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Motivation

For streaming applications, adaptive network strategies may involve a 

combination of dynamic bitrate allocation along with playback 

interruptions when the available bandwidth reaches a very low value.

Propose Video Assessment of TemporaL Artifacts and Stalls (Video 

ATLAS): a machine learning framework where we combine a number

of QoE-related features, including objective quality features, rebuffering-

aware features and memory-driven features to make QoE predictions.



Previous Work on QoE Prediction

Impairments of Videos with Normal Playback Playback interruptions

Due to the multiple encoding bitstream

representations of the high-quality source content

SSIM、 MS-SSIM、 VMAF、 STRRED

Due to throughput and buffer limitations

FTW、VsQM、 SQI



LIVE-Netflix dataset

H.264 compression Playback interruption

• 8 different playout patterns (static and dynamic bitrate selection strategies 

together with playback interruptions) on 14 diverse video contents

• Gathered approximately 5000 subjective QoE (both continuous and retrospective) 

scores from 56 subjects, each participating in three 45 minute sessions.



Is Objective VQA Enough ?

Sq:  videos distorted only by video quality changes with normal playback

Sall: all the videos in the dataset



Learning-based Framework for QoE Prediction

1.Objective video quality scores (VQA)

Use pooling strategy to collapse per-frame objective quality measurements (i.e. SSIM)

2.Rebuffering-aware features (R1 and R2)
Use the length of each rebuffering event measured in seconds (R1) and the number of rebuffering events (R2).

3. Memory-related feature (M)
The time since the last rebuffering event or rate drop took place and was completed

4. Impairment duration feature (I)



Experiments and Results
--Regression scheme contributes to better performance (content independence ) 



Experiments and Results
-- Memory-related feature (M) plays an importance role (content independence ) 



Experiments and Results
-- content independence and pattern independence

Content independence

Pattern independence



Experiments and Results
-- generalizability

Training and Testing for Waterloo training on Waterloo and testing on LIVE-Netflflix training on LIVE-Netflflix and testing on Waterloo



Conclusion

• The recency/memory effects contributes to retrospective QoE evaluation

• No general model for different datasets (only a framework)

• Design continuous time QoE models in the future
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