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ABSTRACT 

Optimizing video streaming quality for extended-duration videos in 

cloud-based Quality of Experience (QoE) presents significant challenges 

due to the dynamic nature of network conditions, user engagement 

patterns, and resource allocation demands. Hence, a novel Sparse 

ConvNet and Policy Driven Encoder for Enhancing Cloud-based QoE in 

5G and Beyond Networks is proposed for optimizing video streaming 

quality and resource allocation in real-time. Existing neural networks 

struggle fail to solve this data traffic issue, which increases 

computational burden and degraded QoE for users, this leads to 

customer’s dissatisfaction. Thus, Sparse Graph Attention ConvNet (SGA 

ConvNet) is introduced to analyze the data traffic. This reduces 

computational complexity while optimizing network resources in real-

time, ensuring a balance between operational costs and QoE. Moreover, 

traditional video encoding algorithms struggle with rapid scene changes 

and high motion, which increase data volume and computational 

intensity, reducing overall efficiency. To address this, Policy-Driven 

Variational Encoder (PD-VE) is introduced, enhancing adaptability to 

network conditions and improving the viewer's streaming experience by 

alleviating congestion and latency issues. The suggested method 

outperforms existing techniques in optimizing video streaming quality 

and resource allocation, achieving higher accuracy, precision, while 

minimizing RMSE and encoding time, as demonstrated by experimental 

results. 

 
 

1. INTRODUCTION 

 

Cloud computing has revolutionized IT, providing scalable and flexible resources over the 

Internet on a pay-as-you-go basis. In the realm of 5G and next-gen networks, cloud-based 

Quality of Experience (QoE) methods are vital for improving service delivery. They enhance 

reliability, reduce latency, and adjust network performance dynamically, all of which elevate 

user satisfaction. This integration supports intelligent traffic management, efficient content 

distribution, and dynamic resource allocation, making the user experience smoother. 

Interaction rate, reflecting user engagement with content through likes, shares, and 

comments, is a key indicator of success [1-3]. 

Streaming popular content with interactive features like live chats, polls, and Q&A boosts 

engagement by fostering community involvement. However, these features also introduce 
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challenges such as higher development costs, the need for ongoing technical support, and 

increased data traffic, which raises operating expenses [4-6]. 

Algorithms such as Dynamic Resource Allocation (DRA) and Proportional Fairness 

effectively manage server resources and bandwidth but struggle with handling traffic surges 

and preventing resource underutilization. Content Delivery Network (CDN) algorithms, 

including those for mapping and edge computing, enhance content distribution and reduce 

latency but still face challenges in real-time load balancing and server optimization. 

Additionally, Natural Language Processing (NLP) techniques like sentiment analysis help 

moderate user interactions but often struggle with language nuances and slang. The key is to 

balance cost, complexity, and performance to ensure an optimal user experience [7-9]. 

Complex video scenes, with high motion and detail, generate large files that can strain 

bandwidth and lead to buffering or quality issues, particularly in areas with weak internet 

connections. Long video streams also put a strain on device hardware, leading to overheating 

and performance lags. Maintaining consistent video quality and synchronization during long 

streams, especially for live or interactive content, is difficult. Overcoming these issues 

requires enhanced hardware, better network infrastructure, and optimized encoding 

techniques [10-12]. 

To address these challenges, video compression methods like H.264 and H.265 help reduce 

file sizes, though they can be computationally intensive, leading to longer encoding times 

and potential quality loss. Adaptive bitrate streaming adjusts resolution and bitrate based on 

network conditions but struggles with predicting the best settings for complex scenes over 

long durations. While these algorithms are crucial, they still face hurdles with scalability, 

quality retention, and content security [13-15]. 

 

1.1 Main Contribution 

SGA ConvNet: A method that incorporates the Stream Bayes Change Point Identifier 

(BCPI) in its hidden layer to optimize video quality while minimizing computational 

demands. The sparse attention mechanism ensures efficient resource usage in real time, 

maintaining a balance between cost and QoE. 

Policy-Driven Variational Encoder (PD-VE): Combined with the Diamond Rood Search 

Algorithm (DRS) and Adaptive Rood Pattern Search (ARPS), PD-VE dynamically adjusts 

streaming parameters, enhancing video quality and extending streaming durations while 

cutting costs. 

These methods tackle the dual challenge of improving video quality and reducing 

computational load in interactive streaming. The paper is organized as follows: Section 2 

reviews existing research and identifies gaps; Section 3 introduces the proposed methods 

and their algorithms; Section 4 evaluates the effectiveness of the approach through 

comparisons; and Section 5 concludes with a summary. 

 

2. SPARSE CONVNET AND POLICY DRIVEN ENCODER FOR ENHANCING 

CLOUD-BASED QOE IN 5G AND BEYOND NETWORKS 

 

A novel Sparse ConvNet and Policy-Driven Encoder is proposed to optimize network 

efficiency and preserve Quality of Experience (QoE) in 5G and beyond networks for 

extended-duration video streaming. As data traffic increases due to live chat and real-time 

feedback, managing bandwidth and minimizing latency is crucial to avoid congestion and 

rising operational costs. Traditional neural networks fail to address this due to complex 

calculations, degrading QoE. The Sparse Graph Attention ConvNet (SGA ConvNet) is 

introduced to analyze traffic and reduce operational costs. It integrates the Stream Bayes 

Change Point Identifier (BCPI) within its hidden layer to adjust data traffic dynamically, 
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optimizing efficiency while reducing computational overhead. The SGA ConvNet uses real-

time monitoring to detect and adjust to traffic changes, ensuring efficient resource allocation 

and enhanced QoE. 

 

For high-bitrate streaming, the Policy-Driven Variational Encoder (PD-VE) is introduced, 

incorporating the Diamond Rood Search Algorithm (DRS) and Adaptive Root Pattern 

Search (ARPS) to optimize video encoding. This framework integrates with the Proximal 

Policy Optimization-based Variational Autoencoder (PPO-VAE), enabling continuous 

policy optimization to adjust bitrate distribution and visual quality. Real-time adjustments 

to network conditions mitigate issues like latency, congestion, and bandwidth throttling, 

improving the streaming experience.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Overall block diagram of the proposed model 

 

The architecture of the suggested model is shown in Figure 1. The process begins with cloud-

based video streaming services catering to a group of end users. It integrates advanced data 

traffic analytics using SGA ConvNet to ensure real-time monitoring of data traffic, which 

enhances resource efficiency. Subsequently, the system employs the PD-VE to dynamically 

adapt video encoding techniques based on current network conditions, resulting in improved 

video quality. This continuous interaction between end users and cloud services guarantees 

the delivery of high-quality video streams. The flow illustrates how data analysis and 

enhancement techniques work together to optimize streaming for users, leading to better 

video quality and effective traffic management. Overall, this integrated approach 

significantly boosts user satisfaction and retention on the platform. 

 

2.1.Sparse Graph Attention ConvNet 

The SGA ConvNet addresses data traffic management and resource allocation in video 

streaming services by using real-time data analysis and probabilistic inference to detect and 

respond to changes quickly. By integrating BCPI, it identifies sudden shifts in traffic that 

indicate network congestion or spikes in user engagement, enhancing video quality while 

reducing computational strain. 
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The SGA ConvNet processes video streaming data, organizing it into a graph structure where 

each node represents data points and edges represent connections. The GNN analyzes the 

graph to identify traffic variations, as shown in equation (1): 

𝑇(𝑆𝑖 = 𝑛|𝑍𝑖−1, 𝐴𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑖−1
, 𝐴𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑖

= 1) = 𝑓0(𝑛) = 𝑠𝑓. 𝑓(𝑛) + ∑ ∅𝑗𝑗∈𝑡𝑑𝑝
. 𝑓𝑗(𝑛)       (1) 

Where 𝑆𝑖 is the state at time i, 𝐴𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑖
= 1 indicates the activation of the current context, 

𝑍𝑖−1 is the previous state, and ∅𝑗 represents the weighted contributions from previous states. 

This analysis helps the system transition efficiently based on dynamic traffic patterns. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Structure of Sparse Graph Attention ConvNet 

 

The architecture of the Sparse Graph Attention ConvNet (SGA ConvNet) begins by 

organizing streaming data through a Graph Neural Network (GNN), which captures 

relationships between data points. BCPI is integrated in the hidden layer to detect changes 

in data traffic dynamically, improving adaptability. The system uses Bayesian methods to 

detect and respond to shifts in network conditions and user demand in real-time, as shown 

in equation (2): 

𝑃(𝐻𝑇|𝑆(𝑡)) =
∫

𝑒
−(log 𝑠−𝜇𝑡

𝑖 (𝑑1))
2

𝑠×𝜎𝑡
𝑖 (𝑑)×√2𝜋

𝑡𝑠1
0 𝑑𝑥×𝑃(𝐻)

𝑃(𝑆(𝑡))
                                        (2) 

Where 𝑆(𝑡) represents the observed data, 𝑡. 𝜇𝑡
𝑖  and 𝜎𝑡

𝑖 are the mean and standard deviation 

of the log-normal distribution, respectively. BCPI updates the probability of changes based 

on past and present data, ensuring optimized video streaming. 

Next, BCPI detects critical changes in data traffic, represented by equation (3): 

𝑃(𝑟𝑒𝑞𝑡|𝑟𝑒𝑞𝑡−1) {
𝐻𝑇(𝑟𝑒𝑞𝑡−1 + 1)                   𝑖𝑓 𝑟𝑒𝑞𝑡 = 0                 

1 − 𝐻𝑇(𝑟𝑒𝑞𝑡−1 + 1)             𝑖𝑓   𝑟𝑒𝑞𝑡 =   𝑟𝑒𝑞𝑡−1 + 1            
0                      𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒     

            (3)  

This allows the system to detect abrupt shifts in traffic, improving responsiveness and 

resource allocation. 

A sparse attention mechanism is then applied to optimize resource allocation by prioritizing 

key features, reducing computational overhead. The attention score is calculated as: 
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𝛼𝑗(𝑛) =
𝑒𝑥𝑝(𝑓𝑗

𝑇×𝑓𝑗(𝑛) )

∑ 𝑒𝑥𝑝(𝑓𝑗
𝑇×𝑓𝑗(𝑛))𝑛∈⊔𝑝(𝑗)

                                                      (4) 

Where 𝛼𝑗(𝑛) represents the attention score for feature 𝑓𝑗(𝑛), with ⊔ 𝑝(𝑗)being the set of 

features related to 𝑗. The sparse attention mechanism is applied in equation (5): 

𝐻 = 𝛼𝑗(𝑛) = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑐, 𝐾𝑟𝑓 , 𝑉𝑎) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
𝑄𝑐𝐾𝑟𝑓

𝑇

√𝑑𝑛
𝑉𝑎                     (5) 

Here, 𝑄𝑐 is the context of the current request, 𝐾𝑟𝑓 represents historical features, and 𝑉𝑎 

represents the values that provide context to the attention mechanism. This optimization 

ensures computational efficiency while improving network performance. 

The SGA ConvNet system, through Bayesian inference and sparse attention, efficiently 

adapts to dynamic traffic conditions, optimizing video streaming quality and user 

experience. 

 

2.2.Policy-Driven Variational Encoder 

The Policy-Driven Variational Encoder adjusts encoding strategies in real-time to optimize 

video quality based on network fluctuations and user requirements. It utilizes a variational 

autoencoder (VAE) to compress and encode video efficiently, dynamically allocating bitrate 

to maintain quality even with limited bandwidth. The encoder processes video frames using 

a DRS method, combining DSA for motion vector estimation with ARPS to refine the search 

for optimal encoding. 

The DSA method estimates motion by calculating the Mean Absolute Difference (MAD) 

between reference and current frames using equation (6): 

𝑀𝐴𝐷 =
1

𝐵𝑀2
∑ ∑ |𝑅𝑒𝑓𝑓(𝑥𝑝𝑚𝑣+𝑖, 𝑌𝑝𝑚𝑣+𝑗) − 𝐶𝑢𝑟𝑟𝑓(𝑥0+𝑖, 𝑌0+𝑗)|𝐵𝑀−1

𝑗=0
𝐵𝑀−1
𝑖=0            (6) 

 

The motion vector cost is computed to evaluate the best candidate position, as defined in 

equation (7): 

𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑝𝑚𝑣) = ∑ ∑ |𝑅𝑒𝑓𝑓(𝑥𝑝𝑚𝑣+𝑖, 𝑌𝑝𝑚𝑣+𝑗) − 𝐶𝑢𝑟𝑟𝑓(𝑥0+𝑖, 𝑌0+𝑗)|
2𝐵𝑀−1

𝑗=0
𝐵𝑀−1
𝑖=0         (7) 

 

After minimizing the cost, the optimal motion vector is identified using equation (8): 

𝑀𝑉𝐼𝑛𝑖 = arg 𝑚𝑖𝑛𝑝𝑚𝑣
(𝐶𝑜𝑠𝑡𝑡𝑜𝑡𝑎𝑙(𝑝𝑚𝑣))                                (8) 

ARPS refines the motion vector by adjusting the search pattern based on initial estimates, 

focusing on areas with significant motion, enhancing accuracy, and reducing encoding 

artifacts. The final motion vector is used by the encoder to predict current block content, 

improving compression efficiency. 

 

The optimized motion vectors are incorporated into the VAE framework, which minimizes 

a combined loss function with reconstruction error and a regularization term. The VAE loss 

is expressed as: 

𝐿𝑜𝑠𝑠𝑉𝐴𝐸 = |𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙| 2
2

+ 𝐷𝐾𝐿(𝑞(𝑧|𝑥)‖𝑝(𝑧)) + 𝛽‖𝑙 − 𝐸𝑥(𝑥)‖2
2
                        (9) 

This approach ensures efficient video compression and enhances streaming quality while 

reducing bandwidth usage. 

 

Figure 3 illustrates the Policy-Driven Variational Encoder (PD-VE) process. Video data is 

input and motion vectors are initially estimated, refined using DSA, and enhanced with 

ARPS. After ensuring vector accuracy, they are processed through the VAE framework. The 

VAE loss function is calculated, and the Proximal Policy Optimization (PPO) algorithm 

adjusts the encoding strategy in real-time to maintain high-quality video streaming even 

during bandwidth fluctuations, as shown in equation (10): 
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𝐿𝑜𝑠𝑠𝑃𝑃𝑂(𝜃) = 𝐸𝑥𝑡𝑚𝑖𝑛[𝑟𝑎𝑡(𝜃)𝐴𝐸𝑡̂, 𝑐𝑙𝑖𝑝(𝑟𝑎𝑡(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴𝐸𝑡̂]                       (10) 

Where: 

𝐿𝑜𝑠𝑠𝑃𝑃𝑂(𝜃) denotes the PPO loss function. 

𝐸𝑥𝑡 represents adaptability across time steps. 

𝑟𝑎𝑡(𝜃) is the action efficacy under the new policy compared to the previous one. 

𝐴𝐸̂𝑡 is the advantage estimate, guiding policy improvement. 

The clipping method 𝑐𝑙𝑖𝑝(𝑟𝑎𝑡(𝜃), 1 − 𝜖, 1 + 𝜖) stabilizes training by restricting policy 

updates. 

This dynamic adaptation allows for accurate motion vector representation, minimizing 

encoding artifacts. The system continuously refines encoding strategies, improving 

compression and streaming quality. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Flowchart of Policy-Driven Variational Encoder 
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3. RESULTS AND DISCUSSION 

This section evaluates the performance of the recommended method, highlighting its 

effectiveness in optimizing resource allocation and improving video quality for cloud-based 

QoE in streaming applications. A comparison analysis shows how the integrated strategy 

ensures better performance and a seamless user experience by addressing network 

congestion and bandwidth throttling during long-form video streaming. 

 

3.1.  System configuration 

 

The suggested approach has been modelled using Python, and tests have been done to fully 

evaluate its performance and efficacy in improving resource allocation and video streaming 

quality by adjusting user demand fluctuations and system factors. 

Software : Python 

OS : Windows 10 (64-bit) 

Processor : Intel i5 

RAM : 8GB RAM 

 

3.2. Simulated output of the suggested model  
 

This section explains the simulated output of the model using Sparse ConvNet and Policy-

Driven Variational Encoder to optimize resource allocation and video streaming quality in 

cloud-based QoE systems. 

 

 

 

 

 

 

 

 

 

(a)                                                   (b)          (c) 

Figure 4: (a) QoE Score Vs User interface, (b) Buffering events vs QoE score, (c) Bitrate 

vs QoE score of suggested models 

Figure 4 shows how user interactions boost QoE scores, with sparse attention improving 

engagement and resource allocation (a). It also emphasizes the importance of minimizing 

buffering, as more buffering reduces QoE scores (b). Lastly, it highlights the correlation 

between bitrate optimization and improved QoE, showing better scores with higher bitrates 

(c). 

 

 

 

 

 

 

 

     

(a) (b) 
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Figure 5: Network Traffic (a) Bytes sent and received over time, (b) Sent Rate and receive 

rate over time of suggested model 

 

Figure 5 shows network traffic dynamics: (a) stable bytes sent (~1e9) and received (~2e9) 

over time, indicating efficient data transmission; (b) varying send and receive rates, with the 

send rate peaking at 25,000 B/s and the receive rate showing inverse fluctuations. The results 

highlight the need for monitoring to maintain stability and optimize resource management 

in streaming. 

 

 

 

 

 

 

 

 

 

 

(a) (b) 

Figure 6: (a) Change Point Scores (b) time series data of the proposed model 

 

In Figure 6, (a) shows the Change Point Scores, which fluctuate at lower levels before 

spiking above the 0.8 threshold around index 40, signaling significant data shifts and 

improving responsiveness in applications like network optimization. (b) depicts the time 

series data, with scores ranging from -2 to 6. The model detects sharp changes, reaching a 

peak of 6.5 at index 90, demonstrating its ability to quickly identify shifts and enhance 

adaptive streaming and network performance. 

 

3.3. Performance of the suggested model  
 

 

 

 

 

 

 

 

 

                               (a)                                                        (b)                                                          (c) 
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                                                                                      (d)     

Figure 7: (a) Accuracy (b) Precision (c) Recall (d) F1 Score of the suggested model 

 

Figure 7 demonstrate the effectiveness of the integrated technique (SGA ConvNet, BCPI, 

PD-VE) in managing network fluctuations and bitrate allocation, ensuring steady and 

efficient video streaming for cloud-based QoE in 5G and beyond networks. (a) The model 

achieves 98% accuracy by the 50th epoch, highlighting rapid performance improvement 

during training. (b) The model reaches a peak precision of 97.7%, indicating effective 

training and optimization, especially with PD-VE’s adaptive motion estimation. (c) The 

recall improves from 45% at 10 epochs to 97% at 50 epochs, thanks to SGA ConvNet’s 

effective data analysis. (d) The F1-score rises from 43% to 97.7%, reflecting the model’s 

robust performance improvements due to the SGA ConvNet’s data flow pattern analysis. 

 

                                                    

 

 

 

 

 

 

 

                       

(a)                                                         (b)                                                          (c)  

 

 

 

 

 

 

 

 

 

                              (d)                                                        (e)                                                           (f)    

 

 

Figure 8: (a) Loss (b) Latency (c) Packet Loss (d) Average QoE Score (e) Average 

Latency (f) Average Playback Smoothness of the Suggested Model 

 

Figure 8 highlight how the suggested model works by monitoring and optimizing various 

performance metrics over time. Here's a summary of their functions: (a) This figure tracks 

the model's loss, showing how quickly it learns and improves over time. A decreasing loss 

indicates better performance, demonstrating the model's efficiency in learning and adapting. 

The model's loss starts at 7% but rapidly decreases to 0.2% by the 50th epoch, indicating 

optimal performance through SGA ConvNet integration. (b) This figure shows how the 

model responds to changes in network latency, reflecting the model's ability to adapt quickly 

to fluctuations in network performance, ensuring stable streaming. Latency starts at 15.67 

ms, fluctuates slightly, and stabilizes at 15.64 ms, showing the model's responsiveness to 

network performance changes. (c) This tracks packet loss over time, identifying periods of 
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instability. The model adjusts to minimize packet loss, improving overall network reliability 

during video streaming. Packet loss rises to 17.5% but stabilizes at 7%, reflecting transient 

network instability, with SGA ConvNet improving resilience. (d) This shows how user 

experience (Quality of Experience, or QoE) evolves based on interaction. A higher QoE 

score reflects improved user engagement, which is optimized by real-time data analysis 

using the model. The average QoE score starts at 2.95, rises to 6, and ultimately achieves 

3.32, demonstrating enhanced user experience through real-time data analysis. (e) This 

figure illustrates how increased user interaction affects latency, with the model using 

adaptive strategies to minimize latency during high engagement periods. (f) This shows how 

user interaction influences playback smoothness, with the model optimizing video playback 

quality by analyzing and adjusting to user behavior. 

 

3.4. Comparative analysis of the suggested method  

This section reviews the performance and effectiveness of the suggested method using key 

indicators like accuracy, precision, recall, F1-Score, Encoding Time, Computation Time, 

RMSE, Correlation Coefficient, PSNR, and average bitrate. These metrics demonstrate 

how the integrated strategy enhances resource allocation and video streaming quality 

through detailed performance comparisons. 
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                                                                                         (j) 

 

Figure 9: Comparision of (a)Accuracy (b)Precision (c)Recall (d)F1-Score (e)RMSE (f) 

Encoding Time (g)Correlation Coefficient (h)Computation Time (i)PSNR (j)Bitrate of the 

Suggested Model 

Figure 9 highlights the significant advancements of the suggested method, which 

outperforms existing approaches in several metrics. It achieves a Peak Signal-to-Noise Ratio 

(PSNR) of 42.3 dB, surpassing LSTM, SSIM, and DMOS. The average bitrate of 10.5 is 

lower than LSQ, ASQ, and SR. The method also excels with 98% accuracy, 97.7% precision, 

97% recall, and 97.7% F1-Score. It minimizes prediction errors (RMSE of 6.44) and 

encoding time (430 seconds), while maintaining a high correlation coefficient (96.2), 

demonstrating its superiority in optimizing resource allocation and video streaming quality. 

 

4. CONCLUSION 

 

In conclusion, the suggested method effectively addresses the challenges associated with 

video streaming services, particularly for extended-duration videos. Traditional approaches 

often struggle with high operational costs and inadequate responsiveness to dynamic data 

traffic patterns. By integrating SGA ConvNet with BCPI, the suggested method offers real-

time analysis of data traffic, ensuring efficient resource allocation and improved QoE. 

Furthermore, the introduction of PD-VE, enhanced by DRS and ARPS, significantly 

optimizes motion estimation, resulting in reduced computational complexity and enhanced 

visual fidelity. The outcomes demonstrate the effectiveness of the suggested method, 

achieving an impressive accuracy of 98%, alongside precision and F1-Score of 97%, and 

recall rates of 97%. Additionally, the method minimizes prediction errors with an RMSE of 

6.44 and exhibits efficient processing with an encoding time of just 430 seconds and an 

average bitrate of 10.5. A high correlation coefficient of 96.2 further underscores the model's 

capability to accurately capture data relationships, reflecting its superiority in optimizing 

resource allocation and enhancing video streaming quality. These advancements 

demonstrate the efficacy of the suggested method compared to traditional techniques, paving 

the way for more reliable and efficient cloud-based video streaming services. 
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