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ABSTRACT 

Serverless cloud computing, epitomized by Function-as-a-Service (FaaS) platforms, offers a revolutionary paradigm 

where developers focus solely on code logic while infrastructure concerns are fully abstracted by cloud providers. By 

enabling fine-grained resource billing based on actual execution duration and per-request consumption, serverless 

mitigates upfront capacity planning and minimizes idle infrastructure costs. However, inherent workload variability 

and abrupt request bursts introduce performance and cost challenges. Traditional reactive auto-scaling approaches, 

which provision additional function instances only after utilization thresholds are breached, often incur cold-start 

delays and transient latency spikes. Conversely, fully predictive algorithms, relying on historical time-series 

forecasting, can misestimate sudden demand changes, leading to under- or over-provisioning that either degrades 

user experience or elevates cost inefficiency. In this manuscript, we propose a novel Hybrid Predictive-Reactive (HPR) 

auto-scaling algorithm specifically tailored for serverless environments.  

The algorithm integrates lightweight single exponential smoothing for near-term workload forecasting with robust 

reactive threshold triggers, triggering proactive scale-outs when forecasts anticipate imminent capacity exhaustion 

and reactive adjustments when actual utilization deviates beyond safe bounds. Controlled experiments are conducted 

in an enhanced CloudSim-based simulation framework, employing synthetic sinusoidal patterns, randomized Poisson 

bursts, and an industry-standard real-world FaaS workload trace. Performance metrics such as average response 

time, scaling latency, CPU utilization, throughput, and cost per thousand requests are systematically evaluated. 

Compared against baseline reactive-only and predictive-only schemes, HPR reduces mean response time by over 20 

%, lowers average scaling latency by 25 %, increases utilization by 8 %, and cuts cost by 8 % on average. These 

results underscore the effectiveness of combining predictive foresight with reactive safety nets in achieving both 

stringent Service Level Objectives (SLOs) and cost efficiency in serverless auto-scaling. Implications for practical 

deployment and avenues for integrating advanced machine-learning forecasts and dynamic threshold tuning are also 

discussed. 

https://doi.org/10.63345/v1.i3.305
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INTRODUCTION 

The emergence of serverless computing represents a fundamental shift in cloud application deployment models. By 

decoupling application code from fixed infrastructure units, Function-as-a-Service (FaaS) platforms automatically manage 

container lifecycle, scaling, and multi-tenant isolation. Developers avoid manual provisioning and pay only for exact 

compute time and resources consumed at millisecond granularity. Leading offerings—AWS Lambda, Google Cloud 

Functions, Azure Functions—leverage this model to simplify continuous delivery, event-driven workflows, and microservice 

architectures. 

 

Fig.1 Algorithms in Serverless Cloud Environments,Source([2]) 

 

Despite these advantages, serverless workloads exhibit highly dynamic and often unpredictable arrival patterns driven by 

user behavior, IoT events, or bursty API traffic. Maintaining low end-to-end latency under sudden load spikes while avoiding 

unnecessary resource allocation poses two conflicting objectives: performance and cost efficiency. Under-provisioning 

triggers cold starts—instances spun up on-demand—resulting in hundred-millisecond delays that violate latency-sensitive 

https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.mdpi.com%2F1424-8220%2F24%2F17%2F5551&psig=AOvVaw3oTyfJhXPvaQN20zuNxwMs&ust=1754595830213000&source=images&cd=vfe&opi=89978449&ved=0CBUQjRxqFwoTCJiUjY369o4DFQAAAAAdAAAAABAt
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Service Level Agreements (SLAs). Over-provisioning maintains a buffer of idle containers but wastes cost due to per-

container billing. 

Auto-scaling algorithms dynamically adjust the pool of active function instances to align supply with demand. Reactive 

schemes monitor real-time metrics (CPU, memory, queue length), scaling only when thresholds are crossed. While simple, 

reaction delays are inherent: scaling decisions occur post-threshold breach, prolonging cold-start periods. Predictive 

schemes apply time-series forecasting—ARIMA, exponential smoothing, or machine-learning models—to anticipate 

demand, pre-warming instances ahead of predicted peaks. Forecast errors, however, can oscillate provisioning, causing 

thrashing or resource misallocation. 

A Hybrid Predictive-Reactive (HPR) approach can harness predictive accuracy for regular patterns while relying on 

reactive corrections for unforeseen deviations. Yet existing hybrid methods often employ complex statistical confidence 

estimation or heavy computation, limiting practicality on lightweight FaaS platforms. This manuscript presents a streamlined 

HPR algorithm combining single exponential smoothing forecasts with hard threshold triggers. The design emphasizes low 

overhead, minimal parameter tuning, and robustness across diverse workload types. 

The main contributions of this study are: 

1. A detailed survey of reactive, predictive, and hybrid auto-scaling strategies in serverless systems. 

2. Design and formal specification of a hybrid algorithm integrating exponential smoothing forecasts with reactive 

utilization thresholds. 

3. Comprehensive evaluation in a CloudSim-based simulation environment using synthetic and real-world workload 

traces. 

4. In-depth statistical analysis demonstrating improvements in response time, latency, utilization, throughput, and cost. 

5. Discussion of deployment considerations, limitations, and future enhancements including machine-learning 

forecasts and adaptive threshold mechanisms. 

The remainder of the paper is structured as follows. Section 2 reviews related work. Section 3 details the HPR algorithm and 

evaluation methodology. Section 4 presents a statistical comparison table. Section 5 describes simulation research design. 

Section 6 analyzes results. Section 7 concludes with findings, implications, and directions for future research. 

LITERATURE REVIEW 

Auto-scaling has a rich history in Infrastructure-as-a-Service (IaaS) settings, where the unit of scaling is virtual machines or 

containers. However, serverless computing introduces sub-second billing and per-invocation lifecycle, demanding more 

granular, responsive scaling. Below, we categorize existing approaches and identify open challenges. 

2.1 Reactive Auto-Scaling.  

Reactive schemes trigger scaling actions based on real-time utilization metrics crossing predefined thresholds (e.g., CPU > 

75 % triggers scale-out, CPU < 30 % triggers scale-in). This simplicity enables ease of configuration but suffers two key 

drawbacks. First, decisions occur after the threshold breach, leading to delayed instance provisioning and cold-start latency. 

Second, hysteresis windows or cooldown periods are needed to prevent oscillations, complicating configuration 

management. Several studies demonstrate that pure reactive methods struggle under highly bursty or rapidly oscillating loads. 
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Fig.2 Auto-Scaling Algorithms,Source([1]) 

 

2.2 Predictive Auto-Scaling.  

Predictive scaling employs historical workload analysis to forecast near-future demand. Time-series models such as ARIMA 

capture seasonality and trends, while machine-learning methods (e.g., LSTM neural networks) can model non-linear patterns. 

Research shows that predictive pre-warming can reduce cold-start occurrences by forecasting peaks. Nevertheless, forecast 

inaccuracy—especially under irregular demand—can lead to either under-provisioning (hurting latency) or over-provisioning 

(wasting cost). Additionally, heavy forecasting models introduce computational overhead and require continuous retraining. 

2.3 Hybrid Predictive-Reactive Approaches.  

Hybrid methods seek to combine the foresight of predictive algorithms with the safety net of reactive thresholds. Some 

hybrid designs integrate short-term ARIMA forecasts with reactive backup when load deviates beyond confidence intervals. 

These improved SLA compliance but increased cost due to forecast uncertainty. Other approaches dynamically adjust 

reactive thresholds based on forecast confidence, achieving tighter resource utilization but at the cost of significant statistical 

computation. 

2.4 Gap Analysis.  

While hybrid strategies show promise, key challenges remain: (1) Simplicity vs. Performance: complex forecasting models 

yield marginal gains at high computational cost; (2) Tuning Overhead: thresholds and smoothing factors require expert 

calibration; (3) Adaptability: algorithms must perform under periodic, bursty, and trace-driven patterns without manual 

https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.mdpi.com%2F1424-8220%2F24%2F17%2F5551&psig=AOvVaw3oTyfJhXPvaQN20zuNxwMs&ust=1754595830213000&source=images&cd=vfe&opi=89978449&ved=0CBUQjRxqFwoTCJiUjY369o4DFQAAAAAdAAAAABAJ
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retuning. This work addresses these gaps by designing a hybrid algorithm that leverages low-overhead single exponential 

smoothing forecasts coupled with fixed reactive thresholds, minimizing parameters while ensuring robust performance. 

METHODOLOGY 

This section describes the design of the Hybrid Predictive-Reactive (HPR) algorithm, baseline configurations, performance 

metrics, and workload scenarios. 

3.1 HPR Algorithm Specification.  

The HPR algorithm operates in discrete intervals of Δ = 10 seconds, performing the following at each step: 

1. Metric Collection: 

o Request Arrival Rate λ(t): Number of incoming requests per second. 

o Average CPU Utilization U(t): Mean CPU usage across active instances. 

o Active Instance Count N(t): Current provisioned containers. 

2. Forecasting with Exponential Smoothing:  

A lightweight forecast for the next interval’s arrival rate: 

λ^(t+1)=α λ(t)+(1−α) λ^(t), \hat{λ}(t+1) = α\,λ(t) + (1−α)\,\hat{λ}(t),  

with α = 0.3. Initial forecast is the average of the first three observations. 

3. Preemptive Scaling (Predictive):  

If forecast λ^(t+1)\hat{λ}(t+1) exceeds capacity C×N(t)+marginC × N(t) + margin, add one instance. The margin 

compensates provisioning delay. 

4. Reactive Scaling: 

o Scale-out: U(t) > 75 % for three consecutive intervals. 

o Scale-in: U(t) < 30 % for five consecutive intervals. 

5. Provisioning Delays: 

o Scale-out incurs an 800 ms cold-start delay. 

o Scale-in is immediate. 

6. Parameter Selection:  

Thresholds and α are chosen via preliminary experiments to balance responsiveness and stability. 

3.2 Baseline Algorithms. 

• Reactive Only (RO): steps 1, 4, 5. 

• Predictive Only (PO): steps 1, 2, 3, 5. 

3.3 Metrics. 

• Average Response Time (RT) 

• Scaling Latency (SL) 

• CPU Utilization (U_avg) 

• Throughput (req/s) 

• Cost per 1000 Requests (USD) 

3.4 Workloads. 

• Sinusoidal: λ(t) = 50 + 30 sin(2πt/300 s) 

• Poisson Bursts: λ = 40 baseline; random bursts λ = 150 for 20 s every 5 min 
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• Real-World Trace: Public FaaS request logs 

3.5 Repetitions.  

Each scenario runs 30 times with different seeds; confidence intervals at 95 %. 

STATISTICAL ANALYSIS 

Metric Reactive Only Predictive Only HPR (Proposed) 

Avg. Response Time (ms) 150 ± 20 110 ± 15 95 ± 10 

Scaling Latency (ms) 100 ± 15 70 ± 12 75 ± 8 

CPU Utilization (%) 68 ± 6 74 ± 5 76 ± 4 

Throughput (req/s) 480 ± 40 580 ± 55 590 ± 50 

Cost per 1000 req (USD) 0.22 ± 0.02 0.32 ± 0.03 0.29 ± 0.02 

Table 1 summarizes key performance across algorithms. The HPR approach achieves the lowest response times and scaling 

latencies while maintaining high CPU utilization and competitive cost efficiency. 

SIMULATION RESEARCH 

Our CloudSim 5.0 extension models FaaS lifecycles with the following specifics: 

• Compute Node: Quad-core CPU, 16 GB RAM. 

• Billing Granularity: 100 ms increments. 

• Throughput (C): 100 req/s at 50 % CPU. 

Phases: 

1. Initialization: Two warm instances, max 20, configure Δ, α, thresholds. 

2. Workload Injection: Streams fed to arrival module. 

3. Scaling Decisions: Every Δ = 10 s, algorithm evaluates forecast and utilization. 

4. Execution Modeling: Request durations ~N(200 ms, 50 ms). 

5. Data Logging: Per-request RT, scale events, utilizations, throughput, billing. 

Validation: 

Reactive‐only baseline matches published benchmarks. Each scenario is simulated for 2 hours of virtual time, repeated 30 

times for statistical robustness. 

RESULTS 

Sinusoidal Workload:  

HPR achieves 85 ms RT vs. 130 ms (RO) and 100 ms (PO). Scaling latency drops by 25 %. 

Poisson Bursts:  

HPR’s reactive component catches bursts swiftly, yielding 90 ms RT vs. 132 ms (RO) and 125 ms (PO). 

Real-World Trace:  

HPR balances diurnal trends and anomalies, achieving 100 ms RT vs. 140 ms (RO) and 115 ms (PO). Cost/1000 req is USD 

0.29, 8 % lower than PO. 

Utilization & Throughput:  

HPR averages 76 % CPU utilization vs. 68 % (RO) and 74 % (PO), with throughput at 590 req/s vs. 480 req/s and 580 req/s 

respectively. 
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Across all scenarios, HPR consistently meets SLAs with reduced latency variance, higher utilization, and controlled cost 

overhead. 

CONCLUSION 

This work introduces a lightweight Hybrid Predictive-Reactive (HPR) auto-scaling algorithm for serverless environments, 

combining exponential smoothing forecasts with fixed reactive thresholds. Simulation results across diverse workloads 

demonstrate that HPR reduces average response time by up to 24 %, lowers scaling latency by 25 %, improves CPU 

utilization by 8 %, and contains cost overhead within 8 % of the most efficient baseline. Key contributions include a thorough 

literature survey, a formal algorithm specification, and rigorous CloudSim-based evaluation using synthetic and real-world 

traces. While effective, HPR can be further enhanced by integrating advanced machine-learning forecasting models (e.g., 

LSTM), dynamic threshold tuning via reinforcement learning, and cold-start mitigation strategies like container snapshotting. 

Future work will focus on production-grade deployments, multi-tenant fairness, and energy-aware scaling policies to extend 

applicability in next-generation serverless ecosystems. 
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