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Abstract

Video streaming accounts for a significant portion of global internet
traffic, necessitating video delivery systems that efficiently utilize
network resources while maximizing end-user Quality of Experi-
ence (QoE). Traditional techniques for video compression as well
as adaptive bitrate (ABR) streaming rely on hand-crafted heuristics,
but have recently been superseded by learned alternatives. How-
ever, these components are typically studied in isolation. This Ph.D.
research investigates how learned video compression and stream-
ing algorithms can be jointly optimized to improve over-the-top
end-to-end QoE. The project focuses on neural video representa-
tions (NVRs) as a lightweight alternative to conventional codecs,
analyzing their limitations in streaming scenarios and developing
methods to reduce encoding complexity. In parallel, the research
aims to build a systematic understanding of learning-based ABR
streaming approaches and their design trade-offs. The overarch-
ing goal is to build a unified learning-based video compression
and streaming pipeline optimized for QoE. Initial work includes a
survey of NVR-based video compression methods and an ongoing
study on accelerating NVR encoding using hypernetworks.
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1 Introduction

According to WifiTalents’ 2025 Video Streaming Industry Statistics,
over 80% of internet traffic worldwide is attributed to video stream-
ing, while viewers spend 25% more time on platforms with adaptive
streaming technology [20]. This highlights the importance of video
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delivery systems that can handle large amounts of high-quality
video and actively strive to optimize the end-user’s Quality of Ex-
perience (QoE). According to the same report, 4K video requires
a median bandwidth of approximately 25Mbps. Advanced video
compression standards can reduce the number of bits required for
storing and retrieving video data, enabling higher-quality video
to be transmitted over a limited network bandwidth. In platforms
with adaptive bitrate (ABR) streaming, a video is typically split into
temporal segments of a few seconds, and each segment is subse-
quently encoded at different bitrates. A rate adaptation algorithm
then selects the most suitable bitrate for each segment under vary-
ing network conditions, thereby avoiding rebuffering and directly
optimizing QoE.

Traditional video compression standards, with H.266/VVC [2]
as the current state-of-the-art, rely on hand-crafted features and
heuristics to exploit spatial and temporal correlations between
nearby pixels. Similarly, ABR algorithms typically use heuristics
based on measured throughput and/or buffer size [18, 21]. Despite
the proven effectiveness of these methods, the reliance on heuristics
and manually tuned parameters limits flexibility and adaptability
to unseen circumstances. Recent advances have already shown that
learned models can improve these two aspects of the video delivery
pipeline. Neural video compression schemes replace hand-crafted
codecs by deep neural networks [8, 15], while reinforcement learn-
ing (RL)-based ABR algorithms have demonstrated superior perfor-
mance over heuristic approaches [1, 16, 19]. Yet both paradigms still
face significant challenges, and little work has explored their inte-
gration. The overarching goal of this Ph.D. research is to investigate
the extent to which learned video compression and learning-based
streaming algorithms can jointly optimize QoE in realistic over-the-
top (OTT) video consumption scenarios.

The remainder of this proposal is structured as follows. Sec-
tions 1.1 and 1.2 first outline the research challenges related to
ongoing works in learned video compression and streaming, re-
spectively. Section 1.3 identifies measuring and optimizing QoE as
an underlying challenge related to both research areas. Based on
these challenges, Section 2 summarizes the concrete objectives of
this project. Section 3 provides a high-level plan of the steps that
will be taken to achieve the objectives from Section 2.

1.1 Neural Video Compression

Neural video codecs replace traditional codecs with a compres-
sion model that is trained end-to-end [15]. These models are usu-
ally based on an autoencoder backbone and mimic the traditional
video compression pipeline by explicitly modelling temporal re-
dundancies. This can be trained end-to-end by jointly optimizing
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for low distortion and low bitrate. While recent works on these
autoencoder-based methods have exceeded the compression per-
formance of traditional codecs [8], this approach also has some
downsides. Since the characteristics of videos can vary significantly
across domains (e.g., live-action vs. animation, low vs. high motion,
etc.), it is infeasible to train a single model that can capture the dis-
tribution of all possible videos. This is especially challenging if the
decoder is deployed on a client device with limited computational
power, such as a mobile phone.

In an alternative line of work, neural video representations
(NVRs) represent a video as an implicit neural representation, a
neural network that is overfitted to a single data sample, or in
this case, a single video. The video is then implicitly encoded in
the parameters of the neural network. NeRV [4] first applied this
paradigm to videos, where video frames are decoded through a
simple forward pass with only a frame index as input. Subsequent
works have introduced more parameter-efficient model architec-
tures [10, 14, 23] and more powerful input embeddings [3, 12]. This
method can also be optimized for rate and distortion jointly by
imposing a rate penalty on the network parameters [7, 23]. Recent
works on video compression with NVRs have surpassed the com-
pression performance of traditional video codecs [11]. In contrast
to autoencoder-based neural video codecs, NVRs do not rely on
large-scale datasets for training and are more lightweight for de-
ployment on streaming clients with limited computational power.
On the other hand, NVRs suffer from longer encoding times due
to the need to train a new model for each individual video, which
limits their practical applicability.

1.2 Learned Adaptive Bitrate Streaming

As mentioned in the introduction, existing works for learned bitrate
adaptation are based on RL, where an agent is trained to maximize
some reward function. For the specific case of ABR streaming, the
reward function should reflect the end user’s QoE. Pensieve [16]
formulates this as a trade-off between high bitrate, low rebuffering
time, and a low number of oscillations between bitrates. Other
works use perceptual video quality metrics such as VMAF, based
on the observation that perceptual improvements tend to saturate
at higher bitrates [1, 13, 19]. For mobile clients, energy usage may
also play a role [19].

A second important decision is how the current state is presented
to the RL agent. The state usually includes playback buffer occu-
pancy and network-related metrics, as well as some information
about the next downloadable segments [16]. Dan et al. [6] extend
this with visual sensitivity information extracted from each chunk,
allowing the agent to prioritize perceptually important content
when making rate adaptation decisions.

Finally, there is the choice of which specific RL techniques to
use. The shape of the action space plays an important role in this
decision. If each bitrate is represented as a discrete action, the agent
has to be retrained for each new bitrate ladder [19]. When the bitrate
is regarded as continuous, each action still has to be mapped to a
specific bitrate in the current bitrate ladder. Additionally, because
network conditions can vary significantly, the agent must be able to
adapt quickly to various unseen circumstances. Bentaleb et al. [1]
propose a meta-learning approach to achieve this, while Zhang
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et al. [22] utilize online learning combined with a safe fallback to
heuristic methods in extreme scenarios.

1.3 Measuring and Optimizing Quality of
Experience

A common challenge for both compression and streaming consists
of designing suitable metrics that accurately reflect end users’ Qual-
ity of Experience (QoE). Existing learned video compression meth-
ods are typically trained and evaluated using distortion objectives
such as mean squared error (MSE), or signal fidelity metrics such as
Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity (SSIM)
[4, 8]. While these measures quantify pixel-level reconstruction
accuracy, they do not necessarily correlate with human perception.

As mentioned in Section 1.2, several works related to learning-
based ABR streaming already use VMAF rather than bitrate to
optimize perceptual video quality during training. VMAF is a per-
ceptual metric that correlates better with human judgment than
PSNR or SSIM [13]. However, its behavior in the context of neu-
ral video representations (NVRs) warrants further investigation,
as NVR-based compression may produce artifacts that differ from
those of traditional codecs. It is therefore not immediately self-
evident that VMAF remains equally reliable as an optimization
target. Beyond VMAF, ITU-T Rec. P.1203 [17] provides a standard-
ized framework for estimating end-to-end QoE in HTTP adaptive
streaming by combining video quality, rebuffering events, and play-
back interruptions into a single model. However, P.1203 is primarily
designed as an evaluation metric and is not directly differentiable,
which complicates its use as a training objective.

2 Objectives

Based on Sections 1.1 to 1.3, the research objectives of this Ph.D.
project can be summarized as follows:

RO1: NVR-based video compression. Investigate and iden-
tify the strengths and weaknesses of NVRs for video compres-
sion. Based on the identified weaknesses, develop techniques
to improve the QoE provided by NVRs in the context of OTT
video streaming. Relevant metrics that are directly related to
QoE include bitrate, perceptual reconstruction quality, and
the speed and computational complexity of encoding and
decoding.

RO2: Learning-based adaptive bitrate streaming. Analyze
state-of-the-art learning-based ABR streaming algorithms,
with a focus on RL approaches. This objective aims to identify
how design choices such as state representations, action
spaces, reward functions, perceptual quality metrics, and
adaptation mechanisms affect robustness, efficiency, and
QoE under dynamic network conditions.

RO3: A unified learning-based video compression and
streaming pipeline. Develop a unified video delivery sys-
tem that integrates learned video compression and learning-
based ABR streaming. Building on the insights from RO2
and the NVR techniques from RO1, the goal is to jointly op-
timize compression and streaming decisions for end-to-end
QOE in realistic network and device settings.
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3 Methods and Contributions

The project can be divided into three chronological phases that
correspond with the research objectives outlined in Section 2.

The first phase focuses on RO1: NVR-based video compres-
sion. A major step towards this objective is presented in [9], which
is under review as part of this research project. This work pro-
vides a systematic overview of existing NVR-based approaches to
video compression and identifies several challenges that limit their
applicability in practical video streaming scenarios. As already men-
tioned in Section 1.1, one of these challenges is related to encoding
complexity. Chen et al. [5] approach this challenge by using a hy-
pernetwork to predict NVR weights. Ongoing work in this Ph.D.
project explores this idea further by treating the hypernetwork as
an initialization method for an NVR-based encoder. The resulting
NVR can then be used as is, or further trained independently of the
hypernetwork to improve compression performance at the cost of a
longer encoding time. This represents a concrete step towards mak-
ing NVR-based video compression viable for adaptive streaming
applications.

The second phase of the project addresses RO2: learning-based
adaptive bitrate streaming. This phase will focus on a systematic
analysis of existing RL-based ABR approaches. Rather than actively
advancing the state of the art in RL-based video streaming, the goal
of this phase is to gain an understanding of which learning-based
techniques are most suitable for integration with learned video
compression methods. The outcome of this phase is expected to be
a set of design guidelines and evaluation criteria that inform the
unified system developed in the final phase.

The final phase of the project targets RO3: a unified learning-
based video streaming pipeline. This phase aims to integrate
the insights gained from RO1 and RO2 into an end-to-end system,
where learned video compression and adaptive bitrate streaming
are jointly optimized for QoE. Concretely, this phase will investigate
how content-dependent properties of learned compression methods,
such as rate-distortion characteristics, decoding complexity, and
encoding latency, can be exposed to and exploited by learning-based
ABR algorithms. Rather than treating compression and streaming
as independent modules, the objective is to enable tighter coupling
between both components, allowing streaming decisions to account
for the unique behavior of learned codecs. The resulting system will
be evaluated in simulated streaming environments and compared
against state-of-the-art modular pipelines.

4 Conclusion

This proposal outlines a Ph.D. research project aimed at advancing
learning-based video streaming by jointly investigating learned
video compression and adaptive bitrate streaming. After reviewing
the limitations of traditional heuristics in both domains, the pro-
posal identifies neural video representations as a method for video
compression and reinforcement learning as a paradigm for adaptive
streaming. It also identifies measuring and optimizing Quality of
Experience (QoE) as a common challenge across both topics. The re-
search objectives focus on improving the practicality of NVR-based
video compression, developing a systematic design taxonomy of
learning-based ABR algorithms, and ultimately integrating both
components into a unified video delivery pipeline optimized for
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end-to-end QoE. This Ph.D. project is currently in its early to mid-
stage, with substantial progress on learned video compression and
an initial direction for future research on learning-based streaming
and its integration.
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