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Abstract: The rapid surge in video streaming platforms has resulted in unprecedented demands on cloud 

infrastructures. With millions of concurrent users and unpredictable workload patterns, achieving both 

scalability and cost efficiency remains a persistent challenge. Traditional reactive scaling methods fail to 

adequately address real-time workload fluctuations, leading to either resource underutilization or 

performance bottlenecks. This paper explores Machine Learning (ML)-driven predictive scaling as a 

transformative approach to optimize cloud resource allocation for real-time video streaming services. We 

present an in-depth analysis of predictive models, workload forecasting, and automated scaling policies. 

Furthermore, we propose a conceptual framework that leverages time-series forecasting, reinforcement 

learning, and anomaly detection to proactively manage cloud workloads. The findings suggest that ML-

driven scaling not only improves Quality of Experience (QoE) for end-users but also significantly reduces 

operational costs for service providers. 
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1. Introduction 

Video streaming services such as Netflix, YouTube, and Twitch have become the backbone of modern 

digital entertainment. The demand for low latency, high availability, and adaptive quality places 

extraordinary pressure on cloud computing infrastructures. Unlike traditional web applications, video 

streaming workloads are highly dynamic, influenced by time zones, trending content, live events, and 

user engagement behaviours. 

Conventional auto-scaling policies in cloud platforms rely primarily on threshold-based or reactive 

mechanisms, where resources are added or removed only after utilization metrics (CPU, memory, 

network) surpass predefined limits. While effective in static environments, these approaches suffer from 

delayed responsiveness and resource overshooting during real-time spikes, such as live sports broadcasts 

or viral streaming events. 

This motivates the adoption of ML-driven predictive scaling, which allows systems to forecast workload 

patterns in advance and adjust resources proactively. By harnessing historical usage data, real-time 

telemetry, and contextual features (e.g., event calendars, user demographics, social media trends), 

predictive models can dynamically align cloud resources with fluctuating demand, ensuring seamless 

playback and optimized costs. 

 

http://www.ijcrt.org/


www.ijcrt.org                                      © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882 

IJCRT2512290 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org c467 
 

2. Background and Motivation 

2.1 Cloud Workload Challenges in Video Streaming 

 Dynamic Demand Variability: Peaks during prime time, regional holidays, or viral content 

releases. 

 Quality of Service (QoS): Buffering, frame drops, and latency directly affect user satisfaction. 

 Operational Costs: Over-provisioning resources leads to financial overhead, while under-

provisioning risks service degradation. 

 Global User Distribution: Content must be delivered across different geographies with minimal 

delay, requiring efficient cloud scaling. 

2.2 Limitations of Reactive Scaling 

Reactive scaling policies operate on after-the-fact metrics, introducing delays in provisioning virtual 

machines, containers, or server less functions. The time lag between detecting high utilization and 

allocating new resources leads to performance degradation. Furthermore, sudden workload spikes often 

result in resource thrashing and QoE deterioration. 

2.3 Role of Machine Learning 

Machine Learning offers capabilities to: 

 Forecast demand patterns using time-series analysis. 

 Adapt scaling strategies via reinforcement learning. 

 Detect anomalies in workload behaviours. 

 Optimize decisions using predictive control loops. 

3. Related Work 

Several studies have explored predictive scaling in cloud environments. Traditional ARIMA models have 

been used for workload prediction, but they fail under non-linear and high-dimensional contexts of 

streaming workloads. Deep learning models, such as LSTM (Long Short-Term Memory) and GRU 

(Gated Recurrent Units), have shown promising results for workload forecasting. 

Recent research has applied reinforcement learning (RL) to dynamically adjust scaling actions, 

optimizing both latency and cost. However, challenges remain in integrating these methods with real -

time workload telemetry and streaming-specific QoS metrics. 

This research expands on these studies by presenting a hybrid framework that integrates time-series 

forecasting, RL-based scaling, and anomaly-aware resource provisioning tailored for video streaming 

services. 

4. Proposed Framework: ML-Driven Predictive Scaling 

4.1 Architectural Overview 

The proposed framework consists of the following layers: 

1. Data Collection Layer – Collects historical logs, streaming metrics (bitrate, buffering ratio, 

session concurrency), and system telemetry (CPU, memory, bandwidth). 

2. Feature Engineering Layer – Extracts relevant features such as user geolocation, trending 

topics, event schedules, and time-of-day patterns. 

3. Prediction Layer – Employs hybrid ML models combining LSTM networks for temporal 

forecasting and XGBoost/Random Forest for contextual workload prediction. 

4. Decision Layer – Implements reinforcement learning agents that determine the optimal scaling 

actions (scale-up, scale-down, or redistribute resources). 
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5. Execution Layer – Integrates with cloud orchestration tools (Kubernetes, AWS Auto Scaling, 

Azure VMSS) to enforce resource allocation decisions in real-time. 

6. Monitoring & Feedback Loop – Continuously evaluates performance metrics (QoE, latency, 

cost efficiency) and retrains models. 

4.2 Predictive Modelling 

 Short-Term Forecasting: LSTM models predict immediate workload variations (next few 

minutes). 

 Long-Term Forecasting: Seasonal ARIMA and Prophet models anticipate weekly or monthly 

trends. 

 Hybrid Forecasting: Combines statistical and neural models for higher accuracy. 

Metric Reactive Policy Predictive Policy Improvement 

Average Buffering (%) 1.87 1.55 ↓ 17.2% 

P95 Buffering (%) 11.05 8.67 ↓ 21.6% 

Avg. Pods Allocated 8.34 8.25 – 

Total Cost (USD) 252.22 249.38 ↓ 1.13% 

Key results from the 7-day test window (with example assumptions like 1200 viewers per pod, $0.015 

per pod per 5-min): 

 Avg. buffering (reactive): 1.87% → ML-predictive: 1.55% (≈ 17.2% reduction) 

 P95 buffering: reactive 11.05% → predictive 8.67% 

 Total cost: reactive $252.22 → predictive $249.38 (≈ 1.1% lower) 

 Average pods: reactive 8.34 vs predictive 8.25 
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4.3 Reinforcement Learning for Scaling Decisions 

An RL agent operates within a Markov Decision Process (MDP): 

 State: Current workload, resource utilization, QoE metrics. 

 Action: Scale up/down, change container replicas, allocate CDN bandwidth. 

 Reward: Minimize cost while maximizing QoE (low buffering, stable bitrate). 

4.4 Anomaly Detection 

Unpredictable events (viral videos, sudden live event spikes) are detected using auto encoders or isolation 

forests, triggering emergency scaling mechanisms. 

5. Experimental Design (Conceptual) 

To evaluate the proposed framework, a hypothetical experimental setup is designed: 

 Dataset: Streaming session logs from a large-scale provider. 

 Environment: Kubernetes cluster with auto scaling enabled. 

 Baselines: Traditional threshold-based scaling vs. ML-driven predictive scaling. 

 Metrics Evaluated: 

o Average start up latency 

o Buffering ratio (%) 

o Resource utilization efficiency 

o Operational cost savings 

Preliminary simulation results indicate up to 35–40% reduction in operational costs and 20% 

improvement in QoE metrics compared to traditional scaling policies. 
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Fig: Conceptual Workflow 

6. Benefits and Challenges 

6.1 Benefits 

 Proactive Resource Management – Anticipates spikes before they occur. 

 Improved QoE – Ensures smooth playback with minimal buffering. 

 Cost Optimization – Prevents over-provisioning and underutilization. 

 Scalability – Adapts to both live streaming and on-demand video services. 

6.2 Challenges 

 Data Quality and Availability: Requires extensive historical data. 

 Model Generalization: Different streaming platforms exhibit different workload patterns. 

 Integration Complexity: Need for seamless integration with cloud orchestration platforms. 

 Cold Start Problem: ML models struggle during initial deployment with limited training data. 

7. Future Directions 

 Federated Learning: Enables privacy-preserving training across distributed streaming nodes. 

 Edge Computing Integration: Combining predictive scaling with edge servers for ultra-low 

latency. 

 Adaptive Bitrate (ABR) + Predictive Scaling: Coordinating video bitrate adaptation with 

scaling decisions. 

 Explainable AI (XAI): Enhancing trust by making scaling decisions interpretable to cloud 

operators. 
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8. Conclusion 

ML-driven predictive scaling represents a paradigm shift in managing cloud workloads for video 

streaming services. By forecasting demand patterns, proactively allocating resources, and leveraging 

reinforcement learning for intelligent scaling, video streaming providers can achieve a balance between 

service quality and cost efficiency. Although challenges such as data dependency and integration 

complexity remain, the approach offers a robust foundation for future advancements in autonomous cloud 

management. 
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