Predict, Prune, Play: Efficient Video Playback Optimization Under
Device Diversity and Drift

Harsha Sharma™**, Pouya Hamadanian'*, Arash Nasr-Esfahany",
Zahaib Akhtar™\, Mohammad Alizadeh’
TMIT, ¥ Amazon Prime Video, INCSU

Abstract

Video-streaming platforms tune dozens of playback
parameters across thousands of client devices. Our measure-
ments from Amazon Prime Video show that device-specific
tuning can enhance stream quality. Yet traditional tuning
techniques like Bayesian optimization become prohibitively
expensive due to the large configuration space and the
constant emergence of new device types.

We introduce AZEEM, a scalable recommendation system
leveraging few-shot prediction to rapidly identify promising
configurations for new devices. The key insight behind
AZEEM is that devices exhibit performance similarities that
enable predictions from limited observations. Trained on
offline data of device-playback configuration interactions,
AZEEM efficiently narrows down the search space to a small
set of configurations likely to contain optimal or near-optimal
candidates. Additionally, AZEEM addresses temporal distribu-
tion shift—where the best-performing configurations change
over time—by recommending a small, robust set of candi-
dates rather than a single configuration. Evaluations using
large-scale real-world datasets show that AZEEM reduces
exploration cost by 5.8 —13.6x and improves stream quality
compared to state-of-the-art Bayesian optimization and multi-
armed bandit approaches, enabling effective device-specific
optimization at scale. We deploy AZEEM on a subset of
Amazon Prime Video’s production traffic, where it achieved a
relative QoE improvement of 2.7% on average and 10.6% at
the 90th percentile over an existing treatment tuning system.

1 Introduction

Video is the dominant form of Internet traffic, accounting for
68% of total traffic in 2023 [58]. To tap into this growing
demand, large scale video platforms maximize the availability
of their content by supporting a wide range of client devices,
such as smart TVs, game consoles, phones/tablets, set-top
boxes and more [20]. Unfortunately, the video device land-
scape is extremely fragmented with devices differing in their
(1) hardware (CPU, memory, screen, networking, etc.) and (ii)
software (operating system, firmware, application stack, efc.)
and (iii) management (streaming protocol, software release cy-
cles, media compatibility efc.). This fragmentation poses stiff
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challenges [2,4,16], as content platforms must deliver a consis-
tent, high quality experience across all their supported devices.
While a significant body of work has focused
on achieving high quality Internet video delivery
by improving different components of the video
pipeline [3,5,19,27,31-34,39,47,53,61,63,64,69,70], surpris-
ingly, little to no research attention has been devoted towards
dealing with this device heterogeneity systematically. We
focus on this overlooked part of the video delivery ecosystem.
Through measurements from hundreds of millions of
streaming sessions from Amazon Prime Video, we show that
playback quality can be improved by tailoring video delivery
not just to the network but also to the specific device (§2.1).
We analyze different playback configurations (henceforth
called treatments) which tune a range of components of video
playback, including adaptive bitrate algorithms [3,5,19,31,47,
61,69,70], video downloading strategies [30,46], and bitrate
ladders [32, 39, 63, 64]. Our results show that 90% of devices
improve QoE by treatments specifically tailored for them.
However, to maximize quality across all devices, con-
tent platforms are currently left with traditional tuning
techniques such as manual A/B testing, Bayesian op-
timization [14, 24, 29, 59, 60] or multi-armed bandits
techniques [9, 10,34,40]. Given the large and ever expanding
configuration space and the constant onboarding of new
devices, these techniques become prohibitively expensive
for device-specific tuning. Traditional techniques explore the
configuration space from scratch for each new device. Due to
the high variance of video QoE metrics, it takes thousands of
sessions worth of measurements per treatment to make a reli-
able assessment (§2.2). User-invasive outcomes are inevitable
during this exploration. Moreover, since most devices receive
a small slice of the overall traffic, it can take days to weeks to
accumulate enough data per treatment, during which temporal
distribution shifts can render previous measurements obsolete.
Thus, compared to optimizing for coarser categories like
network and video content, data-driven tuning for each device
requires more efficient exploration strategies. Throughout
this paper, "device" refers to a device type (e.g. SmartTV
model family), not an individual physical unit.
We present AZEEM' which learns from past data and
then leverages few-shot predictions to intelligently explore
the large configuration space. Central to AZEEM is the key
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insight that devices while diverse, exhibit behaviors that
can be decomposed using a handful of latent factors, thus
enabling predictions of how a device is likely to perform for
an unexplored treatment through a small set of observations
from explored treatments. AZEEM occasionally collects
a dataset of device-treatment interactions for a small but
diverse set of devices to train a prediction model. For a
new device, it explores a few bootstrap treatments, predicts
the QoE for other treatments, and prunes the search space.
Compared to traditional techniques, AZEEM’s exploration
strategy avoids large regressions and reduces exploration
significantly, without relying on crude spatial/temporal
clustering or splitting of devices into traffic classes [27,43].

A well-known challenge for data-driven techniques like
AZEEM is the presence of temporal distribution shift which
can make predictions stale. Our measurements show that the
best-performing treatment for a given device changes over
time. Distribution shifts can be attributed to the ever-evolving
nature of the video delivery pipeline where iterative improve-
ments get applied to individual components (e.g., an upgraded
CDN caching algorithm), making a once-optimal treatment
to be superseded by another. AZEEM takes this into stride and
instead of recommending a singular best treatment, it provides
a small set of candidates (e.g., S treatments) that are robust to
temporal shifts. By narrowing the search to a few promising
candidates, AZEEM enables standard exploration-exploitation
techniques to readily draw from a limited pool of strong
treatments despite temporal distribution shifts. AZEEM selects
its recommendation set by balancing two criteria: (i) high
predicted QoE on the target device; (ii) reliability, quantified
by a treatment’s average performance over all devices. This
regularizes the recommendation set and prevents overfitting
to ephemeral patterns in measurement data.

Using data from Amazon Prime Video, we rigorously
evaluate AZEEM. Our key findings are:

1. Across a wide battery of tests, AZEEM reduces exploration
time by 3 — 6x compared to baselines. In particular, to
achieve the same gains as AZEEM, Bayesian optimization
causes 13.6x more QoE degradation.

2. AZEEM is robust to temporal distribution shifts and con-
tinues to longitudinally outperform baselines, regardless
of exploration budget and deployment size.

3. AZEEM is especially effective in improving the tail QoE
performance—Ilargely caused by low performing devices
or poor networks—delivering up to 41% improvement
over Bayesian optimization.

4. In production deployment within Amazon Prime Video,
AZEEM achieves a relative QoE improvement of 2.7% on
average and 10.6% at the 90th percentile over an existing
treatment tuning system. These improvements validate
AZEEM efficacy, especially for tail performance.

Although AZEEM’s implementation is unique to video
delivery, the broader insights are likely to apply to instance-

optimization in other large-scale networked systems (e.g.,
CDN tuning [27,51,71]). Our techniques rely on two key
properties, (1) structural similarity among instances, and
(2) presence of small, robust recommendation sets under
temporal drift. We believe both properties are common in
network instance-optimization tasks.

2 Motivation

Suppose a video service provider wishes to support a new
playback device such as a new set-top box or smart TV—a
process called onboarding. The provider aims to maximize
the Quality of Experience (QoE) for this device’s clients.
Delivering video to clients is a multi-step pipeline
with many knobs to adjust for better QoE, e.g., modi-
fying the bitrate ladder [32, 39, 63, 64], video fragment
downloader [30, 46], the Adaptive BitRate (ABR) algo-
rithm [3, 5, 19, 31,47, 61, 69, 70], etc. There is no single
configuration of these knobs (i.e., a treatment) that optimizes
the experience for all clients. Rather, treatments must be
specialized to the specific characteristics of the client—such
as the plyaback device along with the network characteristics.

2.1 Benefits of device-specific tuning

The benefits of optimizing playback settings for different net-
work characteristics are well known [3,5,44,47,53,62,63,69].
However, most prior work ignores device characteristics and
has not considered device-specific tuning.

Streaming devices exhibit widely different hardware (CPU,
memory, screen size, efc.) and software (operating system,
firmware, application stack, efc.) capabilities. Playback is
affected by factors such as decoding time, available memory,
thread parallelism, packet processing rate, efc. Even with
the same network and video content, two devices can have
noticeably different playback experiences and different
optimal treatments. For further discussion on device and
software peculiarities, see §A.1 in the Appendix.

To understand the interaction between playback settings
and device, we collected 5 months of Amazon Prime Video
streaming logs across 50 devices in different network
conditions. These logs contain more than 750 million
sessions which correspond to several hundred millions of
streaming hours (number omitted for business concerns). We
measured the performance of 84 different treatments across
these devices in a randomized control trial (RCT). These
treatments span a variety of playback settings, including
ABR algorithms, ABR parameters, download parallelism,
and customized bitrate ladder.

As one example of device heterogeneity, devices which run
single threaded players (e.g. JavaScript Dash.js [26]) cannot
easily benefit from techniques which use multi-thread paral-
lelism (e.g., concurrent fragment downloads). Table 1 shows
the change in the percentage of sessions that encountered



Table 1: Relative difference in stall rate for various devices
at 2 or 3 concurrent download requests.

# of Concurrent Fragments

Device 2 Fragments 3 Fragments

A -0.5% -0.5%
B -0.3% -0.4%
C -0.2% -0.2%
D +0.1% +0.3%
E +1.8% +3.0%
F +7.0% +11.4%
100
98
@ 96
8
%
A 94
92
90

Treatments

Figure 1: QoE Heatmap per each treatment and device in
February 2025. The best treatment is denoted with a white dot.

rebuffers when the number of parallel download requests was
increased from 1 to 3 for several device models. Although
performance improves for devices A, B, and C with increased
parallelism, devices D, E, and F get worse, with E and F
experiencing a severe regression. Figure 16 (Appendix §A.1)
shows the impact of download parallelism across all devices,
with the same takeaway.

To get a more global view, Figure | shows a heatmap of the
QoE achieved for each combination of treatment and device in
the month of February 2025.” The QoE score is a composite
metric between O to 100, with terms for rebuffering, video
quality, startup delay, and quality smoothness (see §5.1 for
details). For each device, we show the best treatment with
a white dot. Treatments are sorted in decreasing order of the
number of devices for which they are best. Although some
treatments are the ‘best’ more frequently, the top treatment
varies considerably across devices, specifically, 64 treatments
(out of 84) are the best for at least one device.

To understand the room for improvement with device-
specific tuning, we compare the QoE achieved by (1) the
best treatment tuned for each device-network pair, and (2)

2To prevent confounding effects due to differences in network conditions
and content types, we compute QoE for sessions belonging to each (device,
network type, and content quality) separately. Thus, each row of the heatmap
in Figure | corresponds to a (device, network type, content quality) tuple,
known as a cohort. We omit discussing cohorts further in this section for
simplicity; we revisit themin §4.1.1.

the best treatment for network [3]. Figure 2 shows the CDF
of the QoE improvement attained by the device-network pair
specific tuning relative to the overall network based tuning.
On more than 90% of devices, a device-specific treatment
can be found which performs better than the ‘overall-best’
treatment in a given network cluster. The benefit varies across
devices, with half of the devices gaining at least 25 basis
points® of QoE and 10% gaining over 75 basis points. At
scale, even improvements of a few basis points are significant
and translate to better experience for millions of users.

2.2 What makes device-specific tuning hard?

The scale of the ecosystem is a considerable challenge
for device-specific tuning. Video streaming services today
support tens of device families [2,20] spread across desktops,
smartTVs, set-top boxes, game consoles and mobiles/tablets,
etc. These individual device families (e.g. smartTVs) in turn
contain devices from tens of manufacturers each bearing
hundreds of specific models. As such, the number of distinct
devices in a production setting surpasses several thousands.
Furthermore new devices are being released constantly which
need to be promptly onboarded while ensuring that legacy
devices continue to be well supported.

With such scale, the only practical solution is data-
driven optimization, i.e. automated exploration-exploitation
techniques to search and find good treatments using mea-
surements in production. Studying each device manually or
catering software stacks on a per device level is not scalable,
and is only reserved for special circumstances. Simulators do
not capture device-specific behaviors while large-scale device
farms are expensive to build and operate. Device capabilities
and streaming technology evolves continuously, making it
difficult to ensure adequate coverage of in-the-wild devices.
We discuss alternatives to data-driven optimization and their
challenges in more detail in §A.2.

Data-driven specialization of treatments for different net-
work characteristics has been explored [3,34] and is used in
the industry [24, 55]. However, applying the same techniques
to device-specific tunings poses two key challenges.

Exploration cost. Exploration-exploitation techniques con-
sist of exploring different treatments followed by exploiting
gained knowledge. Upon the arrival of a new device, such
techniques deploy a set of treatments, measure the QoE, and
build an internal model of treatment — QoE. This model is
used to sample more treatments (up to an exploration budget),
and eventually recommend a treatment for that device. Two
prominent exploration-exploitation strategies studied in
prior work (for network-level customization) are Bayesian
optimization [24] and multi-armed bandits [34].

To measure the QoE for a treatment, we must accumulate
enough data for that treatment. Video streaming metrics have

3In line with common practice for large video service providers, we report
QoE improvements in basis points.
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Figure 2: (a) QoE improvement from optimizing treatments
per device compared to the ‘overall-best’ treatment that
maximizes the average QoE across all devices. (b) Stall rate
with 95% confidence intervals, against number of sessions for
two treatments on a set-top-box device. Y-axis is normalized
to the final value for Treatment 1.

heavy-tailed distributions [69]. The ‘signal’ for differences
between treatments is typically at the tail—the small percent-
age of sessions where the issues that impact QoE occur (e.g.,
network or device anomalies). Therefore, we generally need
to accumulate thousands of sessions before the variance in the
measurements subsides and treatments separate. As an exam-
ple, Figure 2 shows the evolution of stall rate measurements
for an example device as we acquire more measurements for
two treatments. The solid line is the measured (normalized)
stall rate (percentage of sessions that experience rebuffering);
the shades show the 95% confidence interval. Even after
10,000 sessions, the confidence intervals have a small overlap.

Figure 3 shows an example of this when using Bayesian
optimization to tune treatments for a sample device in our
dataset. We explore the treatment parameter space (8 param-
eters), with 84 total choices spaced ‘well apart’ in the con-
figuration space. The exploration occurs with data collected
during January 2025. Figure 3 shows the QoE regret—defined
as the difference in QoE between the sampled treatment and
the optimal treatment for the device in January. To bootstrap
the exploration with promising candidates, we select the first 3
treatments (shaded region in the plot) to be top 3 treatments on
average across all devices (except the target device) in January.
After that, Bayesian optimization takes over and samples treat-
ments. There are significant spikes in QoE regret as it explores
the treatment space. This is expected, since the optimizer has
no knowledge of expected QoE other than what it has sam-
pled. The only way it can find better treatments is to sample
good and bad ones in the process. In this example, it turns out
that none of the sampled treatments are better than the third
explored treatment, one of initial bootstrap treatments.

QoE drift. Knowledge gained in the exploration phase
goes stale with time. Even if exploration cost was minimal
and one could try all treatments to pick the best, the question
is if the optimal choice during the exploration period will
remain optimal in week(s) or month(s) ahead. The answer
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Figure 3: Device-specific tuning for a sample device using
Bayesian optimization. (a) QoE regret of sampled treatments
with respect to best treatment in Jan 2025 exploration. (b)
QOoE regret of the best January treatment in Feb 2025. Here,
regret is with respect to the best treatment in Feb.
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Figure 4: Cumulative energy plot of the QoE matrix.

is no; treatment performance is a complex function of its
parameters as well as a range of unobserved time-varying
factors, e.g., network/ISP performance, CDN performance,
background traffic patterns, device firmware and software
version efc. As these components evolve over time, so does
the QoE and the performance of individual treatments.

These drifts can completely throw off any approach that
tries to select a singluar ‘best’ treatment based on past data.
Figure 3 shows an example. The plot shows the QoE regret in
February 2025, when deploying the best treatment found after
different number of explorations using Bayesian optimization
in January 2025. Here, regret is with respect to the optimal
treatment that maximizes QoE in February. The best of the
first two treatments explored in January performs relatively
well in February. However, the third explored treatment,
which improved over the first two treatments in January, is
much worse in February. Additional samples did not change
the best treatment found in January, thus the QoE regret in
February does not change after three explorations.

2.3 Key Insights

The main limitation of prior approaches is that they explore
the treatment space from scratch for each new device. Even
though devices are diverse, intuitively they share some com-
mon characteristics (e.g., similar hardware specifications, soft-
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Figure 5: Comparison of Bayesian optimization and AZEEM
(k=S5 treatments). (a) QoE regret during Jan 2025 exploration
phase. (b) QoE regret in Feb 2025 of the best recommended
treatment based on Jan exploration. Here, regret is with
respect to the best treatment in Feb

ware architecture, efc). They will not be identical; but it is also
rare to encounter a device unlike any other on the market. This
raises the question: can we exploit similarities between devices
to predict the behavior of unexplored treatments on a device?

To gain a global view of device-treatment interactions, we
can view QoEs in the form of a matrix, as in Figure 1. Each
row denotes a device and each column denotes a treatment.
Looking at Figure 1, there appear to be some patterns but
it is difficult to visualize the similarity between devices. It
turns out, however, that there is significant structure to this
matrix, and it is “simpler” than it might appear. In particular,
the matrix is very well approximated by a low-rank matrix.
Figure 4 shows the sum of the top r singular values of the
QoE matrix. The top r =5 singular values sum up to 99.5%
of the cumulative energy of the matrix (sum of all singular
values). This shows that the bulk of the “information” in
the matrix is captured in the first 5 principal directions. The
implication is that, even though the matrix includes 10s of
rows (devices) and columns (treatments), each device and
treatment can be categorized using a handful of latent factors
that explain device-treatment interactions and the resulting
QoE measurements well. Therefore, in principle, we should
be able to categorize a device (i.e., identify its latent factors)
based on the QoE of a small number of treatments on that
device, and then predict the QoE for all other treatments.
This is the goal of AZEEM’s prediction model.

As discussed in §2.2, due to distribution shifts, recom-
mending a single treatment per device is a recipe for failure.
Our key insight to combat distribution shifts is that although
the best per-device treatment changes with time, it is possible
to select a small set of k treatments that have a high likelihood
of including a strong treatment over time. For a small k (e.g.,
5-8), we can hand these treatments off to live adaptation sys-
tems that, with continual monitoring, allocate a larger share
of traffic to better treatments. For example, Pytheas uses a
multi-armed bandit algorithm to hone in on the best treatment
from an input set, and combats data drifts by giving more
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weight to recent measurements [34]. Such techniques struggle
to explore the full treatment space, but with a small set of
promising candidates, the problem becomes much simpler.
Figure 5 compares AZEEM to Bayesian optimization for
the same device shown in §2.2. During the exploration period
(January 2025), AZEEM avoids significant regressions. It
does so by predicting the QoE of unseen treatments after
observing the first three bootstrap treatments (shaded region),
and pruning the poor treatments from its exploration. In
the exploitation period (February 2025), AZEEM’s top k=5
recommendations significantly outperform the top k = 5
recommendations of Bayesian optimization, at any value
for the number of explored treatments. Beyond 8 explored
treatments (in January), AZEEM begins to recommend the
treatment that is optimal in February for this device.

3 Design Overview

AZEEM comprises four main components, illustrated in Fig-
ure 6: i) offline data collection, ii) exploration, iii) predic-
tion, and iv) recommendation. This section provides a brief
overview of each component. Recall from §2.3 that AZEEM’s
goal is to select a set of k treatments for a new device, such
that the set has a high likelihood of containing a strong treat-
ment, all while minimizing exploration time. We describe
how these components work together to realize this goal in
detail in §4.

Offline data collection Before AZEEM can begin onboard-
ing new devices, we select a fraction of current devices and
deploy a RCT (randomized control trial) that evaluates QoE
for all viable treatments. This data is later used to build a
QoE prediction model for new devices.

Exploration. When a new device arrives for onboarding,
AZEEM uses the offline collected data to guide exploration. It
selects several treatments at a time and explores them on the



device. After enough measurements, it collects the streaming
metrics and reports them to the prediction module.

Prediction. The prediction component trains a lightweight
neural network on the offline collected data and the newly
explored treatments on the new device. Using this prediction
model, AZEEM fills in unexplored treatments with QoE
estimates. This data may be handed off to the exploration
component again for further exploration, or it will be used
for the final recommendation.

Recommendation. This component uses all measured data
and predictions to produce a set of k treatments for the new
device, among which at least one is desirable. The selection
strategy compensates for data drift and model overfitting by
balancing model-based suggestions with suggestions solely
based on the offline data for other devices.

4 Design Details

In this section, we discuss the inner workings of the compo-
nents described in §3. Algorithm | depicts a pseudo-code
of AZEEM, found in §B in the Appendix.

4.1 Formulation

For device i and treatment j, we denote the QoE measured
with goe;, j.4 We denote whether we have a measurement
for device i and treatment j (have deployed it and measured
it) with a mask variable m; ;, which is 1 if measured and 0
otherwise.” We’ll assume that we have m— 1 RCT devices,
indexed from 1 to m—1, and the new device has index m.

4.1.1 Cohorts and Treatments

Beyond device, the user’s QoE is strongly correlated to the
network conditions and highest content quality available for
the video. Therefore, treatments must be tuned for each sub-
group defined by device, network, and video quality. As such,
we identify a cohort with index i with device d;, network #;
and content quality g;. We identify a treatment j with a set
of parameters y; that uniquely determine what configuration,
algorithm and hyperparameters are used.

Network cluster. We follow past work [3] and categorize
users to different ‘network clusters’, defined by past band-
width and latency measurements. Fundamentally, device and
network cluster are separate, and a user of a particular device
can be in any network cluster.

“We make no assumption on what QoE metric is used, and this approach
is compatible with any scalar QoE metric.

SThis variable is implicitly visualized in Figure 6, where shaded cells have
m; ;= 1, and white cells have m; ; =0.

Content type. Not all videos are available at the highest tier
of quality, and not all devices are capable of playing highest
quality levels (e.g., Ultra-HD not supported on low end de-
vices). Since the bottom-line QoE depends on this availability
of both the original video and device, we separate cohorts
by content type, which can be any of Ultra High-Definition
(UHD), High-Definition (HD) or Standard Definition (SD).

Treatments. Treatments tune components of the playback
stack such as fragment download concurrency, bitrate ladder
rungs, choice of ABR algorithms and their parameters in
line with past work [3,30,32, 39,46, 63, 64]. Within these
dimensions, treatments can differ between one or more values,
e.g., two treatments A and B could differ in the degree of
download concurrency but be similar in all other dimensions.
Finally, a total of 84 treatments were identified with the help of
domain experts to maximize the chances of achieving optimal
performance.

4.2 Offline Data Collection

Since we use data from a RCT to train a prediction model for
new devices, the RCT should be representative of the devices
faced in onboarding. We take care to select at least one device
from each device family, but also ensure one device family
does not dominate RCT devices. Since devices are often
correlated with network tiers and content types, we also need
to ensure selected devices cover the range of these metrics.

This RCT may need updating from time to time, but the ca-
dence is infrequent (e.g., every 6 to 12 months §5.4 ). Another
alternative to infrequent updates is allotting a small share of
traffic to the RCT and running it on continual basis, however,
such continual broad RCTs are costly. In our results, patterns
from one RCT in January 2025 were enough for evaluations
up to the end of April, which was the end of our dataset.

Why do we need an RCT? A fair question is why we can’t
use available measurements from onboarded devices instead
of an RCT. Note that after onboarding, only a handful of treat-
ments remain in deployment. While the QoE measurements
of these columns (treatments) reveal some information, it can
be misleading. As a hypothetical example, the partial outcome
matrix in Figure 7 hints that treatments 1, 2 and 3 achieve
better QOE compared to treatments 4, 5, and 6. If we viewed
the full matrix in Figure 7 we would observe that the poor
QoEs we observed for treatments 4, 5 and 6 were due to their
devices. Such biased views make it difficult to disentangle the
causal effects of devices and treatments. In early experiments,
we tried to use non-RCT historical data, but predictions were
poor and inaccurate. We leave the investigation of approaches
that can debias partial matrices to future work.

4.3 Exploration

Bootstrap exploration. To collect some knowledge about
a new device, we first explore a set of b treatments chosen
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based on offline data. To choose this set, we find b treatments
in the original RCT that maximize QoE across devices, if we
keep only the best of these b treatments for each device:

m—1
BT}, :=argmax Z max j csqoe; jr. 1)
Se(l..n)? i=1

Where BT, denotes the set of bootstrap treatments with size
b. This is a default selection of treatments, oblivious to the
new device.

BT}, is naturally diverse, i.e., these treatments ‘cover’ the
RCT devices well; we are not looking for b treatments that
are all good for every device, but a set where at least one of
the b treatments performs favorably. This procedure favors
selecting unique treatments, each tailored to a subset of the
RCT devices. Note that the alternative of just picking the
top-b treatments in terms of average QoE over devices would
not achieve this; most of the selections would be too similar.

Guided exploration. After the bootstrap exploration,
AZEEM uses the bootstrap observations to first retrain its
prediction model. In doing so, it becomes ‘aware’ of the
new device that needs to be onboarded. It then kicks off
subsequent rounds of exploration, to determine the treatments
which are tailored to this new device. It begins by selecting
the top [ — b treatments with the highest predicted QoE,
where [ is the total exploration budget.

Note that instead of exploring all / —b in one round, AZEEM
chooses to explore one predicted treatment at a time and then
update its model after each new measurement. The model we
discuss in §4.4 is lightweight and takes a few minutes to train
on a single CPU thread from scratch. The benefits of this
retraining is noticeable in a few instances, as we show in §5.

There is a balance between the bootstrap count b, and
the guided exploration count [ — b. If we set b too low, the
prediction model is inaccurate, and if we set it too high, there

is little opportunity for specializing the explored treatments.

Through empirical evaluation we found =3 to be sufficient
for our prediction model to be reliable.

4.4 Prediction

We experimented with several designs for the prediction
model, and converged on a lightweight architecture. There are
nuances, however, in the representation and loss function that
make significant improvements. We also discuss alternative
models, some of which we’ll evaluate in §5.

Treatment representation. We represent treatments by the
hyperparameters that define the corresponding configuration
and algorithms. We may not use a single type of algorithm
(e.g., ABR) across all treatments. In these cases, we include
a one-hot encoding of algorithm choice (all hyperparameters
from all algorithms).

In our experiments, we found that supplying these
hyperparameters is immensely helpful to predictions. Naively
representing treatments with a one-hot vector fared worse.
This is not surprising; a model that observes these parameters
directly can spot patterns between them and QoE that help
predictions, e.g., the pattern between stall rate and concurrent
fragments seen in Table 1.

Cohort representation. We represent devices, network
clusters and content types with one-hot encoded vectors.
Beyond device family, other information about the device (i.e.,
hardware/software specifications) is often not reliably known.
Beyond the scope of this work, we hypothesize that a stan-
dardized test that profiles devices along important capabilities
could help provide more information about devices.

4.4.1 Training Procedure

Score objective. We train a lightweight fully connected neu-
ral network to predict a score value s; ;, given representations
for cohort i and treatment j in input. We found the definition
of this score function to be important in the prediction models
accuracy; naively using the QoE directly s; ; := goe; ; does
poorly as the naive score function gives equal importance
to predicting QoEs of good and poor treatments, however,
accurate prediction of good treatments is much more valuable
than the prediction accuracy for poor treatments.

Another challenge is the uneven scale of QoEs. Some
cohorts have larger average QoEs compared to others,
which skews the loss function towards them. Even among
treatments of the same cohort, QoE can differ by 30 across
treatments. Normalizing across cohorts or treatments does
not resolve the issue, as we show in §5.

We can sidestep these challenges if score is set to a softmax
version of the QoE metric,
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where 7 is a temperature value denoting the significance of
QoE differences. For two treatments a and b,
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Figure 8: The Prediction Network Architecture which takes
cohort identifiers and treatment parameters and outputs a
logit. A softmax over logits produces treatment scores.

i.e., the relative score of two treatments depends on how far
apart their QoEs are. We can change 7 to fit our interpretations
of QoE magnitudes. In our evaluation, we found T = 0.1
works well (tuned on a standard validation set), which is on
same order as our QoE improvements.

This score function is nearly zero for poor treatments by
design, circumventing the equal importance issue. It also
has the same scale for all cohorts, since all these scores are
positive and sum to 1 per cohort. For the new cohort where
not all treatments have been explored, we used a masked
softmax score instead.

4.4.2 Prediction Model

Since the target score sums to 1, we can treat prediction as
a classification task and use a cross entropy loss to learn it.
We train a fully connected network with parameterized by
6 to predict logits f (diyni,qiyY;:0) = u] and softmax outputs
pl, depicted in Figure 8. The loss function amounts to

m- n . . .
Lee=)Y —m! x5! xlogp! 3)
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Given the low rank nature of the QoE matrix (§2.3), an
alternate technique to predict performance of unobserved
treatments is matrix completion [17]. While adequate for the
task, matrix completion assumes that unobserved entries in
the given matrix are missing at random [42,48,57] which is
unnecessary in AZEEM’s case. This is because AZEEM controls
what treatments it wants to bootstrap and explore. As such,
fully connected neural networks are much more effective, as
we demonstrate later in §5.

4.5 Recommendation

When selecting k treatments for the final recommendation,
AZEEM should be wary of aggressively over-tuning on the ex-

ploration period. While we cannot account for drifts that hap-
pen in the future, we can make more conservative predictions.

To regularize our recommendations against such drifts, we
take x > 0 from the bootstrap treatments selected in §4.3, and
choose the rest of the k—x >0 treatments based on explored
and predicted QoEs for the new device. The rationale behind
this is that in case data drift causes the model recommenda-
tions to become stale, bootstrap treatments are a good next
layer of defense. This is especially so, since as covered in
§4.3, the choice of bootstrap treatments promoted diversity.

We empirically evaluate the effect of x on the final QoE
outcomes in §5. Overall, recommendations policy where
0 < x < k are robust and well-performing, with minor gains
from tuning x. By default, we suggest x=1.

5 Evaluation

We evaluate AZEEM’s ability to optimize large scale video
playback with efficient exploration. We compare AZEEM
against prior work [24, 34] while mimicking operational
settings of a video provider. We study the exploration
cost associated with various schemes as well as the QoE
improvements from recommendations.

5.1 Setup

Data. We conduct an RCT with over 50 devices across 84
treatments on the large-scale video delivery service. Over a
period of 5 months—December 2024 to April 2025-we collect
data from over 750 million video-on-demand (VOD) streams
across diverse network conditions and device families,
including Smart TVs, PCs, set-top boxes, and more. These
treatments encompass a range of parameters, including
ABR algorithms (deployed in production), fragment down-
loader settings (e.g., parallel download threads), bandwidth
estimation, and custom bitrate ladders.

Metrics. QoE is an inherently subjective metric and
despite several efforts, lacks widely accepted consensus [54].
Usually QoE is defined as a mix of stall rate, video quality,
bitrate stability and startup delay, efc. where video quality
is often measured with different metrics, e.g., bitrate, SSIM,
PSNR, VMAF [47, 69, 70]. While AZEEM is indifferent to
the specifics of the QoE model, we briefly describe what this
metric comprises of:

 Stall Rate: A small but non-negligible subset of sessions
observe stalling. The amount of stalling per session is
heavy-tailed and too high-variance to reliably measure.
Instead, we use a simpler indicator, PSB: what fraction of
sessions experienced any stalling?. This is a sensible metric
as 1) it is low-variance and 2) advancements in network
infrastructure have significantly reduced the intensity of
stalls, making them a weaker signal to rely on [20].



* Video Quality: Per session, we report quality degradation,
i.e., the fraction of time a session did not stream at
maximum available resolution (e.g., SD, HD, UHD).
Furthermore, to focus on tail performance, we use the
average quality degradation at tails of users—80th to 99th
percentile-denoted with POD.

* Quality Stability: Beyond average quality, QoE
scores [19,47,70] typically include quality stability. We
measure the fraction of sessions which observed bitrate
changes greater than a threshold, denoted with PLS.

 Startup Delay: A key QoE metric is the time before the
video playback begins, also known as the startup delay. We
measure the percentage of sessions that had startup delays
longer than 10 seconds, denoted with PSD.

We define QoE as a linear mix of these metrics,

1 PLS PSD POD
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where a value of 0 denotes the worst possible quality, and
a value of 100 denotes the best. We assign the highest weight
to stall rate. Because PQD is a tail average, it has a higher
magnitude, which we compensate for with a lower weight.

Baselines. We compare AZEEM with a range of schemes,
including prior work for optimizing video delivery [24,34].

1. BayesOpt [24]: Bayesian optimization is the typical
approach to black-box tuning and is leveraged by well
known large scale video providers [24].

2. Vizier [29]: While Bayesian optimization can’t naturally
use QoE data from devices other than the new one, we
compare against Vizier which regularizes posteriors for
the new device using data from other devices.

3. Pytheas [34]: This scheme uses a multi-armed bandit
agent to explore and find the best performing treatment. It
uses Discounted Upper Confidence Bound (UCB) [28], a
variant of the UCB algorithm [8], that accounts for drifts.

4. AZEEM-Static: We also evaluate how AZEEM per-
forms if we do not use the prediction model for extra
device-specific exploration.

5. Default-Treatments: A static selection of treatments will
be recommended with no exploration, based on the offline
collected dataset.

5.2 Results

To evaluate AZEEM, we emulate the process of onboarding
a new device by using the RCT dataset and leave-one-out
experimentation. This data contains over 50 devices and
300 cohorts (<device, network cluster, content type> tuples,
see §4.1.1). For m iterations, we designate one device as the
target device to be onboarded and use the remaining (m—1)
devices as the offline collected data. For a given exploration

budget /, we explore bootstrap and cohort-guided treatments
for the target device. Finally we recommend k treatments per
each cohort of this device.

We are interested in ‘QoE regret’, i.e., the QoE difference
between a deployed treatment and the optimal one for that co-
hort. We look at two instances of QoE regret; (1) How much
average QoE regret did each scheme cause due to exploration,
and (2) What is the best QoE regret we observe in an evalua-
tion period after exploration, among the k recommended treat-
ments. The latter is an upper bound on how well a live adapta-
tion system can track the best treatment in the suggested list.

Exploration period. Figure 9a depicts the average QoE re-
gret due to exploration, when the exploration period is January
2025. Black-box exploration exploitation schemes—BayesOpt
and Vizier-have no prior knowledge of which treatments are
potentially good. These schemes will eventually identify bet-
ter treatments, but only after exploring dozens of them first.
Pytheas uses a multi-armed bandit strategy that makes deci-
sions at a granularity of individual sessions. This allows us
to abandon a treatment if its QoE does not look good, which
reduces its average QoE regret. AZEEM-Static uses the offline
collected data to make exploration recommendations that, ini-
tially, are better than black-box approaches; with small /, the
bootstrap set is conservative, but as [ grows, AZEEM-Static
may pick treatments that are great on some devices but quite
bad for others. Regardless of this budget, AZEEM outperforms
all schemes in exploration QoE regret by 1.2—2.6X. AZEEM’s
prediction model allows it to make targeted exploration
choices, rather than shots in the dark like most other schemes.

Exploitation period. From each scheme, we take k = 5
recommended treatments, and observe their QoE regrets.
Figure 9b depicts the best QoE regret from this set. First,
note that almost all schemes need exploration to lower this
regret. AZEEM, however, has almost gained all information
it can with [ =6. In fact, there is an instance of AZEEM with
[ =3 that reaches a best regret QoE of 0.19. We purposefully
limit the figures to [ > k, since 1) at [ = 4,5, AZEEM will
always make identical recommendations to / =3, and 2) most
baselines cannot make recommendations if [ <k.

BayesOpt and Pytheas make worse recommendations with
[ = 20 than what AZEEM does with [ = 3, i.e., a 6-fold im-
provement in exploration time (and a 8.3 —13.6x reduction
in total exploration QoE regret). AZEEM makes the best rec-
ommendations up to / < 18, after which Vizier takes a small
lead. Note that [ =20 is 25% of the treatment space explored,
and would take 1-2 months of exploration. AZEEM achieves
the same level at / =6, for a 3-fold reduction in exploration
time (and 5.8 x reduction in total exploration QoE regret).

Choosing kand [. To understand the effect of k and /, we
vary k, while setting / =k+ 1 (most schemes require / > k).
We also include AZEEM at [ =3, denoted as AZEEM-NoGuided.
The outcome is depicted in Figure 10. First, note that AZEEM
with and without guided exploration get similar results
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Figure 9: Exploration cost and exploitation performance of
various schemes. (a) Average QoE regret during exploration.
(b) Best QoE regret during the exploitation period of the
k =5 recommended treatments. AZEEM recommends better
treatments with fewer explored treatments.
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Figure 10: Best QoE regret for various schemes at [ =k+1
and AZEEM-NoGuided at [ =3, across k. AZEEM consistently
outperforms baselines, improving as k increases. AZEEM-
NoGuided closely follows, despite lower exploration.

beyond k > 4. There is a consistent improvement observed
with k, but this is an idealized view of what the live adaptation
system will achieve with these k treatments. In practice, as
k increases, traffic share is diluted more between treatments
and it becomes harder for the live adaptation system to
recognize the best treatment out of k. We leave a systematic
design and evaluation of this system to future work.

Can k = 1 work? We observe the QoE regret of the
recommended treatment with k = 1 depicted in Figure 11.
The most striking pattern is that nearly all schemes make a
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Figure 11: QoE regret during the exploitation period for the
k=1 recommended treatment. Due to drift, no model makes
better recommendations with more exploration.

worse recommendation as they explore more. This is the QoE
drift in action; by aggressively exploring the treatment space,
these schemes overfit to patterns that dissipate as we move
to the exploitation period afterwards. Despite this, AZEEM
still makes better recommendations overall.

Overall, AZEEM simultaneously makes better recommen-
dations with a smaller exploration footprint. In the next
subsection, we study AZEEM’s behavior as we vary hyperpa-
rameters, dataset period, prediction model architecture, efc.

5.3 Deployment Case Study

To evaluate AZEEM’s in-the-wild efficacy, we deployed it for
a subset of 300 cohorts of Amazon Prime Video’s production
traffic. To ensure a fair comparison, we randomly allocated
10% of traffic of these cohorts to AZEEM and the remaining to
an existing Production Treatment Tuning system (PTT). As
discussed in §4.1, AZEEM was trained to explore treatments
which differed in ABR algorithms (and their parameters),
download parallelism and bitrate ladders.

Over a two week evaluation period with hundreds of mil-
lions of video streams, we measured the per-cohort QoE dif-
ference between AZEEM and PTT. Figure 12 shows the CDF
of this QoE differences (higher is better). Overall, AZEEM
improved QoE for more than 70% of cohorts, achieving an
average QoE gain of 2.21% and > 5% for over 17% of co-
horts. Figure 12 also shows improvement in individual metrics
(§5.1). Most notably, AZEEM significantly reduces startup de-
lay while avoiding major regressions on other metrics. AZEEM
also lowers PSB (percentage of sessions with rebuffering) by
up to 13% and improves PSB by at least 1% for more than 10%
of the cohorts. Finally, we investigated cohorts where AZEEM
was outperformed and found that the optimal treatments for
these cohorts were not present in the 84 treatments AZEEM
was trained for, which limited the extent of improvements it
could achieve. Overall the deployment results validate AZEEM
efficacy in quickly tuning performance across a large number
of varied cohorts.
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Figure 12: AZEEM’s QoE improvements compared to PTT. (a)
Across 300 cohorts, QoE improves by an average of 2.21%
(221 basis points). (b) For about 17% of cohorts, AZEEM
improves QoE by > 5% (500 basis points). Also shown are the
improvements in individual QoE metrics for these cohorts.
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Figure 13: Distribution of best QoE regret across various
devices. (Left) All clients. (Right) Clients with weak network
setups. AZEEM brings most notable gains in weaker networks.

AZEEM Overhead. AZEEM is trained on 84 x300 data sam-
ples (treatments x cohorts). Training finishes in a few minutes
on AWS SageMaker ml.g5.48xlarge instance (192 vCPUs,
768 GiB RAM, 8 xNVIDIA A10G GPUs, 24 GiB memory).

5.4 Ablation Study

QoE in poor cohorts. High quality video streaming is rel-
atively easier for cohorts with better network conditions [69].
Figure 13 demonstrates the best QoE regret observed before,
but focuses on cohorts with weaker network setups. Note
the widened gap between AZEEM and baselines, compared to
Figure 9b; this is because strong ‘cohorts’ dilute the QoE im-
provements made between these schemes. On average across
such weak cohorts, AZEEM reduces the QoE regret by 1.7 x.

Do these trends hold over time? The experiments in
Figure 9b were over an exploration period with data from
January 2025, and exploitation period in February 2025. In
Figure 14 we can see the same experiment with a wider span
for the exploration and evaluation periods. AZEEM maintains
a similar QoE regret across time, while maintaining a lead
over Vizier, the most competitive baseline in §5.2.

Changing the prediction model. We noted two alternate
design choices in §4.4 that we ablate here. First, instead of

‘E) 0.2 B Vizier
%0 [ ALS =2
~ N ALSr=1
g 01 BN AZEEM
<o [0 AZEEM-RE
0.0
Feb Mar Apr  Mar Apr Prediction
RCT: Jan RCT: Feb Method

Figure 14: Ablations: (Left) Best QoE regret for k=35 across
different exploration—evaluation periods, shows AZEEM’s
stability over time. (Right) Best QoE regret across prediction
models: matrix completion outperform baselines but falls
short of neural network model.

training a neural network as the prediction model, we can
use matrix completion algorithms. We’ll use the Alternating
Least Squares (ALS) algorithm to learn the QoE matrix, with
rank r =1 and r = 2. Second, we can retrain the prediction
model one treatment at a time after each exploration (dubbed
AZEEM-RE). We compare these prediction model ablations in
Figure 14 at /=6 and [ =20 explored treatments. ALS does
outperform Vizier, but does not outperform the neural network
prediction model in AZEEM, no matter the exploration regime.
Retraining the prediction model also shows little benefit here.

Effect of training loss. In §4.4, we discussed the implica-
tions of the loss function and prediction objective. Recall that
AZEEM predicts a score value, derived with a softmax over
QoE metrics. Figure 15 shows how alternate loss functions
fare in our experiment. The "Direct Normalized" loss trains
over a normalized version of the QoE, to reduce the effect
of outliers in the matrix. As covered in §4.4, this doesn’t
resolve the issue where the loss function is still assigning
equal importance to good and weak treatments, and does not
perform as well as the softmax loss. Applying the softmax
over a normalized QoE matrix should also not do better;
recall that softmax over original QoEs assigns importance
to treatments relative to their QoE difference. When we
normalized the matrix, these difference can get exaggerated
for some devices, fooling the loss function to learn a pattern
that doesn’t exist in the original QoE matrix.

The "Bootstrap Normalized" learns a direct mapping from
QoEs of bootstrap treatments to QoE for a target treatment.
In theory this should allow the matrix to learn the scale of
the QoE for that particular device directly from its input.
Unfortunately, this design does not allow the prediction
model to benefit from guided exploration.

Does x matter? Recall that to make robust recommenda-
tions, we select x out of k recommended treatments from boot-
strap treatments based on offline collected data. To evaluate
this, we vary x across several exploration budgets, / =6,9,12,
and observe QOoE regret depicted in Figure 15. While no sin-
gle value of x is optimal across all values of /, x=0 and x=5b
(b=3 in this case) are usually the least performing candidates.
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Figure 15: Ablations: (Left) Best QoE regret across k =5
recommended treatments across different training loss and
objectives, (Right) number of bootstrap treatments chosen at
recommendation time across x. Across exploration budgets,
a consistent trend is to avoid x=0 and x=>.

6 Limitations

Long time horizon. Our evaluation is based on four months
of data (January—April 2025). Within this period, we find that
AZEEM outperforms other state-of-the-art methods such as
Bayesian optimization, while also adapting to non-stationarity
by recommending a treatment set that remains effective. A
clear limitation, however, is that the entire treatment set may
either become obsolete or get deprecated over longer time
horizons, as underlying network conditions, device capabil-
ities, and playback software features evolve. We therefore
note the need for a continuous optimization system that can
periodically update the recommended set over extended time
frames and leave this for future work.

Dataset limitations. Our offline dataset consists of 84 treat-
ments which were selected with the help of domain experts
to maximize the chances of achieving optimal performance.
As such, these treatments were already reasonably perfor-
mant and limit the range of performance differences which
would’ve been observed with more diverse treatments. This
can be seen in §5.3, where the performance gains achieved
by AZEEM against PTT are significantly higher than those ob-
tained over our offline data. This is due to the greater perfor-
mance variability between different treatments in production.

7 Related Work

Hyperparameter Tuning Techniques Hyperparameter
tuning techniques form a well established line of work to
intelligently manage the exploration-exploitation tradeoff.
Techniques span a large surface area covering Multi-Armed
and Contextual Bandits [9, 10, 40], Reinforcement Learn-
ing [66,68], Bayesian Optimization [14,59,60] and black-box
hyper-parameter tuning [29] efc. In context of video
streaming, past works have designed efficient exploration-
exploitation techniques for bitrate and CDN selection [34], op-

timal ABR configurations for different network conditions [3]
and bitrate ladder construction [63] etc. Our work takes inspi-
ration from these to significantly reduce the exploration cost
of finding the optimal settings for video streaming devices.

Optimizing Video QoE Techniques to improve video Qual-
ity of Experience are multifaceted with works focused on im-
proving individual components of the video delivery pipeline
including adaptive bitrate algorithms [3,5,19,31,47,61,69,70],
fragment downloading strategies [30, 46], bitrate lad-
ders [32,39,63,64] and CDN selection techniques [27,33,34]
etc. Equally notable is line of work on quality of experience
models which leverage data-driven techniques to understand
how users respond to video stream impairments [12,13,23,36].
Our work complements these prior works by helping large
scale video providers efficiently optimize experience at scale.

Low-rank structure Recall from §2.3 that the low-rank
structure of the QoE matrix is one of the key insights that
AZEEM exploits for video playback optimization. This struc-
ture is present in many real-world measurements [65] such as
network data [15,37,38,56], and has proven useful for matrix
completion [1,7, 17, 18] in cluster scheduling/manager [21,
22,52], unbiased trace-driven simulation [5], efficient data
analytics job placement [35], elastic training in heterogeneous
GPU clusters [50], configuring new channels in cellular net-
works [45], and 5G device localization [41]. As such, AZEEM’s
underlying technique can generalize beyond video streaming.

8 Conclusion

Large scale video platforms optimize playback performance
by tuning a range of different parameters. However, fragmen-
tation in the device ecosystem makes it prohibitively expen-
sive to rely on traditional tuning techniques such as manual
A/B testing or Bayesian optimization to find device special-
ized settings. Our work introduces AZEEM, which leverages
few-shot predictions to prune the search space of configura-
tions. It then recommends a set of configurations (or treat-
ments) which are robust to temporal distribution shifts. Evalu-
ations conducted over real datasets from a large video provider
show that AZEEM reduces the treatment exploration costs by
5.8 — 13.6x over Bayesian optimization and multi-armed
bandits thus enabling efficient device optimization at scale.
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Appendices

A Device-level Specialization

A.1 Why Are Devices Different?

In a production user base, typical of large scale providers,
thousands of devices are served by the provider. To under-
stand why these different behaviors arise, their root causes
can be broadly attributed to the following.

Hardware Heterogeneity. Production devices differ
drastically in their hardware capabilities. For instance, in the
devices we worked with, we found that a subset of device
models in the set-top box family from a single manufacturer
suffered excessive frame drops® at bitrates above 5Mb/s
due to weak hardware resources’ and thus needed custom
bitrate ladders to prevent playback stalls and stutters despite
excellent networking conditions.

Uneven API Support. Different devices exhibit uneven
API support and lack feature parity which makes it chal-
lenging to take optimal settings from one device and readily
deploy to another. For example, devices which run single
threaded players (e.g. JavaScript Dash.js [26]) cannot easily
benefit from techniques which use multi-thread parallelism
(e.g., concurrent fragment downloads). We show this change
in stall rate for a large set of devices in Figure 16; for some
devices, concurrent fragments are very helpful, while for
some others they dramatically increase stall rate.

Limited Control of Software Stack. On most devices, criti-
cal components of the software stack—such as the Application
SDK, Firmware and Operating System efc.—are either pro-
vided by the manufacturer or another third-party vendor. Thus
video services have limited control in updating or making
direct improvements in cases where performance deficiencies
are localized to these components. Any changes require co-
ordination with external vendors, leading to prolonged resolu-
tion times as fixes must progress through the vendors’ release
cycles. During this period, users continue to experience subop-
timal performance while updates are developed and deployed.

A.2 Alternates to Data-Driven Specialization

Given that the need for cohort specializations arises due
to factors originating from device dynamics, it is worth
considering three alternates to data-driven specialization.
First, one may think of designing components in the playback
stack which are device-aware (e.g., a device-aware ABR
algorithm that jointly takes into account both network and
device conditions). A second effort worthy of consideration is
identification of root causes of issues which adversely impact

SFrame drop means the video frame was not decoded in time to be viewed
on the display.
7All models were marked HD capable by the manufacturer.

device performance (e.g., the aforementioned frame drops)
and then fixing those issues. A third approach is to capture
device-specific behaviors in simulations/emulations of such
devices. While all are fair considerations, practical constraints
render these approaches infeasible if not impossible.

Device Aware Playback Components As an example of
a device-aware playback component, consider an ABR which
makes bitrate decisions through joint optimization over real
time network and device conditions. While possible it is not
feasible to design this algorithm for at least two reasons. First,
the full volume of metrics needed to cover the broad range of
device behaviors makes designing this ABR algorithm com-
plicated. Such metrics need to include available CPU cycles
and architecture, hardware acceleration features, available
memory, network processing rate, operating system, decoding
hardware etc. Note that investigating two metrics—buffer
occupancy and network bandwidth—has taken over a decade
of research, and investigations have recently begun on a select
few device metrics [67]. Second, for many of such metrics
there are no standardized low-overhead mechanisms to fre-
quently poll them from the device. Thus, it takes more effort
to engineer this pipeline for the existing thousands of devices
than to instance-optimize them in a black-box fashion.

Fixing Device Issues While determining root causes of
issues which lead to low performing devices and fixing them
is also appealing, often times specific behaviors are caused by
components outside the control of a video service provider.
For example, issues which arise due to deficiencies in the de-
vice firmware or runtime application framework efc can’t be
directly fixed by the video service provider. For instance, it is
well known that to support Apple devices (i10S, MacOS, tvOS
etc) providers must use the closed source media Software
Development Kit (SDK) provided by Apple [6]. As such, any
device characteristics determined by the performance of such
third-party libraries must be taken into stride by the video
service provider as-is and be handled in a black-box manner.

Device  Simulation/Emulation Tools  for offline
exploration-exploitation or performance evaluation, such as
simulators [3, 5] and large scale device farms [11, 25, 49]
suffer from their own shortcomings. Aforementioned sim-
ulators do not consider device specific behaviors and are not
easily extendable to cover the large search space of possible
configurations (i.e., CPU, memory, thread-parallelism efc).
On the other hand large scale device farms are prohibitively
expensive to build and operationalize. To make matters worse
device capabilities and video streaming strategies continually
evolve over time, thus require continued longitudinal invest-
ments to ensure adequate coverage of in-the-wild devices.

B Algorithm

Algorithm | is a pseudo-code for the overall onboarding
procedure that AZEEM undergoes.



2 Concurrent Fragments

3 Concurrent Fragments
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Figure 16: Stall rate improvement compared to one concurrent fragment, across various devices. We cap the colorbar scale
at 1% degradation and 1% improvement to avoid outliers.

C Statistical Significance Tests

In Figure 9b, we show the QoE regret achieved by AZEEM
and other methods under different exploration budgets. As
described in §5, the QoE regret is computed across m iter-
ations, where each device is used once as the test device and
the remaining ml devices provide training data. While the
main evaluation reports the average QoE regret across these
m devices, we include the corresponding statistical tests here
(for lack of space in the main paper). Specifically, we compare
Bayesian Optimization and AZEEM at an exploration budget
of six treatments and perform statistical tests to demonstrate
that the improvements are statistically significant.

For each cohort, we compute confidence intervals for
the QoE regret metrics. The QoE score, defined in §5.1, is
modeled using Beta distributions for PSB, PSD, and PLS
(percentage of sessions with playback degradation) and a
Student’s t-distribution for PQD (percentage of time a session
did not stream at the maximum available resolution). To
estimate the confidence interval of the average QoE score
across m devices, we draw samples from these distributions,
average them across devices, and obtain the empirical
distribution of the mean QoE score for each method.

Comparing Bayesian Optimization and AZEEM at an ex-
ploration budget of six treatments, the empirical one-sided
p-value for the difference in QoE scores is p = 0.0033, indicat-
ing that the improvements achieved by AZEEM in Figure 9b
are statistically significant.



Algorithm 1 AZEEM: New Device Onboarding

Arguments

AN B W N =

: [ (number of treatments to explore).

: b (number of bootstrap treatments).

: k (number of treatments to deploy).

: x (number of deployed bootstrap treatments).

: m cohorts (m— 1 from offline RCT) and »n treatments.
: Training Parameters: E (iterations), 1| (learning rate).

Offline Data Collection

: Explore all n treatments for m — 1 RCT cohorts, and

observe QoEs

Exploration (Bootstrap)

: BT + ]

9: for b iterations do

. m—1
: L J—argmax e ,_prXi| qo€ij—maxcprqoe;

BT.add(j)

: Explore treatments in BT for cohort m, and observe QoEs

Prediction

: Initialize neural network parameters 6
: for E Iterations do

for Vie[l..m],j€[1..n] do

Di,j <—u,~,j/‘c—log):’}:1m,~,, x elir/
Leg < Xt X —mij % sij x1ogpi,j
0<0-MVeLcr

Exploration (Guided)

. GT +— []
: for [ —b iterations do

: L j<—afgmaxje[l..n]—BT—GTf(dm,nmﬂm,Yj;e)

GT.add(j)

: Explore treatments in GT for cohort m, and observe QoEs

Recommendation

24:
25:
26:
27:
28:
29:
30:
31:

DT +]

for x iterations do
J4—argmax cpr_prqoem,j
FT.add(j)

for k—x iterations do
J &= argmax e Grupr—prg0€m.j
DT.add(j)

Deploy treatments in F 7T for cohort m
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