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Ø Diverse clients and streaming conditions
Ø HTTP Streaming – Standardized as DASH streaming

Ø Adaptive Bitrate Algorithms (ABR)

ØEnergy consumption is an important constraint for mobile users 

Quality Stalling Oscillations
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Introduction

QoE
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QoE Targeted
• Rule-based Models

• BOLA [INFOCOM ’16][1]

• Festive [CoNEXT ’12][2]

• MPC [SIGCOMM ’15][3]

• BOLAE, Dynamic ABR [MMSys ’18][4]

• Learning-based Models
• Pensieve [SIGCOMM ’17][5]

• Oboe [SIGCOMM ’18][6]

• Fugu [NSDI ’20][7]

• Comyco [MM ’19][8]

Energy Aware
• Context aware

• Chen et al. [ICDCS ’19][9]

• Additional layer
• ef-HAS [IEEE ’18][10], e-DASH [WoWMoM ’17][11]

• Using other codecs
• Vitto et al. [ICMEW ’18][12]

• Progressive download
• EnDASH [IFIP ’20][13], Breitbach et al. [CCNC ’18][14], Meng 

et al. [ATC ’21][15]

• Data/quality budget
• QUAD [MMSys ’19][16], DataPlanner [MMSys ’21][17]

State of the Art
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• Training stability and efficiency
• Pensieve, Comyco, Oboe

• Do not consider the perceptual quality
• Bola, FesQve, MPC, BolaE, DynamicABR, Pensieve,  Oboe, ef-HAS, e-DASH, 

EnDASH

• Either do not consider energy consumpAon 
• Bola, FesQve, MPC, BolaE, DynamicABR, Pensieve,  Oboe, Fugu, Comyco

• Or sacrifice QoE to save power consumpAon
• ef-HAS, e-DASH, EnDASH

Limitations of Existing Studies
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stability&efficiency perceptual quality

energy consumption sacrifice QoE

DQN VMAF

Optimize for both

To Address Limitations
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Op0mizes QoE and energy together
Ø Targets high perceptual quality
Ø Minimizes rebuffering events and quality oscilla<ons
Ø Minimizes capacity viola<ons
Ø Reduces the energy and data consumpAon

Ø Designed for general video streaming scenarios
Ø Does not require addiAonal hardware support (e.g., HEVC support )

GreenABR: Energy-Aware Adaptive Bitrate 
Streaming with Deep Reinforcement Learning 
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Limitations of existing models 
Ø Designed based on encoding bitrate
Ø Device heterogeneity

Our approach 
Ø Considers ABR-related components
Ø Targets to capture pattern
Ø Minimizes device specific impacts

Ø Excludes base power consumption

Data Acquisition

Video Processing Display

Audio Processing Speaker

Local Playback

Modelling Power Consumption

8



… …

Bitrate

File size

VMAF
Motion rate

Resolution
Energyn

Energy1…

File size

Reciprocal 
throughput

…

ɑ
β

File size in a chunk

Throughput 1

1

Data acquisition energy

Local play energy

Total 
energy

ch
un
k

ch
un
k

Local Play Energy
Ø Video processing + Display
Ø Parameters affect non-linearly
Ø Regression model

Ø RMSE < 0.01  <7% estimation error
Ø Evaluations on unseen device

Ø RMSE < 0.036  <12% estimation error

Data Acquisition Energy
Ø Adopt an existing model [18]

Ø Compatible throughput range
Ø Accurate with > 90%

Power Model 
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Videos 
Ø Tears of steel (sci-fi), Nature(documentary), BBB(cartoon) 
Ø 6-reps (0.3-4.3 Mbps), 10-reps (0.1-12Mbps), 10-HD-reps (2K&4K)

Energy Data Collection
Ø Monsoon Power meter collects at each 200 microseconds
Ø Results are aggregated for each chunk

Traces
Ø 3G, 4G-LTE, Broadband, Synthetic

Perceptual Quality Calculation
Ø QoE of the streaming session
video quality, rebuffering time and frequency, oscillations, quality switches 
Ø Linear regression model on SQoE-III[19] dataset

Evaluation Setup 
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Results - 6 representations

(QoE/Energy) 

17-29% better
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Results - 6 representations

1% degradation
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Results - 6 representations

49-72% lower
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Results - 6 representations

2-21% lower
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Results - 6 representations

11-28% savings
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Results - 6 representations

3-44% savings
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Results - 10 representations

27-47% better
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Results - 10 representations

3-22% better
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Results - 10 representations

53-84% lower
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Results - 10 representations

16-31% lower
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Results - 10 representations

15-41% savings
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Results - 10 representations

36-59% savings
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Results – 10 representations (2K-4K)

34-55% better
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Results - 10 representations (2K-4K)

35-57% savings
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Energy Consumption & Capacity Violations

Pixel Rate > Decoder Capacity
Ø Software decoder takes over
Ø Drops frames
Ø Boosts Energy Consumption

Energy Consumption Analysis
Ø Slight increase for Xcover Pro
Ø GreenABR preserves its efficiency
Ø Other ABRs doubles their energy consumption
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Summary
• RL models improve ABRs

• Requires training efficiency and stability
• Perceptual quality metrics (e.g.,VMAF) improve ABRs

• Bitrate greedy approaches 
• Fail for unstable network conditions
• Incur additional power and data usage

• Sustainable solutions needed for mobile users
• Standardized evaluations needed to avoid unfair comparisons
• GreenABR outperforms SOTA up to 

• 57% energy savings
• 22% QoE
• 60% data savings
• 84% less rebuffering
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Future Work

•Generalized GreenABR for different encoding 
ladders
•GreenABR for live streaming scenarios 
•GreenABR on server side
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Questions
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LimitaQons of exisQng models 
Ø Designed based on encoding 

bitrate
Ø Device heterogeneity

Our approach 
Ø Considers ABR-related

components
Ø Targets to capture paTern
Ø Minimizes device specific impacts

Ø Excludes base power consump?on

Modelling Power Consumption
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Videos
Ø Three-minute videos
Ø Tears of steel (sci-fi), Nature(documentary), BBB(cartoon) 

Energy Data Collection
Ø Videos are played for each representation
Ø Monsoon Power meter collects at each 200 microseconds
Ø Results are aggregated for each chunk

Trace Type Avg. Band. (Mbps) Distribution %

3G 1.29 ± 0.77 29%

4G 31.58 ± 13.59 14%

Broadband 3.91 ± 2.37 28%

Synthetic 4.41 ± 5.03 29%

Perceptual Quality Calculation
Ø QoE of the streaming session
video quality, rebuffering time and frequency,
oscillations, quality switches 
Ø Linear regression model on SQoE-III[19] dataset

Ø VMAF is used as quality measure
Ø 34 users 450 videos 13 net. conditions

Model SRCC

SQoE-III sample 0.6534

Pensieve 0.6563

Comyco 0.7517

Proposed Model 0.7845

Evaluation Setup 
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Results - 6 representations

Resolution Bitrate(kbps)

320 x 180 300

640 x 360 750

768 x 432 1200

1024 x 576 1850

1280 x 720 2850

1920 x 1080 4300

Ø Average results of 3 videos for all traces
Ø Energy Efficiency (QoE/Energy) => 17-29 % beTer 
Ø QoE => 1% degradaQon
Ø Rebuffering => 49-72 % lower
Ø Smoothness => 2-21 % lower
Ø Energy => 11-28 % savings 
Ø Data => 3-44 % savings
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Results - 10 representations

Resolution Bitrate(kbps)

320 x 180 150

320 x 180 300

640 x 360 750

768 x 432 1200

1024 x 576 1850

1280 x 720 2850

1920 x 1080 4300

1920 x 1080 6000

1920 x 1080 9000

1920 x 1080 12000

Ø Average results of 3 videos for all traces
Ø Energy Efficiency (QoE/Energy) => 27-47% better 
Ø QoE => 3-22% better
Ø Rebuffering => 53-84 % lower
Ø Smoothness => 16-31% lower
Ø Energy => 15-41% savings 
Ø Data => 36-59% savings
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Results - 10 representations HD

Resolution Bitrate(kbps)

320 x 180 150

320 x 180 300

640 x 360 750

768 x 432 1200

1024 x 576 1850

1280 x 720 2850

1920 x 1080 4300

1920 x 1080 6000

2560 x 1440 9000

3840 x 2160 12000

Ø Average results of 3 videos for all traces
Ø Energy Efficiency (QoE/Energy) => 34-55% better 
Ø QoE => 1-22% better
Ø Rebuffering => 55-85 % lower
Ø Smoothness => 13-39% lower
Ø Energy => 35-57% savings 
Ø Data => 41-60% savings
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