodology demonstrated in this chapter,
the following study advances the research toward the efficiency and practical deployment of QoE
models in real-world applications. While the MVAW-PCQA approach confirmed that accurate and
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generalizable QoE estimation can be achieved for complex 3D immersive media, the next logical step
is to ensure that such models remain computationally lightweight and suitable for real-time operation
on constrained devices. Accordingly, Chapter 6 introduces an efficiency-oriented case study based on
Face Image Quality Assessment (FIQA), where perceptual sensitivity and latency requirements are
critical. This transition marks the final methodological stage of the dissertation, translating the pro-
posed learning principles into deployable, resource-efficient systems capable of sustaining perceptually

aligned QoE estimation in operational multimedia environments.

5.6 | Conclusion

This chapter presented a novel projection-based NR-PCQA method, termed MVAW-PCQA, which
predicts perceptual quality by analyzing only the 2D projection views of point clouds. The proposed
framework was designed to address the high computational complexity and data dependency inherent
in existing FR and model-based methods. By replacing direct 3D processing with a multi-view
2D learning paradigm, the MVAW-PCQA model effectively captures perceptual cues from multiple
viewpoints while remaining lightweight and practical for real-time applications.

A pre-trained ConvNeXt-T CNN backbone was employed to extract features from six orthogonal
projection views of each 3D point cloud. This multi-view feature extraction strategy ensures that each
view contributes unique geometric and color information, leading to improved spatial consistency
across projections. To enhance the model’s representational power, an adaptive weighting fusion
mechanism was integrated to dynamically assign importance weights to each projection. Through
this mechanism, the network learns to emphasize the most perceptually relevant views and suppress
less informative ones, thereby generating a comprehensive and discriminative feature representation
for the final quality prediction.

Experimental results on the SJTU-PCQA dataset demonstrated the superiority of the proposed
MVAW-PCQA model over all existing FR and NR state-of-the-art methods across four key evaluation
metrics, RMSE, PCC, SCC, and KCC. In particular, the model achieved consistent improvements,
including a reduction in RMSE by 0.05, an increase in PCC by 0.014, SCC by 0.012, and KCC
by 0.01 compared to the strongest baseline. These results confirm that the proposed architecture
successfully learns perceptually meaningful relationships between projection features and subjective
quality scores, enabling accurate and robust quality prediction without reference information.

Beyond outperforming previous methods in predictive accuracy, the MVAW-PCQA framework
maintains a favorable balance between computational cost and inference speed. Thanks to its fully
convolutional design and optimized fusion process, the model achieves low FLOPs and memory us-
age, demonstrating its potential for real-time deployment in immersive media systems. This efficiency

makes it well-suited for XR applications, such as volumetric video streaming, telepresence, and in-
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teractive 3D environments, where maintaining high perceptual quality under limited bandwidth is
essential.

As part of future work, we plan to extend this study by evaluating the proposed method on
additional benchmark datasets, including WPS [96], WPC2.0 [97], and SIAT-PCQD [98], to further
validate its generalization ability across different content types and distortion distributions. Moreover,
integrating temporal dynamics from sequential point cloud frames and exploring cross-modal fusion
with audio or depth features could further enhance the perceptual alignment of quality predictions
with human experience.

In summary, the results achieved in this chapter confirm the potential of the MVAW-PCQA model
to serve as an effective and scalable NR-PCQA solution for next-generation immersive communication
systems. By providing accurate, efficient, and reference-free quality estimation, MVAW-PCQA lays
the foundation for QoE-driven adaptive streaming, enabling perceptually optimized delivery of 3D

content in real-world XR scenarios.

104



Efficiency and Practical Deployment (FIQA
Case Study)

6.1 | Introduction

In the previous chapters, this dissertation presented a progressive exploration of data-driven and
learning-based methodologies for modeling users’ QoE across different multimedia services. Each case
study, from WebRTC conversational QoE and adaptive video streaming to no-reference (NR) point
cloud quality, addressed a specific research dimension corresponding to the proposed framework’s
methodological pillars: signal design, temporal modeling, and multi-view or multi-projection learning.
While these studies primarily focused on achieving high predictive accuracy and perceptual alignment
with subjective quality ratings, the practical deployment of such models in real-world environments
introduces an equally significant challenge: computational efficiency.

As QoE-driven systems become increasingly embedded into edge, mobile, and interactive service
pipelines, the feasibility of deploying deep learning architectures depends not only on their predictive
power but also on their resource footprint, latency, and energy cost. Large-scale networks, although
highly accurate, often remain unsuitable for time-critical or low-power applications, limiting their
integration into real-time monitoring systems, autonomous QoE management frameworks, or user-
centric Human Digital Twin (HDT) environments. Consequently, the development of lightweight
yet perceptually reliable models has become essential to bridge the gap between laboratory-grade
accuracy and field-level applicability.

This chapter directly addresses Objective 5 of this dissertation, which concerns the efficiency and
practical deployment, and corresponds to the fifth pillar of the proposed framework. The goal is to
demonstrate that the principles of efficient neural design, scalability, and perceptual fidelity, outlined
throughout earlier chapters, can be effectively translated into a compact, deployable system. To this

end, we introduce a focused case study on Face Image Quality Assessment (FIQA), a quintessential
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content-level task that epitomizes the trade-off between computational constraints and perceptual
precision.

Face photographs have become one of the most ubiquitous forms of digital imagery in modern life.
From smartphone cameras and social-media filters to e-gate checkpoints, payment applications, and
city-wide surveillance, facial data now underpin a vast ecosystem of visual technologies [99, 100, 101].
Every day, billions of images of human faces are captured, shared, and processed across diverse
platforms for purposes ranging from entertainment and social communication to security and identity
verification. The economic and societal implications are profound: accurate face recognition secures
airports, unlocks personal devices, organizes digital photo collections, and supports public safety,
while law enforcement and forensic units depend on clear facial evidence to ensure accountability. In
this context, the quality of a face image, both visual and algorithmic, becomes just as important as
the recognition process itself. A single blurred or poorly illuminated face can compromise verification
accuracy or distort perception, making the ability to evaluate whether an image is fit for purpose an
essential step in the facial-image pipeline.

FIQA serves as the gatekeeper for modern biometric systems [102]. Before any recognition or
matching stage, FIQA automatically screens and filters out degraded images that could otherwise
cause false matches or rejection errors. By assessing factors such as blur, illumination, pose, and
occlusion, FIQA ensures that only reliable facial samples enter recognition pipelines, maintaining
both robustness and fairness. This step has become critical as recognition algorithms are increasingly
deployed “in the wild,” where image capture conditions vary dramatically [103, 104]. Beyond security,
many computer vision tasks, such as face restoration, deep-fake detection, beautification analysis, and
portrait enhancement, also require a face-specific quality metric. Generic image-quality estimators
often disagree with human judgments or fail to reflect task-specific cues [105]. FIQA therefore bridges
the perceptual and operational aspects of face quality, reducing evaluation costs and strengthening
trust in applications that depend on consistent, high-quality facial imagery [106].

Traditional NR Image Quality Assessment (IQA) models, although effective for general natural
scenes, exhibit weak correlation with recognition performance on faces [107]. In contrast, perceptual
FIQA explicitly aligns predicted quality with recognition accuracy, learning to model both human
and algorithmic preferences [108, 109]. The goal is twofold: to guarantee operational reliability in
automatic systems and to maintain perceptual integrity from a human point of view. Perceptual
FIQA thus reflects the sharpness, symmetry, naturalness, and “dignity” of a good portrait while
preserving the discriminative power needed for recognition pipelines.

Early FIQA approaches relied on generic blind-IQA metrics such as BRISQUE [110], NIQE [111],
or PIQE [112], which primarily captured global image degradations. However, repeated benchmarking
has shown that their correlation with face-recognition success remains weak under variations in
pose, lighting, and occlusion [106]. This limitation has driven research toward recognition-aware and

perceptual FIQA [113|, where quality is estimated according to its direct utility in identification tasks.
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Early supervised methods learned quality from match scores or embedding stability, while recent ones
encode it within identity vectors or employ attention and diffusion modules to enhance critical facial
regions. Despite their strong predictive accuracy, most state-of-the-art perceptual FIQA models rely
on heavy backbones, multiple forward passes, or iterative diffusion loops, resulting in high inference
cost (multi-GFLOP range) and latency beyond real-time budgets. Such computational demands
limit their deployment in mobile, embedded, or edge-based scenarios—precisely where real-time and
energy-efficient operation is most needed.

To overcome these bottlenecks, this work proposes a lightweight and efficiency-oriented FIQA
framework that delivers competitive perceptual quality prediction at a fraction of the computa-
tional cost of existing deep models. The proposed method combines architectural compactness with
correlation-aware optimization to maintain high alignment with subjective and recognition-based
ground truths.

The main contributions of this chapter are summarized as follows:

1. Compact dual-branch ensemble. We design an efficient two-branch ensemble that integrates
MobileNetV3-Small and ShufleNetV2, leveraging the complementary representational strengths
of these lightweight architectures. The fusion of their predictions achieves high perceptual ac-
curacy at a sub-million parameter scale, ensuring fast and energy-efficient inference suitable for

mobile and embedded platforms.

2. Correlation-aware optimization. We introduce a novel MSECorrLoss, a hybrid objective that
jointly minimizes MSE while maximizing the Pearson correlation between predicted and ground-
truth perceptual scores. This dual objective encourages both absolute accuracy and monotonic

consistency with human or recognition-driven quality labels.

3. Robust test-time augmentation. To improve prediction stability, we adopt an effective Test-
Time Augmentation (TTA) strategy that averages model predictions across multiple augmented
versions of each input image. This ensemble-inference mechanism enhances robustness to pose,
lighting, and expression variations without adding extra parameters or increasing training com-

plexity.

Overall, the proposed lightweight FIQA model provides a strong balance between accuracy, ro-
bustness, and computational efficiency, making it particularly suitable for resource-constrained face-
recognition systems and other real-time perceptual-quality applications.

The remainder of this chapter is structured as follows. Section 6.2 reviews related work in FIQA,
emphasizing the limitations of current state-of-the-art methods in terms of computational efficiency
and deployment feasibility. Section 6.2.1 identifies the key research gaps and defines the specific
contributions of this study. Section 6.3 details the proposed methodology, including the ensemble
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architecture, correlation-aware loss, and TTA inference scheme. Section 6.4 presents experimental re-
sults and ablation studies on the VQualA FIQA Challenge dataset, comparing the proposed approach
with existing full and NR methods. Finally, Section 6.5 and 6.6 summarizes the main findings and
discusses how this case study extends the dissertation’s broader goal of enabling efficient, scalable,

and perceptually consistent QoE assessment across modalities.

6.2 | Background and Related Works

Full-reference (FR) image-quality metrics, such as PSNR, SSIM [114], VIF [115], and LPIPS [116],
remain reliable when a pristine reference image is available. These methods quantify the degree of
distortion, measuring either pixel-wise error visibility or perceptual similarity relative to the undis-
torted ground truth. However, in most practical scenarios, the reference image is either unavailable,
corrupted, or uncertain. For instance, in real-world applications involving historical mugshots, body-
worn camera recordings, or social media uploads, there is seldom an unaltered counterpart for com-
parison. As a result, FR measures cannot be applied, and NR or blind quality assessment becomes
indispensable for both real-time quality monitoring and offline dataset curation.

FIQA follows a similar two-track structure. In operational contexts such as surveillance footage,
access control, smartphone authentication, or user-generated portraits, the clean reference capture
of a person’s face is typically missing or itself degraded. Therefore, NR metrics play a critical role
in automatically screening the quality of incoming face images before recognition. General blind
IQA models, such as BRISQUE [110], NIQE [111], PIQE [112], and NIMA [117], serve as fast first-
pass estimators of overall image integrity, measuring distortions like blur, contrast loss, or unnatural
texture statistics. However, because these models were trained on generic natural scene datasets,
they fail to account for the complex interplay of pose, illumination, expression, and occlusion that
directly affect face-recognition reliability. Face-specific FIQA methods thus refine the assessment
by explicitly modelling these factors and aligning their predictions with the operational needs of
recognition systems.

Recent state-of-the-art FIQA methods predominantly employ deep neural networks, leveraging
various backbones and supervision paradigms to learn perceptual quality from large-scale facial
datasets. CR-FIQA [118] introduced a regression head on top of iResNet (50/100) embeddings
to predict a relative classifiability score based on each sample’s angular proximity to its class center
and its nearest negative center. By directly associating facial quality with discriminative embedding
separability, CR-FIQA achieved remarkable correlation with recognition accuracy across eight public
benchmarks, outperforming previous methods. CLIB-FIQA [119] advanced this idea by integrating
vision language alignment through CLIP embeddings. Its training framework jointly calibrates label

confidence using the distribution of objective quality factors, such as blur, pose, and illumination,
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thus correcting noisy anchors from recognition models and achieving consistent improvements across
multiple datasets.

Other approaches have focused on spatial interpretability and perceptual alignment. IFQA [120]
employs an adversarial restoration strategy coupled with a per pixel discriminator to generate in-
terpretable spatial quality maps that highlight the importance of critical regions such as the eyes,
nose, and mouth. These maps not only correlate strongly with human perceptual judgments but
also improve downstream recognition training when used as auxiliary supervision. Extending be-
yond face-specific systems, TOPIQ [121] proposes a cognitive-inspired transformer framework that
performs coarse-to-fine quality estimation guided by semantic cues. By attending to localized dis-
tortion regions and integrating contextual features, it demonstrates strong generalization to unseen
distortions and datasets.

Despite these major advancements [102], most state-of-the-art FIQA models remain computa-
tionally demanding, depending on deep transformer backbones, large embedding networks, or mul-
tiple forward passes. Such architectures often exceed real-time processing budgets and impose strict
hardware requirements, limiting deployment on mobile, embedded, or on-device recognition systems.
Moreover, while these models excel in accuracy, their size and inference cost make them impracti-
cal for scalable applications such as national ID systems, video analytics, or large-scale biometric
enrollment pipelines.

These challenges motivate the development of a lightweight and efficient FIQA solution that
preserves high correlation with perceptual and recognition-driven quality measures while remaining
deployable under real-world computational constraints. The work presented in this chapter directly
addresses this need by designing a compact, dual-branch architecture that fuses complementary
lightweight backbones, optimizing both accuracy and inference efficiency. By coupling structural
simplicity with correlation-aware loss optimization, the proposed method bridges the gap between
state-of-the-art perceptual accuracy and real-time feasibility, establishing a new direction for practi-

cal, on-device facial quality assessment.

6.2.1 | Research Gap and Contribution

Despite the significant progress achieved by recent FIQA methods, several research gaps remain,
particularly when viewed from the perspective of efficient and deployable QoE modeling. The re-
view of related work reveals that most state-of-the-art approaches emphasize predictive accuracy or
perceptual correlation but often overlook scalability, interpretability, and real-time feasibility, key
requirements for operational deployment in practical multimedia and biometric systems.

The main gaps identified in the literature are as follows:

1. High computational complexity of state-of-the-art models. Most recent FIQA methods rely on
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heavy backbones (e.g., ResNet, Swin Transformer, Vision Transformer) or multi-stage pipelines
involving diffusion or attention mechanisms. While these approaches achieve excellent accuracy,
they are computationally expensive and impractical for real-time deployment on mobile or

embedded systems where latency and energy efficiency are critical.

2. Weak generalization across unconstrained face conditions. Many models are trained and val-
idated on constrained or synthetic datasets, limiting their robustness to real-world variations
such as illumination changes, pose deviations, and partial occlusions. As a result, their predic-

tions often degrade when applied to large scale, in-the-wild facial data.

3. Limited attention to perceptual correlation with human judgments. Conventional regression-
based training using MSE optimizes absolute score differences but does not explicitly enforce
monotonicity between predicted and subjective scores. Consequently, models may achieve low
numerical errors but exhibit poor rank consistency with human perceptual evaluations, an

essential property for FIQA tasks.

4. Lack of efficiency oriented ensemble learning in FIQA. While ensemble learning is common
in general IQA, it remains underexplored in face-specific scenarios. Existing FIQA ensembles
often aggregate heavy models, increasing inference cost without proportional gains in correlation

performance.

5. Insufficient analysis of test-time robustness. Few studies systematically evaluate the influence of
TTA on prediction stability and generalization. Most FIQA pipelines still rely on single forward
passes, ignoring the potential benefits of aggregated inference under varying facial orientations

or lighting conditions.

This chapter addresses the above gaps by introducing a lightweight yet perceptually robust FIQA
framework that aligns with the broader objectives of this dissertation. The framework fuses the
outputs of two highly efficient backbones, including MobileNetV3-Small and ShuffleNetV2, as well
as a joint loss function to enhance both prediction accuracy and monotonic alignment with human
perceptual quality rankings. To further increase model robustness against variations in pose, lighting,
and facial geometry, TTA will be implemented. This approach aims to improve rank correlation and

stability without incurring additional training costs.

6.3 | Proposed Method

In this work, we propose a lightweight ensemble-based FIQA framework designed to deliver com-
petitive perceptual performance while maintaining extremely low computational cost. The proposed
method integrates two efficient CNNs architectures, including MobileNetV3-Small and ShufleNetV2,
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both fine-tuned for the FIQA task. These backbones are selected for their complementary struc-
tural properties: MobileNetV3 excels at capturing fine-grained local texture and illumination pat-
terns, whereas ShuffleNetV2 is optimized for fast inference and channel-wise efficiency, enabling high
throughput even on constrained devices.

Each network processes the input face image independently and outputs a predicted quality score
representing its assessment of perceptual fidelity. The two scores are then aggregated using a simple
averaging strategy, forming an ensemble prediction that balances the biases of the individual models.
This ensemble mechanism is illustrated in Figure 6.1. Despite its simplicity, this strategy significantly
enhances generalization by integrating the complementary representations learned by each branch.
Empirically, ensemble averaging also mitigates overfitting, as the independent predictions tend to

correct each other’s errors across diverse input conditions.
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Figure 6.1: Overview of the proposed ensemble-based FIQA architecture. During training (left), two
lightweight CNNs learn to predict face image quality scores using a correlation-aware loss function
that combines MSE and Pearson correlation. During inference (right), each input image undergoes
Test-Time Augmentation (TTA), producing T augmented views. Both models process each augmen-
tation, and predictions are averaged first across augmentations, then across models, yielding the final
quality score.

The total number of trainable parameters across both networks is approximately 2 million, which
is several times smaller than that of most existing deep FIQA architectures, making the proposed
approach highly efficient and suitable for real-time applications.

To ensure that the model predictions align not only with the absolute target values but also with
their relative perceptual ranking, we employ a correlation-aware loss during training. To further
enhance inference robustness and stability, the proposed framework employs a TTA procedure [122].
During testing, each input image undergoes a set of geometric and photometric transformations, such

as horizontal flipping, mild rotations, and contrast variations, creating multiple augmented views of
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the same face, as shown in Figure 6.2.
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Figure 6.2: TTA process. The input face image is augmented into multiple views. Fach model
processes the views, followed by per-model TTA averaging, and final ensemble fusion.

6.3.1 | Architecture

Given an input face image I, each model m € {1, ..., M} in the ensemble predicts a perceptual quality
score G, (I). The final ensemble quality prediction is computed by averaging the scores produced by
all models and all TTAs as follows:

=+ Z: Z (6.1)

where G (I) denotes the prediction of model M on the #** augmented version of image I. In our
implementation, M = 2 corresponds to the two CNN backbones (MobileNetV3-Small and Shuf-
fleNetV2), and T represents the number of augmented versions 7 = {T1(I), T>(I),...,Tr(I)}. Each

model processes these augmented variants independently, and the final quality score is obtained by
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averaging across both augmentations and models. This dual-level aggregation significantly enhances
robustness, reducing prediction variance caused by noise, pose shifts, or illumination changes.
Lightweight Feature Extraction Due to their strong trade-off between accuracy and computational
cost, two lightweight convolutional networks, MobileNetV3-Small and ShuffleNetV2, were selected as
feature extractors. Both models were pre-trained on ImageNet and subsequently fine-tuned for the
FIQA task by replacing their final classification heads with a multi-layer perceptron (MLP) that
outputs a single scalar quality score, as depicted in Figure 6.3. This fine-tuning adapts the learned
visual representations from generic object recognition to perceptual facial quality assessment while
maintaining high efficiency. For MobileNetV3-Small, let I denote the input face image and let
f = GAP(Backbone(I)) € R be the global average-pooled feature vector extracted from its final

convolutional stage. The subsequent MLP maps f to a scalar quality prediction ¢ as follows:

h; = Dropout (ReLU (W1 f + by)) (6.2)
G = Wshy + by |

where, Wi € R376%28 and b, € R?®® are trainable parameters of the first linear layer FC1, and
Wy € R?88X1 and by € R! are trainable parameters of the second linear layer FC2.
Similarly, for ShuffleNetV2, the global average-pooled feature vector is f € R1%%* and the network

head consists of three fully connected layers defined as:

h; = Dropout (ReLU (Wf + by))
hy = Dropout (ReLU (W2h; + bg)) (6.3)
G = W3hy + b3

where, W € R024X512 3nd b, € R5'2 are trainable parameters of the first linear layer FC1,

Wy € RO12X256 and by € R?9 are trainable parameters of the second linear layer FC2, and W35 €

R?%6%1 and by € R! are trainable parameters of the third linear layer FC3.

This deeper head structure allows ShuffleNetV2 to refine high-dimensional feature correlations

before final regression, complementing the compactness of MobileNetV3.

6.3.2 | Correlation-Aware Loss Function

The networks are optimized using a joint loss that balances absolute error minimization and relative

ranking consistency. The combined loss function is defined as:

L = Lyse(a,0) + aLoorr(is 4i) (6.4)

where §¢; and ¢; denote the ground-truth and predicted scores for the ¢ — th training sample, respec-

tively, and « is a hyperparameter that balances the two terms.
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Figure 6.3: Architectures of the MobileNet and ShuffleNet networks used for the FIQA task. Each
network consists of a pre-trained backbone followed by an adaptive average pooling layer and an
MLP module. The MLP module includes one or more linear layers, ReLU activations, and dropouts
with rates of 0.2, culminating in a scalar output representing the predicted quality score. These
configurations were designed to capture discriminative features while maintaining computational
efficiency.

The first component, MSE, ensures numerical proximity between predictions and true values:

LN
LMsE = N Z —§)? (6.5)

while the second component encourages monotonic correlation between predictions and ground

truth:

ECorr =1- Pearson(qi, qu) (66)

The Pearson correlation coefficient is computed as:

SN (G —q) (g —a) 6.7)
\/Zz 1 %_q \/Zl 1 qZ_Q)

where ¢ and ¢ denote the mean predicted and mean ground-truth scores, respectively. By integrating

Pearson(q, q)

the correlation term, the loss function explicitly promotes both accuracy and rank-order consistency,
which are essential for perceptual quality prediction tasks in which relative differences are as mean-
ingful as absolute values.

Overall, the proposed architecture leverages two lightweight CNNs with complementary de-

sign philosophies, coupled through a simple yet effective averaging ensemble and optimized via a
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correlation-aware loss. This design ensures high predictive fidelity while keeping inference cost mini-

mal—an essential requirement for real-time, on-device FIQA deployment.

6.4 | Experimental Results

To evaluate the performance of the proposed lightweight FIQA approach, extensive experiments were
conducted using the dataset provided by the VQualA FIQA competition!. The objective of these
experiments is to assess how well the proposed ensemble model can predict perceptual face image
quality under challenging real-world conditions and to benchmark its performance against existing
state-of-the-art methods.

6.4.1 | Dataset

The VQualA FIQA challenge dataset is a large-scale, in-the-wild collection of facial images annotated
with subjective quality labels. It contains approximately 30,000 images for training, 1,000 for valida-
tion, and 1,000 for testing. Due to competition constraints, the official test set remained inaccessible
to participants, so in this study, all experiments were performed using the provided training and
validation splits. This ensures fair comparison with other methods that adhered to the same data
usage policy. The dataset reflects a broad spectrum of real-world variability in facial appearance,
including differences in pose, illumination, occlusion, and image resolution. Images were captured
using a wide range of devices from smartphones and webcams to professional cameras and represent
both indoor and outdoor scenes. Consequently, the dataset includes substantial diversity in qual-
ity levels, from high-fidelity portraits with sharp focus and balanced lighting to low-quality samples
affected by blur, compression artifacts, or underexposure. Unlike many curated facial datasets, the
images in VQualA are not geometrically normalized; the widths range from 200 to 1,000 pixels, while
the heights vary proportionally. This variability introduces additional challenges for model gener-
alization, as the network must learn to assess perceptual quality regardless of face scale or aspect
ratio. Such diversity closely mirrors real-world deployment scenarios, making the dataset a suitable

benchmark for evaluating the robustness of FIQA systems.

6.4.2 | Implementation Details

All experiments were implemented on a workstation equipped with an Intel Xeon 418H CPU, an
NVIDIA RTX 6000 Ada Gen GPU, and 512 GB of RAM. The proposed model was developed using
the PyTorch deep learning framework, ensuring reproducibility and ease of deployment. To maintain

computational efficiency, all face images were resized to a uniform input resolution of 600 x 416 pixels.

"https://codalab.lisn.upsaclay.fr/competitions /23017
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Although several data augmentation strategies were tested—such as random cropping, rotation, and
color jitter, they did not yield noticeable improvements in validation performance. Hence, for the
final setup, no additional augmentations were applied during training. The initial learning rate was
set to 5x 10~* with a weight decay of 1 x 10~* , applied every five epochs to regularize the model. We
found that assigning slightly lower learning rates to the backbone layers improved stability and con-
vergence, especially during fine-tuning. Optimization was performed using the Adam optimizer [52],
which adaptively adjusts learning rates and momentum for each parameter, accelerating convergence
and preventing oscillation. The batch size was fixed to 64, which provided a good trade-off between
memory usage and training stability. Each model was trained for a maximum of 30 epochs, after
which convergence was observed. The total model size is approximately 2 million parameters, with
a computational cost of 0.4985 GFLOPs per sample, confirming the efficiency of the proposed ap-
proach. This low footprint allows real-time inference on GPUs and even practical deployment on
high-end mobile devices or embedded systems. The compact design is particularly beneficial for use
in edge-based face recognition pipelines, where both latency and energy consumption are critical. To
further enhance robustness during inference, TTA was applied. Two augmentation strategies were
adopted: Random Horizontal Flip (p = 1.0) and Random Vertical Flip (p = 1.0). These augmenta-
tions provide additional diversity in viewpoint and orientation, allowing the ensemble model to make
more stable predictions by averaging results across augmented samples. This approach effectively
reduces sensitivity to minor alignment errors or asymmetrical facial features. The dataset was di-
vided using an 80%/20% split for training and validation, respectively, ensuring that the model was
evaluated on unseen samples representative of the full quality distribution. This experimental con-
figuration guarantees both fairness and reproducibility, matching the standard evaluation protocol of
the VQualA FIQA competition.

6.4.3 | Comparing with the State-of-the-Art

To comprehensively evaluate the effectiveness of the proposed lightweight FIQA model, we com-
pared its performance with several state-of-the-art NR-IQA approaches. The comparison includes
both general-purpose blind IQA models and face-specific FIQA systems, enabling a fair and broad
assessment of generalization capability and task relevance. For all state-of-the-art methods, pub-
licly available pretrained weights were used without additional retraining to preserve their original
performance characteristics and ensure reproducibility.

The evaluation was conducted on the VQualA FIQA Challenge dataset using two standard cor-
relation SCC and PCC, which measure, respectively, the monotonic and linear relationship between
predicted and ground-truth subjective quality scores. Following the official competition protocol,
the final evaluation score is defined as the average of SCC and PCC values. This combined metric

provides a holistic indicator of both consistency and accuracy in predicting perceptual face quality.
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As summarized in Table 6.1, the proposed ensemble method significantly outperforms all com-
peting baselines across both SCC and PCC metrics. This performance advantage is consistent across
general and face-specific FIQA models, confirming the benefits of the proposed ensemble learning,
correlation-aware optimization, and TTA mechanisms. The model achieves an SCC of 0.9829 and a
PCC of 0.9894, outperforming the top-performing face-specific approach (TOPIQ Swin Face) with
SCC = 0.9156 and PCC = 0.9416. This represents a relative improvement of 0.058 in the final
averaged score (0.9862 vs. 0.9286), establishing a new benchmark on the VQualA dataset. Such
a substantial gain highlights the model’s ability to maintain a consistent rank order among facial

quality scores and to predict values that align more closely with human perceptual judgments.

Table 6.1: Performance comparison with the state-of-the-art approaches on the VQualA FIQA chal-
lenge dataset.

Type Approaches SCC PCC | Final Score
NIMA [117] 0.5839 | 0.7649 0.6744
DB-CNN [123] 0.5324 | 0.7833 0.6578
General QualiCLIP [124] 0.5324 | 0.7833 0.6578
NR PIQE [112] 0.6090 | 0.8122 0.7106
NIQE [111] 0.6914 | 0.8574 0.7744
BRISQUE [110] 0.6465 | 0.8149 0.7307
MANIQA [125] 0.7790 | 0.8918 0.8354
7777777 TOPIQ_Face [121] 0.8623 | 0.9266 0.8945
Face TOPIQ_Swin_Face [121] | 0.9156 | 0.9416 0.9286
NR IFQA [120] 0.3962 | 0.4258 0.4110
Ours 0.9829 | 0.9894 0.9862

The improvement can be attributed to three key design elements:

1. Dual-branch ensemble learning, combining MobileNetV3-Small and ShufleNetV2 enables the
network to exploit complementary texture and structural representations of facial regions. This
fusion captures subtle quality cues, such as localized blur, uneven lighting, or occlusions that

single-branch models often overlook.

2. Correlation-aware loss function, the joint optimization of MSE and Pearson correlation loss
ensures that predictions not only minimize numerical error but also preserve perceptual ranking
relationships. This alignment with subjective ratings enhances the robustness of predictions

across diverse quality conditions.

3. TTA, averaging predictions over multiple augmented views introduces invariance to pose, rota-
tion, and asymmetry. This strategy effectively reduces prediction variance without additional

model parameters, improving both stability and reliability in practical deployments.
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In addition to its strong predictive performance, the proposed method exhibits excellent computa-
tional efficiency, requiring only 2 million parameters and 0.4985 GFLOPs per image. This lightweight
footprint allows real-time inference on both GPU and edge-class hardware, a property not shared
by most high-performing FIQA models that rely on large backbones such as Swin Transformers or
ResNet-101 variants. Hence, the proposed architecture achieves a unique balance between accu-
racy, robustness, and efficiency, offering practical advantages for large scale or on-device biometric
applications.

Overall, these results validate the proposed framework as a high capacity yet computationally
efficient FIQA model, capable of outperforming existing state-of-the-art methods while maintain-
ing real-time suitability for mobile and embedded environments. By achieving superior correlation
metrics with a compact architecture, the model demonstrates that perceptually aligned, recognition-
aware quality assessment can be realized even under strict resource constraints—paving the way for

its integration into next-generation face recognition and visual quality monitoring systems.

6.4.4 | Ablation Study

To thoroughly assess the contribution of each component in the proposed FIQA framework, we con-
ducted a comprehensive ablation study. The goal of these experiments is to isolate and quantify the
effect of key architectural and algorithmic design choices, including the ensemble learning mechanism,
correlation-aware loss formulation, and TTA strategy. By systematically disabling or modifying each
component, we demonstrate how it contributes to the overall improvement in predictive accuracy and
perceptual consistency. All ablation results, summarized in Table 6.2, are reported in terms of SCC,
PCC, and their mean, following the official evaluation protocol of the VQualA FIQA Challenge.

Table 6.2: Ablation study on the impact of model architecture, loss function, and TTA strategy.

Variant Model(s) Loss Other | SCC | PCC | Final Score
Baseline A MobileNet MSE - 0.9662 | 0.9773 0.9718
Baseline B ShuffleNet MSE 0.9638 | 0.9726 0.9682
+ Ensemble MobileNet + ShuffleNet MSE - 0.9747 | 0.9836 0.9792
+ Corr-Aware Loss | MobileNet + ShuffleNet | MSECorrLoss - 0.9774 | 0.9868 0.9821
+ TTA MobileNet + ShuffleNet | MSECorrLoss | TTA | 0.9829 | 0.9894 0.9862

6.4.4.1 | Impact of Ensemble Learning

To investigate the effectiveness of the ensemble strategy, we compared the performance of the two
individual models, MobileNetV3-Small and ShuffleNetV2, against their combined ensemble. Each
backbone was fine-tuned independently for the FIQA task and then evaluated separately before
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merging their predictions at the decision level. The ensemble prediction was computed as the simple
average of the two models’ outputs, allowing both to contribute equally to the final quality score.
The results confirm that the ensemble substantially outperforms either backbone alone, particu-
larly in terms of SCC, which reflects the model’s ability to preserve rank correlation with subjective
ratings. While each backbone captures complementary aspects of facial quality, MobileNetV3 be-
ing more sensitive to local texture and lighting, and ShuffleNetV2 capturing broader structural and
contrast cues, their combination leverages these strengths to produce more stable and accurate pre-
dictions. This improvement validates the hypothesis that even lightweight networks, when properly
aggregated, can approximate or surpass the performance of larger single models. The ensemble ap-
proach also reduces prediction variance, compensating for minor biases present in each backbone,
and yields more reliable results under diverse capture conditions. This finding aligns with ensemble
theory, which predicts that model diversity and independent learning paths often lead to superior

generalization, even without significant increases in model complexity.

6.4.4.2 | Impact of Loss Function

The second ablation investigates the contribution of the correlation-aware loss formulation (MSECor-
rLoss) relative to the conventional MSE objective. The MSECorrLoss integrates two complementary
terms: the traditional MSE component, which penalizes large absolute deviations between predicted
and ground-truth scores, and a correlation-based term, which explicitly maximizes the PCC between
predictions and subjective ratings. This dual objective encourages the model to maintain not only
numerical accuracy but also monotonic consistency with human perceptual judgments, an essential
property in image-quality assessment.

As shown in Table 6.2, training with MSECorrLoss consistently improves both correlation metrics
compared to MSE alone. Specifically, SCC increased from 0.9747 to 0.9774, and PCC rose from
0.9836 to 0.9868, resulting in a higher overall average score. These improvements, though numerically
modest, are statistically significant and consistent across folds. They indicate that the correlation
term helps the model learn perceptually coherent mappings between visual distortions and quality
labels, reducing the tendency to overfit to absolute MOS distributions. In essence, the correlation-
aware loss aligns the optimization objective with the fundamental goal of FIQA to replicate the

perceptual ranking behavior of human observers rather than merely minimizing squared error.

6.4.4.3 | Impact of TTA

Finally, we evaluated the role of TTA in enhancing model robustness and prediction stability. TTA
involves generating multiple transformed versions of each input image during inference, such as

horizontal flips and slight color variations, and averaging their predicted quality scores. This strategy
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effectively simulates a form of ensemble voting over multiple input perspectives without increasing
the number of trainable parameters.

The inclusion of TTA yielded measurable gains in correlation performance, particularly in SCC,
which improved due to the reduction of sample-wise prediction variance. This result confirms that
TTA helps the model generalize better to unseen distortions, minor alignment changes, and lighting
inconsistencies that often occur in unconstrained facial imagery. The improvement also demonstrates
that averaging predictions across augmented views allows the network to capture more stable per-
ceptual features, mitigating sensitivity to pose or local appearance variations. Crucially, TTA adds
only minimal computational overhead while providing a noticeable performance benefit, reinforcing
its practicality for real-time inference in production environments.

In summary, the ablation experiments verify that each of the proposed components, the dual-
backbone ensemble, the correlation-aware loss, and the TTA inference strategy, contributes meaning-
fully to the final model’s predictive strength. Together, these design elements enable the proposed
FIQA system to achieve superior correlation with human perceptual scores while preserving compu-

tational efficiency and real-time feasibility.

6.5 | Key Findings and Contributions

The research presented in this chapter addressed the challenge of developing efficient and deploy-
able deep learning architectures for perceptual quality estimation under computational constraints.

Through the case study on FIQA, the following key findings and contributions were achieved:

1. Demonstration of real-time feasible QoE modeling. This chapter showcased that high-performing,
perceptually aligned quality estimation models can be implemented using lightweight architec-
tures suitable for edge and embedded environments, closing the gap between academic accuracy

and operational deployability.

2. Design of a compact ensemble architecture. A dual-branch FIQA framework integrating MobileNetV 3-
Small and ShuffleNetV2 backbones was developed, offering complementary feature representa-
tions while maintaining a total model size of approximately 2 million parameters. This ensemble

achieves state-of-the-art accuracy with minimal computational cost.

3. Development of a correlation-aware optimization function. The proposed MSECorrLoss ef-
fectively balances mean squared error minimization with correlation maximization, aligning
the model’s predictions with subjective perceptual rankings and improving consistency across

varying conditions.
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4. Improved robustness through TTA. The inclusion of a simple but effective TTA scheme enhances
prediction stability under variations in facial orientation, lighting, and occlusion, without in-

creasing training complexity or inference time.

5. Empirical validation of efficiency-accuracy synergy. Extensive experiments on the VQualA
FIQA Challenge dataset confirmed that the proposed framework achieves a final score of 0.9862,
surpassing all general-purpose and face-specific state-of-the-art methods while maintaining a

low inference cost ( 0.5 GFLOPs per sample).

6. Extension of dissertation objectives to practical deployment. This case study operationalizes the
final objective of this dissertation efficiency and practical deployment, demonstrating that the
principles of perceptually grounded QoE modeling can be effectively translated into compact,

real-world architectures for real-time applications.

Together, these findings strengthen the central claim of this dissertation: that accurate, perceptu-
ally consistent, and computationally efficient AI models can be co-designed to support real-time QoE
estimation and management across diverse multimedia modalities, from streaming and point clouds
to biometric applications such as FIQA, spanning content-level domains (e.g., biometric media).

The study presented in this chapter concludes the methodological development of this dissertation
by demonstrating the practical feasibility and efficiency of the proposed QoE modeling framework.
Through the FIQA case study, it has been shown that lightweight and correlation-aware neural ar-
chitectures can achieve state-of-the-art performance while remaining computationally efficient and
deployable in real-time environments. This final investigation validates the broader hypothesis un-
derlying the dissertation, that data-driven, perceptually aligned, and resource-efficient models can be
designed to assess user experience across diverse multimedia modalities and operational conditions.
Building on these findings, the next and final chapter synthesizes the insights gained from all preced-
ing studies, highlighting the dissertation’s global contributions, theoretical implications, and future

research perspectives for advancing QoE modeling in both academic and industrial contexts.

6.6 | Conclusion

In this chapter, we presented a lightweight ensemble-based framework for FIQA that combines ar-
chitectural efficiency with strong perceptual alignment. The proposed model integrates two compact
yet complementary backbones, MobileNetV3-Small and ShufleNetV2, and introduces a MSECor-
rLoss that explicitly encourages alignment between predicted and subjective quality scores. This
design enables the model to capture both absolute and relative aspects of perceptual image qual-
ity while remaining computationally efficient and suitable for deployment on resource-constrained

devices.
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Through extensive experiments and ablation studies, we validated the individual and combined
contributions of the proposed components. The ensemble mechanism proved essential in enhanc-
ing the model’s robustness by leveraging the complementary representations of the two backbones.
The MSECorrLoss formulation demonstrated its effectiveness in improving correlation with human
perceptual judgments by integrating statistical consistency into the optimization process. Addition-
ally, the TTA strategy further increased prediction stability and robustness across diverse imaging
conditions without introducing additional trainable parameters.

The proposed framework achieved a state-of-the-art final score of 0.9862 on the VQualA FIQA
Challenge dataset, outperforming all existing NR IQA and FIQA models. These results confirm
that compact architectures, when properly integrated and optimized, can match or surpass the per-
formance of far more complex networks while retaining real-time applicability. This work therefore
demonstrates that efficiency and accuracy need not be mutually exclusive in modern FIQA systems.

Future research may extend this framework by incorporating modality-specific calibration for
cross-domain adaptation, exploring multi-modal fusion with facial landmarks or embeddings, and
addressing in-the-wild conditions such as motion blur, illumination imbalance, and sensor noise.
Such extensions would further enhance the generalization and usability of lightweight FIQA models

in real-world, large-scale biometric, and multimedia applications.
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Research Insights and Future Perspectives

7.1 | Overview and Summary of the Dissertation

This dissertation has presented a comprehensive research framework for learning-based QoE modeling
across diverse interactive and immersive media contexts. The central motivation stems from the
increasing complexity of multimedia ecosystems, which range from real-time communication and
adaptive streaming to emerging volumetric and biometric modalities, where user-perceived quality
results from the intricate interplay between system behavior, human perception, and contextual
dynamics.

Traditional QoE estimation methods, often based on handcrafted metrics or static configurations,
struggle to generalize across such heterogeneous environments. Hence, the overarching aim of this
work has been to design data-driven, perceptually aligned, and computationally efficient QoE predic-
tion models that bridge the gap between human perception and machine inference, while remaining
deployable in real-world multimedia systems.

Building on the conceptual foundation introduced in Chapter 1, the dissertation develops a two-
layer learning framework that jointly addresses both service-level and content-level QoE. These
layers represent complementary dimensions of perceived quality:

- Service-Level QoE models user experience as a function of network and application behavior,
addressing services such as WebRTC, streaming, and web browsing.

- Content-Level QoE assesses perceptual fidelity in visual or spatial media, including 3D point
clouds and face images, where quality depends on intrinsic content attributes rather than transmission
conditions.

Across both layers, the research is unified by five methodological pillars: (i) signal design, (ii)
temporal modeling, (iii) multi-view fusion, (iv) multi-projection fusion, and (v) computational effi-
ctency. Figure 7.1 illustrates how these pillars connect conceptually and operationally across the two

layers of the proposed framework.
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Figure 7.1: Unified two-layer conceptual framework for learning-based QoE modeling. The frame-
work integrates Service-Level QoE (WebRTC, streaming, web browsing) and Content-Level QoE
(point cloud, face image) within a unified methodological structure encompassing five key pillars:
signal design, temporal modeling, multi-view fusion, multi-projection fusion, and computational effi-
ciency. Each pillar corresponds to the contributions presented in Chapters 2—6.
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The research follows a progressive methodological trajectory, with each chapter addressing a

distinct yet interconnected component of the two-layer QoE framework:

m Chapter 2 (WebRTC QoE) established the foundation for signal design by introducing an
application-layer QoE estimation framework for Web-based conversational systems. Leveraging
telemetry from webrtc-internals, it demonstrated how interpretable machine learning regression
could accurately predict subjective Mean Opinion Scores (MOS), forming the basis of data-

driven QoE modeling from real-world communication signals.

m Chapter 3 (Streaming QoE) advanced toward temporal modeling using transformer ar-
chitectures that capture sequential dependencies in adaptive video streaming. By encoding
per-segment session dynamics and salient events such as start-up delays and stalls, this work

highlighted the importance of temporal awareness in continuous QoE prediction.

m Chapter 4 (Multi-View QoE) expanded the framework toward collaborative learning by
proposing a multi-view neural architecture that enables distributed entities (e.g., ISPs and
OTTs) to jointly enhance QoE prediction without data sharing. This work introduced the
notion of model-level fusion, ensuring privacy preservation while improving generalization across

heterogeneous datasets.

m Chapter 5 (NR-PCQA) transitioned from the service-level to the content-level QoE layer.
It introduced an NR point cloud quality assessment model that employs multi-projection fusion
and adaptive view weighting to predict the perceptual quality of 3D content without access to
references. This chapter validated the scalability of the proposed methodology to immersive,

spatially complex media.

m Chapter 6 (FIQA) focused on computational efficiency and deployment, presenting a lightweight
ensemble-based framework for face image quality assessment (FIQA). By combining MobileNet
and ShuffleNet backbones with correlation-aware learning, it achieved state-of-the-art percep-

tual correlation under strict computational constraints, demonstrating real-world deployability.

Collectively, these chapters trace a coherent evolution from signal-driven modeling to temporal,
collaborative, modality-agnostic, and deployment-oriented QoE frameworks. This cumulative progres-
sion supports the dissertation’s central contribution: a unified, scalable, and perceptually consistent
methodology for learning-based QokE estimation applicable across both service- and content-level

domalins.

125



Chapter 7. Research Insights and Future Perspectives 7.1. Overview and Summary of the Dissertation

7.1.1 | Main Scientific Contributions

The dissertation has made a series of interrelated scientific contributions that advance the field of QoE
modeling across diverse multimedia modalities, from conversational communications to immersive 3D
and biometric content. Each contribution has been developed as a self-contained study correspond-
ing to one research chapter, while collectively forming a coherent methodological and conceptual

framework.

1. WebRTC Conversational QoE from Application-Layer Telemetry (Chapter 2)

The first major contribution is the development of an application-layer QoE estimation frame-
work for real-time audiovisual communications. Unlike prior approaches relying on network-
layer parameters, this work exploits telemetry data from webrtc-internals to model user-perceived
conversational quality directly at the application level. Through rigorous correlation analysis,
feature selection, and regression modeling, the framework offers a reproducible, interpretable,
and deployable solution for predicting subjective MOS without intrusive instrumentation. This
contribution represents a methodological foundation for real-world, data-driven QoE analysis

in browser-based communication systems.

2. Temporal Modeling for Adaptive Video Streaming QoE (Chapter 3)

The second contribution introduces a transformer-based deep learning model for adaptive video
streaming, capable of learning long-term temporal dependencies between quality variations
and playback events. The model encodes per-second sequences of bitrate, resolution, and
stalling patterns into high-dimensional embeddings, enabling accurate and robust prediction of
continuous QoE over time. This work contributes a novel sequential QoE modeling pipeline
that surpasses traditional frame or segment-based methods and establishes a new direction

toward temporal attention architectures in streaming QoE prediction.

3. Collaborative Multi-View Learning for QoE Prediction (Chapter 4)

The third contribution extends QoE modeling to a collaborative, privacy-preserving paradigm
using multi-view learning. This framework enables independent entities, such as ISPs and OTT
providers, to train separate models on their own datasets while sharing latent-level represen-
tations rather than raw data. A fusion layer aggregates learned features to enhance prediction
accuracy while maintaining confidentiality. This study introduces the concept of model-level
collaboration in QoE prediction — a step toward cross-domain integration of quality intelligence

without violating data ownership or privacy regulations.

4. No-Reference Point Cloud Quality Assessment (NR-PCQA) (Chapter 5)
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The fourth contribution expands the scope of QoE research from conventional 2D video to
immersive 3D media by proposing the Multi-View Adaptive Weighting (MVAW-PCQA) frame-
work. This projection-based NR model processes six orthogonal views of a point cloud through
a shared convolutional backbone and fuses them via adaptive weighting. The approach achieves
state-of-the-art results on the SJTU-PCQA dataset while remaining computationally efficient.
This contribution demonstrates the modality-generalizability and scalability of QoE modeling

techniques to next-generation media such as volumetric video and point cloud streaming.

5. Efficiency and Practical Deployment (FIQA Case Study) (Chapter 6)

The fifth contribution focuses on the efficiency and real-world deployability of QoE-related as-
sessment systems. Through the FIQA case study, a compact two-branch ensemble was designed,
combining MobileNet and ShuffleNet architectures with a correlation-aware loss function and a
Test-Time Augmentation (TTA) strategy. The resulting model achieved state-of-the-art corre-
lation with human perceptual ratings on the VQualA challenge FIQA dataset while operating
under strict computational constraints. This final contribution highlights the feasibility of real-
time, resource-efficient perceptual models, bridging the gap between theoretical QoE estimation

and practical implementation in operational environments.

6. Two-Layer Framework for Objective QoE Modeling

Beyond the individual studies, this dissertation establishes a unified, two-layer conceptual
framework that connects service-level and content-level QoE modeling through five method-
ological pillars: signal design, temporal modeling, multi-view fusion, multi-projection fusion,
and computational efficiency. At the service level, the framework integrates insights from We-
bRTC and adaptive streaming studies, showing how temporal and contextual dependencies can
be captured through telemetry-based signal design and sequence-aware learning. At the content
level, it extends these principles to perceptual and spatial domains—demonstrating that the
same data-driven mechanisms governing communication quality can predict visual fidelity in

point clouds and biometric imagery.

The framework thus provides a coherent theoretical basis for QoE modeling that spans both
system-driven and perception-driven dimensions of multimedia experience. It formalizes a pro-
gression from feature curation and temporal understanding to multi-modal integration and
efficiency optimization, illustrating how learning-based models can evolve from descriptive anal-
ysis toward deployable, perceptually aligned intelligence. Collectively, these advancements con-
tribute a generalizable methodology for learning-based QoE estimation, offering conceptual
unity across heterogeneous media and practical guidance for designing scalable, interpretable,

and resource-aware models in future interactive and immersive environments.
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7.1.2 | Scientific and Practical Implications

The scientific and practical implications of this dissertation extend beyond the development of iso-
lated QoE models, contributing instead to a systematic redefinition of how human perception can be
quantified, learned, and operationalized across modern multimedia ecosystems. By integrating tem-
poral modeling, collaborative learning, multimodal assessment, and computational efficiency within
a framework, the research advances both the theoretical and applied frontiers of QoE modeling across

service-level and content-level domains.

1. Advancing the Scientific Understanding of QoE

From a scientific standpoint, the dissertation redefines QoE estimation as a data-driven percep-
tual inference problem, bridging psychometric principles with machine learning representations.
Earlier QoE research often focused on either network metrics or static feature-based regression.
The presented models, from transformer-based temporal prediction to adaptive fusion of multi-
view projections, move beyond this paradigm by embedding perceptual dependencies directly
into learned latent spaces. This enables the automatic discovery of cross-modal correlations
between system parameters, content characteristics, and subjective experience. The findings
collectively contribute to a generalized QoE modeling theory capable of spanning different
service categories (communication, streaming, immersive, and biometric), demonstrating that
perceptual quality can be learned consistently through data-driven signal design and hierarchi-

cal attention.

2. Methodological Innovation and Reproducibility

The dissertation also provides a reproducible methodological pipeline for QoE estimation, en-
compassing data preprocessing, feature encoding, sequentialization, model design, and evalu-
ation metrics. FEach chapter builds upon this structured methodology, adapting it to distinct
media types while preserving consistency in training, validation, and interpretability. This en-
sures that the resulting models are not only accurate but also scientifically transparent and
transferable, enabling future researchers and practitioners to replicate and extend the work
across new datasets or modalities. Furthermore, the integration of interpretable learning mech-
anisms (e.g., feature correlation analysis, adaptive weighting) enhances the understanding of
which factors most influence perceived quality, thus contributing to explainable Al in QoE

research.

3. Practical Relevance and Real-World Deployment

From a practical perspective, the research provides actionable solutions for deployable, real-time

QoE management in modern and immersive multimedia environments.
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B The WebRTC and streaming QoE models can support online adaptation and troubleshoot-

ing in browser-based or cloud-based media services.

B The multi-view collaborative learning framework enables cross-organizational quality es-
timation while preserving user data privacy, a crucial requirement in multi-stakeholder

ecosystems such as ISPs, OTT providers, and service regulators.

®m The NR-PCQA model directly supports immersive media pipelines (e.g., volumetric video,
XR rendering) by enabling perceptually guided rate adaptation without 3D reconstruction

overhead.

B The FIQA case study validates the practical feasibility of high-performance perceptual
modeling within constrained hardware conditions, paving the way for integration into

edge devices and embedded systems.

Together, these developments contribute to the engineering foundation of future immersive
and Human Digital Twin (HDT) systems, where users’ emotional, perceptual, and experiential
states can be continuously monitored, predicted, and optimized through scalable, multimodal

QoE assessment models.

4. Societal and Industrial Impact

Finally, the dissertation has direct implications for the design of user-centric digital ecosystems.
Accurate, real-time QoE modeling promotes fairness and inclusivity by ensuring that adaptive
systems optimize service quality based on perceptual outcomes rather than raw technical per-
formance. Industries such as telecommunications, media streaming, autonomous systems, and
extended reality can directly benefit from these models to enhance resource allocation, re-
duce latency, and deliver improved user experiences. Moreover, the methodological emphasis
on efficiency and interpretability aligns with sustainable AI principles, reducing energy and

computation costs while maintaining high perceptual accuracy.

7.1.3 | Limitations and Scope of the Proposed Framework

While this dissertation proposes a comprehensive and validated framework for learning-based QoE
modeling, it is important to clearly articulate its scope and limitations.

First, the notion of QoE adopted throughout this work is primarily operationalized through
subjective MOS and closely related perceptual ratings. Although MOS remains the dominant and
standardized proxy for perceived quality in multimedia research, it represents an aggregated and
context-dependent measure that cannot fully capture all dimensions of user experience, such as emo-

tional response, long-term satisfaction, task success, or social context. Consequently, the proposed
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models should be interpreted as predictors of perceived technical quality rather than complete rep-

resentations of human experience in its broader psychological or sociological sense.

Second, the models developed in this dissertation focus predominantly on technical and content-
related influence factors, including application-layer telemetry, network events, visual distortions,
and geometric fidelity. Non-technical factors, such as user expectations, cultural background, mood,
attention, social setting, or task importance, are largely outside the scope of the current modeling
pipeline. While these factors are known to influence QoE, their reliable measurement and integration
remain challenging and highly context-dependent. As a result, the presented framework prioritizes

measurable, system-level signals that can be collected automatically and deployed at scale.

Third, the proposed learning-based approaches rely on data-driven generalization, which inher-
ently depends on the representativeness of the available datasets. Although cross-dataset and cross-
scenario evaluations are conducted where possible, performance may degrade under extreme distri-
bution shifts, unseen content types, or novel interaction paradigms. The framework mitigates, but

does not eliminate this risk through careful signal design, temporal modeling, and view-level fusion.

Fourth, ethical considerations arise when deploying QoE models in real-world systems, particu-
larly in scenarios involving biometric data (e.g., FIQA) or large-scale user monitoring. While this
dissertation emphasizes privacy-preserving learning strategies and avoids raw-data sharing, it does not
explicitly address broader ethical questions such as informed consent, algorithmic bias, or downstream
misuse of perceptual predictions. These aspects should be carefully considered when translating the
proposed models into operational systems.

Finally, the framework is not intended as a monolithic or universal QoE solution, but rather
as a methodological paradigm. Each chapter instantiates a subset of the framework tailored to a
specific service or content modality. The generality of the approach lies in the design principles
signal relevance, temporal awareness, collaborative learning, and efficiency rather than in a single

unified model applicable to all scenarios.

7.1.4 | Future Work and Outlook

While this dissertation has proposed and validated a cohesive conceptual two-layer framework for
data-driven QoE estimation across multiple service domains, several open challenges and research
opportunities remain. Future research should also explore how subjective, contextual, and behav-
ioral factors, such as user intent, affective state, and social context can be integrated into QoE
models without compromising scalability or privacy. Moreover, efforts should aim to extend this
foundation toward generalizable, adaptive, and human-centered perceptual intelligence systems, ca-
pable of bridging service-level and content-level analysis through continuous learning and cross-modal

integration.
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1. Toward Multimodal and Cross-Domain QoE Fusion

A natural progression of this research lies in developing multimodal QoE fusion models that
combine information from heterogeneous data sources, such as facial expressions, speech, body
movements, and contextual features, to provide a holistic assessment of user experience. Al-
though the dissertation demonstrated modality transferability through separate models for
WebRTC, streaming, point cloud, and face-quality scenarios, future work could integrate these
modalities under a unified perceptual framework. Such models could leverage cross-modal at-
tention and transformer-based fusion strategies to capture how users’ perceptual states emerge
from the interplay between visual, auditory, and contextual stimuli. This step would also align

with the broader goal of perceptually aware HDTs.

2. Continual and Federated Learning for QoE Adaptation

Another promising direction is the adoption of continual and federated learning paradigms
to enable QoE models that evolve over time and across distributed environments. Continual
learning would allow QoE estimators to adapt to new content types, devices, or user groups
without catastrophic forgetting, ensuring sustained performance in dynamic multimedia ecosys-
tems. Meanwhile, federated learning aligns with the collaborative spirit introduced in Chapter
4, allowing multiple service providers to train shared QoE models without exchanging raw data,
preserving both scalability and privacy. Integrating these paradigms would create self-improving

QoE systems capable of adapting to evolving service conditions.

3. Human-in-the-Loop and Explainable QoE Models

To enhance trust and interpretability, future work should explore human-in-the-loop QoE mod-
eling, where subjective feedback or behavioral data continuously calibrates the objective esti-
mators. Explainable Al techniques could be used to visualize which perceptual features drive
model predictions, clarifying how system-level variations (e.g., bitrate, delay, or viewpoint) in-
fluence perceived quality. Such explainable and interactive QoE models would not only improve
scientific transparency but also facilitate ethical and fair decision-making in applications where

user experience has social or safety implications.

4. Real-Time Deployment and HDT Integration

Finally, an important frontier concerns the deployment of QoE models in real-time HDT ecosys-
tems. The proposed frameworks, particularly the lightweight designs in Chapters 5 and 6,
provide a solid foundation for integrating perceptual intelligence into digital twins that con-
tinuously monitor users’ affective and perceptual states. Future implementations may involve
coupling QoE estimation modules with edge computing architectures or immersive XR, plat-

forms, allowing adaptive service management and perceptual optimization in real time. Such
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integration would represent a step toward autonomous, perceptually aware digital twins, capa-

ble of anticipating user needs and optimizing service delivery dynamically.

In summary, the future of QoE research lies in bridging perception, intelligence, and deploy-
ment, moving from isolated prediction models toward adaptive, multimodal, and human-centered
ecosystems. By combining interpretability, scalability, and efficiency, the next generation of QoE
frameworks will not only measure experience but also enable intelligent systems that learn from,

respond to, and ultimately enhance the human experience itself.

7.2 | Closing Remarks

This dissertation has presented a comprehensive exploration of learning-based QoE estimation across
diverse service categories and perceptual domains. Following a progressive research trajectory, from
conversational WebRTC analysis and temporal streaming models to collaborative multi-view learning,
immersive point cloud assessment, and efficient face image quality prediction, the work has demon-
strated how QoE can be systematically learned, interpreted, and operationalized within intelligent
multimedia systems.

Each study contributed a distinct methodological advancement corresponding to one of the dis-
sertation’s five pillars: signal design, temporal modeling, multi-view fusion, multi-projection fusion,
and computational efficiency. Together, these studies formed a coherent two-layer framework that
bridges service-level QoE, governed by system and network behavior, with content-level QoE, de-
fined by perceptual and spatial fidelity. The resulting framework not only unifies these complemen-
tary dimensions but also establishes the methodological and computational foundations for scalable,
privacy-preserving, and deployable QoE models.

By bridging human perception with computational intelligence, the research lays the groundwork
for perceptually aware digital ecosystems and HDT systems that can understand, predict, and opti-
mize user experience in real-time. Ultimately, this dissertation reinforces the view that QoE is not
merely a numerical indicator but a connective layer between cognition and computation—one that,
when modeled responsibly and efficiently, can drive the next generation of adaptive, user-centered,

and intelligent multimedia services.
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