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Large-scale Video Service Providers
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Video playback system
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Video playback has many tunable knobs
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Prime Video RCT Data
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“"’I QoE degradation:

s * % of sessions with rebuffering

* % of non-HD fragments

* % of sessions with startup delay

* % of sessions with bitrate changes

250 Cohorts:
<Device,
network cluster,
content quality>

84 Treatments: Tunable knobs



Playback Optimization: Configuration tuning

Best treatment per row
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Tuning Granularity: <Network> vs <Network, Device>

High performing, production treatments
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Case for device-level tuning

Streaming devices differ widely in Desktop Gaming h Notebook

PC console PC ]

e hardware: CPU, memory, screen size

* software: OS, firmware, decoder, app stack  sman L] B j settor. s ]

% Sessions with Rebuffering

# of Concurrent Downloads 1 2 3
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Per-cohort tuning is expensive

High QoE Regret

Explored Treatments

10

* Bayesian Optimization/Bandits ->
exploration cost => High QoOE regret
e Hundreds of device types in production

e Heavy-tailed QoE - 1000s of sessions to
compare treatments

e Per-cohort tuning -> high QoE regret
+ slow convergence



Similarities across Devices
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Similarities across Devices

Cohort-configuration matrix is Low Rank
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Can We exploit similarities across cohorts to guide
g o6 exploration-exploitation?
6 — T T T | T >
0 3 6 9 12 15 18

Number of Singular Values



New Cohort

AZEEM overview
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Bayesian Optimization/Bandits ->
Explores entire configuration space

AZEEM: Use historical data->
few-shot prediction for new cohort



New Cohort

AZEEM overview
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 Efficient exploration
* Robust to temporal drift

AZEEM: Use historical data->
few-shot prediction for new cohort



AZEEM design
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Guided exploration-exploitation with AZEEM

Bootstrap Prediction &
Phase Exploration phase
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Guided exploration-exploitation with AZEEM

Bootstrap Prediction & Exploitation Phase:

Phase Exploration phase Multi-armed bandit
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Robust to temporal drift
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AZEEM results
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AZEEM results
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AZEEM Live deployment case study

PTT: Production service that runs bandits over handpicked treatments

Poor cohorts

All cohorts
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QoE improvement by AZEEM over PTT

PSB: % of sessions with rebuffering
PQD: % of non-HD fragments

PSD: % of sessions with startup delay
PLS: % of sessions with bitrate changes



Conclusion

Device-level tuning is critical

AZEEM:
 Efficient exploration via cross-cohort sharing
* Robust to temporal drift

RCT evaluation:
e Outperforms BO + bandits
* 3x faster convergence

Live deployment (vs Production Tuning Service):
* +2.2% avg QoE
e >5% gains for 17% of worst cohorts
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