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FROM NEEDS AND PROBLEMS TO 
MOTIVATIONS



Motivation for XR 
Media

Extended Reality Technologies
XR includes VR, AR, and MR, providing immersive 
experiences for natural interaction.
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Challenges of immersive service Delivery

Massive Bandwidth Requirements

• 360° video captures the entire 
environment, even though users view 
only part of it at any moment.

• To avoid visible pixelation in head-
mounted displays, 4K–8K+ resolution is 
often required.

• This leads to extremely high bitrates, 
stressing networks and increasing 
delivery costs.
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Challenges of 360-degree-video Delivery

• Inefficient Data Usage (Viewport Problem)

• Only 10–20% of the video sphere is visible at 
once.

• Yet, traditional streaming delivers the entire 
frame, wasting bandwidth.

• Limited bandwidth
• Need for real-time rendering on resource-

constrained devices.
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Challenges of Point Cloud Video Delivery



FROM MOTIVATIONS TO ACTIONS:

ADAPTIVE STREAMING TECHNIQUES TO SOLVE THE 
XR ISSUES
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→ Need for adaptive streaming solutions
• To manage quality, to balance 

quality, bandwidth
• To meet user experience under 

the stringent requirements of XR 
application

A need of Adaptive Streaming Solutions



Viewport-adaptive streaming exists but is difficult 
to implement accurately and at scale.

• Additional computational overhead
• Head/Eye movement prediction
• QoE problem with stalling and temporal 

quality variation
Point cloud-adaptive streaming

• Limited processing power, to handle tile-
based or multi-object volumetric streams 
efficiently

• Fast rate of 6Gbps at 30 frames per second 
over bandwidth-constrained networks.

Challenges of Adaptive Streaming Solutions

Maintaining latency below 
20 milliseconds is critical to 
ensure motion-to-photon 
responsiveness and user 

comfort in XR experiences.

Low-latency delivery is especially hard on mobile 
networks or congested Wi-Fi



Viewport-adaptive streaming exists but is difficult 
to implement accurately and at scale.

• Additional computational overhead
• Head/Eye movement prediction
• QoE degradation with stalling and temporal 

quality variation
Point cloud-adaptive streaming

• Limited processing power, to handle tile-
based or multi-object volumetric streams 
efficiently

• Fast rate of 6Gbps at 30 frames per second 
over bandwidth-constrained networks.

Challenges of Adaptive Streaming Solutions
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How Adaptive Point Cloud Video Streaming cause QoE degradation 
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Key factors influencing QoE: temporal quality variation and stalling

switching

How Adaptive Point Cloud Video Streaming cause QoE degradation 



Ow Users’ Quality of Experience is affected

Stalling and temporal quality variation complicate 
adaptive streaming for immersive media users.

Playback interruptions cause significant degradation in 
user experience during adaptive point cloud streaming.

Frequent quality switches negatively affect user 
satisfaction by disrupting perceived video consistency.



Therefore

In adaptive streaming, we must trade off between the balance between 
computational complexity and visual quality in adaptive volumetric 
streaming.



Background on Volumetric content



Background: What is volumetric video?
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Background: Type of Volumetric video?



Background: Volumetric video streaming
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• Large data capacity
A shot of a single person requires at least 
3.5 Gbps to stream without freezing[1]  → 
four people require 19.2 Gbps [1]. 

• High computational load
The decompression time for one frame 
must, on average, be shorter than the 
display time of that frame[1,2].

Video “longdress”
(8iVFB v2 [1]) 

Reference:
[1]. 8i VFBv2
[2]. MPEG-DASH



Background: State of the Art
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• 3D tiling[3, 4, 5, 6, 7, 8, 9].
• Viewport Adaptive Streaming.

: High Quality
: Medium Quality
: Low Quality
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• The quality of the 3D tiles will be adapted based on the 
viewing distance and the visible area. [10, 11]

Background: State of the Art
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Decoder 
& 

Render

Estimation

Adaptation

POT framework [5]

VIVO system [10]

Background: State of the Art
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• Current systems support streaming single-object scenes

•  [3, 4, 5, 6, 7, 8, 9].
• With the 3D tiling technique, a larger number of objects must be 

decompressed independently, creating a burden on the viewer’s 
device.

→ How to stream multi-object scenes?
→ How to optimize resources for decompressing multi-object scenes?

Background: State of the Art



Objective: Streaming multi-object volumetric video
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#1: Splitting into many tiles

• Requires more 
decompression, making 
it easier to freeze

• Adapts well and makes 
resource optimization 
easier.
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#2: Splitting into fewer tiles
• Requires less 

decompression, making 
freezing less likely

• Adapts poorly and makes 
resource optimization 
difficult

Objective: Streaming multi-object volumetric video
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#3: No tiling

• Requires little 
decompression, making 
freezing unlikely

• Adapts well and is easy to 
optimize for resource 
usage

Objective: Streaming multi-object volumetric video



LoD (Mesh): reducing the edges 
and vertices while keeping the 
visual quality at a certain level.

Subsampling: keeping only a 
subset of the point cloud based 
on some rules.

Simple compression techniques



Octree Coding (point cloud): insert 
each 3D points into a Octree and 
output the serialized octree in a 
bitstream.

Projection-based coding (point 
cloud): project 3D surfaces of a 
point cloud into 2D plane, and use 
2D video compression to compress.

Advanced compression techniques



NeRF: a 3D representation and also A COMPRESSION TECHNIQUE !

Feed Forward 
Neural Network

Images of the object taken from multiple angles

View position + direction
Input

Train
Output

Corresponded View !!!

STORE and SHARE the Neural Network !!!

Advanced compression techniques



Background on 360-degree videos
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Viewing 
directionViewport

What is 360-degree video?
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What is 360-degree video?



360-degree video background

360° Video Mapping Techniques to convert 
spherical video into rectangular video 
before encoding:

• cylindrical mapping 
• cubic mapping 
• pyramid mapping Equirectangular Projection - ERP

Cubemap Projection - CMPPyramid Projection



360-degree video background

Viewport/Field of View concept

Horizontal Field of View Vertical Field of View Viewport
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360-degree key features

• Users can freely rotate their heads 
to explore the video in all 
directions.

• 360° video is usually captured and 
delivered at ultra-high resolution 
(>4K).

• Live 360° video streaming 
demands high bandwidth

How to live stream 360-degree 
video over mobile networks?

• with good QoE
• Low-latency playback without 

buffering or stalls
• Efficient resource usage

Problem statement
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QoE 
modelling

Viewport 
Prediction

Adaptive streaming

Improve QoE

Volumetric 
Region-of-

Interest (ROI) 
Prediction

Remember this diagram before we start

Bandwidth 
estimation



Background on QoE and QoE modelling



VR content has large file sizes 
Applications that 
require real-time 

processing 

Adaptive methods for 
video/image adjustment 

(or tuning) 

Reducing 
the size of 
VR content 

Ensuring 
user 

experience 

Method evaluation 

Subjective
- With a large number of 

participants 
- Direct observation and evaluation 

Time-consuming 
and costly 

Objective
- Does not require user involvement 
- Conducted on a computer 

Requires initial research but helps 
reduce costs in the long term

Needs for QoE modelling



MOS Quality
1 Excellent
2 Good
3 Fair
4 Poor
5 Bad

Subjective QoE  assessment



Objective QoE assessment is a cure 
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MOS = f(Objective parameters)

Subjective
- With a large number of 

participants 
- Direct observation and evaluation 

Time-consuming 
and costly 

Objective
- Does not require user involvement 
- Conducted on a computer 

Requires initial research but helps 
reduce costs in the long term

Mapping



Objective QoE  assessment

Full-Reference (FR) Methods

Require access to the original (undistorted) 
signal.

• PSNR (Peak Signal-to-Noise Ratio)

• SSIM (Structural Similarity Index)

• MS-SSIM (Multi-Scale SSIM)

• VQM (Video Quality Metric)

• VMAF (Video Multi-Method 
Assessment Fusion)



Objective QoE  assessment

Reduced-Reference (RR) Methods

Use partial information about the 
original signal.

• Feature-based quality metrics

• Reduced-reference video quality 
models



Objective QoE  assessment

No-Reference (NR) / Blind Methods

Use only the received signal.

• Blockiness, blur, noise estimators

• NR video quality metrics (e.g., 
BRISQUE, NIQE)

• Deep-learning–based quality 
predictors
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Spatial 
frequency(fc)

[1] Sanghoon Lee, M. S. Pattichis, and A. C. Bovik, “Foveated video compression with optimal rate 
control”, IEEE Transactions on Image Processing, Volume 10 Issue 7, July 2001, Pages 977-992

Constrast 
Sencitivity 
Function

WVPSNR = 10 log!"
(∑!"#$ 	&%)()*%

∑!"#
$ [, -! ./ -! ]%	&% (dB)[1]

W = f( fc)

fc = 
!"	$%( !

"#$
)

((!)!")
(
*+*,!-
.!/0!!

) e2 = ?

Example 1: objective assement for 360-degree image



Coefficient 
Determinat
ion Process 

Blurred 
360!image

MOS

Curve fitting 
phép đo với 
điểm MOS 
tương ứng

Coef6icient	
𝑓𝑜𝑟	360	𝑖𝑚𝑎𝑔𝑒!  

viewport 
extraction 360-

degree 
images 
differ in 
complexity
, time, and 
objects

Gaussian Filtering for 
Image Blurring

360lib 
Software [3]

[3] Joint Video Exploration Team, 
“360Lib.” [Online]. Available: 
https://jvet.hhi.fraunhofer.de/svn/s
vn_360Lib/tags/360Lib-2.0.1/
[2] P.913, Recommendation ITU-T, 
“Methods for the subjective 
assessment of video quality, audio 
quality and audiovisual quality of 
Internet video and distribution 
quality television in any 
environment,” 2014 
 

Absolute Category 
Rating
method[2] với 5 mức 
điểm 1-5.

Tối ưu PCC

Viewport
360! 

original 
image

Example 1: objective assement for 360-degree image

https://jvet.hhi.fraunhofer.de/svn/svn_360Lib/tags/360Lib-2.0.1/
https://jvet.hhi.fraunhofer.de/svn/svn_360Lib/tags/360Lib-2.0.1/
https://jvet.hhi.fraunhofer.de/svn/svn_360Lib/tags/360Lib-2.0.1/
https://jvet.hhi.fraunhofer.de/svn/svn_360Lib/tags/360Lib-2.0.1/


Construct a QoE 
database for 

Point cloud video
Model QoE

Step 1 Step 2

Example 2: QoE modelling for point cloud

Construct a large 
QoE database

Using machine learning to 
develop prediction models

Evaluate impacts of temporal 
quality variation and stalling on 
QoE in adaptive point cloud 
video streaming in a VR setting.

Develop models for predicting users’ 
Quality of Experience given the 

impacts of temporal quality variation 
and stalling.



Construct a QoE 
database for 

Point cloud video

Step 1

Construct a large 
QoE database

Evaluate impacts of temporal 
quality variation and stalling on 
QoE in adaptive point cloud 
video streaming in a VR setting.

Example 2: QoE modelling for point cloud
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4 original point cloud videos 
from 8i Voxelized Full Body 
Dataset:

• Each video is 10 second long 
at 30 frames per second

• Each video is divided into 
five 2-second chunks, and 
each chunk is encoded into  
five quality levels (versions) 
using MPEG V-PCC 
compression standard

Example 2: QoE modelling for point cloud:Construction of QoE database



Test Stimuli Patterns for Temporal Quality Variation
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29 stimuli with various temporal quality variation patterns 
are generated for each point cloud video by 
concatenating chunk versions based on pre-defined 
patterns:
• Constant (5 patterns): All chunks have the same quality level 

of either R1, R2, R3, R4, or R5.
• Spike (4 patterns): R5-Rx-R5-Rx-R5, where Rx is either R4, 

R3, R2, or R1.
• InverseSpike (4 patterns): Rx-R5-Rx-R5-Rx, where Rx is 

either R4, R3, R2, or R1.
• SingleDrop (12 patterns): R5-Rx-R5-R5-R5 or R5-Rx-Rx-R5-

R5 or R5-Rx-Rx-Rx-R5
• SingleIncrease (4 patterns): Rx-R5-Rx-Rx-Rx with Rx is 

either  R4, R3, R2, or R1.



Stalling Patterns in Test Stimuli
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33 stalling patterns are generated for each point cloud video at R5 with 8 stalling 
durations of 0.25s, 0.5s, 0.75s, 1s, 1.5s, 2s, 3s, and 4s: 

• Single-Stall (16 patterns): either at the end of the first chunk or the end of the fourth 
chunk

• Double-Stall (8 patterns): 2 stalling occur either at 1) the end of the first and third 
chunks or 2) the end of the second and third chunks. Stalling in a stimulus has the 
same duration of either 0.25s, 0.5s, 1s, or 2s.

• Triple-Stall (6 patterns): 3 stalling occur  either 1) the end of the first, third, and fourth 
chunks or 2) the end of the first, second, and third chunks. Stalling in a stimulus has 
the same duration of either 0.25s, 0.5s, or 1s.

• Quadruple-Stall (3 patterns): A stalling occurs at the end of all chunks except the last 
one. Stalling in a stimulus has the same duration of either 0.25s, 0.5s, or 1s.

Total test stimuli: (29+33) *4 = 248 



Test Environment and Test Procedure
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• Unity and HTC Vive Pro 
headset

• 43 participants between 19 and 
45, all with normal or corrected-
to-normal vision. 

• At least 17 participants rate 
each stimulus. 

• Each stimulus’s mean opinion 
score (MOS) is calculated as the 
average score given by all valid 
participants.



Test Results
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Model QoE

Step 2

Example 2: QoE modelling for point cloud

Using machine learning to 
develop prediction models

Develop models for predicting users’ 
Quality of Experience given the 

impacts of temporal quality variation 
and stalling.



QoE Modeling for Temporal Quality Variation
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6 features for GQP and TQP: 4 features for bitrate:



QoE Modeling for Temporal Quality Variation
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The user’s QoE is predicted as a weighted sum of the extracted features :

To learn the appropriate values of the model parameters, the least square method is 
utilized and the mean square error with L2-regularization is used as the loss function 
to avoid over-fitting:



QoE Modeling for Stalling
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5 features for stalling:



QoE Modeling for Stalling
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Let x denote the input feature vector, the proposed QoE model F(x) is a weighted
sum of M base learners (i.e., decision trees) hm(x):

The multiplier γm and the base learner hm(x) are the model’s parameters and are 
learned iteratively using gradient tree boosting learning method [18].



Performance Evaluation of the Proposed QoE Models
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• The constructed QoE database is randomly split into a training set containing 80% 
of the samples and a test set containing the remaining 20% of the samples.

• The performance of the QoE prediction models is measured in Pearson Linear 
Correlation Coefficient (PLCC), Spearman’s Rank Order Correlation Coefficient 
(SROCC), and Root Mean Squared Error (RMSE). 



Example 3: Retina-Based QoE Modeling
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Example 3: Retina-Based QoE Modeling
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The retina is divided into five regions

üA new QoE metrics for 360-degree video

üTo find a new mapping function to predict 
QoE score based on QoE metrics.

Region Z𝟏 Z𝟐 Z𝟑 Z𝟒 Z𝟓
Deviation 0, 2.5 2.5, 4 4, 9 9, 30 30, ∞

Angular deviation from the region center



Example 3: Retina-Based QoE Modeling
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M: The number of pixels in each image. 
σx: Correlation loss value..
σy: Luminance distortion..
σxy: Correlation distortion..
x: is computed as the average of{xi | i = 1, 2, 3, ..., N}
y: is computed as the average of{yi | i = 1, 2, 3, ..., N}



Example 3: Retina-Based QoE Modeling
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ü A five-parameter logistic function is used to predict MOS (Mean Opinion 
Score) values from the WZUQI value.

MOS Assessment Criteria Table
MOS Quality score
1 Very blurry / very 

uncomfortable
2 Blurry and uncomfortable
3 Slightly blurry and slightly 

uncomfortable
4 Slightly blurry but not 

uncomfortable
5 Very good

Where

𝛼!=1,2,3,4,5 are parameters that are 
precomputed in advance.



Evaluation of a New QoE Modeling Approach
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95% confidence interval of 240 MOS value
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Experimental setting: 360-degree videos used in the experiment

Evaluation of a New QoE Modeling Approach



Evaluation of a New QoE Modeling Approach
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Characteristics of the four 360-degree videos used for the experiments



Evaluation of a New QoE Modeling Approach

6 6

Two performance metrics are considered: 
Pearson Correlation Coefficient (PCC), Root Mean Square Error (RMSE).



Evaluation of a New QoE Modeling Approach
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QoE 
modelling

Viewport 
Prediction

Adaptive streaming

Improve QoE

Volumetric 
Region-of-

Interest (ROI) 
Prediction

Remember this diagram before we start

Bandwidth 
estimation
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SYSTEM ARCHITECTURE FOR VOLUMETRIC STREAMING
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R {seq*.LoD#1.bin}

seq*.LoD#1.binseq*.LoD#1.bin

bbox*.obj/{cost, value}

R {metadata}bbox*.obj{cost, value}

{1, 1, …, 1}

PoV
viewing vector

Estimated 
MVP matrix

Estimated 
screen area

Avg. Download 
speed

{selected LoD 
versions}

seq*.LoD#1.binseq*.LoD#s.bin

R {Seq*.LoD#s.bin}

Proposal: System Architecture



Proposal: Storage
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Sampling MPEG - VPCC

version1.bin
…

version4.bin

Original version Compressed data



Viewport estimation
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$𝑃 𝑡1 = 𝑃 𝑡2 +
𝑃 𝑡2 − 𝑃 𝑡2 − Δ𝑡

Δ𝑡
⋅ 𝑡1 − 𝑡2 Current PoV

Estimated 
PoV

Actual 
PoV

𝑃′ = 𝑃⃗ + 𝑉
𝑃⃗

𝑉

$𝑉 𝑡1 = 𝑅34
Δ𝜃
Δ𝑡
⋅ (𝑡1 − 𝑡2) ∗ 𝑉 𝑡2

𝜔
Estimated viewing vector

Current 
viewing vector

Actual viewing vector



Bandwidth estimation
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Version selection

7 5

𝑂𝑉 = 8
%&'

(

𝑤𝑚 : 𝑉 𝑚, 𝑛%

with:

8
%&'

(

𝐶(𝑚, 𝑛%) ≤ 𝑅)

𝑤𝑚 =
𝑎𝑚

∑*&'( 𝑎𝑖

Optimize Where:

M : Number of point clouds 

N : Number of versions per point cloud 

nm: Selected LoD version for the point cloud m

V(m, n) : “value” of version n of Point cloud m.
C(m, n) : “cost” of version n of Point cloud m. (bitrate 
sau mã hóa nguồn).

𝑅, : Available bandwidth of the client.
𝑎𝑚 : Esjmated screen area of Point cloud m.

“Value” of version



Version selection
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𝑉 𝑚, 𝑛 = 𝑃𝑆𝑁𝑅(𝑚, 𝑛)

= 20 : 𝑙𝑜𝑔
𝑑𝑚𝑏𝑏

𝑅𝑀𝑆(𝑚, 𝑛)

𝑂𝑉 = 8
%&'

(

𝑤𝑚 : 𝑉 𝑚, 𝑛%

Với:

8
%&'

(

𝐶(𝑚, 𝑛%) ≤ 𝑅)

Maximize

N versions for point 
cloud m 

Dynamic Programming based solution

Version adapta^on

|V| = N * M
|E| = N ^ M



Visibility area Computation

𝑉 𝑚, 𝑛 = 𝑃𝑆𝑁𝑅(𝑚, 𝑛)

= 20 : 𝑙𝑜𝑔
𝑑𝑚𝑏𝑏

𝑅𝑀𝑆(𝑚, 𝑛)

𝑂𝑉 = 8
%&'

(

𝑤𝑚 : 𝑉 𝑚, 𝑛𝑚

with:

8
%&'

(

𝐶(𝑚, 𝑛𝑚) ≤ 𝑅)

Maximize

Dynamic Programming based solution

Version adaptation:

Recursive BFS
→ O(|V|+|E|) = O(N^M)

7 7



Version selection

𝑉 𝑚, 𝑛 = 𝑅𝑀𝑆(𝑚, 𝑛)

𝑂𝑉 = 8
%&'

(

𝑤𝑚 : 𝑉 𝑚, 𝑛%

Với:

8
%&'

(

𝐶(𝑚, 𝑛%) ≤ 𝑅)

Minimize:

L𝑉 𝑚, 𝑥 =
𝐴𝑚
𝑥
+ 𝐵𝑚	

Q𝐶 𝑚, 𝑥 = 𝐶𝑚 : 𝑥 + 𝐷𝑚

Version adaptation:

Lagrange Multiplier - based solution

7 8



Version selection

L𝑉 𝑚, 𝑥 =
𝐴𝑚
𝑥
+ 𝐵𝑚	 𝑎𝑛𝑑	 Q𝐶 𝑚, 𝑥 = 𝐶𝑚 : 𝑥 + 𝐷𝑚

1 ≤ 	𝑥𝑚	 ≤ 𝑁

Minimize

Version adaptation

Lagrange Multiplier - based solution

O(M^2)𝑂𝑉 = 8
%&'

(

𝑤𝑚 : 𝑉 𝑚, 𝑛%

Với:

8
%&'

(

𝐶(𝑚, 𝑛%) ≤ 𝑅)

7 9



Performance Evaluation: Experimental Environment
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Reference Methods:

• Equal: Evenly distributes the available network 
resources among the Point Clouds within the 
viewport.

• Hybrid [11]: Determines the quality of each 
Point Cloud heurisccally based on its posicon in 
the ranking list of projected screen area.

Scene 1

Scene 2



Performance Evaluation: Fixed network (Constant bandwidth)
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Scene 1 Scene 2



Performance Evaluacon: Mobile Network
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Method Avg PSNR (dB) Avg #Stall Avg Stall Duration (s)

NAVA (DP-based) 44.22 8.5 1.1675

NAVA (LM-based) 44.17 7.25 1.0875

Hybrid 43.72 13 1.5475

Equal 42.18 0 0

Performance Evaluation: Mobile Network (Fluctuating bandwidth)



Performance Evaluation: Processing time
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Average processing time (milliseconds) of the DP-based / 
LM-based solution:

#
BW           10 sequence 12 sequence 14 sequence 16 sequence 18 sequence 20 sequence

40Mbps 4.5 / 0.40 2.08 / 0.47 0.59 / 0.54 0.59 / 0.58 0.37 / 0.63 0.69 / 0.52

50Mbps 7.31 / 0.39 5.72 / 0.46 6.52 / 0.52 6.15 / 0.55 0.71 / 0.57 0.65 / 0.51

60Mbps 6.85 / 0.39 6.49 / 0.46 17.86 / 0.52 17.30 / 0.55 13.39 / 0.57 0.68 / 0.51

70Mbps 4.32 / 0.37 4.70 / 0.41 21.94 / 0.47 20.92 / 0.49 60.93 / 0.54 6.75 / 0.46

80Mbps 2.07 / 0.33 2.72 / 0.38 17.60 / 0.43 17.27 / 0.46 133.75 / 0.48 66.13 / 0.45

90Mbps 1.31 / 0.28 1.56 / 0.35 10.52 / 0.39 10.96 / 0.43 136.93 / 0.46 205.94 / 0.41
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ADAPTIVE 360°  
VIDEO STREAMING



Source: 
https://www.semanticscholar.org/

CURENT STREAMING METHOD

https://www.semanticscholar.org/


Source: 
https://slideplayer.com/slide/13895227/

VIEWPORT ADAPTIVE STREAMING

https://slideplayer.com/slide/13895227/


What to adapt while streaming

Prioritizes visual quality in the user’s 
viewport

Adaptive systems dynamically:

• Stream high-quality video tiles for the 
current (or predicted) viewport
• Stream lower-quality tiles for non-

viewed regions

This preserves perceived quality while 
reducing bandwidth usage.

9 1



Field of View 
(FoV)Left Tile RightTile

VIEWPORT ADAPTIVE STREAMING
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Comparing the viewport scanning speed over the past  H seconds to 
predict the viewport scanning speed in the next F seconds.

Viewport Prediction



Temporal Motion Behavior
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The user’s viewport at ime t Problem Formulation of the Viewport Prediction

Viewport Prediction



Viewport position Prediction: Approach based on head movement

9 5

Supplemented with reset gates- rt , 
nt to control how many previous 
states are retained.
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Achieving an improvement of 10% to 19.70% compared to exis\ng 
methods.

Evalua&on of the head-movement based Viewport posi&on Predic&on

Values Proposed LAST LINEAR GRU LSTM
Position of 
viewport 1

Accuracy 94.28 84.64 76.58 85.33 75.76

Position of 
viewport 2

Accuracy 94.04 84.38 80.93 84.38 75.51



KẾT QUẢ ĐÁNH GIÁ CHUYỂN ĐỘNG ĐẦU VÀ MẮT
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AdapCve streaming system



9 9

üThe objective is to minimize the 
occurrence of re-buffering events.

üThe buffer is divided into four 
ranges—critical, low, medium, and 
high—based on predefined 
thresholds denoted as Bmin, Blow, 
Bhigh, và Bmax

Version adaptaCon based on buffer level



üRebufferk denotes the re-buffering duracon at segment  k

üSmooth k denotes the bitrate difference between two consecucve segments Rk

và Rk+1

üGiven the network condicons and the user’s viewport, determine the opcmal set 
of layer values {l1,l2,...,lN} to maximize the user’s Quality of Experience (QoE).

1 0 0

QoE modelling
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Select layer for Cles
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360-degree videos used

Experimental seGngs

• The end-to-end latency is set to 10ms 

• The number of throughput samples S is 

set to 3

• The coefficient values α, β, and γ are set 

to 1; 1.85; and 1 respecevely as in [110]).

[110] C. Zhou, Y. Ban, Y. Zhao, L. Guo, and B. Yu, “Pdas: Probability-driven adaptive 
streaming for short video,” in Proceedings of the 30th ACM International Conference 
on Multimedia, ser. MM ’22. New York, NY, USA: Association for Computing 
Machinery, 2022, p. 7021–7025. [Online]. Available: 
https://doi.org/10.1145/3503161.3551571
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Average bitrate of a tile corresponding to the 
five test videos (kbps)

Staisical table of the bandwidth trace dataset 
(Mbps)

Experimental settings
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Average bitrate (BR) and average buffer level (BL) (s) 
over time of the proposed and reference methods 

under a simple bandwidth trace.

Average QoE under a simple bandwidth scenario

Performance evaluation



THANK YOU FOR 
YOUR ATTENTION!
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