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Quitting Ratio-Based Bitrate Ladder Selection
Mechanism for Adaptive Bitrate

Video Streaming
Pierre Lebreton , Member, IEEE, and Kazuhisa Yamagishi

Abstract—To improve users’ experience and decrease their
likelihood of quitting watching videos, this paper addresses the
question of how to encode the videos used in adaptive bitrate
(ABR) video streaming. When addressing ABR video streaming,
a lot of effort has been put into developing ABR control schemes.
However, ways to appropriately encode videos also need to be
defined. Unlike previous approaches that focus on coding quality,
this paper considers the user quitting ratio. The user quitting ratio
is the percentage of users still watching videos at a given time and
enables us to address the consequences of quality and stimulus
duration on the decision of a user to quit. Considering the value
of the user quitting ratio, this paper describes a method that uses
content analysis, as well as a network’s historical throughput data,
to define how video should be encoded to decrease the likelihood of
users quitting watching. Unlike previous approaches, the method
is independent of the ABR control scheme used by the video player,
and the selected ladders perform equivalently across different
players with different behaviors. Results of experiments based
on real-world network traces demonstrate the usefulness of the
proposed method.

Index Terms—Adaptive bitrate video streaming, bitrate ladder,
quality of experience, engagement, user quitting ratio.

I. INTRODUCTION

THE usage of video streaming, one of the major applica-
tions on the Internet, has drastically increased as users are

now consuming more and more videos on video on demand
(VOD) services. Considering the large and continuous increase
in the amount of content that is streamed, it becomes more and
more important to encode video optimally to prevent wasting
bandwidth or storage space on servers while still ensuring in-
creased user engagement. User engagement is vitally important
for service providers because metrics such as quitting ratio and
viewing time have a direct link with their income, so these met-
rics have become key indicators for service providers. Therefore,
these metrics need to be taken into account while defining cod-
ing conditions in order to lengthen viewing time and lower the
quitting ratio.
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A. Adaptive Bitrate Video Streaming

Considering that the Internet connectivity of each user is dif-
ferent and varies over time, adaptive bitrate (ABR) video stream-
ing is needed and is a key feature of modern video streaming ser-
vices. With ABR video streaming, videos are stored on servers
at various quality levels, which are called representations, and
correspond to different bitrate value requirements. The set of
all different bitrate values for each representation is referred to
as a bitrate ladder. Each quality level uses a different encod-
ing configuration such as different resolutions, frame rate, or
quantization values, resulting in different bitrate requirements
for each quality level. Then, as throughput varies, video players
dynamically adjust the quality of the video played by selecting
a quality level among the available representations that have an
appropriate bitrate requirement considering the constraint given
by the network.

The overall experience of the users then depends on both
how the player behaves when requesting parts of the video
(called chunks) and how the videos were encoded. If both
aspects are properly handled, stalling will not occur and the
highest possible video quality will be delivered. Therefore,
to improve user experience, two ways can be considered:
improving the player behavior, or improving the encoding
of the videos. Regarding the player behavior (ABR control
schemes), different schemes were compared by Yan et al.
[1].

B. Challenges

In this work, the particular scenario of Video on De-
mand (VOD) is considered, and the problems to be addressed
are how to encode videos and how this encoding affects
the ability of ABR control schemes to deliver high quality
video without stalling. Defining how to encode videos can
be challenging as numerous parameters depend on contents
that need to be tuned, and since the network performance
varies across users, each user has different needs for how the
videos should be encoded. Therefore, research should be per-
formed on how to encode videos considering content prop-
erties, without needing to store too many representations of
the same video on servers so as to preserve storage space. Fi-
nally, this should be done with the goal of reaching high user
engagement.
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C. Contributions

Although previous work has defined methods to identify the
bitrate ladder on the basis of quality-related features, the rela-
tionship between quality and user’s desire to use the services
is not obvious. Therefore, in this work, a bitrate ladder estima-
tion method is proposed that is based on the likelihood of user
quitting [2].

Then, another contribution of this work is to take into ac-
count knowledge of network historical throughput data to de-
fine an ABR-control agnostic bitrate ladder estimation method.
Indeed, while previous network dependent bitrate ladder esti-
mation techniques have focused on a predefined ABR-control
algorithm, decorrelating bitrate ladder and ABR control mech-
anism is important to allow both technologies to be improved
independently. By doing so, the goal of the bitrate ladder estima-
tion is then to provide the ABR control mechanism with different
options that matches the network conditions, and let the ABR
control mechanism select wisely what quality shall be used to
deliver high-quality services. A large variety of ABR control
mechanisms exists and is used across various video players, a
contribution of this paper will then be studying the consistency
of the performance of the selected bitrate ladder across various
ABR control mechanisms.

Finally, the last contribution of the paper lies in its evaluation
as the performance of the selected bitrate ladder are evaluated
using quality and quitting estimation models that account for
both coding degradation stalling events in a joined manner [2],
[3].

D. Structure

The rest of this paper is organized as follows. Section II de-
scribes related work, and Section III introduces the proposed
method for bitrate ladder estimation. Section IV describes the
experimental environment to validate the results that are pre-
sented in Section V. Finally, Section VI discusses the results,
and Section VII concludes this paper.

II. STATE OF THE ART

When encoding video for ABR video streaming, one of the
first proposed approaches is to use pre-defined coding recipes.
These can be found as tables provided by video streaming plat-
forms [4], [5], [6] and give information on what bitrate values
should be used to encode videos depending on the resolution,
the frame rate, the color dynamic range (high dynamic range,
HDR, vs. standard dynamic range, SDR), or the codec used to
encode the videos. However, one challenge with this type of ap-
proach is that not all contents are equally difficult to encode and
some contents require higher bitrates than others to achieve high
quality. To address this challenge, a first approach is to cluster
content into different classes of coding complexity (for exam-
ple, easy, moderate, or difficult to encode), and then define a
coding recipe for each of these categories. However, although
this approach increases the coding efficiency more than a single
pre-defined coding recipe, it does not address the core of the
problem as each content has different coding complexity and

would still result in unnecessary usage of storage space or lower
quality. Because of these inefficiencies, this paper addresses the
problem of per-title video coding.

A. Per-Title Video Coding

Per-title video coding consists of defining a bitrate ladder on
a per-content basis. To achieve this, an approach based on multi-
ple trial encoding has been proposed [7], [8]. In this framework,
videos are encoded in different resolutions, and various bitrate
values are evaluated using the video multi-method assessment
fusion (VMAF) video quality estimation algorithm [9]. On the
basis of these different trials of encoding and respective qual-
ity estimation, rate-distortion curves for each resolution can be
drawn and enable us to identify for each bitrate value what reso-
lution should be used to provide the highest quality to the users.
The curve that provides the highest quality achievable across
all resolutions (or any other parameters) for any bitrate is the
convex hull. By using this approach, the dimensionality of the
search space for an optimal bitrate ladder is then reduced from a
multidimensional problem that includes the resolution, bitrate,
frame rate, codec, etc. to a single dimension: the bitrate. This
is possible as the dependency between all other factors can be
derived from the convex hull.

Then, a direct extension of the framework of Aaron et al. [7]
is to perform the analysis on a per-scene basis to account for the
diversity of coding complexity within videos [10].

However, three main challenges remain. The first is that this
type of framework is highly computationally intensive as it re-
lies on encoding videos multiple times at various resolutions
and bitrate values. The second is that although this framework
enables the decrease of the dimensionality of the search space
in only setting bitrate values, the questions of how many steps
should be used in the ladder and what quality should be selected
for each of these steps are still left open. Finally, the last open
challenge is the interpretability of the criteria used for defining
the ladder.

B. Low Complexity Per-Title Video Encoding

Researchers have focused on a computationally optimized
method to estimate the convex hull. Katsenou et al. [11] de-
scribed a method to predict the convex hull. With this approach,
videos are encoded using constant quantization parameters (QP),
and then on the basis of a pre-trained support vector regression
model, QPs values are predicted where rate-distortion curves of
different resolutions intersect. When using this approach, trial
coding of the videos is still required, but the amount is drastically
reduced.

Aiming to reduce computational complexity even further,
Ling et al. [12] described a method to estimate the video cod-
ing complexity by categorizing content into classes of coding
complexity. A classification algorithm using random forest, and
crafted spatial-, temporal-, contrast-, and chrominance-based
features, videos are categorized into a discrete number of classes
of video coding complexity.

Bhat et al. [13], [14] described a similar framework to predict
which resolution should be used for a given content at a given
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bitrate. Rate control, spatial, temporal, and encoder pre-analysis
features are used in a machine learning model.

Aiming for low latency live TV content which requires low
complexity algorithms, Menon et al. [15] describe an alternative
method using a video complexity analyzer on the basis of a dis-
crete cosine transform (DCT) coefficients. Computed features
are used for predicting the resolution that should be used for a
given bitrate.

Finally Mux [16] described a long short-term memory
(LSTM) recurrent neural network with Inception V3 fea-
tures [17] to predict the rate-distortion category for various reso-
lutions. However, due to its commercial nature, little information
is known about the algorithm.

Based on these methods, it is possible at a very low com-
putational cost to know what resolution (among other param-
eters) should be used for a given bitrate value, but it is still
not clear what actual bitrate values should be used in the ser-
vices. Because of this limitation, the contribution of this pa-
per will be to describe how network throughput historical data
can be leveraged for bitrate value selection and increasing user
engagement.

C. Network Dependent Ladders

The convex hull enables the highest quality achievable for a
given bitrate to be identified, but it is still necessary to know
what bitrate/quality values should be used. A first approach can
be based on just noticeable difference (JND) [18]. With this ap-
proach, bitrate values are selected such that there is ΔQ JND
between each coding condition, and results in having coding
conditions uniformly distributed on the quality domain. How-
ever, the size of the interval ΔQ still needs to be defined.

To address this problem, coding conditions should account for
the capability of the internet access of end users. These types of
ladders will then be referred to network dependent ladders.

Chen et al. [19] used a probabilistic approach with a focus
on saving storage space while ensuring a minimum quality for
the users. This method is based on historical throughput data
and user’s device resolution statistical data, which enabled the
estimation of empirical throughput distribution and empirical
user’s device resolution distribution, respectively. A bitrate lad-
der is then defined by considering the likelihood that a given
resolution and throughput are available.

Without prior knowledge of users’ device resolution statis-
tics, Reznik et al. [20], [21] described an analytical approach
using non-linear constrained optimization to estimate the bitrate
ladder.

In Toni et al. [22], the bitrate ladder is estimated using an inte-
ger linear program. Unlike other previous work, the authors also
took into account the experience of the users on a per-session
basis (estimated using the NTIA VQM quality model [23], [24])
and the overall content delivery network (CDN) budget. Con-
straints on maximizing session quality, load of CDNs, minimum
quality delivered to users are defined and used to select ladders
using integer programming.

However, when addressing network-dependent ladders, the
importance of the video player behavior has only been weakly

studied. Previous network-dependent bitrate ladders estima-
tion methods only considered ABR control schemes that select
chunks directly under the available throughput. This is prob-
lematic as a lot of effort has been put into developing advanced
ABR control schemes [1], [25] that are not addressed in existing
network-dependent ladder estimation methods. These advanced
ABR schemes can predict future throughput and maximize qual-
ity while also minimizing quality variation [1], [26]. Such so-
phisticated approaches are necessary as the quality of experience
(QoE) [27] of users degrades when numerous quality changes
occur [28]. Therefore, a sophisticated ABR control model is
needed that can account for the perceptual quality of the entire
viewing session and drive the selection of chunks on the basis
of perceptual aspects.

Lebreton and Yamagishi [29] described a bitrate ladder selec-
tion mechanism that accounts for both perceptual video coding
quality (measured through VMAF [9]) and historical throughput
data while being independent of the ABR control scheme.

In this paper, previous work is extended in order to take into
account the effect of quality on the likelihood of user quit-
ting videos considering content properties such as coding com-
plexity and duration of scenes while also providing a network-
dependent ladder that does not make assumptions about the be-
havior of the video player.

D. Towards Measuring Engagement

Although recent research has already shown a shift from
choosing ladders on the basis of peak signal-to-noise ratio
(PSNR) [19] to more advanced quality evaluation metrics such
as NITA VQM [22], [23] or VMAF [9], [29], the relationship
between the bitrate ladder and whether users will want to use
the service or quit watching video has still not been addressed.

Considering that the ultimate goal of a service provider when
defining a bitrate ladder is to maximize the engagement of the
users (frequently measured using viewing time or the abandon-
ment ratio) with respect to its operational cost, the consequences
of the decisions made when defining the bitrate ladder on the en-
gagement need to be understood. To do this, significant work on
engagement understanding and modeling is introduced in the
following.

First, note that work has shown that the concept of “accept-
ability” contains different levels, and a quality level that is ac-
ceptable may not necessarily be enjoyable [30], [31]. This led
to the study of the transition between what is acceptable quality
and what is not. Previous studies [32], [33], [34] have shown that
acceptability could be estimated on the basis of technical param-
eters such as bitrate, frame rate, and resolution with non-linear
regression. This model was further extended [30], [35], and it
was shown that acceptability could also be related to high-level
quality estimation on the basis of NTIA VQM [23] or VMAF [9].

However, quality is not the only parameter that needs to
be considered when considering acceptability. Indeed, previous
work has shown that there is also a temporal dependency on the
acceptability, and what is acceptable for a short period may not
be acceptable after a long one [36], [37], [38], [39]. Therefore,
this highlights the need to consider both quality and stimulus
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duration when studying acceptability and then when defining a
bitrate ladder.

Then, another significant body of work worth mentioning is
the studies of the relationship between viewing time and quality
impairments such as initial loading delay [40], [41], [42] and
midway-though stalling [43], [44]. These studies showed that
the odds of users quitting increase exponentially as they need
to wait for the video to play. The increase in user quitting be-
cause of initial loading is an important point, as when QoE is
considered, results have shown that initial loading does not have
such a high impact on QoE [45]. Therefore, these results show
that when the likelihood of quitting is considered, other factors
need to be considered in addition to those in traditional QoE
evaluation.

Finally, as for coding quality, users were more likely to aban-
don video when quality changes occurred than when quality was
more constant [36], [46], which highlights the need for advanced
ABR control mechanisms. Therefore, all these results show that
bitrate ladders should also be defined by taking into account
features that relate to quitting behavior.

Considering the complexity of the relationship between aban-
donment and session quality, existing user quitting prediction
models will be considered when defining coding conditions of
bitrate ladders. While a regression tree-based model has been
proposed [47], [48], this work will be based on the user quit-
ting ratio model developed by Lebreton and Yamagishi [2] as
this model provides closed form equations that are suitable for
defining a quitting-based bitrate ladder and will ultimately de-
crease the likelihood of users quitting the service.

E. Contributions

Summarizing the contribution of this work, this paper presents
a per-title bitrate ladder estimation algorithm that takes into ac-
count a network’s historical throughput data to optimally select
different quality levels to be used in the ladder.

Unlike in previous approaches, the bitrate ladder mechanism
is independent of the ABR control scheme used by the video
player. This enables the wide diversity of player behavior to
be supported. Then, whereas previous methods addressed the
bitrate ladder selection process on the basis of quality measures,
it is proposed to define the bitrate ladder based on the likelihood
of user quitting (the user quitting ratio). Doing so adds further
sophistication as it is necessary to account for not only perceptual
quality of the encoded video but also the duration of the content.

Finally, this paper also differs from previous work in the eval-
uation methodology. While previous methods only evaluated the
appropriateness of the selected ladder in terms of the PSNR [19],
number of quality changes [22], or average QoE using quality
evaluation metrics such as VQM [22], in this work the overall
session quality experienced by users is measured using metrics
designed to evaluate the overall experience of the users account-
ing for both the effect of coding quality, quality adaptation and
stalling in a joined up manner to address user engagement [2],
[49].

Furthermore, this work will also evaluate the sessions in terms
of the likelihood of users quitting because of quality, which

TABLE I
RANGE OF CODING CONDITIONS ACROSS DATASETS

provides an even higher level of understanding of users’ viewing
experience [2].

III. PROPOSED METHOD

This section describes the methodology to identify the bitrate
ladder so as to minimize the user quitting ratio [2] of VOD
services.

A. Background on User Quitting Ratio Prediction

Considering that the proposed approach aims to decrease the
user quitting ratio, this section will first introduce the computa-
tional process of the user quitting ratio model that was published
in [2]. The goal of this section is to describe the key concepts
about this method, detail the scope for which it has been defined
and validated, and illustrate the suitability of its usage for the
bitrate ladder estimation process. Then, the following section
will explain its application to define a bitrate ladder.

The user quitting ratio model was designed on the basis of
intensive subjective testing that involved 5 experiments and 264
participants to analyze and model quitting behavior. In these ex-
periments, large ranges of video and audio quality values were
tested. Table I list the range of resolution, frame-rate, codec,
and bitrate for which the quitting model have been tested and
validated. Different pairings for audio and video quality were
tested, enabling their individual contribution as well as their in-
teractions to be evaluated, and resulting in 48 coding conditions,
and a total of 134 processed video signal (PVS).

The general procedure for the quitting evaluation experiments
was to let participants watch videos without a predefined task.
Participants were shown videos in a randomized order and were
instructed to watch these videos in 6-10 minutes sessions. Partic-
ipants were told that they could stop watching a video whenever
they desired but quitting should only be based on quality. There-
fore, the results give the quitting ratio in terms of acceptability
of quality with respect to time [2].

Considering that the experiments did not include a qual-
ity evaluation task, quality of videos is estimated using a
no-reference parameter-based audio visual quality estimation
model [3], [49]. The model takes the video bitrate, the resolu-
tion, the frame rate, the audio bitrate, and stalling position and
duration information and can predict audiovisual quality both
on a per-second basis as well overall session quality. Detailed
model equations can be found in [3], [49].

Fig. 1 depicts examples of the temporal evolution of the quit-
ting ratio. The user quitting ratio is found to increase as a function
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Fig. 1. Quitting likelihood as a function of time and MOS on two PVSs (top),
and quitting likelihood in the presence of stalling (bottom). Stalling start and
end marked respectively by a vertical continuous red line and a blue dashed line
(data from [2]).

time with an increasing rate as quality (MOS) becomes low. Fur-
thermore, stalling events were also identified as a major reason
for user quitting.

On the basis of a thorough data investigation, an iterative
model was introduced to address the temporal evolution of quit-
ting probability. The model decomposes the viewing session
into quality events. These events can either be the playback of a
video at a constant quality level, which is referred to as a “seg-
ment of constant quality” in [2], or stalling events. On the basis
of this decomposition of the viewing session into events, two
sub-models were designed to address individually the effect of
low coding quality and stalling events on quitting likelihood.

In terms of performance, cross-validation was applied on
the five databases by performing training on some databases
and validating on the others. When the evaluation is performed
per-segment of constant quality, the proposed model shows
an average Pearson correlation coefficient (PCC) of 0.938 and
an average root mean square error (RMSE) of 0.0734 (7%).
As for quitting from stalling, the model was validated using
cross-validation across databases as well and showed an aver-
age PCC of 0.896 and an average RMSE of 0.109 (11%) on
validation data, which both show high performance. For more
details on training and validation performance, interested read-
ers are invited to consider the original paper [2].

Considering these performance results, it is proposed to lever-
age the acquired knowledge on the relationship between quality
and quitting to define bitrate ladders.

B. User Quitting Ratio-Based Ladder

Fig. 2 provides an overview of the proposed bitrate ladder
estimation framework. The general flow of the framework is
as follows: the video is split into scenes to address changes in
coding complexity within a video (Section III-B1), identifies the
convex hull to address each scene coding complexity (Section II-
I-B2), converts the convex hull from quality domain to quitting
likelihood (Section III-B3), use network historical throughput

Fig. 2. Bitrate ladder estimation framework block diagram.

data to successively convert throughput into achievable quality
and achievable quitting ratio. Identifies the steps in the bitrate
ladder in the quitting likelihood domain (Section III-B4). Fi-
nally, back-project ladder steps from the quitting likelihood do-
main into bitrate values and leverage the convex hull to identify
what resolution should be used with the identified bitrate values
(Section III-B5).

The following explains the method in greater depth.
1) Decomposition Into Scenes: First, the proposed method

analyzes the entire video to be encoded and decomposes it into
scenes (see Fig. 3(a)). This decomposition has two main ob-
jectives. The first is to consider the fact that each scene of a
video has a different coding complexity, so an optimal ladder
should be defined on a per-scene basis [10]. The second is to
consider the duration of each scene. Scene duration is an im-
portant aspect as there exists a temporal effect on the accept-
ability of a given quality level [2], [39]. Since quality is defined
on a per-scene basis, scene duration should also be considered
when defining its coding quality. Regarding the process of scene
boundary detection on its own, various automatic scene bound-
ary detection mechanisms have been proposed. In this work, a
possible approach is the method proposed by Chen et al. [50],
which uses self-supervised and supervised learning to identify
scene cuts. However, other high-performing techniques could
also be considered. The process of scene cut detection being not
a contribution of this work will not be described in this paper.
The interested reader can refer to the work of Chen et al. [50] to
learn more about these types of algorithms.

2) Coding Complexity Analysis (Convex Hull Estimation):
Once the entire video is divided into scenes, a bitrate ladder is
defined on a per-scene basis. Fig. 3(b) describes the coding com-
plexity analysis process that is based on [7]. With this approach,
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Fig. 3. Detailed overview on the bitrate ladder estimation framework.

the scene under consideration is encoded at various resolutions,
and bitrate values enable the rate-distortion curves to be identi-
fied for different resolutions. In this work, videos are encoded
using ffmpeg’s x265 codec and constant QPs ranging from 12 to
48 in increments of 4, resulting in 10 different encodes per reso-
lution. Doing the encodes using constant QP enables an approxi-
mate uniform sampling in terms of quality and the identification
of characteristics of the rate-distortion curves. Then, the qual-
ity of the trial encodes is evaluated using a content-dependent
quality estimation, VMAF [9] in this work. VMAF being a “full
reference” metric, it compares the encoded video with that same
video before encoding and will provide video quality estimates
in the range of 0 to 100 (with 0 and 100 being the lowest and
highest quality).

On the basis of the quality evaluation of the multiple trial en-
codes, the convex hull is defined. The convex hull is represented
as a pink curve in Fig. 3(b) and represents the highest quality
achievable across all resolutions for a given bitrate.

Vh =
Fc

1 + e−Kc×log10bv+Gc
(1)

At the end of this process, the highest quality achievable
across all resolutions for each bitrate value is obtained. A model
to relate the bitrate and highest quality achievable across all res-
olutions (e.g., the convex hull) is defined by a sigmoid function
as shown in (1). In this equation, Fc, Gc, Kc are model param-
eters. These parameters are obtained on a per-scene basis using
non-linear regression by fitting data points on the relationship
between the bitrate and highest quality values. Finally, Vh and
bv are respectively the convex hull and the video bitrate.

3) Quitting Likelihood Estimation: The next step consists of
taking into account the relationship between quality estimates
obtained using VMAF and likelihood of users quitting watching
video. To do this, the quitting likelihood prediction model for low
quality coding conditions introduced in Section III-A is used.

When defining coding conditions, it is only the coding-related
model that is used and not the full model that also account for
stalling events. This is motivated by the fact that during the
encoding process, the ABR control mechanism is expected to
prevent stalling events occurring as they are known to have a
major impact on user’s experience. Stalling is avoided by de-
creasing coding quality, so the impact of lower quality on user
quitting behavior needs to be addressed.

The coding quality-related quitting model defines quitting as a
negative exponential function defined in (2). In this equation, Q
is the quitting likelihood after a duration d. λs is a parameter that
accounts for the audio and video quality. Its expression can be
found in (3). In this equation, Mv , Ma are the video and audio
quality. ΔMv enables quality adaptation to be handled and is
the magnitude of the last quality change. Qp is the percentage of
users that have already quit when the constant quality condition
begins. C1−6 are model parameters.

Q = 1− e−
d
λs (2)

λs = max (ε, C1 + C2 ×Mv + C3 ×Ma

+ C4 ×Mv ×Ma + C5 ×ΔMv + C6 ×Qp) (3)

Equation (3) enables different factors to be accounted for in-
cluding quality adaptation and the existing quitting ratio before
the beginning of the segment. Since at the time of encoding
videos, the effect of video quality on likelihood to complete
watching videos (of duration d) is addressed, quality changes
do not apply. Therefore, λs is altered into (4). Note that the case
of constant coding quality was addressed during designing and
is a supported case [2].

λs = max (ε, C1 + C2 ×Mv + C3 ×Ma

+C4 ×Mv ×Ma) (4)

In this case, three parameters remain (d, Mv and Ma) and
four model coefficients (C1−4). The model coefficients C1−4

are obtained from Lebreton and Yamagishi [2], and d is the
scene duration obtained from the scene cut analysis performed
in the preliminary step. Then, Mv and Ma are the parameters to
be defined so as to optimize the bitrate ladder in terms of quitting.
Considering the video represents most of the data that needs to
be transmitted, the following will focus on the estimation of
the bitrate ladder for the video, and audio quality level will be



8424 IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 25, 2023

assumed to be at a high level (Ma = 5). Note that asymmetric
audio and video quality were tested in [2], and is a supported
scenario for the user quitting ratio prediction model.

To relate the video bitrate with the video quality Mv, the
model of the convex hull defined in (1) is used. Considering that
estimates of quality for the different trial encoding were based
on VMAF, quality scores were provided in the range [0, 100].
However, considering that the user quitting prediction model
defined in (2) that is used to predict quitting ratio requires video
quality estimates in the range of [1, 5], VMAF scores estimated
using the convex hull are mapped in the range of [1, 5] using a
linear function as defined in (5). In this equation, A1 = 0.02827
and A2 = 1.693 are model coefficients that are constant across
all scenes and all content. These parameters were trained with
data from subjective experiments described in Lebreton and Ya-
magishi [2], and a linear regression is made to match scores
obtained by VMAF with subjective quality scores obtained in
the range of [1, 5]. This model shows a Pearson correlation of
0.91 and a root mean squared error (RMSE) of 0.44 on a 5-point
scale (VMAF being run its version v0.6.1).

Mv = A1 × Vh +A2 (5)

On the basis of (1), 2 and 5, the relationship between video
bitrate, scene duration, and quitting ratio can be estimated on
a per-scene basis, enabling understanding of the relationship
between bitrate and likelihood of users quitting early during the
scene under investigation.

4) Leveraging Network Historical Data for Bitrate Values
Selection: On the basis of the model of the likelihood of users
quitting video as a function of the bitrate, the next step of the
framework consists of using this knowledge for defining the bi-
trate values to be used in the bitrate ladder. Fig. 3(d) shows a
time series of throughput values of one viewing session. These
throughput values provide indications on the bandwidth that was
available to the client. Available throughput is important infor-
mation as it provides insight on what is the highest quality that
can be achieved at a given time. Fig. 3(e) and (f) show respec-
tively how the available throughput information translates to the
user in terms of maximum achievable quality and the resulting
likelihood of users quitting the video.

This analysis is then extended to a large number of sessions
across numerous users, and the distribution of user quitting ratio
values is depicted in Fig. 3(g).

r =
∑

t

Qt − argminl∈L|Qt − l|2 (6)

On the basis of all estimates of quitting ratio values, the iden-
tification of the ladder is expressed as the problem of identifying
appropriate quantization steps. The general idea behind this ap-
proach is that the bitrate ladders will be tailored to the bandwidth
available to the users. If bitrate values higher than the available
bandwidth are used, then the quality level cannot be reached
or will lead to frequent stalling. If bitrate values lower than the
available bandwidth are used, then constant lower quality, or
frequently changing quality is delivered to the users, which also
results in lower overall quality for the users. Therefore, using
user bandwidth information when defining coding conditions

enables the quality to be increased for the users by providing
quality levels that they are more likely to use. Considering that
available throughput varies over time, the quality and induced
quitting ratio will change as well. However, as throughput varies,
video quality can only be adjusted in a discrete manner that cor-
responds to the different steps of the bitrate ladder. Therefore,
throughput values in between different steps of the bitrate lad-
ders occur that correspond to missed opportunities for higher
quality delivered to the users. A network-dependent ladder aims
to decrease these missed opportunities for higher quality by
defining steps in the ladder such that the differences between
the available throughput and bitrate values in the ladder are as
low as possible. This problem is then a matter of decreasing the
quantization error of the available throughput into discrete val-
ues that correspond to the bitrate ladder. However, considering
that video bitrate and quality have a logarithmic relationship,
providing a bitrate ladder close to the available throughput may
result in wasted resources as an increase in video bitrate may not
result in a perceivable increase in quality. Therefore, instead of
quantizing available throughput, achievable quality and achiev-
able quitting ratio should be quantized.

On the basis of this principle, the ladder is then identified
by applying the conversion from available throughput to poten-
tial quitting values using the equations previously introduced.
Then, finding the ladder consists of identifying a number of
N discrete values that can closely quantize continuous values
taken by the quitting ratio estimates computed from the histor-
ical network throughput data. The value of N , the number of
steps in the ladder, is a parameter of the framework and is to be
defined by the service’s operator. This number of steps can be
defined on the basis of common practices of the operator. How-
ever, as will be shown in the results section, opportunities for
saving storage space can be created by choosing different values
of N .

Once the value of N is chosen, the process of identifying
quantization steps can be formalized as in (6). In this equation,
L = l1, l2, . . ., LN corresponds to the N discrete steps of the
ladder in the quitting domain. argminl∈L|Qt − l|2 provides
the closest value l from the actual quitting measurement Qt.
Therefore, Qt − argminl∈L|Qt − l|2 is the residual error be-
tween the quitting measurement Qt and its quantized value l.
Finally, quantization error is summed across all measurements
over all sessions and all users providing the overall quantiza-
tion error introduced by using a ladder with discrete steps. The
goal of the ladder estimation is then to identify L that con-
tains N discrete values, so as to minimize r. A possible ap-
proach to solve this problem is to use the k-means algorithm
with k = N . Once k-means converged, the N values l from
L corresponds to the center of the clusters identified by the
k-means. An example of such classification results is shown in
Fig. 3(h).

5) Recovering the Bitrate Ladder: Once the quantization lev-
els of quitting ratio values are identified (L), corresponding bi-
trate values can be obtained by consecutively inverting (2), 5
and 1. This provides the required quality values to ensure the
quitting values in L (see Fig. 3(i)), the corresponding quality
scores, and the bitrate values (see Fig. 3(j)), respectively.
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Fig. 4. Analysis of throughput measurements in 2019. Average and median
are the average throughput and median throughput across all sessions on a 3-day
interval basis. Q1 and Q3 refers respectively to the first and third quartile.

With bitrate values obtained, resolution values that should be
used along these bitrate values are obtained from the coding
complexity analysis performed during the identification of the
convex hull. Resolution is then selected by choosing which reso-
lution best matches the convex hull for the each identified bitrate
value, which finally leads to the bitrate ladder.

IV. REAL-WORLD NETWORK EMULATION FRAMEWORK AND

SETTINGS

This section describes the approach used to evaluate the pro-
posed bitrate ladder selection method.

A. Real-World Experimental Data

To perform experiments that reflect realistic scenarios, this
work is based on data collected by the platform “Puffer” [1],
[51]. Puffer is a video streaming service hosted by Stanford Uni-
versity that enables users living in the United States to watch live
television programs of affiliated U.S. TV stations. The general
principle of the platform is as follows. The platform developers
receive TV using radio antennae, and affiliated TV programs
are captured. These programs are encoded in real time using a
high-performance server, and content is then re-broadcasted via
the Puffer website. Users are then able to connect to the Puffer
web application and watch TV using this service.

Puffer gives information on viewing data on a per-session ba-
sis on information such as throughput measurement and round
trip time (RTT) that will be used to perform real-world like
experiments. Finally, the platform also introduces four differ-
ent ABR control schemes are compared. One is a buffer-based
only method [52], two are control-theory oriented ABR control
schemes (Model Predictive Control (MPC) and Robust MPC),
and the last is a learning-based model called Fugu [1]. All the
data is available to download and is updated daily [51]. In this
work, data from January 2019 - January 2020 will be used.

Fig. 4 provides an overview on the distribution of through-
put values for the considered time interval. The throughput
across sessions varied largely from January-June 2019, whereas
throughput values were more stable in the second half of the
year.

Fig. 5. Real-world network emulation framework. Items highlighted in blue
are part of the Puffer framework [1], items in orange were designed for this
work.

B. Real-World Network Emulation Platform

Fig. 5 depicts the framework used in this study to evaluate the
bitrate ladder selection processes. This framework is divided into
a server and client side. On the server side, a web server, a media
server, and a database can be found. The web server provides a
web interface to the users so they can log into the service, select
the content they desire to watch, and load a video player. Then,
the media server ensures the delivery of the video content to the
video player on the client side. Clients are based on the HTML5
“video” tag. To enable the ABR control schemes to be used,
statistics on the video playback sessions are collected at different
points of the transmission chain. On the server side, information
such as delivery rate, round trip time, number of packet sent,
chunk sizes, and SSIM of those chunks are collected. In addition
to these statistics, player-related information is also collected
thanks to self-reports from the players. Indeed, during the video
playback, the video players periodically (or after specific events)
send the status of the buffer filling rate, the cumulative stalling
duration, acknowledgment of received packets, and respective
timestamps. Then, by joining session identification codes, the
server is able to precisely understand the status of every client.
This information is then used for two different purposes. The first
is to enable various ABR control mechanisms to be used. The
second is to enable precise monitoring of the viewing sessions
of real-world streaming sessions. The level of details in the logs
enables in-depth analysis of the differences in quality between
different ABR control mechanisms or different bitrate ladders
and also aspects to be considered such as the quality of each
chunks, the different quality adaptation that may occur, temporal
evolution of buffer filling rate, frequency and duration of stalling
events, etc.

In this work, different ABR control schemes are consid-
ered: a buffer-based only algorithm [52] and two MPC algo-
rithms [26]. MPC-algorithms predict future throughput by us-
ing past throughput measurements and use them to optimize
QoE while also minimizing quality changes. To perform exper-
iments, a “simulation controller” software was implemented.
It takes as input measurement from real-world services of the
Puffer dataset [1], [51] as well as parameters on the configura-
tion of the server, such as the bitrate ladder per content and the
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ABR control scheme to be used. The software handles the con-
figuration of the media server and will also start a service that
controls the throughput and latency of the connection between
the server and clients (using the command “tc” on Linux). This
throughput control is based on historical log data [1], [51] and
enables realistic network conditions to be reproduced. By using
this approach, systematic testing can be applied with multiple
bitrate ladder, ABR scheme, and network conditions. Finally,
the streaming session is evaluated thanks to the logging per-
formed on the server side that includes video bitrate, resolution,
and frame rate as a function of time as well as stalling infor-
mation (when and how long stalling occurs) enabling the video
quality estimation model [49] and user quitting ratio model [2]
to be used and measure the overall experience of the users both
in terms of QoE [27] and likelihood of quitting at the end of
the streaming session. It should be further stressed that in these
evaluations, models account for both coding quality and stalling
events. Therefore, although when defining coding conditions,
quitting ratio model only based on coding quality, in the per-
formance evaluation both coding quality and stalling events are
considered.

Note that leaving the handling of quality adaptation logic to
the server is different from commonly used video players that
handle the quality adaptation logic themselves, and “dash.js”
could have also been considered for conducting the experiments.
However, the reason for using the Puffer framework as the basis
of this work was that it is currently in use in real-world ser-
vices and was then extensively tested. Other advantages of this
framework are the availability of multiple ABR control mecha-
nisms and the ability to switch from one ABR model to another
by only updating configuration files, making it easy to validate
across different ABR models. Finally, logging of playback statis-
tics was already provided and automatically stored in a database
allowing in-depth analysis of the user’s viewing experience. Of
course, all these features could have been implemented using
dash.js, but the Puffer framework enables already all these fea-
tures.

C. Experimental Settings

To address content with various coding complexities, 379
different source content videos were collected. These source
content videos depicted various types of content including an-
imation, talk shows, documentaries, and scenery and came
from professionally recorded contents from internal and open
databases [53]. Videos with a resolution of 1920×1080 were
considered, and if the resolution was higher than 1920×1080,
videos were downscaled to 1920×1080. Fig. 6 depicts an anal-
ysis of all source content videos in terms of spatial informa-
tion (SI) and temporal information (TI) values [54] computed
on a per-video basis across all scenes, as well the cumula-
tive distribution function of compressibility defined in Robitza
et al. [55]. The latter metric analyzing the area under the curve
of rate-distortion curves (with quality values evaluated using
VMAF). The estimated cumulative distribution function increas-
ing linearly shows a rather uniform distribution of compressibil-
ity values for the source content that are used in the dataset. These

Fig. 6. Distribution of SI and TI values [54] (left). And estimated cumulative
distribution function of compressibility measure [55] (right).

different analyses show that the selected source content covered
a large variety of content types. All source content videos were
then encoded using ffmpeg (version 3.4.8) in H.265 using the
codec x265. Videos were encoded using the presets “slower”
using constant rate factor values ranging from 12 to 48 in incre-
ments of 4. Quality of the different trial coding was evaluated
using VMAF [9], and rate-distortion curves were identified. On
the basis of these rate-distortion curves, source content videos
were classified into 15 classes of coding complexity. The num-
ber of 15 classes was chosen to be a compromise between having
a large number of content coding complexity-categories so as
to test the performance of the bitrate ladder estimation against
various coding complexity while still being low enough to min-
imize the time required for performing all experiments as one
set of simulation runs is needed for each category.

Once classes of source reference circuits (SRCs) are identi-
fied, the following step is to estimate the bitrate ladder. For each
class of coding complexity, the model described in (1) is used
to relate quality and bitrate on a per-content category basis by
training the model to use rate-distortion measurements across
all the source content from the same class. The resulting fitted
coefficients are then used to define bitrate ladder for content
having different types of coding complexity.

As for the historical throughput data used to define the ladder,
data from January 2020 is used as training data while data from
January-December 2019 is used for validation. This approach
was performed as temporal stability of performance needs to be
validated over a long time span. Therefore, either January 2019
or January 2020 should be used for training and establishing the
bitrate ladder leaving a 1-year time span for validation. January
2020 was selected, as Puffer grew in popularity during 2019, so
January 2020 data offers a larger number of traces to be used for
training than January 2019 data.

Finally, for each SRC category a ladder of six different qual-
ity levels is estimated. This number of quality levels was chosen
as it corresponds to the current number of quality levels deliv-
ered by YouTube with six quality levels up to HD (144p, 240p,
360p, 480p, 720p, 1080p) and two more over HD (1440p and
2160p). The source content being limited to HD (for the sake of
finding diverse high-quality SRCs), choosing six quality levels
appeared a reasonable choice. However, in the results section,
other numbers of quality levels are discussed.

Videos were then encoded using a two-pass constant bitrate
encoding with the preset “slower,” and a group of picture (GOP)
size of two seconds.



LEBRETON AND YAMAGISHI: QUITTING RATIO-BASED BITRATE LADDER SELECTION MECHANISM 8427

V. RESULTS

This section addresses the performance of the proposed bi-
trate ladder selection method. In this section, all results described
were obtained on validation data. Performance figures are pro-
vided in terms of overall QoE [3] and quitting ratio [2] that
are measured with models that account for coding quality and
stalling events in a joined manner.

A. Compared Ladders

Seven different bitrate ladders are compared: k-means, con-
stant VMAF-step, constant bitrate steps, JNDs, 1000 kbps steps,
100 kbps steps, and Apple static ladder. k-means refers to the
proposed quitting-based bitrate ladder selection algorithm with
k = 6. Then, two bitrate ladders derived from the proposed al-
gorithm are proposed: constant VMAF-step and constant bitrate
steps. These two ladders use the same maximum and minimum
bitrates identified by the proposed k- means method that enable
the identification of a proper range of bitrate values to be used.
However, instead of designing intermediate steps on the basis
of k-means, it is proposed to set the fourth intermediate bitrate
values on the basis of a constant increase in quality or a constant
increase in bitrate. Then, another ladder is referred to as JNDs,
and define a bitrate ladder were each quality levels are separated
by a constant quality step in terms of VMAF score. Compared to
“constant VMAF-step,” the ladders focus on defining conditions
in terms of constant quality steps without the constraint of using
the network historical data to set the range of quality that should
be used. Such an approach is commonly used in the literature for
per-title video coding [11], [12], [15], as work have focused on
identifying the convex hull and define steps in the bitrate ladder
by uniformly sample the quality space. Then, the two following
baselines use constant increases of 1 Mbps between 1 to 12 Mbps
or use 100 kbps between 100 kbps to 1 Mbps and 1-Mbps steps
between 1 and 12 Mbps. These ladders (1000 kbps steps and
100 kbps steps) are content and network agnostic and enable the
display of the added value of considering these features while
defining a bitrate ladder and are referred to as static ladders.
Finally, the last ladder is based on Apple’s HLS recommenda-
tions [5] and is a static ladder. These ladders are then estimated
for each class of content identified in Section IV-C.

B. Performance Across Ladder and ABR Control Schemes

Fig. 7 shows the cumulative distribution function of quitting
ratio [2] and quality [3] for the different bitrate ladder and ABR
control schemes. In the evaluation work described here, the quit-
ting model is used in its complete form, identical to the model
described in Lebreton and Yamagishi [2]. Therefore, the quitting
ratio values are based on coding quality, stalling, initial loading,
quality adaptation, and content duration providing a measure of
the overall user’s experience and its consequences in terms of
abandonment. Considering that approximately 600 simulations
were performed to cover a large variety of network conditions for
each combination of bitrate ladder and ABR control schemes,
quitting ratio values can vary from low to high as in some cases
available throughput was not sufficient to transmit high-quality

Fig. 7. Distribution of quitting ratio values across all source content. Results
are shown per bitrate ladder and per ABR control schemes.

TABLE II
COMPARED BITRATE LADDERS. 100 K, 1000 K, CST.B, ASL, JND, CST.V AND

K-MEANS REFERS RESPECTIVELY TO THE LADDERS “100 KBPS STEPS,”
“1000 KBPS STEPS,” “CONSTANT BITRATE STEPS,” THE “APPLE STATIC

LADDER,” THE JND-BASED BITRATE LADDER, “CONSTANT VMAF STEPS,”
AND THE PROPOSED QUITTING-BASED APPROACH

videos. Therefore, cumulative distribution function of session
quality and quitting ratio values are reported to describe overall
performance across all tested conditions.

In this figure, it can be seen that content and network agnos-
tic approaches (100 kbps steps and 1000 kbps steps) performed
worse than other approaches even though they involved a much
larger number of encodes than the other ladders. The statics lad-
ders “constant bitrate steps” and “Apple static ladders” appear
to be consistently outperformed by “Constant VMAF steps,”
which is outperformed by the proposed approach, “k- means”.
A non-parametric Kruskal-Wallis Test was applied and showed
that there are significant differences in quitting ratios across dif-
ferent bitrate ladders (chi-squared = 57.407, p-value < 0.001).
Table III reports the results of a multiple comparison test after a
Kruskal-Wallis post-hoc test as well as average quitting and qual-
ity values per ladder. Results show that in terms of quitting ratio,
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TABLE III
STATISTICAL DIFFERENCES BETWEEN DIFFERENT BITRATE LADDERS ON

VALIDATION DATA IN TERMS OF USER QUITTING RATIO AND QUALITY. IN THE

TABLE PAIRS (a, b) INDICATES WHETHER THERE EXISTS A SIGNIFICATIVE

DIFFERENCE IN TERMS OF QUITTING RATIO (A), OR IN TERMS OF QUALITY (B).
IN THIS PAIR, A SIGN “+” OR “-” INDICATE A SIGNIFICANT DIFFERENCE OR

NOT. LADDER NAMING CONVENTIONS ARE CONSISTENT WITH TABLE II

TABLE IV
AVERAGE IMPROVEMENT IN TERMS OF USER QUITTING RATIO FROM

CONSIDERING NETWORK AND QUALITY, AND QUITTING-RELATED FEATURES

OVER STATIC LADDERS. NOTATION ARE CONSISTENT WITH TABLE II

ladders “100 k,” “1000 k,” “Constant bitrate steps,” and “Apple
static ladders,” are statistically equivalent and are outperformed
significantly by “k-means,” and “Constant VMAF steps”. These
results show the importance of taking into account coding com-
plexity information while defining a bitrate ladder. This is further
stressed by Table IV, which reports the improvement of using
network-based, quality-based, and quitting-based ladders over
static ladders (100 k, 1000 k, Apple static ladder). Table IV also
shows that tuning the range of bitrate values considered in the
ladder on the basis of network statistics would enable the quitting
ratio to be decreased by approximately 60%. Considering coding
quality provides a great improvement, and result in decreasing
quitting by half compared to content-agnostic ladders. Combin-
ing the use of network statistics and coding complexity allows
decreasing quitting even further. Finally, optimizing interme-
diate steps in terms of quitting using the proposed k −means
method provided the highest performance among the tested con-
ditions. It can also be observed that the range of performance
improvement differs between the quitting and quality scales as
quitting take into account duration of the viewing session ( (2)).

Following up on this analysis, a Kruskal-Wallis Test was ap-
plied to compare the quitting ratio values across the different
ABR control schemes. Results show that ladders performed sig-
nificantly differently (chi-squared = 134.07, p-value < 0.001).
A post-hoc analysis shows that there was a significant difference
between the performance of the buffer-based algorithm and the
MPC-based ABR control schemes. However, no significant dif-
ference was observed between the performances of MPC and
Robust MPC ABR control schemes. These results show the im-
portance of considering different ABR control schemes when
evaluating a bitrate ladder selection method.

TABLE V
STATISTICAL DIFFERENCES BETWEEN LADDERS IN TERMS OF USER QUITTING

RATIO ON A PER-ABR CONTROL SCHEME BASIS. IN THE TABLE (A,B,C)
INDICATES THE SIGNIFICANCE OF DIFFERENCES BETWEEN BITRATE LADDERS,
WITH “A” IS THE BUFFER-BASED, “B” IS THE MPC, AND “C” IS THE ROBUST

MPC ALGORITHM. NOTATION ARE CONSISTENT WITH TABLE II

TABLE VI
COMPARISON OF PERFORMANCE IN TERMS OF USER QUITTING RATIO ACROSS

ABR-SCHEMES

Considering that the quitting ratio depends on both bitrate
ladders and ABR control schemes, it is of interest to study the
extent to which an ABR control schemes performance depends
on the bitrate ladder. To this end, different ladders are compared
for each ABR control scheme. Results are reported in Table V.
From this analysis, it is interesting to note that depending on
the ABR control scheme, differences in performance between
ladders vary. Indeed, the control scheme “Robust MPC” is able to
perform consistently across all ladders, whereas the buffer-based
algorithm is the most sensitive to the bitrate ladder among the
considered algorithms. The control scheme “MPC,” on the other
hand, is less sensitive to the bitrate ladder than the buffer-based
algorithm, but differences in performance can still be observed.
This is important as it shows there are two main approaches to
improve the experience of the users and decrease the likelihood
of quitting (the use of ladders that depends on network statistics,
or the use of more sophisticated ABR control schemes), and the
weakness of one of these two can be overcome by using a more
optimized other.

Table VI provides information on the average and variance
of the quitting ratio for all ABR control schemes across all
ladders and streaming sessions. It can be seen that Robust
MPC [26] provided the lowest average quitting ratio followed
by the Buffer-Based method [52] and the MPC algorithm [26].
Note that the challenge of the dataset used in this work is that
throughput can largely fluctuate as a function of time (see Fig.
4). Therefore, considering that the original MPC algorithm [26]
uses harmonic means for throughput prediction, this resulted in
lower performance. The algorithm Robust MPC accounting for
throughput prediction error into the ABR control mechanism
provides a more conservative chunk selection that outperforms
MPC. The Buffer-based algorithm ranked second in terms of av-
erage quitting ratio across all ladders, which is consistent with
the work of Yan [1], which showed that this buffer-based tech-
nique [52] already provides compelling results. Finally, in terms
of variance of quitting ratio values, note that MPC approaches
provided more stable results across all streaming sessions.
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Fig. 8. Temporal evolution of user quitting ratio (left) and quality (right) as a
function of time.

C. Temporal Analysis

Considering that throughput varies over time, the question of
whether a network-dependent ladder can still perform well after
a large period of time needs to be raised. To this aim, Fig. 8
depicts the temporal evolution of the average quitting ratio as a
function of time. In this figure, the quitting ratio values across
all ABR control schemes are averaged, and results show that the
ladder “1000 kbps” performs consistently lower than the other
approaches. The ladder “100 kbps,” on the other hand, enables
lower bitrate values to be used and higher performance in these
scenarios. Moreover, the proposed “k- means” approach pro-
vided consistently lower quitting ratio values than other ladders
for most months. April and May 2019 are exceptions where “100
kbps” and “Constant VMAF steps” outperformed “k-means.”
However, the confidence intervals are significantly larger for
these two specific months than for the other months, and dif-
ferences in performance are not statistically significant in these
cases.

To validate the temporal stability of ladder performance,
a non-parametric Kruskal-Wallis Test is applied to compare
quitting ratio values per month for each ladder. Results show
that there are no statistical differences in quitting ratio val-
ues across months for “k-means” (chi-squared = 14.537, p-
value = 0.2047), “1000 kbps” (chi-squared = 12.662, p-
value = 0.316), and “constant bitrate steps” (chi- squared =
12.175, p-value = 0.3506). However, “100 kbps” and “constant
VMAF steps” showed significant differences across months
(chi-squared = 20.963, p-value = 0.03376) and (chi-squared =
21.347, p-value = 0.02995), respectively. These results demon-
strate that the proposed approach of defining a ladder on the
basis of historical data can provide stable performance over
time.

D. Dependency to the Number of Quality Levels

The results described in this paper are for a bitrate ladder com-
posed of six quality levels. To test the effect of the number of
quality levels in the bitrate ladder on the user quitting ratio, ex-
periments were run with ladders ranging from three to six quality
levels. Results show that going from six quality levels to five in-
creased the quitting ratio by 1%. Going from six quality levels to
four also resulted in a 1% increase in user quitting ratio. Finally,
going from six quality levels to three resulted in a 3% increase
in the user quitting ratio. A non-parametric Kruskal-Wallis Test

was applied to test the significance of differences and shows
that ladders performed statistically equivalently (chi-squared =
1.6572, p-value = 0.6465). A per-ABR control scheme analysis
was also performed, and no statistically significant differences
in terms of quitting ratio could be observed across ladders. This
result is of interest as it shows that using network throughput
statistics in addition to content coding complexity analysis en-
ables performance to be maintained even with a low number of
quality levels in the bitrate ladder. However, it should also be
stressed that this result is obtained by performing evaluations
in numerous sessions that cover a large diversity of temporal
variation of throughput. Therefore, these results show that high
quality service can be provided with a limited number of qual-
ity levels for the majority of users. On the other hand, note that
among the large number of conditions, some cases still occur
for which a higher number of quality levels in the ladder is still
beneficial.

VI. DISCUSSION

In this work, a bitrate ladder estimation method was pro-
posed to decrease the user quitting ratio. Results have shown that
there are different ways to improve the experience of the users.
The analysis of performance across ladders and ABR control
schemes has shown that simple ABR control schemes be greatly
improved by using better-optimized ladders, and advanced ABR
control schemes such as Robust MPC [26] are less sensitive to
the choice of the bitrate ladder than simpler approaches [52].

One possible source of concern for a network-dependent lad-
der is that the selected bitrate ladder may only be valid for a
limited period. Results based on the Puffer open dataset [1]
have shown that stable performance over one year could be ob-
served. Performance was also consistent across ABR control
schemes. In a real-world scenario, availability of content needs
to be maintained over multiple years. Considering the advance-
ment of network access performance, the bitrate ladder may need
to be re-estimated after multiple years. However, the proposed
approach still has the benefit to define how to encode newly re-
leased and most popular contents, which may cover most of the
load of the service provider. Therefore, ensuring that new and
popular contents are properly encoded to improve user experi-
ence would provide high value to the users.

Results have also shown that stable performance could be
obtained across a large variety of types of source contents, and
thanks to the network and content-dependency, it was also possi-
ble to use a limited number of quality levels in the bitrate ladder
to cover the need of most users. These results show that opportu-
nities exist to save storage space by considering different types
of encoding depending on network throughput and could be ap-
plied to tune the performance to specifically address different
geographical regions.

It should be mentioned that the proposed approach in its cur-
rent state is computationally intensive as it relies on a large
number of trials encodes so as to define the bitrate ladders. In
the current work, the main focus of the research has been to-
wards taking into account the network’s historical throughput
data as well as choosing the ladder configuration based on the
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user quitting ratio. Therefore, the most accurate content com-
plexity estimation technique was used, but more computation-
ally efficient approaches such as [11], [12], [13], [14], [15] could
be considered as well.

Finally, future work will consider using the proposed frame-
work in real-world scenarios. Indeed, results presented in this
paper have been based on emulation using large variety of
real-world network traces, but it may be of interest to test further
this work by using a video streaming platform to which users
shall connect and watch videos in real-world conditions. Set-
ting up such platform would allow demonstrating the benefit of
our approach outside of the controlled laboratory environment
setup, and will then be part of future work.

VII. CONCLUSION

In this work, a bitrate ladder estimation method for adap-
tive bitrate (ABR) video streaming was proposed. The proposed
method enables the coding condition to be defined to decrease
the likelihood of users quitting videos by considering both con-
tent coding complexity and the network’s historical throughput
data. The method is independent of the strategy used by the
video player to request chunks and performs consistently across
them. It was shown that while better performing ABR control
schemes can decreases the odds of users quitting, considering
an optimized bitrate ladder can be also be used as an alternative
solution. Moreover, it was shown that ladders can perform sta-
bly over long periods and may also perform consistently with
fewer quality levels. This can be thought as a way to improve
user experience by considering geographical regions and subse-
quent internet access availability. Future research will include
the analysis of video coding complexity as this process can be
computationally intensive.
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