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1. Introduction 4. Results

Network traffic volume is growing, with video traffic How viewers watch YouTube? The figure below illustrates
accounting for most mobile data traffic as a result of Video- transition probablilities between Iinteractions for viewers
on-Demand (VOD) services (e.g., YouTube, Netflix) and others. watching YouTube over a 4G network based on data collected

between May and June 2021.
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Network operators monitor Quality of Experience (QoE) to
prevent customer churn and maintain video stream quality.

Key Performance Indicators (KPI): resolution, bitrate, stalling. 50.1 0.27 P - pause

End-to-end traffic encryption imposes a challenge. S - seek

KPIs are inferred by using Machine Learning (ML) methods. \42_33 L— ;63 A - playback terminated
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L Do interactions impact classification? In the case of session-
based KPI classification, models perform worse when
[ Eas H A TURES ]—»[ e ! ] classifying KPIs of videos with interactions, whereas this was
found to not be the case for real-time classification.

2. Research gap and objective

Viewers frequently interact with the video player, which most % o0 -
video QoE studies ignore. S w - o
Interactions may Impact traffic features and thus P 60 - roandc
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performance of models that rely on those features.
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The main objective of this research Is to specify an approach ol _ _ _
Bitrate2 Bitrate3d Resolution3d Resolutiong Stall Bitrate2 Bitrate3 Resolution3 Resolutiont Stall

for in-network estimation of KPIs of video sessions containing Kev Performance Indicator | KeyFerformance indicator _
user interactions (e.g., bausing, seeking, and abandonment). Performance of Random Forest classification models trained on

datasets without interactions (left real-time, right session-based)
3. Research plan and methodology

Should all interactions be included In the training process? By
iIncluding videos with Abandonment and Pause interactions In
the training dataset, models perform better when classifying
videos without or with one user interaction.

Interaction-monitoring campaigns will be
run to create a user interaction model of
Phase 1 outcome VOD viewers on mobile devices.

Model of user - Data collecting background service for
interactions existing services. Class yes Recall heatmap of Random Forest models for
Implemented VOD application classifying Stalling in 2 classes.
(https://youview.com.hr). Trained on x =
{N} {N,S} {N,A} {N,P} {N,S,A} {N,S,P} {N,A P} | {N,S,A,P}
Feature Algorithm 2 |y=x 0.59 0.89 0.91 0.77 0.68 0.65 0.88 0.91
Data extraction ML selection 8 S
collection ~ dataset  Feature ML model S |y ={NSAPN 0.68 0.77 0.85 0.81 0.69 0.67 0.93 X
Phase 2 outcome selection
Average 0.64 0.83 0.88 0.79 0.69 0.66 0.91 X
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| . . 5. Conclusion
Simulate user interactions.

Interaction-monitoring campaign revealed that 87% of
- videos were abandoned before they were completed, with
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Phase 3 outcome AN P & ) ¥ o N 4 ™ - When models are trained on datasets without interactions,
. - ~ - the performance of session-based KP| classification is
Instrumentation — g . o . e
oy scripts . degraded when videos with interactions are classified, as
and data for ML v . e .
et T = opposed to real-time classification.
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capture framework Only abandonment and pause Iinteractions could be
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‘wmm‘ ‘Appmm‘ included in the data collection process while still achieving

satisfactory KPI classification performance.

Comparison and analysis of different ML .
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