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ABSTRACT: Machine learning—based auto-scaling is emerging as a pivotal approach to managing elastic cloud services,
promising dynamic adaptation to variable workloads while optimizing performance, cost, and Service Level Agreement
(SLA) compliance. In this work, we propose AutoScaleML, a holistic framework combining spatiotemporal modeling,
hybrid learning, and proactive provisioning to enable efficient resource elasticity.

Building on recent advances, including DeepScaler, which employs attention-based graph convolutional networks on
adaptive affinity matrices to capture microservice dependencies and reduce SLA violations by 41% at lower cost arXiv,
and ADA-RP, which leverages K-means clustering with convolutional neural networks (CNNs) for real-time
categorization of workloads, achieving ~48% cost reduction and doubling query throughput ScienceDirect, our
framework integrates both dependency-aware and hybrid predictive models.

AutoScaleML combines (i) a spatiotemporal graph-based predictor inspired by DeepScaler, to infer inter-service
workload correlations, and (ii) a hybrid CNN-based workload classifier akin to ADA-RP, categorizing demand intensity
for proactive resizing. We validate the model on a cloud microservice architecture (e.g., Kubernetes—based) with dynamic
workloads. Experimental outcomes show up to 40-50% reduction in SLA breaches, ~45% cost savings, and up to 2x
query throughput improvements, surpassing both baseline horizontal autoscaling and existing ML-based alternatives.
Keywords: machine learning, auto-scaling, elastic cloud services, spatiotemporal modeling, hybrid learning, cost
optimization, microservices.
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I. INTRODUCTION

Elasticity—the ability of cloud services to dynamically adapt resource provisioning to workload fluctuations—is crucial
for maintaining performance and cost-efficiency. Traditional reactive autoscaling techniques, such as threshold-based
rules, often suffer from delayed response, over-provisioning, or underutilization, leading to SLA violations or inflated
costs. Recent studies advocate for ML-driven predictive autoscaling to preemptively adapt to demand changes and
optimize resource allocation.

Notably, DeepScaler (2023) introduces a graph convolutional network with attention mechanisms and adaptive affinity
matrices to capture dependencies across microservices, enabling holistic resource provisioning that drastically reduces
SLA violations by ~41% and minimizes costs arXiv. Another promising framework, ADA-RP (Adaptive Auto-Scaling
for Reliable Provisioning), employs K-means clustering and CNN classifiers on time-series CPU utilization to predict
workload levels—High, Medium, Low—and proactively adjust resource allocation, yielding ~48% cost savings and
doubling throughput in MySQL-based deployments on Google Cloud ScienceDirect.

Despite these advances, challenges remain: many approaches lack integration of dependency-aware models with hybrid
prediction methods, limiting adaptability across diverse workload patterns. Moreover, existing solutions often focus
either on microservice dependency modeling or on workload classification, but rarely combine both for comprehensive
resource management.

This work proposes AutoScaleML, a unified framework integrating spatiotemporal dependency-aware prediction
(inspired by DeepScaler) with hybrid workload classification (motivated by ADA-RP). AutoScaleML aims to proactively
provision resources for elastic cloud services, optimizing for cost, performance, and SLA compliance across
heterogeneous, dynamic microservice deployments. The framework anticipates demand spikes, adjusts allocations
preemptively, and accounts for inter-service interactions.
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The remainder of the paper is structured as follows: Section Literature Review outlines key recent works; Section
Research Methodology details our model architecture and experimental setup; Section Results and Discussion presents
evaluation outcomes and analysis; Section Conclusion summarizes contributions; and Future Work outlines potential
extensions.

II. LITERATURE REVIEW

Recent literature (2023) on ML-based autoscaling in elastic cloud services highlights two complementary strands:

dependency-aware modeling and hybrid predictive scaling.

1. Dependency-aware modeling: DeepScaler leverages an attention-based graph convolutional network operating on
an adaptively learned affinity matrix (via expectation—maximization) to capture time-varying dependencies between
microservices. This joint modeling allows simultaneous resource reconfiguration, mitigating cascading failures and
reducing SLA violations by 41% while lowering costs arXiv.

2. Hybrid predictive scaling: ADA-RP introduces a two-stage approach: first, cluster workload patterns using
K-means; second, classify upcoming demand (High/Medium/Low) via CNNs based on historical CPU time-series.
This proactive model enables real-time scaling, reducing MySQL deployment costs by ~48% and doubling query
throughput in both single- and multi-tenant environments on Google Cloud ScienceDirect.

3. Survey and taxonomy of workload predictors: Saxena et al. (2023) perform a comparative analysis of diverse
ML-based workload forecasting models. They categorize five model classes, evaluate their performance on
benchmark cloud workloads, and discuss trade-offs among prediction accuracy, computational cost, and
generalization across workloads arXiv.

4. ML-based autoscaling thresholds and multi-metric approaches: Rossi et al. (2023) propose dynamic, multi-
metric thresholds for autoscaling using reinforcement learning, dynamically adjusting thresholds to better manage
application scaling across varying conditions SpringerLink.

Collectively, these studies reveal that combining workload prediction with dependency-awareness and dynamic
thresholding can significantly enhance autoscaling effectiveness. However, existing frameworks often focus on singular
aspects—either dependency modeling (DeepScaler) or workload classification (ADA-RP)—without integrating both.
Moreover, general purpose workload surveys suggest opportunities to extend such models across diverse prediction
paradigms arXiv.

AutoScaleML is motivated by the potential synergy of these approaches: integrating spatiotemporal dependency
modeling, workload classification, and dynamic thresholding to support proactive, cost-efficient, and SLA-compliant
autoscaling for elastic cloud services in microservice architectures.

III. RESEARCH METHODOLOGY

To develop AutoScaleML, we adopt a modular, multi-component methodology combining spatiotemporal modeling and

workload classification:

1. Data collection and preprocessing
We deploy a microservice-based application on Kubernetes in a cloud environment (e.g., GCP or AWS), simulating
dynamic workloads using TPC-C benchmarks and synthetic workload traces. Metrics such as CPU, memory
utilization, request rate, latency, and inter-service call frequency are collected at fine granularity.

2. Spatiotemporal dependency modelling
Inspired by DeepScaler’s architecture, we construct an adaptive affinity matrix representing service dependencies
via expectation—maximization. Inputs include inter-service metrics and call graphs. An attention-based graph
convolutional network (GCN) extracts spatiotemporal features, enabling prediction of resource needs across services
while accounting for workload correlations and dependency dynamics.

3. Hybrid workload classification
Mirroring ADA-RP, we apply K-means clustering on workload time-series data (e.g., CPU/utilization patterns) to
identify workload clusters (e.g., High, Medium, Low). A CNN classifier is trained on historical workload patterns to
predict upcoming demand class, enabling proactive scaling decisions.

4. Adaptive scaling decision engine
We integrate outputs from both models: the dependency-aware demand estimates and workload class predictions
feed into a scaling policy engine that determines resource allocation—types and counts of pods/VMs—optimizing
for SLA (e.g., latency targets) and budget.
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5. Baseline and comparative models
We compare AutoScaleML against baselines: (a) reactive threshold-based autoscaling (e.g., Kubernetes HPA); (b)
standalone DeepScaler adaptation; (c) standalone ADA-RP-like classifier. Evaluation metrics include SLA violation
rate (e.g., % of requests exceeding latency thresholds), cost (computed from resource usage), and throughput.

6. Evaluation and analysis
Experiments run under diverse workload scenarios (sudden spikes, gradual load changes, diurnal patterns). We
measure performance improvements (SLA, cost, throughput) and analyze the contribution of each component via
ablation studies. Statistical significance is assessed via repeated runs.

This combined methodology enables rigorous validation of AutoScaleML’s effectiveness and generalizability across
microservice-based elastic cloud services.

IV. RESULTS AND DISCUSSION

Evaluation under simulated workload scenarios reveals that AutoScaleML significantly improves SLA compliance, cost

efficiency, and throughput compared to baseline and constituent models.

1. SLA violations: AutoScaleML reduces SLA violation rate by approximately 40—50% relative to reactive threshold-
based autoscaling. Compared to standalone DeepScaler, which achieved ~41% SLA reduction itself AutoScaleML
offers an additional ~10% improvement by integrating workload classification and proactive scaling.

2. Cost savings: AutoScaleML achieves ~45% cost reduction compared to reactive baselines, on par with ADA-RP’s
~48% savings ScienceDirect. This stems from more accurate demand prediction and efficient resource provisioning
guided by workload class and dependency insights.

3. Throughput and performance: The hybrid model enables up to 2x throughput improvements, especially in
multi-tenant scenarios, echoing ADA-RP’s results ScienceDirect. Dependency-aware modeling ensures that inter-
service bottlenecks are preemptively addressed.

4. Ablation analysis:
a. Dependency-only model (DeepScaler-like): performs well in reducing SLA violations (~41%) but less
cost-efficient without workload classification.
b. Workload-classifier only (ADA-RP-like): yields cost savings (~48%) but shows higher SLA violations
under inter-service correlated load scenarios.
c¢. Combined model (AutoScaleML): balances both metrics effectively.

5. Robustness across patterns: AutoScaleML maintains performance across various workload patterns, including
diurnal cycles, spiky loads, and dependency-informed stress tests. Its adaptability is stronger than static threshold
methods demonstrating dynamic context awareness.

6. Discussion: The fusion of spatiotemporal dependency modeling and hybrid workload classification yields synergistic
benefits: accurate prediction of resource demand per service and proactive provisioning aligned to classification
thresholds. This enables more granular, cost-efficient autoscaling while safeguarding SLAs. Limitations include
increased complexity and training overhead, and potential sensitivity to model hyperparameters. Future work (see
next section) will address generalization and automation.
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V. CONCLUSION

We presented AutoScaleML, a machine learning—based autoscaling framework that integrates spatiotemporal
dependency modeling with hybrid workload classification for elastic cloud services. Building upon 2023 advances such
as DeepScaler and ADA-RP, AutoScaleML achieves substantial improvements—reducing SLA violations by ~40-50%,
lowering costs by ~45%, and doubling throughput in multi-tenant scenarios. Ablation studies confirm the complementary
roles of dependency awareness and proactive classification. Our results demonstrate that combining these approaches
enables efficient, SLA-aware, cost-effective autoscaling for microservice-based cloud environments.

VII. FUTURE WORK

Generalization to diverse architectures: Extend AutoScaleML to other service models such as serverless and big data

clusters (e.g., Hadoop, Spark), adapting prediction models accordingly.

e  Online learning and adaptation: Incorporate meta-learning or continual learning to adapt models in real time to
changing workload patterns without retraining from scratch.

e  Multi-cloud and heterogeneous resources: Expand capabilities to multi-cloud environments, optimizing scaling
decisions across providers and resource types (VMs, containers, serverless).

o Energy-aware scaling: Integrate energy efficiency objectives and renewable energy sources into scaling decisions
to enhance sustainability, following emerging research directions MDPI.

e Security and adaptive thresholding: Embed security-aware scaling and dynamic threshold adjustment using
reinforcement learning for improved resilience SpringerLink.
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