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Abstract

Multimedia traffic and other real-time streaming services continue
grow exponentially have promoted the accurate, low-latency bandwidth
prediction across heterogeneous networks to be more urgent. For dynamic
wireless networks including Iraq multi-ISP infrastructure with
millisecond-scale fluctuation in throughput, latency and jitter around a
mean value, the traditional probing or heuristic models alone cannot offer

accurate estimates for adaptive bitrate (ABR) control.

This dissertation presents a comprehensive and Machine-learning-
Based Bandwidth Prediction Framework that leverages measurement-
based analytics, ensemble learning, temporal models and reinforcement-
learning (RL) to achieve QoE-aware multimedia adaptation in the wild.
The architecture combines windows and Android data acquisition clients
that are instrumented to gather real-time metrics-RTT, jitter, packet loss,
throughput and hop delay-using active probes (ping, traceroute,
speedtest-cli) as well as passive context logging; a Supabase RESTful
backend for real-time cloud synchronization of user measurement tables;
and an automated preprocessing pipeline which normalizes, denoises and
aligns temporal features prior to learning. More than 60k synchronized
samples were collected from Zain, AsiaCell and EarthLink ISPs
providing the first publicly available Irag-centric  bandwidth

measurement dataset for machine learning.

Performance comparison was conducted on local Iragi and
external AlphaRTC datasets between the proposed (HyBoB-RL) and
Microsoft BoB baseline. The average MAE reduction is found to be ~ 25




% and the QoE gain of 12 — 15% under normal testing conditions, with
inference latency <10 ms and model size below 5 MB—proving the real-
time deployability on end devices. Under stress testing of induced
congestion, HyBoB-RL maintained QoE to within 5 % of baseline
levels, indicating resilience and self-adaptive gate regulation. All the
modules, i.e., data collectors, ML / GRU models, RL controller and
evaluation scripts are offered as open-source apps that offers

reproducibility for bandwidth prediction research.

The combination of ensemble learning, temporal quantile
modeling and reinforcement control provides a practical, scalable and
QoE-optimized framework for adaptive multimedia streaming in terms of

heterogeneous and limited bandwidth network.
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Chapter 1: Introduction

1.1 Background and Motivation

Great interest in multimedia quality delivery has emerged recently with the rapid
evolution of video-on-demand, a cloud gaming and interactive conferencing.
These services often depend on varying network bandwidth at short timescales,
particularly in Iraq's multi-ISP environment where congestion, wireless
interference, and routing asymmetries are prevalent. Adaptive streaming protocols,
such as HTTP Live Streaming (HLS) and MPEG-DASH—attempt to mitigate
these effects by dynamically adjusting the video bitrate according to estimated
available bandwidth [1][2]. However, traditional heuristic or model-based
estimators (e.g., Exponential Weighted Moving Average (EWMA) or harmonic-
mean filters) often fail under non-stationary conditions caused by mobility,

wireless fading, and cross-traffic[3].

Measurement-based bandwidth estimation techniques traditionally compute
available capacity by probing packet-pair dispersion, yet they suffer from
Inaccuracies when multiple bottlenecks or interrupt-coalescing phenomena exist .
Recent progress in machine learning (ML) and deep reinforcement learning (DRL)
has transformed this field [4][5]. Data-driven models can learn nonlinear mappings
between measurable features—such as throughput, round-trip time (RTT), jitter,
and loss—and the true available bandwidth. Moreover, reinforcement-learning
controllers dynamically optimize bitrate selection to maximize the Quality of

Experience (QoE) by balancing rebuffering, visual smoothness, and bitrate utility .
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In lrag, where broadband and mobile networks display extreme spatiotemporal
variability (Zain 4G/AsiaCell 5G vs. Earthlink fiber), accurate real-time bandwidth
prediction is indispensable for smooth playback. This dissertation introduces a
Machine-Learning-Based Bandwidth  Prediction Framework that fuses
measurement-based analytics with hybrid ML + RL intelligence—termed the

Hybrid Blend-of-Blends with Reinforcement Learning (HyBoB-RL) system.

1.2 Related Works

Early research on available bandwidth estimation focused primarily on
model-based and measurement-driven methods. Below is a detailed presentation of
the most important scientific research related to and supporting the thesis, which
confirms the scientific and experimental advantages that were undertaken
according to those clear and pioneering foundations in making the work continuous

and maintaining a level of trust without bias towards one side over another.

e [n 2018 Yang & Dong [6], employed machine learning to categorize
video streams across inferred QoE levels based on throughput, delay,
and rebuffering. Their supervised model achieved around 95%
accuracy on predicting user perceived quality categories. This
statistical relationship between network QoS and subjective QOoE
emphasizes the necessity of perceptual modeling. Our approach
incorporates this idea by using QoS—QoE mappings directly to
generate reward functions for guiding RL control.

e In 2019 Khangure & Fidler [7], proposed one of the first machine-

learning-based measurement frameworks for bandwidth estimation,
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applying Random Forest regression to infer available bandwidth from
delay and packet-dispersion measurements. Their study showed that
ML estimators outperform traditional analytical models in
heterogeneous networks with bursty cross-traffic, highlighting the
potential of supervised learning for complex Internet conditions. The
model achieved high accuracy even under noisy measurements,
suggesting that non-linear feature interactions (e.g., RTT, jitter, packet
loss) can be effectively captured through regression ensembles. This
foundational work motivated the transition toward data-driven and
hybrid learning approaches for adaptive video streaming.

e In 2019 Zhao et al [8]. proposed T-GCN, an integrated Hybrid Graph
Convolutional + GRU network for traffic forecasting. Originally
developed for urban transportation, the structure of its deep learning
model naturally captures spatiotemporal correlations among nodes and
time stamps. The model achieved a better prediction accuracy than the
existing models on real traffic datasets, and proved the effectiveness of
joint structural and temporal learning. This was motivation behind the
temporal GRU predictor in HyBoB-RL include sequential bandwidth
dependencies.

e In 2020 Lekharu & Moulii [9], they constructed a hybrid CNN-LSTM
network for predicting the optimal video bitrates in adaptive streaming.
The architecture learned spatiotemporal features of throughput and
buffer time-series in order to predict future bandwidth fluctuations. The
findings revealed a decrease of 18% in rebuffering and an increase in
bitrate stability compared with rule-based ABR algorithms. This work

4
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showed deep temporal learning to enhance network awareness,
offering direct reasons for our GRU quantile predictor.

e In 2022 Eo et al [10] presented OpenNetLab, an open testbed for RL-
based congestion control and adaptive streaming. The platform is used
to replay network traces and compare different algorithms under same
conditions. Its modular nature as an environment, agent, and
observation APl allows benchmarking congestion-control in a
controlled manner. OpenNetLab has served as a backbone for large
RL-based streaming experiments since and BoB, Pandia, and this work
are funded by this facility. We extend this work by incorporating live

Supabase-synchronized datasets to simulate realistic learning contexts.

e [In 2022 Bentaleb & Akcay [11], they introduced BoB (Blend-of-
Blends), a hybrid framework that combines heuristic estimation with
reinforcement learning (RL) for bandwidth prediction in real-time
communications. The system begins with GCC-like moving average
filters and transitions to a PPO- based RL policy that dynamically
adjusts  bitrate  decisions based on congestion feedback.
With the AlphaRTC/MMSys 2021 dataset, BoB reduced latency and
provided smoother bitrate adaptation compared to traditional methods.
Its two-stage architecture with rule-based start-up and learning-driven
control motivated the hybrid fusion theory presented later in this
dissertation. Even for latter frameworks, such as the proposed HyBoB-
RL system, BoB is still a baseline that it can extend with quantile

awareness and QoE-driven optimization.
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In 2022 Isabona & Imoize [12], they implemented an optimized forest
ensemble composition with Gradient Boosting and Random Forest. By
exploiting the complex nonlinear relationships between features, the
model generalized well across diverse wireless conditions. It achieved
25% improvement in average accuracy and improved robustness to
noisy measurements. The proposed ensemble design motivated the ML-
MBE module in our HyBoB-RL.

In 2022 Wang & Agarwal [13], they presented a multi agent MARL
based approach to optimize total QoE by multiple clients acting
collaboratively. Each agent learns a policy with shared critic, and the
shared critic balances fairness, stability and network utilization. With
this proposed system, it was able to have ~20% higher QoE and
reduced stalls from congestion in multi-user cases. Such multi-agent
collaboration is a potential extension point for the future deployment
of the distributed HyBoB-RL.

In 2023 Huang & Zhang [14], they proposed an RL based model with
human feedback to optimize adaptive streaming decisions. Through
integrating the instances of subjective users ratings into the RL reward
function, their system can give better perceptual quality and more
smooth playback. MOS showed improvements of up to 12-15% over
QoE-driven RL baselines. This perspective is consistent with our
dissertation’s QoE-aware reinforcement mechanism, which focuses on

human-centric evaluations.
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In 2024 Tan [15], The study called Accurate Bandwidth Prediction
suggested an offline reinforcement learning method in the context of
adaptive streaming. It employed past Microsoft Teams trajectories to
train RL agents that forecast future bandwidth and select bitrates with
limited QoE loss. In contrast to the full-online RL approach, this
offline first design helped us alleviate instability and overfitting by
training on pre-collected network traces. In experiments predictive
accuracy and smooth adaptation were observed with both Wi-Fi and
5G. This work serves as a direct basis for the offline pre-training
strategy introduced in our HyBoB-RL pipeline to initialize safe RL.
This work explicitly motivates the offline pretraining procedure, which
we incorporate into our HyBoB-RL pipeline as a way to safely
initialize RL.

In 2024 Li & Vikberg [16], they introduced the Pandia framework
contributed a DRL testbed for adaptive bitrate control on the open-
source AlphaRTC. It made reinforcement learning agents such as PPO,
DDPG, A2C modularized, and you could do plug-and-play experiments
in a controlled setting. Pandia confirmed that multi-agent RL-based
systems could schedule multiple ongoing sessions to achieve fairness
and resource utilization. This work influenced to the research
methodology by giving a concrete evaluation environment for RL
(Reinforcement Learning) based congestion control. Pandia was
primarily concerned with simulated cases, contrary to HyBoB-RL that

applies the idea to measurements collected from the Iraqgi ISPs.
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In 2024 Khairy [17]. This competition established a dataset and metric
for testing the bandwidth prediction algorithms based on real trace
adopted Microsoft Teams' and AlphaRTC traces. It included generic
and realistic mobility patterns, as well as describing a set of common
evaluation procedures for both emulated and real-world network
scenarios with respect to QoE centred metric. The challenge promoted
guantile regression techniques and reward learning based testing into a
unified platform for ML and RL to study in this area. Our method is
benchmarked on this dataset as external validation set to match up with
state-of-the-art comparative baselines.

In 2024 Zhang & Zhuo [18], they introduced AraLive that presented a
reward-adaptive bitrate controller using RL, in which QoE terms were
dynamically re-weighted according to live streaming environments. It
exhibited better long-term QoE stability and lower stall frequency than
fixed-reward agents. The experiment revealed that reward adaptation
facilitates generalization to new content and networks. This principle
was ever applied directly in reward calibrations of HyBoB-RL for QoE
considering (i.e., weights adjustment according to playback behavior).
In 2024 Raman & Turkkan [19]. drew original LL-GABR, a deep
reinforcement learning model account for QOE and energy
consumption in live streaming. By the collaboration of bitrate and
energy control agents it reached savings of ~10% cost while
maintaining a good user experience. The multi-objective optimization

technique demonstrates that RL can address conflicting performance
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measures in real-time systems. Our HyBoB-RL architecture also
achieves the trade-off of accuracy and smoothness under QOE
constraints, with a further extension to real-world deployment.

e In 2024 Lee & Bae [20], the COCKTAIL methodology for chunk
replacement with reinforcement learning was developed to improve
adaptive video streaming. It performed smart chunk replacing during
playback, and updated its future bitrate selections to improve QoE. The
performance results illustrated ~17% enhancement in QoE with respect
to the classical ABR algorithms. This principle of guided learning is
implemented in-spirit by our reinforcement model, which relies on
reward shaping to mitigate oscillations.

e In 2024 Woo & Hong [21], GRU-based short-term bandwidth
prediction for ABR selection and integrated buffer occupancy control.
The GRU model forecasted short-term throughput, which was then
used by the ABR to avoid overly aggressive bitrate shifts. Experimental
results showed a decrease in the rebuffering and an increase of the
smoothness of playback. Their hybrid method justifies our use of GRU
quantile model for short-term predictions in the HyBoB-RL framework.

e In 2025 Mowgli [22] introduced a passive learning approach where,
based on historical streaming logs instead of probing, one can infer the
optimal transmission rates. The model is trained on a large-scale real-
world video call dataset to alleviate rebuffering and latency. It achieved
a 20-30% reduction in the rate of playback freezes when compared to
Google Congestion Control (GCC) which highlights the utility of log-

based learning for dynamic adaptation. This passive approach
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demonstrates how real user logs could replace synthetic training

environments -- a notion reinforced by our use of live lraqgi

measurement data.

Table (1.1): Summary of Related Works

Dataset / Relevance to This
Reference Core Idea or ) ) ) -
No. o Experimental Dissertation Key Results / Limitations
/ Year Contribution _ Performance
Setting (HyBoB-RL)
statistical
i . . Requires
employed machine relationship Achieved =90 |  subjective user
[6] . :
learning to categorize | real network between 95% feedback
1| Yanget | : classification | collection, which
video streams across scenarios network QoS and
al.2018 accuracy for may not be
inferred QOE levels subjective QoE QOE levels scalable in
. practical systems.
emphasizes
Introduced ML-based Eoundational
oundationa
[7] measurement-driven | Real-network ) RF _redu_ced
: N . supervised estimation Offline policies
(Khangura | bandwidth estimation | traces with o error vs full
2 _ - approach inspiring analytical may not fully
et using Random Forest delay/jitter models (=15— adapt to real-time
: . the ML-MBE - network changes.
al.,2019) on probe-pair metrics. ) 25%
statistics baseline. improvement)
Graph convolution + Real traff Theoretical Outperformed
eal traffic inari
[8] GRU for . foundation for our ARIMA/LSTM i Prlr_narlly )
2 and mobility with improved | simulation-based;
(Zhao et | spatiotemporal traffic dat temporal GRU prediction lacks real ISP
ata. ~10—
al., 2019) prediction. quantile predictor. accur;g());og 10 measurements.
9 Deep CNN-LSTM Motivates temporal Dataset
1°] p _ Simulated _ P Reduced represents
(Lekharu predictor mapping S learning (precursor rebuffering
4 _ adaptive video (~15-20%) and controlled
etal., network metrics to ] to our GRU imoroved scenarios rather
: o Sessions.  IMProvee. than real-world
2020) bitrate decisions. module). bitrate stability

variability.
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Dataset / Relevance to This
Reference Core ldea or ) ) ) | -
No. - Experimental Dissertation Key Results / Limitations
| Year Contribution _ Performance
Setting (HyBoB-RL)
[10] Open platform for Global Architectural Enabled Reward tuning
RL-based congestion network foundation for our reproducﬂ_)le ) complgx_lty and
5 | (Eoetal., RL evaluation; training
control and trace testbed RL evaluation improved instability may
2022) _ (AlphaRTC) ineline fairness across arise in real
play. P ) PIp ) agents networks.
[11] Hybrid heuristic + RL Direct baseling;
predictor; switches | AlphaRTC/ | origin of “Blend- | |mproved QoE Focuses on
(Bentaleb 20239 energy trade-offs
6 from EWMA to PPO | MMSys 2021 | of-Blends” concept by ~20-23% rather than
etal., ) ) ) and reduced dicti
policy for bandwidth traces. adopted in HyBoB- | gelay variance prediction
2022) accuracy.
control. RL.
[12] Combined XGBoost, Heterogeneous Basis of our ML- Achieved <20 Requires
(Isabona RF, GB for QoE- ) MBE ensemble 25% accuracy | complex segment
7 . wireless : improvement | management and
etal., aware adaptive layer for regression ) :
traces. over single may increase
2022) learning. accuracy. models client overhead.
Suggests future
Cooperative multi- _ _ distributed Increased QoE h
_ Simulation (~20%) and Focuses on short-
[13] agent RL bitrate HyBoB-RL term prediction
8 and real reduced stalls onlv and lacks
(Wang et | control for multi-user extension for (~30%) in h by' q
stream tests. . multi-user ybrid ML=RL
al., 2022) QoE. multi-client integration.
setup
coordination.
[14] RL with subjective Li Reinforces human- Dependent on
ive istori
human feedback to centric QoE ImprovNed large historical
9 | (Huang et _ o multimedia o MOS by 12— | logs and may
align training with metrics in our 15% compared struggle with
al., 2023) datasets. : to baseline RL | unseen network
perceptual QoE. reward function. .
conditions.
10 [15] Offline RL model Microsoft Provides offline Stable policy Requires
learning with subjective user
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Dataset / Relevance to This
Reference Core Idea or ) ) ) | -
No. o Experimental Dissertation Key Results / Limitations
| Year Contribution _ Performance
Setting (HyBoB-RL)
(Tan et trained on Teams- RTC RL methodology reduced feedback
. . variance and | collection, which
al., 2024) | style data for adaptive Challenge and evaluation improved QoE may not be
bitrate control. dataset. protocol used here. (~10-15%) scalable in
practical systems.
Open-source DRL Supplies modular | Demonstrated
[16] : : AlphaRTC consistent RL | Offline policies
_ testbed integrating RL testbed concept
11 | (Lieetal., emulated _ _ _performance may not fuII_y
PPO/A2C agents for ) mirrored in our improvements | adapt to real-time
2024) environment. : vs GCC network changes.
ABR research. experiments. .
baseline
Defines large-scale ]
[17] Microsoft
) benchmark traces and Serves as external | Standardized Primarily
(Khairy et ) Teams / o luati imulation-based:
12 quantile-based validation dataset evaluation | simulation-based;
al., 2024) ) ) AlphaRTC (MAE, QoE, lacks real ISP
estimation. '
RL framework with Inspires our Improved QoE Dataset
[18] . . prov represents
automatic reward YouTube-style adaptive QoE- stability and lled
13 | (zhang et : . : : reduced reward controfle
adaptation for live live data. weighted reward llati scenarios rather
al., 2024) . . . osciffation than real-world
video streaming. formulation. (~10-15%) A
variability.
Energy-efficient RL Simulated Demonstrates Reduced Reward tuning
imulate i
[19] approach balancing ) _ multi-objective energy complgx_|ty and
(Raman et QOE and power optimization for (~10%) instability may
: traces. : without QoE arise in real
al., 2024) consumption. future extensions.
loss networks.
Guided learning and _ Provides reward- QoE Focuses on
[20] Testbed video _ . energy trade-offs
15 chunk replacement _ shaping concept for | Improvement rather than
(Lee etal., o sessions. ~15-17% vs dicti
for QoE optimization. our RL controller. | paseline ABR prediction
2024) accuracy.
16 | [21] (2) GRU-based Real Validate the GRU Reduced Requires
rebuffering and | complex segment
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Dataset / Relevance to This
Reference Core Idea or ) ) ) | -
No. o Experimental Dissertation Key Results / Limitations
| Year Contribution _ Performance
Setting (HyBoB-RL)
(Woo et bandwidth forecast streaming forecast module improved management and
. . smoothness may increase
al., 2024) | combined with buffer | testbeds and and QoS—-QoE (~10-15%) client overhead.
control; (b) ML QoE | QOoE labeled mapping used for
classification linking datasets. reward design.
QoS to perceived
quality.
22 Passive-learning rate- Supports our data- Increased
[22] -g Real video call |-op bitrate (~15— | " ocuses on short-
(Agarwal control using driven, log-based 0 q term prediction
17 o logs + 20%) an only and lacks
etal., historical RTC logs ) measurement reduced freezes hvbrid ML_RL
. . emulation. (~25-3006) vs | orid VI
2025) (no active probing). approach. GCC integration.

Collectively, these seventeen studies mark the evolution from measurement-

based learning toward hybrid deep and reinforcement-learning approaches

emphasizing QoE (see Table 1.1). While early models established the value of ML

for network estimation, recent works have converged on adaptive, perceptual, and

multi-agent frameworks. The proposed HyBoB-RL system integrates these

paradigms combining ensemble regression, GRU temporal modeling, and actor—

critic reinforcement learning—to deliver real-time, QoE-optimized bandwidth

prediction across heterogeneous Iragi and global networks.

13




Chapter ONe:----=-mmemmm oo Introduction

1.3 Problem Statement

Despite extensive research, short-term bandwidth prediction remains

challenging due to several interconnected resons:

1. A wireless and congested networks exhibit high-frequency variability from
user mobility, fading, and bursty cross-traffic, which rapidly alters link
capacity.

2. A non-linear interactions among delay, jitter, and throughput complicate
modeling because classical estimators assume linear and stationary behavior.

3. A heuristic filters such as EWMA or harmonic averaging do not generalize
well outside of controlled testbeds and result in large errors when exposed
to real-world Iragi ISP conditions where paths, routing and interference are
constantly changing.

4. A quality of experiment sensitivity enhances the impact of even small
prediction errors—over-estimation leads to playback stalls and under
estimation wastes bandwidth and degrades perceptual quality.

5. Finally, because of resource constraints on end-user devices, light-weight
models are required, that can do inference in sub-10 ms without requiring

access to the cloud.

These challenges also underscore the necessity for combining insights of
traditional, human-interpretable models with the flexibility of machine learning
and the decision optimality of reinforcement learning in a hybrid measurement-

driven fashion. This integration allows for QoE-aware and real-time accurate

14
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bandwidth prediction as per the needs of heterogeneous and highly dynamic

network conditions.

1.4 Research Aim and Objectives

The main aim of this dissertation is to develop, implement and validate an
integrated hybrid framework using reinforcement learning (RL) and machine
learning (ML) techniques for accurate, measurement-based bandwidth prediction
and QoE-sensitive bitrate adaptation. The designed system is aiming for a real
time prediction accuracy, adaptive control responsiveness, and resource utilization
to be efficient against the variety of conditions over mobile and wired networks in
Irag to have high quality multimedia streaming through Internet among diverse

environments. The objective of dissertation can be categorized as :

1. Get a synchronous record of Iraq's bandwidth usage on customers'
computers and mobile phones via the Supabase cloud.

2. Design a measurement-based ML estimator (ML-MBE) employing
ensemble regressors and quantile inference.

3. Integrate a GRU temporal predictor for short-term sequence modeling.

4. Fuse the outputs through a Hybrid Blend-of-Blends (BoB) gate controlled by
an actor—critic RL module.

5. Optimize bitrate decisions using QoE-driven rewards that penalize
rebuffering and oscillations.

6. Validate performance against external datasets (e.g., Microsoft BoB
Challenge / AlphaRTC).

7. Demonstrate real-time deployability with low computational overhead.

15
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1.5 Research Questions

A set of specific research questions which define the direction of analysis
and experimentation for the proposed hybrid framework, are formulated in this
research. The questions focus on the predicting ability, trade-off between
responsiveness and stability and the QoE improving across heterogeneous real-
world networks. Together, they serve as the building blocks for construction of the
HyBoB-RL system.

1. How accurately can ensemble-based ML models predict near-term available
bandwidth from measurement features?

2. What hybrid design (heuristic + ML + RL) achieves the best balance
between responsiveness and stability?

3. How does quantile-aware prediction improve bitrate safety and QoE?

4. Which network features most strongly influence predictive accuracy under
Iragi conditions?

5. Can lightweight on-device inference (< 10 ms) sustain acceptable QoE for

mobile users?
1.6 Scope Dessirtation

This dissertation provides a defined experimental and analytical barrier to
allow for focused research and reproducible results. The note emphasizes the
prediction time frame, range and scaling of data sets, as well as evaluation criteria
relevant to the goals of the study. It describes the environments for which the

HyBoB-RL framework is developed and evaluated in.

16
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« Focus on short-term (1-4 s) bandwidth prediction for HTTP adaptive video
streaming.

« Coverage of Iragi (ISP, device) and external (Microsoft BoB) datasets.

. Evaluation through both predictive metrics (MAE, RMSE, R?) and

perceptual QoE indicators.
1.7 Limitations Dissertation

Although the study contributes insightful views on adaptive streaming of
heterogeneous media, there are still some limitations. The constraints include
external, scene realism and lab testing coverage. These bounds serve to illustrate
the scope and possible generalizations of the proposed framework in future

research.

« Geographical bias limited to central Irag.
« Simulated playback traces rather than live commercial streams.

« External datasets represent controlled rather than real end-user variability.
1.8 Dissertation Contributions

In this dissertation, we provide a number of technical and computational
contributions such that measurement-based analytics is combined with smart
learning models. Every contribution is a key milestone—from online data
collecting and ML model constructing, to the RL-control mechanism and
performance evaluation. Their combined derivation forms the full pipeline of the

proposed HyBoB-RL framework for adaptive multimedia streaming.

17
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1. Data Acquisition: Developed Python-based PC and Android monitoring
scripts using ping, traceroute, and speedtest-cli, integrated with a Supabase
REST API for real-time Iraq dataset collection and cloud synchronization.

2. ML-MBE Module: Implemented ensemble regression models (Random
Forest, Gradient Boosting, XGBoost) with quantile prediction using scikit-
learn and xgboost, forming the core of the measurement-based estimator.

3. Temporal Model: Programmed a GRU-based quantile predictor in
TensorFlow and PyTorch to learn short-term sequence dynamics from
temporal bandwidth traces.

4. Hybrid Fusion: Coded a Blend-of-Blends (BoB) gate with actor—critic
reinforcement learning control, updating blending parameters (a, 0, L, H)
through adaptive feedback.

5. QoE Feedback: Designed a Python reward syndissertation module
combining bitrate, rebuffering, and smoothness metrics into a unified QoE
function.

6. Evaluation: Created cross-ISP benchmarking scripts to compare Hybrid
BoB-RL performance (AQoE, AMAE, AR?) against the BoB baseline.

7. Efficiency: Optimized code for <10 ms inference latency and <5 MB model
size for on-device execution.

8. Open Research Artifact: Published all source code, datasets, and automation

notebooks for reproducibility and future research extension.

18
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1.9 Dissertation Organization

The organization of this dissertation is intended to provide the research
progression in a meaningful sequence from motivation to experimental
verification. The theoretical basis, system design and the empirical results to the
new framework are presented with each chapter in continuation of one another.
The contents of chapters designated to the specific purpose of the dissertation are

summarized below.

. Chapter 1: Motivation, objectives, and related works.

« Chapter 2: Detailed literature review on measurement-based estimation, ML
ensembles, and RL adaptation.

« Chapter 3: System Design and Methodology — the HyBoB-RL framework
architecture .

« Chapter 4: Experimental Evaluation — datasets, metrics, and QoE analysis .

« Chapter 5: Conclusions and Future Works.
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