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Abstract—This paper examines the hypothesis that asking
people about video quality changes their behavior. We conducted
an Absolute Category Rating (ACR) scale test as a baseline. We
also conducted an experiment in which subjects chose a movie
to watch and pressed a button whenever the quality disturbed
their watching experience. This experiment design could lead to
improved understanding of bitrate ladders. The action-focused
experiment, whereby most subjects tolerated only very high-
quality video, revealed an extremely large diversity of button-
pressing behaviors. Our analyses indicate that each subject has
their own unique lower threshold for the video quality that they
tolerate. We observed two subgroups of subjects, one demanding
and the other relaxed. The button pressing threshold of the
demanding subgroup maps to between good and excellent on
the ACR scale; that of the relaxed subgroup maps to between
fair and good. An area for future work is an algorithm that
differentiates between demanding and relaxed subjects.

Index Terms—QoE, quality of experience, subjective test, user
experience, video quality

I. INTRODUCTION

This is the second in a series of papers investigating the
context and factors that influence quality of experience (QoE)
when people use video services [1]. The goal is to develop
experiment designs that more accurately measure QoE. This
paper presents a video quality experiment in which subjects
were not asked about quality, to examine the hypothesis that
asking people about quality changes rating behavior.

ITU-T Rec. P.910 [2] and ITU-R Rec. BT.500 [3] describe
best practices for conventional subjective tests that assess
video quality. With the most popular method, Absolute Cat-
egory Rating (ACR), subjects watch a short video and then
explicitly rate the quality. These ratings are averaged across
a pool of subjects to calculate a mean opinion score (MOS).
These well established methods inspire trust and lead us to
assume, without proof, that they accurately measure all aspects
of QoE.

From a comparison of six labs in 2012, conducted by the
Video Quality Experts Group (VQEG), we know that these
are relative MOSs, not absolute MOSs [4]. We can reach
strong conclusions about relationships among videos, like
“system A is significantly better than system B,” but when the
same videos are rated in multiple labs, statistical tests may
show significant differences. We cannot make comparisons to
constant MOS thresholds, because the top and bottom of the
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scale is unpinned—the effective meanings of excellent and bad
shifts to accommodate the range of quality presented, the set
of subjects involved, test environment, user expectations, etc.

From our modeling of subject ratings in 2015 [5], we
learned that subjective ratings is a random process that is
influenced by three random variables: subject bias, subject in-
accuracy, and stimulus inaccuracy. The observed distributions
for these three variables span about +/- 25% of the ACR rating
scale. These random variables explain apparent inconsistencies
within a single subject’s data and probably cause much of
the lab-to-lab differences seen in datasets scored at multiple
labs. The newest statistical analysis method in ITU-T Rec.
P.910 builds on this theory to weight subject ratings by their
reliability when calculating MOSs [6].

Our study on the accuracy of subjective tests in 2023 [7]
proves that conventional subjective tests are highly precise and
repeatable. We used a confusion matrix to compare conclu-
sions reached by 88 lab-to-lab comparisons, 22 method-to-
method comparisons, and 12 comparisons between expert and
naive subjects. We used the disagree incidence rate to identify
lab-to-lab differences (i.e., the likelihood that significantly
different stimulus pairs have opposing rank order from the two
labs). We concluded that disagree incidence rates above 0.31%
are unusual enough to warrant investigation and disagree
incidence rates above 1.0% indicate differences in method, test
environment, test implementation, or subject demographics.

Observations at VQEG meetings indicate that companies
often treat MOSs as absolute and rely upon MOS thresholds.
An MOS threshold of “good quality or better” is generally
recommended for purposes like the minimum expected quality
for paid video streaming services or the minimum allowed
quality of source video sequence in video quality metric
validation tests. Based on our ad-hoc observations, VQEG
subject matter experts are aware of all three studies and
acknowledge the validity of this prior work.

So, which assessment is more accurate? Is the relative nature
of MOSs a minor factor, such that it is only of interest for sta-
tistical tests performed on lab-to-lab comparisons? In that case,
the general guideline of “good or better” would be reasonable
within the context of a specific scenario, such as a paid service
streaming 1080p 24fps video to a laptop. Does the action of
asking people to assess quality—and the scale presented—
change how people think about quality? Perhaps conventional
subjective tests focus attention only on perceptual drops in
quality (relative differences), while diminishing or eliminating
people’s opinions on whether the quality is objectionable (e.g.,
whether they care enough to act). In that case, conventional
subjective tests and MOS thresholds cannot accurately predict
people’s actions in the real world, such as deciding whether
to change service providers.

In order to address the above described question, we have
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to link user behavior and quality. Our initial claim was:

« If we measure behaviors but do not ask about quality, our
conclusions will differ from the results of conventional
video quality experiments.

To explore this claim, we will implement a modified ex-
periment protocol that avoids asking people about quality
directly, due to concerns that such questions could influence
people’s opinions. During the viewing, the video quality will
fluctuate. If at any point the quality interferes with the subject’s
experience, they are instructed to stand up and approach the
TV to push a button that resets the simulated service to
the highest possible level of quality. The subject will then
participate in a conventional subjective test. We will use the
Video Multi-method Assessment Fusion (VMAF) metric [8] as
a bridge to compare the button-pressing behavior with MOSs.

This experiment is designed to measure the subject’s will-
ingness to act in the lab. Our theory is that such actions
taken in the lab may be more indicative of actions in real life
than opinions expressed. This experiment design has reduced
internal validity, as compared to a conventional subjective test,
and it increases mundane realism with the hope that external
validity will also improve [9]. Although this introduction
focuses on our work, these efforts were only possible due
to contributions from many other researchers and insightful
discussions during VQEG meetings.

The main contributions of this paper are:

« A new experiment design where people perform a phys-
ical action instead of assessing quality on a written scale

o Methods to analyze the data obtained from this experi-
ment

o Methods to compare action-based experiment data with
conventional ACR data

e An improved method to estimate the adaptive bitrate
streaming (ABS) ladder, based on user behaviors and
quality tolerances

II. STATE OF THE ART

Our experiment compares the conventional experiment de-
sign with a design introducing actions by subjects. Therefore,
this section is divided into two parts. The first analyzes
articles written for consumers and scientific publications that
examine consumer behaviors in real world. The second part
lists related research papers that describe QoE experiments.
We need the first part to clearly describe why we propose
an experiment that does not pose questions about or direct
subjects to consider quality.

A. Talking to Consumers

Conventional subjective tests must display varying levels
of quality, or the task gets too frustrating. This is unrealistic.
Real video streaming services present a stable level of video
quality. Quality fluctuations are usually caused by the rare
burst of network errors (e.g., packet loss or rebuffering).

Robitza et al. [10] installed an app on subjects’ phones to
monitor subjects’ use of Amazon Prime Video™, Netflix®,

and YouTube™ services'. The authors collected playback
parameters like usage rates, abandonment rate, and loading
times for 447,489 viewing events and more than 2,000 viewers.
The network parameters were fed into a bit-stream metric,
to estimate MOSs. The authors, when they presented this
study to VQEG, observed that their subjects typically did
not encounter dynamically changing quality. This phenomenon
can be observed in the quality distribution histograms (Fig. 7
of [10]), where most data lies between good and excellent,
and in the observation that stalling was responsible for most
of the drops in quality.

These results are in line with a quality study of different
applications, which shows that the applications used were good
or excellent [11]. This is a logical consequence of testing in a
real environment. The applications that are actually used have
to be at least of good quality. Otherwise, the application is not
used and we do not see them in the real use cases.

Conversely, people will tolerate very low quality for specific
purposes. Examples include very old films, videoconferencing
during social isolation, and a sports fan who can only gain
access to a particular event via a very low quality video stream.

We interviewed more than 100 first responders about prob-
lems with image and video quality [12], and how they spoke
about quality differed greatly from conventional subjective
tests. People naturally expanded the scope of our discussions
to include problems with camera systems in general. These
first responders identified a large variety of problems, such as:

o Form factors (e.g., dirty cellphone lenses and bodycams
pointing away from the action)

o Obscurants (e.g., surveillance system cameras blocked by
spider webs, growing vegetation, dust storms, rain, and
falling snow)

« Environmental conditions that hinder the camera’s per-
formance (e.g., low light conditions and different lighting
conditions in the same scene)

e Process flow (e.g., incompatible video file formats, data
storage, incorrect time codes, and inaccurate geotagging)

o Camera capture system (e.g., poor telepresence, mis-
matches with human perception, and lack of accurate
colors)

First responders’ opinions of video quality depended on
the task being performed. The detectives and forensic video
analysts were adamant in stating that a threshold for usability
could not be established, because any video evidence was
useful. Color accuracy matters more for first responder use
cases than for entertainment use cases, and we were eventually
able to detect the impact of this on subject ratings [13].
However, in casual discussions, first responders rarely talked
about pixel quality specifically.

To assess how novices think about video quality, we
searched the internet for consumer articles that assessed the
quality of video streaming services and were published within
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the last five years. We limited our analysis to nine articles
from well-known consumer organizations. We will examine
these articles individually and then note trends.

Only three articles mention video quality. Compira Labs
[14] recommends five KPIs: video startup time, rebuffering,
bitrate, resolution, and latency. Wired [15] considers two
of these KPIs (resolution and bandwidth) plus user contracts,
and ad-supported vs ad-free content. CableTV [16] considers
two KPIs (resolution and rebuffering) plus cost, user contracts,
variety of channels, and the available content.

The other six articles do not mention video quality, and
therefore we interpret this to mean that video quality does
not matter. PCMag [17] assesses the best video streaming
services by comparing variety of content, ad-supported vs ad-
free content, cost, and user interface. Forbes [18] compares
streaming behaviors and preferences by assessing time spent
streaming, likelihood of having subscriptions, cancellation
rates, cost, ad-supported vs ad-free content, revenue, and pop-
ularity. The Consumer Reports guide on streaming services
[19] focuses on cost, content library, and ad-supported vs
ad-free content. The Nielsen analysis of video streaming
consumption [20] mentions time spent streaming, growth of
the industry, the large number of services, the increase in
content, and types of services. The PricewaterhouseCoopers
(PwC) video streaming survey of 1,000 consumers [21] inves-
tigates many topics—emotional response, variety of content,
viewing devices, subscriptions, user interfaces, personalized
adds, comparisons with cable TV, reason for leaving a show
early, strategies for retaining customers, etc.—but not video
quality. The Whip Media analysis of streaming video services
[22] focuses on user satisfaction, likelihood to keep services,
favorite services, quality of programming (content satisfac-
tion), variety of content, content suggested by the service,
cost, customer churn, reasons for canceling a service, and user
experience.

None of these nine consumer articles acknowledges differ-
ences among the services’ video encoders, transmission strate-
gies, and bitrates. From private communications, we know that
the quality of video encoders differs. The impact of transmis-
sion strategy on quality can be seen in the research of Yang et
al. [23], who propose an adaptive video streaming scheme
for intercity railways, and Minh et al. [24], who propose
strategies for adaptive streaming to benefit from new HTTP
features. Bandwidth is assumed to be a variable controlled
by the consumer (e.g., “Just about every streaming service is
smart enough to adjust the video quality in response to the
available bandwidth on the Wi-Fi (or cellular) network that
you’re connected to” [15]). None of the articles acknowledges
the service providers’ need to balance multiple factors when
designing their content delivery network (CDN), including per-
title bitrates, and constraints on multiple storage spaces around
the world.

These consumer articles do not reflect the interest that
streaming service providers express about video quality, as
reflected by their participation in VQEG. This discrepancy is
not an issue of perception; conventional experiments show that
subjects are able to distinguish quality when asked to focus on
this task [7]. Therefore, we have no truth data and an unclear

relationship between video quality and people’s actions in the
real world.

We also observe anecdotal evidence that quality matters.
Significant effort has been dedicated to improving the quality
of old movies and photographs, as demonstrated by numerous
publications on quality enhancement algorithms [25], [26].
Another indication is the popularity of high-quality short
videos on Instagram™® and YouTube [27], which are typi-
cally of good or excellent visual quality [28]. The equipment,
lighting, and production techniques used by professional con-
tent creators on social media suggest that video quality is a
priority. Although their gear is generally less expensive than
broadcasters’ cameras, it still surpasses what is achievable
with a basic smartphone. Finally, even children tend to notice
quality differences, often commenting that low-quality content
“looks like a photo from the 1980s.” These observations indi-
cate that visual quality is perceptible and valued—though its
impact may be less immediate or less critical when comparing
services that are already technically similar.

B. Related Experiments

Related experiments can be divided into two different
categories. The first concerns analyzing real data to obtain
the quality thresholds from observed behaviors. The second
concerns subjective experiments that pose no questions about
either quality or preferences. We will start with analyses of
real data.

Robitza et al. [10] collected and analyzed data from 400,000
video playback events across three major video streaming
services. Unfortunately, their analyses were not able to reach
strong conclusions on the influence of video quality on user
engagement. This is left for a future study, but we did not
find such a publication. Either the relationship between quality
and engagement was too difficult to extract from the real
world data, or perhaps the infrequency of such events was too
low (e.g., because the study was limited to major streaming
services).

Huan et al. [29] performed a giant study of ISP data, which
studied the migration of 3.8 million users among content
providers (CP). They concluded that poor service quality rarely
causes users to migrate between CPs (meaning stalling or
a requested video not playing). Instead, in nearly 60% of
migrations, the user played one of the most popular videos.
The video quality (pixel quality) is not mentioned, likely
because that information is not currently available in the ISP
data.

Leszczuk et al. [30] provides information on the methods
provided by ITU-T Rec. P.912 [31], Subjective video quality
assessment methods for recognition tasks. The idea is to
design videos that can be used to perform a task that has
a correct answer (e.g., reading a license plate). The goal of
the experiment is to quantify video system characteristics that
permit the task to be performed (e.g., minimum resolution and
bitrate). The advantage is that the method is deterministic;
there is a right and wrong answer. The disadvantage is that it
is difficult to collect or create source videos that demonstrate
all aspects of the tasks (e.g., object size, scenery, amount of
motion in the scene, and camera impairments).
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Fig. 1: Figure, reproduced with permission from Sackl et
al. [32], showing distribution of spending for the quality
improvement. We see that 20% testers spend all the money,
and the other 20% spend a maximum of 15% of the available
budget.

Sackl et al. [32] use monetary incentives as a substitute for
subject ratings, to explore the impact of network quality on
video on demand (VoD). Each subject chose three videos with
a total duration of one hour. At the beginning of each video, the
subject explored four network quality of service (QoS) levels
to understand the impact of each QoS level on video quality.
The subject had a small pool of funds that could be spent
on increased QoS, and thus video quality. Any unspent funds
were theirs to keep. As shown in their Fig. 5 reproduced here
by permission of the authors (see Fig. 1), subject responses
spanned the full range from investing none of their own money
(10% had €10 remaining) to paying the maximum amount
allowed for enhanced video quality (20% had €5.5 remaining).
We will refer to this study later, in our data analysis.

The FYN experiment design is, in some ways, similar to the
very popular Just Noticeable Difference (JND) method [33].
JND starts by using a single source video to create a large
pool of stimuli (e.g., different compression bitrates). Subjects
compare the source video (called JNDg) with stimuli from
the pool until they find a stimuli where 75% of subjects say
INDy is “better” than this stimuli (i.e., the quality difference
is noticeable to 50% of subjects and the other 50% of subjects
answer randomly). This is JND;. We repeat this process by
comparing JND; with stimuli from the pool until we find
JNDs, etc. The final JND dataset contains a series of videos,
named JNDg, JND;, JNDs, ..., IND,, [34].

FYN is similar to JND in that both experiments search for
a reaction and a threshold. Therefore, the analytical solutions
are similar to those considered in [35]. Also, generalization
of JND beyond just JND experiments [36] is an interesting
step which we will explore in our analyses. The similarity of
the data obtained (probability as a function of quality) and the
analytical method (looking for the correct fitting curve) are the
only true similarities. In the FYN experiment, we do not ask
if subjects see a difference but if they care enough to stand
up and act, despite interrupting an interesting movie.

Miao et al. [37] and Brunnstrdom et al. [38] provide ex-
amples where video quality is assessed without asking people
about quality. In each, the subjects perform a task, and the task

performance is the quality measure: backing up with a digital
rear view camera [37] and operating a VR system to load
a logging truck [38]. Our idea of conducting an experiment
without asking about quality is often used by User Experience
(UX).

III. DESCRIPTION OF EXPERIMENTS

We conducted two different experiments. The first, Fix Your
Netflix (FYN), was an experimental method in which subjects
acted instead of rating quality. The second, Conventional
VMAF Test (CVT), was a conventional subjective test.

In this paper, we will always begin by describing CVT first,
because it provides a known basis for comparison. However,
subjects performed FYN (March 7 to June 17, 2023) before
they performed CVT (October 9 to 30, 2023).

For the CVT experiment, we invited the same subjects who
participated in the FYN experiment so that we would able to
make within-group comparisons. Since we wanted to have a
diverse pool of subjects, we advertised the experiment in two
different places: the Facebook platform and a senior associ-
ation. The first resulted mostly in young people; the second,
mostly in people over 50. The age distribution is presented in
Fig 2. The blue color indicates all participants who passed the
data cleaning procedure described in Section IV-A.
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Fig. 2: Age distribution for all participants marking who
passed the data cleaning procedure (see Section IV-A)

A. VMAF as Proxy for MOS

Our experiment design has two very different experimental
procedures. FYN is a reaction to quality. CVT is a quality
judgment. We cannot use the same sequences in both pro-
cedures, since reacting to quality requires engagement, and
engagement requires personal content selection. On the other
hand, the conventional experiment assumes that all participants
rate the same sequences. In order to compare results from
both experiments, we need to know for both experiments what
quality was watched before the rating or action, respectively.
We used the Video Multi-method Assessment Fusion (VMAF)
metric, which is publicly available [8]. More details about
why we selected VMAF can be found in our forthcoming
publication [9].



B. Conventional VMAF Test (CVT)

CVT is a conventional experiment with repeated scenes.
The source sequences (SRC) are 5-second stimuli extracted
from movies on the “Netflix Open Content” website [39].
We used HEVC/H.265 to encode a large pool of processed
video sequences (PVS) using a full matrix of constant rate
factor (CRF) levels from 20 to 35 and resolutions from 4K
to 480x270. We calculated VMAF for each SRC and PVS,
and then selected stimuli that are close to 10 evenly spaced
VMATF scores (i.e., 100, 89, 78, ... 0). This allowed the CVT
to have a uniform quality distribution. Note that VMAF=100
for all SRC, because VMAF is a full reference (FR) metric.
The CVT dataset contains 171 stimuli: 12 SRC with 11 PVSs,
3 SRC with 10 PVSs, and 1 SRC with 9 PVSs.

The CVT subjective experiment was conducted in a dedi-
cated laboratory with light levels set according to the ITU-T
Rec. BT.500 specification. The stimuli were played on a 55-
inch 4K television at a distance of three picture heights (3H).
The experiment was controlled by the AVRateNG software
[40], [41]. Subjects rated the stimuli in a random order on
the 5-point ACR scale. Of the 40 subjects who participated
in the FYN experiment, 35 returned for the CVT experiment.
The CVT dataset has 35 ACR responses for each of the 171
stimuli.

C. Fix Your Netflix (FYN)

The FYN experiment focuses on reacting to quality instead
of rating quality. Subjects selected any movie from the Netflix
platform. If a subject did not know what to watch (17 subjects
out of 40 subjects), we proposed three pre-selected movies that
had good reviews. After selecting a movie, each subject sat
on a sofa positioned at a distance of 3H from the 55-inch
television (approximately 1.5 meters).

The recorded instructions (translated from Polish) were as
follows: “You can set up the seating position as you want,
even shifting some furniture if you want. While watching,
the quality can drop. The moment the quality disturbs your
watching experience, approach the television and press the
button that is on the left side of the television. After you press
the button, the quality will be changed to the best available. Do
not move the button; it should stay at the same position.” The
button pressing action also paused the playback briefly and
rewound the video for 1 to 2 seconds. None of the subjects
shifted the furniture.

The system? decreases quality every 90 seconds (= jitter),
so that subjects could predict when the quality will drop. The
quality drop was implemented by selecting the next lower
bitrate from the Netflix service. Each time the button was
pressed, the quality was raised to the maximum available
bitrate. After the movie ended, the subject filled out a ques-
tionnaire.

We record all the information available from the diagnostic
screen of the Netflix service (e.g., link to the movie, bitrate
played, resolution played, VMAF rating, and buffering infor-
mation). The system estimates VMAF as a constant for the

Zhttps://github.com/TUFIQoE/Fix YourNetflix-TUFIQoE-2022/blob/main
/README.md

entire movie at each bitrate (i.e., ignoring fluctuations over
time). However, since the Netflix content processing algorithm
[42] targets specific VMAF levels, these estimates are reliable.
We extracted and recorded the names of movies watched in
April 2025, when we noticed that some of the movies links
were broken. The FYN dataset contains the VMAF values as
a time series, and the times when subjects pressed the button.

IV. DATA ANALYSIS: DATA PREPARATION

This section prepares the data from our two experiments.
We start by cleaning the data, and then extract parameters for
each experiment.

A. Data Cleaning

Let us begin by cleaning the data. We want a within-group
comparison® between the FYN and CVT experiments, so we
must discard data from the FYN subjects who did not return
for the CVT experiment (subjects 8, 17, 25, 33, and 37).

Using ITU-T Rec. P.910 Annex A [2], we will be screen-
ing the CVT subjects. Fig. 3 shows the Pearson correlation
between each subject and the overall CVT MOS. Based on
the distribution formed by the majority of CVT subjects, the
appropriate threshold for this test is around 0.65 to 0.60.
Therefore, we will only remove Subject 42, whose correlation
is a clear outlier for CVT. Subject 42 also pressed the button
erratically in the FYN experiment.
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Fig. 3: Correlation between each CVT subject’s ratings and
the overall CVT MOS.

To screen the FYN subjects, we will perform visual analyses
of the button pressing time series. The FYN data and FYN
questionnaires indicate atypical button-pressing behaviors at
the beginning and end of the movie (see Fig. 4). At the
beginning, some subjects are not sure how the system worked
and are slow to press the button. At the end, some subjects do
not want to interrupt the finale or perhaps do not care about
the quality of the closing credits. Therefore, we will omit all
data up to and including the first button press, and we will
omit all data after the last button press.

3A within-group comparison examines the behavior of identical subjects
who participate in two different experiments, allowing us to compare behav-
iors in both experiments.



We will eliminate Subjects 12, 29, and 34 because they
never press the button. The questionnaire only provides in-
sights into subject 34 (who did not understand the test in-
structions) and Subject 12 (who claims that the quality never
dropped low enough). We cannot rule out the possibility that
Subjects 12 and 29 do not want to admit that they did not
understand the instructions. While it would be interesting to
include these extreme behaviors, their data would always be
a special case with unknown accuracy.

Invalid FYN data are discarded. Subject 26 changes movies
part way through FYN, because the original movie was too
scary. We will discard the data from their original movie. The
FYN test software failed for Subjects 5 and 20. Subject 41
was an internal test of the FYN system.

VMAF

40

0:00 0:30 1:00 1:30 2:00
Time (hours:minutes)
Fig. 4: Quality fluctuation for subject 40. The first and last
button pressing behavior are different from the middle of the
experiment. VMAF scale is synchronized with Fig. 6.

After this data cleaning, we have 31 subjects. Each subject
scored 170 sequences in CVT and pressed the button between
6 and 25 times in FYN, for an average number of 10.7 button
presses.

B. Extracting Data from CVT

The CVT experiment produced a Pearson correlation of 0.92
between VMAF and MOS, with a typical spread around the fit
line (see Fig. 5). Since we are mostly interested in a subject’s
behavior, we used the “Bias-subtracted consistency-weighted
MOS method” described in P.910 [2] and [6] to improve our
MOS estimations. This method estimates the subject bias (A;)
and the subject consistency (o;) for each CVT subject.

C. Extracting FYN Data Trends

The FYN experiment generates a time series for each
subject that shows which VMAF was seen and for how long.
Fig. 6 shows an example of three very different button pressing
behaviors. Subject 12 (mentioned earlier) watched a short
movie and did not press the button. Subject 19 pressed the
button fairly consistently, when VMAF was around 80 to 90.
Many subjects’ data show similar button pressing behaviors,
but with different thresholds. Subject 3 watched a long movie

0 25 50 75 100
VMAF
Fig. 5: Correlation between VMAF and MOS for CVT exper-
iment.

and had a large variety of button pressing behaviors. Some-
times the button was pressed quickly (= 95 VMAF at time
1:00); other times, the subject watched for several minutes
before pressing the button (= 35 VMAF just before 1:30).

Fig. 6 shows why we have different numbers of FYN
responses for different subjects. If someone keeps the quality
high, the button is pressed more often, generating more data.
If someone watches a longer movie, we gain more data.

100
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Time (hours:minutes)
Fig. 6: Pressing process in time for three FYN subjects with
different behaviors.

The FYN time series data can be used to generate a more
standard representation, focusing on which level makes a
subject stand up and take action. The Method of Limits is com-
monly used for this purpose in psychophysics experiments.
The Method of Limits is an experiment paradigm that tries to
detect a response threshold. In our case, this threshold is the
distortion level at which the subject will typically press the
button. A simple example is a study to detect the temperature
sensitivity threshold as a function of age and where subjects
were touched [43].

Our data are very imprecise, because the server only has
around 7 to 10 VMAF levels for each movie. Nevertheless, the
goal is not to show all the cases, but to estimate the sensitivity



function. We know that for perfect quality, no subject is
interested in pressing the button. For quality where nothing
can be seen at all, each subject should be interested in fixing
it. Using these assumptions, we change the time series into a
probability plot (see Fig. 7).
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VMAF
Fig. 7: Probability for each subject of pressing the button.
Subjects 3 and 19 are highlighted (see Fig. 6).

We want to find the shape of each subject’s pressing
probability function. As per best practices in psychometry, we
will fit the Generalized Linear Model (GLZ) to our data. This
yields a function that predicts the probability of a particular
subject pressing the button, as a function of VMAF. For each
subject, we fit the psychometric function using R package
quickpsy [44]. Examples are presented in Fig. 8.
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Fig. 8: Button-pressing probability functions for subjects 3
and 19, estimated using GLZ. We are interested in the model
parameters: threshold (a) and slope (3).

The psychometric function, given by

f() ! (1)

T 14 e Bilvta)
allows a description of each subject’s threshold (), which
can be understood as sensitivity. For VMAF = «;, a subject
has a 50% chance of standing up and pressing the button.
Mathematically, the threshold is a value of v (in our case,
VMATF) for which the psychometric function reaches 0.5. The

second parameter is slope (/3;), which can be understood as the
subject’s consistency. Mathematically, the slope is the value
of divergence at the threshold point; so it is how fast the
psychometric function changes at the threshold. Fig. 8 presents
example data and models for two subjects.

The interpretation of the parameters of the psychometric
function for video quality is as follows: The threshold is the
level of quality for which the probability that the subject takes
an action is 50%. A lower threshold indicates that a person can
watch a lower-quality video without the willingness to react.
The slope determines the size of the threshold confidence
interval by ~ L [45]. For slopes close to 0O, the threshold
confidence interval is wide. Such a person might have pressed
the button in response to a quality level of 95 or 35, or
anywhere in between, as shown for subject 3 in Fig. 6 and
Fig. 8.

As always in data analyses, we should distinguish the
theoretical value «; and the estimated value, traditionally
marked by &;. Since we are going to estimate «; by two
different methods, we will use afYN if the value is estimated
by FYN data. The o or « refer to a theoretical value. Any
value marked by a dataset name means an estimate based on
that specific dataset.

Fig. 9 summarizes the results. We see that the threshold is
widely spread, with very close to a uniform distribution.

V. DATA ANALYSIS: COMPARING BEHAVIORAL AND
CONVENTIONAL TESTS

For both FYN and CVT, the same subjects can be described
by parameters that describe their sensitivity to quality (c; and
A;) and the stability of their answers (3; and o;). We would
like to understand how those two values relate to each other.
Because we have so little data, our estimates for stability are
inaccurate. We will therefore focus on sensitivity measured
either directly (using «; and A;) or indirectly (using VMAF).

A. Comparing Sensitivity

Fig. 10 shows a scatter plot between «; and A;. The Pearson
correlation is —0.37 with a p-value of 0.04 (i.e., a weak
but statistically significant relation). This means that A; only
explains around 14% of the variance in «;.

Since the two experiments are very different, this confirms
the existence of personal preferences for higher or lower
quality, but the relation is rather weak. It also suggests that
conclusions drawn from ACR experiments cannot be directly
mapped to real world behaviors. This analysis is imperfect be-
cause A; is generated by averaging opinions over all possible
qualities, while «; is based on the qualities people would like
to see.

B. VMAF Distributions

Fig. 11 shows the distributions of VMAF levels presented
to subjects for the FYN and CVT experiments. Subjects are
sorted and color coded by FYN sensitivity to quality, «;.

The CVT distribution is fairly uniform, and each VMAF
bin has an identical distribution of colors. That is, the CVT



s
=
(=}
o]
2
0
50 60 70 80 90 10c
Threshold
(a) Histogram for threshold estimation (af™).
8
6
g
24
o]

0 5 10
Standard error approximation

(b) Histogram for standard error approximation (ﬂﬁ).
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Fig. 10: Scatter plot and correlation for «; and A; obtained
for FYN and CVT experiments.

stimuli span the full range of quality from VMAF 0 to 100,
and all subjects saw the same range of quality.

The FYN distribution is skewed to the right: predominantly
VMAF > 80 and rarely VMAF < 50. This is a natural
consequence of the design of the experiment. To see poor
quality, the subject has to watch and not react as quality drops
from excellent, to good to fair to poor. Also, the proportion
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Fig. 11: VMAF distribution for both experiments. The order
of subject is given by threshold («;).

of subjects with higher «; decreases as the quality drops. For
example, the fourth bin in Fig. 11(a) has very few orange
subjects (i.e., subjects with a high threshold).

FYN does not display the same quality to all subjects for
two reasons: (1) the server streams different quality levels for
each movie, and (2) subjects impose their own lower limit
on the displayed quality. For example, if a subject determines
quality below VMAF 80 to be unacceptable, they will press
the button whenever VMAF reaches 80 and they will never
see lower quality. As the result, the overall quality presented in
the FYN experiment depends on subjects. On the other hand,
in the CVT experiment, everyone views footage of exactly
the same quality. Regardless of personal preference, subjects
cannot influence the next sequence.

Fig. 12 shows the distribution of ACR ratings for the
CVT experiment. Subjects are color coded according to the
CVT sensitivity to quality, A,. We see that the A; influences
the distribution (e.g., less orange for bad quality than for
excellent), but this influence is more subtle than the color
distribution trends in Fig. 11a.

Taking into account that the quality range in CVT is
twice that of the range in FYN, and not taking into account
the overall distribution, this small influence upon the same
subjects indicates they behave differently in CVT and FYN.
Four subjects never allowed the FYN quality to drop below
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VMATF 80. We would expect these four subjects to have given
an ACR rating of fair or worse to anything below VMAF
80. However, those subjects indicated a quality of good or
excellent for 14% to 24% of the answers of CVT sequences
with VMAF < 80. This suggests that their actions in FYN
differed from their ratings in CVT.

C. Using Sensitivity Threshold to Simulate Rating Distribu-
tions

FYN behaviors suggest that subjects in a conventional test
do not want to see videos when VMAF drops below some
threshold. This threshold probably influences video streaming
service subscriptions, the quality of free videos watched at
home, and how subjects interpret the ACR scale.

Let us assume that the threshold («) indicates a funda-
mental characteristic of each subject. Directly from the FYN
experiment, we can estimate o which we call of YN, If our
assumptions about « are true, we should be able to combine
our threshold estimate (afYN) with the expected quality dis-
tribution of a subjective test’s videos (from VMAF) to model
the expected distribution of that subject’s ACR ratings. We
will need one more piece of information: how « influences
the ACR scale. Since we do not know this, we will consider
different scenarios.

We will make the following assumptions: 1) subjects want
to fix the system’s problems any time the quality drops below
a threshold «, 2) « differs among subjects, 3) o maps to
a specific point on the ACR scale, 4) subject ratings are
uniformly distributed across the ACR scale from minimum
quality to «, and 5) subject ratings are uniformly distributed
across the ACR scale from « to the maximum quality.

The task is to map the 0 to 100 VMATF scale to five rating
levels: excellent, good, fair, poor, and bad. We will begin by
assuming that « is on the edge between fair and good. Fig. 13
shows us how the VMAF scale would evenly divide into ACR
rating intervals, for two example thresholds: o = 40 and o =
70. Variable a, divides the rating categories, b,, is set to the
middle of each category, and u is one discrete rating level (i.e.,
5 = excellent, 4 = good, 3 = fair, 2 = poor, and 1 = bad).

good | excellent

a3 =ap, ai b 100

fair ‘

(a) VMAF to ACR mapping for o = 70

poor fair ‘ good

ap p, G2 py a3 =0 by aq bs 100
(b) VMAF to ACR mapping for a = 40

Fig. 13: Mapping between VMAF and ACR scale with
assumption that each subject threshold maps to the border
between “fair” and “good” on the ACR scale (a3 = a).

excellent ‘

Thus, VMAF [0, «] are evenly divided into the bad, poor,
and fair; while VMAF («, 100] are evenly divided between
good and excellent. Note: a,,, by, and « should also have
subscripts to denote the subject, but we will leave these off to
simplify the following description.

The moment we assume that (a3 = «), we can calculate
a% () and b2 (a)*. If we assume that o is on the edge
between “good” and “excellent,” at (a4 = «), we can adjust
our calculations and derive a different set of a%(«) and
b4 ().

The af? and b2 values are theoretical. Our estimate of bJ2,
called Eu, is the average VMAF for all videos that receive
a rating of v from subject i. For example, for each CVT
subject, we will find all videos that were rated excellent =
5 and calculate the average VMATF for that set of videos. This
yields bs. We will repeat this for u € {1,2,3,4}. If the subject
never used a rating level, we assign a default value to Eu Now
we have five theoretical values b2*(«) and five estimations b,,.
By minimizing the square distance between b$3(«) and bu,
we can estimate « for CVT experiment (with the assumption
a3 = « and this subject), which we will denote o“VT:93:

5 a 7 \2
0@ -b? _

da

Equation (2) allows us to derive o©¥YT:%3 from CVT or any
ACR experiment. These per-subject a“Y1:%3 estimates can be
compared with oFYN, the per-subject thresholds extracted from
FYN. This scatter plot is presented in Fig. 14.

The 0.38 correlation between V% and ofYN is signif-
icant but close to the arbitrarily selected significance level
0.05. The distribution of data around the fit line is not
uniform, which indicates a missing factor in the analysis.
Closer inspection of this scatter plot shows that there are two
different groups. Fig. 15 fits a separate line to each of these
two groups. The relaxed group is shifted up and to the left
(colored blue) and has lower FYN thresholds on average. The
demanding group is shifted down and to the right (colored
pink) and has higher FYN thresholds on average.

The division between the Fig. 15 groups is done by hand,
but the level to which the results improved is much beyond

aCVT,a;; .

#For interested readers: for a3 = a we have: a{®(a) = %a. a3®(a) =
20, a3 (@) = o, af?(a) = 2a +50; 7% (a) = 2o, b33 (a) = L,

3 2
b3® (o) = %a, by® (a) = %a+25, b3 (o) = %aJr %5
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what we expected. We have much higher correlations, data are
scattered much more uniformly around the fit line, and a©VT-%s
is exactly of'YN just with a shift. For the relaxed group, the shift
is small, but for the demanding group the shift is significant.

A simple explanation would be that the demanding group
has a different strategy. If these subjects want to watch
excellent quality, then it would be reasonable to assume that
for them a4 = a. In Fig. 16, the relaxed group assumes that
a3 = « and the demanding group assumes that a4 = a. With
this modification, all data are distributed uniformly around a
single fit line.

The fit shown Fig. 16 is surprisingly good considering that
the FYN measurements of VMAF are imprecise, the VMAF
distribution in CVT is not perfectly uniform, and the two
experiments are very different. The Pearson correlation is
very high (p = 0.89). We could obtain higher correlation by
selecting strategies which give the best fit (up to p = 0.92),
but this is not our goal. Even with our simple strategy, we can
see a very strong relation between FYN and CVT.

The existence of different rating strategies was noticed by
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Fig. 16: Scatter plot comparing threshold derived from FYN
(oFYNY with threshold derived from CVT, where the two CVT
groups use different thresholds: a“YTs for the upper group
and a“VT-%4 for the lower group. The groups are generated by
hand.

Sackl et al. [32]. They also observed premium users (strategy
a4 = o, which means “T would like to see excellent quality”)
and enough quality (strategy as = «, which means “I would
like to watch good quality”) (see Fig. 1). We have no tool to
recognize the subject’s strategy other than visual inspection of
Fig. 14. But knowing this difference in rating behaviors exists,
we can extend the conclusions drawn from ACR tests.

VI. DATA ANALYSIS: BITRATE LADDER TESTING

Now that we understand how FYN compares to a conven-
tional subjective test, we will examine FYN in isolation. This
section describes how the FYN experiment design can be used
to test adaptive bitrate streaming (ABS) services.

ABS systems divide each content into short segments, each
encoded at multiple bitrates. The ABS server chooses which
version to send, depending on the available bandwidth and
other factors [46]. The most important goal is to prevent
stalling, so if the available bandwidth is x, the systems should
select a significantly lower bitrate b. Other goals include
providing high quality, avoiding rapid changes in quality,
creating encodings that span a specific range of bitrates,
limiting the number of encodings per segment, and optimizing
the other encoding parameters (e.g., rescaling). Limitations on
the accuracy and stability of the bandwidth estimations must
be taken into account. As always with multiple optimization
criteria, it is difficult to find a unique solution. The FYN
experiment design could help service providers choose optimal
encoding parameters.

Because some FYN subjects did not have a movie prefer-
ence, we have data on “The Highwayman” from six subjects
and data on “Faraway” from nine subjects. This data allows
us to compare subject reactions and button pressing probabil-
ities for two ABS ladders, across multiple subjects. Fig. 17
shows the range of responses across these pools of subjects
with bootstrap confidence intervals. The line is the average
response, and the shaded area is the range of responses. The



red group contains the various other subjects and movies. The
fairly smooth response indicates that the server chooses unique
VMAF levels for each movie.

Data for “The Highwayman” and “Faraway” distinctly show
the impact of three VMAF encoding levels. For “Faraway,’
28%, 29%, and 20% of button presses are associated with only
three bitrate levels, at VMAF 58, 67, and 78, respectively. For
“The Highwayman,” 28%, 22%, and 20% of button presses
are associated with VMAF 52, 67, and 88, respectively. These
large clumps of button pressing responses indicate that the
quality changes may have been too rapid.
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Fig. 17: Bootstrap confidence intervals for button-pressing
probability by content ID.

An interesting solution would be limit the press probability
to certain level, like 10%, for each encoding level. FYN could
be combined with a classic ACR experiment to make the
probability prediction more robust and cheaper than running
a full FYN experiment. This would be interesting for future
research.

With the results we already have, we can predict the global
press probability by estimating psychometric function to all the
data (see blue line in Fig. 18). The estimated model allows us
to predict the differences in VMAF that should be avoided by
searching for which VMAF differences change the probability
of button pressing by more than x. We can imagine a strategy
where the probability change is small for high quality (since
most clients will demand high quality) and the probability
change is large for lower quality (since only very few clients
will tolerate low quality). Fig. 18 illustrates this distribution
of ABS quality levels using the red dots. We assumed the first
step in the probability drop is 0.02; each following step is 1.3
times that of the previous step but not larger than 0.1.

VII. FUTURE EXPERIMENTS

The proposed FYN experiment differs significantly from
conventional video quality assessment studies. Unlike standard
methods, we had to make several decisions without fully
knowing how subjects would behave. Certain modifications in
the experiment design could help to better interpret the results.

A key limitation of our study is the uncertainty regarding
the behavior of some participants (as indicated in Fig. 16). It
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Fig. 18: Button pressing probability for all data as a function
of VMAF. The red dots mark a strategy where the quality
changes that are most likely to be seen are close together.

is unclear whether subjects from the upper group genuinely
required such high video quality or simply pressed the button
whenever they noticed any distortion.

To address this ambiguity, a modified setup could include a
second button positioned close to the participant. The instruc-
tions would specify that subjects should press this button upon
noticing any distortion, regardless of its severity, while the
primary button would be reserved for cases where the quality
is deemed unacceptable. Subjects might be required to press
the closer button before pressing the primary button.

Alternatively, the experiment could involve short-form video
content, such as YouTube Shorts or TikTok clips. In this
scenario, participants would be instructed to press one button
when noticing a distortion, or, if the quality is too low, to
swipe to the next video to continue watching. Data from a
mobile environment would be particularly valuable. Although
shorter videos make distortion detection more challenging, a
simplified interaction mechanism might offset this, making the
overall effect difficult to predict. An important advantage of
this approach is that the same video sequences could be reused
for a conventional ACR test, enabling direct comparisons.

Another alternative would be to compare ACR and FYN
with a third method that has a very different experiment
design, such as one using recognition tasks [30], JND [33],
completion ratio [47], or the acceptance scale [48]. The
differences between these three types of quality assessment
experiments could provide insights and help us design a
method that more closely mimics people’s behaviors. To the
extent possible, the three experiments should use the same
subjects and the same video content.

Finally, we suggest an additional modification involving
the playback of video sequences with a much finer VMAF
granularity—potentially with a version for every single VMAF
point. In this configuration, quality degradation would occur
more frequently (e.g., every 10—15 seconds) but in smaller
steps (1 VMAF point), allowing for more precise estimation
of the psychometric function. This enhancement would be
particularly useful for designing an accurate bitrate ladder (see



Section VI).

VIII. CONCLUSIONS

This paper tackles the important challenge of linking
opinion-based subjective experiments to the real world actions
of video-service customers. Our initial hypothesis was that
this link is weak because of differences between the nature
of reporting detectable changes in quality and the nature of
acting on quality preferences.

The truth is more nuanced. If the behavioral model we
propose is correct, the relationship is strong enough to draw
actionable inferences from ACR experiments. If the behavioral
model is incorrect, then the direct comparison is weak.

We observed only a weak correlation between a viewer’s
rating bias (A) in the ACR experiment (CVT) and their action
threshold («) in the action-based experiment (FYN). Inter-
subject variability was much larger in FYN than CVT. At the
extremes, one FYN participant refused to watch any segment
below VMAF 91, whereas another viewed an entire film at
VMAF 34. One would expect these subjects’ ACR scores
would differ markedly, yet they did not. Similarly, viewers
who never tolerated VMAF < 80 in FYN still labeled 14-24%
of CVT clips below that level as “good” or “excellent.”
Additional studies—such as those outlined in the previous
section—are needed to clarify these discrepancies.

Our FYN experiment indicates a large variance between lev-
els of acceptable video quality. By mapping these thresholds
to the ACR scale, we uncovered a strong link between FYN
and CVT — namely, a subject’s acceptability threshold for
quality seems to map to the border of “excellent” and “good”,
or “good” and “fair”. Unfortunately, our mapping functions
requires data from both ACR and FYN tests, to manually
divide subgroups into subgroups with relaxed and demanding
threshold behaviors. Future experiments will need to establish
an improved mapping function.

Our study also provides practical guidance for bitrate-ladder
design in adaptive streaming. This is especially relevant to live
streaming, where network impairments are more common and
large quality swings must be avoided. FYN data enable more
precise ladder tuning than conventional tests. By focusing
on specific content or viewer segments, providers can derive
distinct curves and build customized ladders.

In summary, FYN introduces a promising experimental
paradigm for predicting behavior, not just opinions. Ultimately,
behavior, especially within the context of churn, will be a
key indicator of the long-term survivability of video streaming
platforms.
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