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ABSTRACT

This work presents a framework with a taxonomy on
meta-learning used in Dynamic Adaptive Streaming over
HTTP (DASH). With the increasing complexity of network
conditions and user preferences, there is a need for efficient
adaptation mechanisms in DASH to provide optimal quality of
experience (QoE) for users. Meta-learning, or learning to
learn, has emerged as a promising approach to enhance
adaptive streaming algorithms in DASH by leveraging prior
knowledge and experiences. The proposed framework
provides a systematic and structured approach for applying
meta-learning techniques in the context of DASH. It
encompasses essential components, including data collection
and preprocessing, meta-model architecture, meta-training,
meta-testing, fine-tuning, and continuous improvement. The
taxonomy within the framework categorizes various aspects of
meta-learning in DASH, such as meta-learning approaches,
components, objectives, and applications.
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1. INTRODUCTION

Dynamic Adaptive Streaming over HTTP (DASH) has
become a prevalent technique for streaming videos over the
internet, allowing adaptive bitrate selection and optimal
playback quality based on network conditions and user
preferences [18, 17, 21]. However, as the complexity of
streaming environments and user demands increase, there is a
need to enhance the adaptive streaming algorithms in DASH to
provide an improved quality of experience (QoE).

Rate adaptation in DASH refers to the process of
dynamically adjusting the video quality and bitrate during
playback to adapt to changing network conditions and provide
the best possible streaming experience to the user [19, 22].
Here's an overview of how rate adaptation works in DASH.
The first step is content preparation where the video content is
encoded into multiple representations (also known as bitrate

variants) at different quality levels. Each representation
corresponds to a different bitrate and resolution combination,
typically encoded as different video files or segments.

Step two is manifest generation. Here, a manifest file,
usually in XML or JSON format, is created for the video
content. The manifest contains metadata about all available
representations, their corresponding URLs or file locations,
and other information necessary for the client to request and
play the content. Initial segment selection occurs in step three.
When the video playback starts, the client (typically a
DASH-compliant media player) downloads the manifest file.
It analyzes the available representations and selects an initial
segment from one of the representations based on the network
conditions and device capabilities.

The fourth step is segment download. The client requests
the selected segment from the corresponding URL or file
location. The segment represents a small portion of the video
content, typically a few seconds of playback. The client
downloads the segment and starts playing it. Step five is
playback and quality evaluation: As the client plays the
downloaded segment, it monitors various network parameters
such as available bandwidth, latency, and packet loss. It also
tracks playback buffer occupancy and estimates the time it will
take to download the next segment.

In step six a rate adaptation decision is made. Based on the
real-time network measurements and buffer status, the client
evaluates the current video quality and decides whether to
switch to a higher or lower representation for the next segment.
If the network conditions are favorable and there is sufficient
buffer, the client may choose a higher bitrate representation to
improve the quality. Conversely, if the network conditions
deteriorate or the buffer is running low, the client may switch
to a lower bitrate representation to ensure uninterrupted
playback.

Representation switching takes place in step seven. If a
decision to switch representations is made, the client updates
the request for the next segment to the new representation's
URL or file location. It downloads the new segment and
seamlessly switches to playing the content from the new
representation.
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Steps four to seven is repeated, that is, the process of
segment download, playback, quality evaluation, and rate
adaptation continues throughout the streaming session. The
client continuously monitors and adjusts the video quality
based on the observed network conditions, ensuring a smooth
and adaptive streaming experience. By dynamically adapting
the video quality based on network conditions, DASH
provides a robust and efficient streaming solution that can
deliver content seamlessly over varying network bandwidths
and enable smooth playback on a wide range of devices.
Meta-learning, also known as "learning to learn," is a subfield
of machine learning that focuses on developing algorithms or
models that can learn how to learn from experience. The goal
of meta-learning is to enable a system to acquire new
knowledge or skills more efficiently and effectively by
leveraging past learning experiences. In traditional machine
learning, models are trained on specific tasks using a fixed
dataset, and the learned knowledge is typically specific to that
task. However, meta-learning takes a higher-level perspective
by training models to acquire general learning abilities that can
be applied to a wide range of related tasks.

Meta-learning algorithms [36] often involve two levels of
learning. The first level is Meta-level Learning. In this stage,
the model learns how to adapt and generalize across tasks. It
involves training the model on a set of different tasks, where
each task consists of a dataset and an associated learning
objective. The model learns to extract task-specific features,
identify patterns, and develop strategies to solve similar tasks
efficiently. The second level is Task-level Learning. Once the
model has learned general learning abilities at the meta-level,
it can be applied to new tasks. During task-level learning, the
model adapts its parameters and makes predictions based on
the specific dataset and learning objective of the current task.
The model uses its meta-learned knowledge and past
experiences to quickly adapt to the new task and achieve good
performance with limited data.

Meta-learning can be applied in various domains and has
several practical use cases. One is Few-shot Learning [37].
Meta-learning algorithms excel in scenarios where there is
limited training data available for a new task. By leveraging
past learning experiences, a meta-learned model can quickly
adapt to new tasks with only a few training examples, enabling
efficient learning from small datasets. Another use case is
Hyperparameter Optimization [7]. Meta-learning can be used
to automatically search for optimal hyperparameters or model
architectures. By training a meta-learned model on different
tasks that represent hyperparameter optimization problems,
the model can learn to identify effective hyperparameter
settings or search strategies, reducing the need for manual
tuning.

Reinforcement Learning is another use case [20].
Meta-learning techniques can be employed to improve the
sample efficiency of reinforcement learning algorithms. A
meta-learned model can learn to quickly adapt its policy to
new environments or tasks, enabling faster convergence and

reducing the number of interactions required to achieve good
performance. Transfer Learning [40] is a fourth use case.
Meta-learning can facilitate knowledge transfer across related
tasks. By meta-learning on a set of tasks, a model can learn
reusable knowledge that can be transferred to new tasks,
accelerating the learning process and improving performance
on those tasks. Meta-learning aims to enhance the learning
capabilities of machine learning systems by enabling them to
acquire new knowledge, adapt to new tasks, and generalize
across different domains more efficiently.

Meta-learning has emerged as a promising approach to
address these challenges in DASH. By leveraging prior
knowledge and experiences, meta-learning enables the
adaptation of streaming algorithms to new scenarios and tasks
with limited data. To effectively apply meta-learning in the
context of DASH, a framework with a taxonomy becomes
invaluable.

The framework provides a systematic and organized structure
for applying meta-learning techniques to enhance dynamic
adaptive streaming in DASH. It encompasses various
components, processes, and considerations involved in
utilizing meta-learning algorithms in the context of streaming
video delivery.

The taxonomy within the framework serves as a classification
system, categorizing different aspects and dimensions of
meta-learning in DASH. It helps to categorize and organize
various meta-learning approaches, components, objectives,
and applications specific to DASH. The taxonomy provides a
shared language and structure for researchers, practitioners,
and developers working in the field, facilitating a better
understanding and exploration of the meta-learning techniques
applicable to DASH.

The framework includes several essential elements, such as
data collection and preprocessing, meta-model architecture,
meta-training, meta-testing, fine-tuning, and continuous
improvement. These elements guide the process of applying
meta-learning in DASH and ensure a systematic and structured
approach.

By following the framework, researchers and practitioners can
collect and preprocess relevant data, design and train
meta-learners suitable for DASH, evaluate their performance
through meta-testing, fine-tune them based on specific
deployment scenarios, and continuously improve them to
adapt to changing network conditions and user preferences.
Finally, the framework with a taxonomy on meta-learning in
DASH provides a comprehensive and structured approach to
apply meta-learning techniques for dynamic adaptive
streaming. It helps researchers and practitioners in effectively
utilizing meta-learning algorithms to enhance the quality of
streaming experience in DASH, leading to improved video
quality, reduced buffering, and better adaptation to varying
network conditions.

This paper consists of six sections. The literature review is
given in section two. In section three the taxonomy of meta
learning in DASH is detailed. The framework is given in
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section four while a discussion is given in section five. Finally
in section six the conclusion is given.

2. LITERATURE REVIEW

We first look at Meta-Learning in literature. Authors in [35]
provide a survey which gives a comprehensive overview of
meta-learning techniques, algorithms, and applications,
covering topics such as few-shot learning, transfer learning,
and hyperparameter optimization. The seminal work in [8]
introduces the concept of model-agnostic meta-learning
(MAML), a framework that allows fast adaptation to new tasks
by learning a good initialization of model parameters. Authors
in [2] propose an approach that uses a recurrent neural network
to meta-learn the initial conditions for gradient descent,
enabling faster learning on new tasks. A survey in [30] focuses
on the use of meta-learning in autonomic computing systems,
discussing the application of meta-learning for selecting and
adapting algorithms dynamically.

We now look at DASH in the literature. Authors in [34]
presents an overview of the DASH standard, its design
principles, and technical considerations for adaptive streaming
over HTTP. A survey in [23] explores the evolution of DASH
in the context of content delivery networks (CDNS), discussing
key features, challenges, and advancements in DASH
deployment. The work in [5] proposes Q-DASH, a QoE-aware
DASH scheme that takes into account the user's perceived
quality and network conditions to make adaptive streaming
decisions. The survey in [32] provides an overview of the
research on Quality of Experience (QOE) assessment in
DASH, discussing QoE models, subjective and objective
evaluation methodologies, and open research challenges.
Further, we look at Meta-Learning with DASH in literature.
Authors in [16] conducted a subjective experiment to examine
variations in users' preferences for Quality of Experience
(QoE), specifically focusing on visual quality, fluctuation, and
rebuffering events. Drawing from their findings, they devised
a multi-task deep reinforcement learning (DRL) solution to
optimize QoE based on individual user preferences. Their
formulation entails incorporating user-specific QoE
preferences by assigning weights to the three QoE metrics
within the overall QoE calculation. In [15] authors introduce
the Meta-Learning framework for Multi-User Preferences
(MLMP) as an innovative approach to DASH adaptation. By
leveraging MLMP, we aim to optimize the satisfaction of
diverse users' QoE preferences pertaining to the three
aforementioned metrics. The simulation results demonstrate
that our proposed method outperforms existing state-of-the-art
DASH adaptation techniques in effectively meeting the
distinct QoE preferences of users across the three metrics.

In [12], authors tackle the task of predicting user-level network
traffic within a short timeframe, driven by its relevance in
cellular scheduling applications. Inspired by recent
advancements in robust adversarial learning, they approached
the prediction problem for non-stationary traffic from an
adversarial perspective. Their proposed solution involves a

meta-learning framework comprising a collection of
predictors, each specialized in forecasting specific traffic
patterns, alongside a master policy trained using deep
reinforcement learning. This master policy dynamically
selects the most suitable predictor based on recent prediction
performance. They assess the effectiveness of our
meta-learning approach using various traffic traces,
encompassing both video and non-video data.

In [26] authors introduce a novel framework for
meta-learning-driven Adaptive Bitrate (ABR) design and
explore the challenges associated with deploying
learning-based ABR mechanisms in real-world video
streaming systems. Their proposed framework serves as the
foundation for MetaABR, an innovative adaptive bitrate
selection algorithm that leverages meta-reinforcement
learning to maximize users' Quality of Experience (QoE). By
training multiple learning tasks together using a shared
meta-critic, MetaABR acquires transferrable meta-knowledge
that enables effective bitrate selection across tasks. Moreover,
it exhibits the ability to quickly adapt and learn new tasks in
previously unseen environments with minimal trial runs. They
implement MetaABR on an emulation platform that interfaces
with the Linux network protocol stack through virtual network
interfaces. Through extensive experiments conducted with
real-world traces and wireless testbeds, we demonstrate that
MetaABR consistently outperforms state-of-the-art ABR
algorithms, providing the best comprehensive QOE across a
range of network environments.

In [27] authors introduce a pioneering framework for
personalized 360-degree video streaming based on
meta-learning. Their approach efficiently captures the
commonalities shared by viewers with diverse viewing
patterns and Quality of Experience (QoE) preferences through
effective meta-network designs. Specifically, they devise a
meta-based Long Short-Term Memory (LSTM) model for
viewport prediction and a meta-based reinforcement learning
model for bitrate selection. Through extensive experiments
conducted on real-world datasets, they demonstrate that their
framework surpasses state-of-the-art data-driven approaches
with an average improvement of 11% in prediction accuracy
and a 27% average enhancement in QoE. Additionally, their
framework exhibits swift adaptation to users with new
preferences, requiring 67%-88% fewer training epochs on
average.

Authors propose in [11] a meta-learning framework and
introduce CosAttn, a method for streamer action recognition in
live videos. Their method includes the following components:
(1) Pretraining the backbone network with training samples
similar to the streamer actions to be recognized, thereby
enhancing its performance; (2) Extracting video-level features
using the R(2+1)D-18 backbone and global average pooling
within the meta-learning paradigm; (3) Utilizing CosAttn to
generate streamer action category prototypes and recognize
the streamer actions by calculating cosine similarity between
the video-level features and the prototypes. They validate the
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effectiveness of our method through extensive experiments
conducted on various real-world action recognition datasets.
In their work [3], authors introduce the MELANIE model,
which treats events as Markov Decision Processes and applies
meta-learning to reinforcement learning tasks. By considering
each event as a distinct task, they develop an actor-critic
learning approach to determine the optimal policy for
estimating viewers' high-bandwidth connections. To facilitate
rapid adaptation to changes in connections or viewer dynamics
during an event, they incorporate a prioritized replay memory
buffer based on the Kullback-Leibler divergence of viewers'
connection rewards and throughputs. Additionally, they
employ a model-agnostic meta-learning framework to
generate a global model based on past events. Since viewers
typically participate in limited events, they address the
challenge of low structural similarity among different events.
To tackle this issue, they propose a graph signature buffer that
calculates structural similarities among multiple streaming
events and adjusts the training of the global model
accordingly. They evaluate their model on the task of link
weight prediction using three real-world datasets of live video
streaming events. Their experiments validate the effectiveness
of our proposed model, achieving an average relative gain of
25% compared to state-of-the-art strategies.

In their research [25], authors introduce GMMP (GCN
Meta-learning with Multi-granularity POS), a novel approach
that utilizes multi-granularity Part-of-Speech (POS) guidance
to train a Graph Convolutional Network (GCN) via
meta-learning. Our objective is to generate high-quality
captions for videos. GMMP leverages a graph-based
representation where frames are treated as nodes, enabling
modeling of temporal dependencies. Additionally, it
incorporates a multi-granularity POS attention mechanism to
capture POS information at the word and phrase levels. To
enhance the learning of GCN, we employ meta-learning,
which involves simultaneously maximizing the reward of the
generated caption in a reinforcement task and the probability
of the ground-truth caption in a supervised task. Through
comprehensive experiments conducted on several benchmark
datasets, we demonstrate the advantages and effectiveness of
our GMMP model.

In order to effectively handle concept drifts with limited
sample availability, [28] present an approach for online tuning
of the Uncertainty Sampling threshold using meta-learning
techniques. Their method leverages statistical meta-features
extracted from  adaptive  windows to  provide
meta-recommendations for selecting an appropriate threshold.
This approach enables a fine balance between the number of
labeling queries and achieving high accuracy. Through
extensive experiments, they demonstrate that their proposed
approach achieves the optimal trade-off between accuracy and
query reduction by dynamically adjusting the uncertainty
threshold using lightweight meta-features.

In  their research [9], authors introduce the

System-status-aware Adaptive Network (SAN), which takes
into account the real-time state of the device to deliver
accurate predictions with minimal delay. By incorporating our
agent's policy, they enhance the efficiency and robustness of
the system, enabling it to handle fluctuations in the system
status effectively. On two commonly used video
understanding  tasks, SAN achieves state-of-the-art
performance while consistently maintaining low processing
delays. However, training such an agent on diverse hardware
configurations poses challenges, as labeled training data may
be unavailable or computationally demanding. To tackle this
issue, they propose the Meta Self-supervised Adaptation
(MSA) method, which allows the agent's policy to adapt to
new hardware configurations at test-time. This facilitates easy
deployment of the model on unseen hardware platforms,
overcoming the limitations of labeled training data and
ensuring scalability.

From the literature we observe that Meta-learning is applied
to DASH (Dynamic Adaptive Streaming over HTTP) for
several reasons. One reason is Adaptation Optimization:
DASH aims to dynamically adjust video streaming
parameters, such as bitrate, quality, and buffer management, to
provide an optimal streaming experience based on network
conditions and user preferences. Meta-learning can improve
the adaptation algorithm by learning from past experiences
and optimizing the decision-making process. By leveraging
meta-learning, DASH can adapt more efficiently and
effectively to changing network conditions, leading to
enhanced Quality of Experience (QOE).

Another reason is Personalization. Different viewers have
diverse QoE preferences. Meta-learning can capture and
model individual user preferences to personalize the streaming
experience. By training on a range of user-specific QOE data,
meta-learning algorithms can adapt the streaming parameters
to optimize the QoE for each user, considering their unique
preferences and viewing habits. Fast Adaptation is another
reason: Network conditions can change rapidly, requiring
quick adaptation to ensure uninterrupted streaming and high
QOE. Meta-learning facilitates fast adaptation by learning
from a variety of streaming scenarios and generalizing to new
situations. By pre-training a meta-learner on diverse scenarios,
it can quickly adapt to new environments without extensive
retraining, enabling efficient and seamless streaming
experiences.

The last reason we will discuss is Robustness to
Uncertainty.  Streaming  environments  often  exhibit
uncertainty, such as fluctuations in network bandwidth or
congestion. Meta-learning can enhance the robustness of
DASH algorithms by learning from past experiences and
adapting to uncertain conditions. The meta-learner can
generalize across various scenarios and make informed
decisions, minimizing the impact of uncertainties on the
streaming quality. Finally, the application of meta-learning to
DASH improves adaptation optimization, enables
personalization, facilitates fast adaptation, and enhances
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robustness to uncertainty. These benefits lead to improved
QoE and a more satisfying video streaming experience for
users.

3. TAXONOMY

A taxonomy is a classification system that categorizes and
organizes the different aspects or types of Meta-Learning
techniques used in DASH. It provides a hierarchical structure
that groups similar methods together and highlights their
unique characteristics. Taxonomies can be valuable when you
want to provide an overview of the different types or
categories of Meta-Learning techniques in DASH, allowing
readers to understand the breadth of approaches available. It
helps in presenting a more comprehensive landscape and can
be used as a reference for researchers or practitioners. The
hierarchy of the taxonomy is shown next.

Meta-Learning Approaches:

|__ Model-Agnostic Meta-Learning (MAML)
|__ Reptile

|__ Memory-Augmented Neural Networks
|__ Learning to Learn

Meta-Learning Components:

|__ Task Representation

|__ Meta-Model Architecture
|__ Optimization Algorithm
|__ Adaptation Strategy
Meta-Learning Objectives:
|__ Fast Adaptation

|__ Few-shot Learning

|__ Generalization

Meta-Learning Applications in DASH:
|__ Quality Adaptation

|__ Network Estimation

|__ Buffer Management

Each level is represented by a wvertical bar (|), and
subcategories or subtopics are indented with two underscores
(_). This representation gives an overview of the taxonomy
structure and the relationships between different categories in
a hierarchical manner.

The taxonomy on Meta-Learning in Dynamic Adaptive
Streaming over HTTP (DASH) is as follows:

Meta-Learning Approaches:

a. Model-Agnostic Meta-Learning (MAML) [6]: This
approach focuses on learning a meta-learner that can quickly
adapt to new tasks or streaming scenarios by leveraging
pre-trained models and updating them based on a few samples
from the new task.

b. Reptile [39]: Reptile is another model-agnostic

meta-learning algorithm that aims to learn a good initialization
of the model parameters. It gradually adapts the model to new
tasks through repeated optimization steps on a few samples
from each task.

c. Memory-Augmented Neural Networks [31]: These
approaches incorporate external memory modules, such as a
differentiable key-value store, to store and retrieve knowledge
across different tasks or streaming scenarios.

d. Learning to Learn [31]: Learning to Learn methods
employ meta-learning algorithms that aim to learn an
optimizer that can quickly adapt the model to new tasks or
environments.

Meta-Learning Components:

a. Task Representation: Methods differ in how they
represent tasks or streaming scenarios. It can be in the form of
features, parameters, or distributional representations.

b. Meta-Model Architecture: This refers to the architecture
of the meta-learner. It can be a recurrent neural network
(RNN) [33], convolutional neural network (CNN) [1], or any
other suitable architecture.

c. Optimization Algorithm: The choice of optimization
algorithm plays a crucial role in meta-learning. Different
approaches use algorithms like gradient descent, stochastic
gradient descent (SGD), or variants of SGD.

d. Adaptation Strategy [10]: This refers to how the
meta-learner adapts its parameters to new tasks or streaming
scenarios. It can involve gradient-based methods,
memory-based methods, or other specialized techniques.

Meta-Learning Objectives:

a. Fast Adaptation [4]: Meta-learning aims to enable fast
adaptation to new streaming scenarios or tasks by leveraging
knowledge acquired from previous experiences.

b. Few-shot Learning [38]: Meta-learning enables effective
learning with limited samples or data points. It focuses on
generalizing from a small number of training examples to
perform well on new tasks or streaming scenarios.

c. Generalization [29]: The meta-learner should be able to
generalize across different streaming scenarios or tasks,
capturing underlying patterns and knowledge that can be
applied to unseen scenarios.

Meta-Learning Applications in DASH:

a. Quality Adaptation [13]: Meta-learning can be applied to
improve the quality adaptation algorithms in DASH, enabling
more efficient bitrate selection and smooth video playback
across different network conditions.

b. Network Estimation [14]: Meta-learning can be used to
estimate network conditions (e.g., available bandwidth, packet
loss rate) based on previous experiences, allowing more
accurate decision-making in adaptive streaming.

c. Buffer Management [24]: Meta-learning can assist in
optimizing buffer management strategies, ensuring a balance
between buffering latency and quality of experience (QOE)
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during video streaming.

The taxonomy provided is a generalized framework for
meta-learning in the context of Dynamic Adaptive Streaming
over HTTP (DASH). Note that the specific techniques and
approaches may evolve over time as research progresses.

4. FRAMEWORK

A framework provides a structured approach or methodology
for understanding and implementing Meta-Learning in the
context of DASH. It outlines the key components, processes,
and interactions involved in leveraging Meta-Learning
techniques. By using a framework, you can present a
comprehensive and systematic view of how Meta-Learning is
applied in DASH. This approach is particularly useful when
you want to emphasize the practical implementation aspects
and highlight the relationships between different elements of
Meta-Learning. In our framework and we use the taxonomy
derived in the previous section to categorize the techniques
within that framework. The framework for Meta-Learning in
Dynamic Adaptive Streaming over HTTP (DASH) is as
follows:

Problem Definition:

Define the objective of meta-learning in the context of
DASH, such as improving quality adaptation, network
estimation, or buffer management. ldentify the specific
challenges or limitations in the current adaptive streaming
algorithms that can be addressed through meta-learning.

Data Collection and Preprocessing:

Collect a diverse dataset of streaming scenarios, including
variations in network conditions, video content, and user
preferences. Preprocess the dataset to extract relevant features,
such as video characteristics (bitrate, resolution), network
metrics (bandwidth, latency), and QoE indicators (buffering
time, video quality).

Meta-Model Architecture:

Design the architecture of the meta-learner, considering the
specific requirements and characteristics of the DASH
domain. Determine the suitable model type (e.g., neural
network, memory-augmented network) that can capture the
underlying patterns and enable efficient adaptation.

Meta-Training:

Split the dataset into meta-training and meta-validation sets.
Define a meta-training algorithm that iteratively adapts the
meta-learner to different streaming scenarios or tasks. Use an
optimization algorithm, such as gradient descent, to update the
meta-learner's parameters based on the performance on the
meta-validation set. Explore various meta-learning
approaches like MAML, Reptile, or memory-augmented
networks, and evaluate their effectiveness in improving DASH

performance.

Meta-Testing:

Evaluate the trained meta-learner on a separate meta-testing
set that represents unseen streaming scenarios or tasks.
Measure the performance of the meta-learner in terms of QoE
metrics, such as video quality, start-up delay, buffering time,
and smoothness of playback. Compare the performance of the
meta-learner against traditional adaptive streaming algorithms
to assess its effectiveness.

Fine-Tuning and Deployment:

Fine-tune the meta-learner on specific deployment
scenarios or user preferences, if required. Integrate the
meta-learner into the DASH system architecture, ensuring
compatibility with existing components and protocols.
Conduct extensive testing and evaluation in real-world
scenarios to validate the effectiveness of the meta-learning
approach.

Continuous Improvement:

Monitor the performance of the meta-learner in production

environments and collect feedback from users. Update the
meta-learner periodically using additional data or retraining to
adapt to evolving network conditions and user preferences.
Stay updated with the latest research in meta-learning and
adaptive streaming to incorporate new techniques and
advancements.
The framework provided outlines a general procedure for
applying meta-learning in the context of DASH. Note that the
specific implementation details may vary depending on the
chosen meta-learning algorithms, network architectures, and
dataset characteristics. In other words, some of the items in the
taxonomy will contribute towards the framework
implementation.

5. DISCUSSION

Integrating a taxonomy within a framework for meta-learning
in DASH can provide a comprehensive and structured
approach to understanding and analyzing the different aspects
of meta-learning techniques and their applications in the
context of Dynamic Adaptive Streaming over HTTP (DASH).
Let's discuss the benefits and implications of incorporating a
taxonomy within a meta-learning framework in DASH. The
first is structured organization. A taxonomy provides a
structured organization of concepts, techniques, and
applications related to meta-learning in DASH. It helps
researchers, practitioners, and industry professionals to
navigate the field and gain a clear understanding of the
different components and their relationships. By organizing
the knowledge in a systematic manner, the taxonomy enables
easier comprehension and exploration of the meta-learning
landscape in DASH.

A second benefit is conceptual clarity. The taxonomy
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establishes a common set of terms, definitions, and categories
within the meta-learning framework. It clarifies the
terminology used in the field and ensures consistent
understanding and communication across different research
studies. This leads to greater conceptual clarity and minimizes
ambiguity when discussing and comparing meta-learning
approaches and applications in DASH. A third benefit is
identification of research gaps: By providing a taxonomy,
researchers can identify the specific sub-areas within
meta-learning in DASH that have received significant
attention and those that require further exploration. It allows
for a systematic analysis of the existing literature, identifying
gaps where novel contributions can be made. Researchers can
focus their efforts on addressing these gaps and advancing the
state-of-the-art in meta-learning for DASH.

A fourth benefit is benchmarking and evaluation. A taxonomy
within a meta-learning framework can guide the development
of evaluation methodologies, benchmarks, and performance
metrics specific to meta-learning in DASH. It helps establish
standards for evaluating the effectiveness, efficiency, and
real-world impact of meta-learning techniques. Researchers
can design experiments and benchmarks that align with the
defined taxonomy, enabling fair comparisons and meaningful
evaluations of different approaches. A fifth benefit is
framework adaptability: The taxonomy can be designed to
accommodate the evolving nature of meta-learning in DASH.
As new techniques and applications emerge, the taxonomy can
be expanded or modified to include these advancements. This
adaptability ensures that the framework remains relevant and
up-to-date in capturing the latest developments in the field.
Collaboration and knowledge sharing is a sixth benefit. A
taxonomy provides a common reference point for researchers,
practitioners, and industry professionals working in
meta-learning and DASH. It encourages collaboration and
knowledge sharing by facilitating discussions, comparisons,
and sharing of insights within a common framework. This
fosters a community-driven approach to advancing
meta-learning in the context of DASH.

Thus, incorporating a taxonomy within a framework for
meta-learning in DASH offers several benefits. It brings
structure, clarity, and organization to the field, enables the
identification of research gaps, facilitates benchmarking and
evaluation, allows for adaptability to emerging trends, and
promotes collaboration and knowledge sharing. By adopting a
taxonomy-driven approach, researchers can effectively
explore and advance the integration of meta-learning
techniques in the domain of adaptive video streaming.

6. CONCLUSION

In conclusion, the framework with a taxonomy on
meta-learning used in Dynamic Adaptive Streaming over
HTTP (DASH) provides a structured and systematic approach
to enhance adaptive streaming algorithms through
meta-learning techniques. By leveraging prior knowledge and

experiences, meta-learning enables DASH systems to adapt
quickly and effectively to changing network conditions and
user preferences, ultimately improving the quality of
experience for users.

The framework encompasses essential components, including
data collection and preprocessing, meta-model architecture,
meta-training, meta-testing, fine-tuning, and continuous
improvement. Each component plays a vital role in the
successful application of meta-learning in DASH, ensuring
efficient adaptation and optimal streaming quality.

The taxonomy within the framework categorizes different
aspects of meta-learning in DASH, such as meta-learning
approaches, components, objectives, and applications. This
taxonomy provides a shared language and structure for
researchers, practitioners, and developers to discuss and
explore the application of meta-learning techniques in the
context of DASH. It helps in organizing and understanding the
various dimensions and components of meta-learning,
facilitating further research and development in this field.

By following the proposed framework, researchers and
practitioners can collect and preprocess relevant data, design
and train meta-learners suitable for DASH, evaluate their
performance, and continuously improve them based on
specific deployment scenarios. The framework provides a
systematic guide to applying meta-learning techniques,
enabling the enhancement of adaptive streaming algorithms
and improving the overall quality of experience for DASH
users.

As the field of DASH and meta-learning continues to evolve,
the framework and taxonomy offer a foundation for further
exploration,  experimentation, and innovation. By
incorporating the latest advancements in meta-learning and
adaptive streaming, researchers and practitioners can continue
to enhance DASH systems, ensuring seamless and high-quality
video streaming experiences for users in dynamic network
environments.
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