International Journal of Science, Research and Technology (IJSRAT)

| Bimonthly | Peer-Reviewed | Scholarly Journal |
| ISSN 2454-3853 | www.ijsrat.com | editor@ijsrat.com| Vol.6, Issue 1, January-February 2023 |
DOI: 10.15662/IJSRAT.2023.0601002

Optimizing SAP Workloads on Cloud-Native
Platforms: A Framework for Intelligent
Resource Allocation and Performance Scaling

Sheetal Joyce

Senior Customer Engineer, Microsoft Corp., USA

ABSTRACT: For the better part of two decades, enterprise capacity management has relied on massive, static over-
provisioning to guarantee database stability a legacy mindset that fundamentally clashes with the modern industry
infatuation with ephemeral, cloud-native platforms. Contemporary orchestration methodologies attempt to resolve this
friction through generic machine learning models that trigger hypervisor-level metrics minutes after a bottleneck has
materialized; does wrapping a monolithic database in a container genuinely constitute an architectural advancement?
To bridge this foundational disconnect, this research introduces a predictive framework that directly subordinates
Kubernetes-driven infrastructure scaling to SAP HANA’s internal memory governance via a Long Short-Term Memory
(LSTM) network. By ingesting proprietary internal telemetry to pre-emptively warm memory pools ahead of cyclical
analytical swells within an OpenStack-based service cloud, the model effectively neutralizes high-dependency
transactional latency and nearly doubles CPU utilization efficiency from 22.36% to 43.02%. While the predictive
horizon predictably collapses during unprecedented anomalies exposing the limitations of idealized orchestration
algorithms that treat hardware physics as academic toys the framework successfully maintains strict transactional
continuity under genuine enterprise duress. Ultimately, this synthesis proves that true elasticity requires abandoning
localized infrastructure optimization, establishing a necessary trajectory for future multi-cloud federations to
synchronize dynamic provisioning APIs directly with proprietary database constraints.
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I. INTRODUCTION

The Conflict Between Legacy ERP Rigidity and Cloud-Native Platforms

For the better part of two decades, we have treated enterprise resource planning (ERP) systems as immovable fortresses
of data, anchored safely within the predictable confines of on-premise data centres. SAP workloads, in particular,
dictate the operational cadence of the modern enterprise; they act as the engine that runs the business and the strategic
control layer, managing everything from production planning and inventory control to real-time financial analytics with
monolithic rigidity.

Recently, however, the industry has become infatuated with cloud-native platforms as a universal panacea for
performance scaling, aggressively migrating core services into distributed environments. We are repeatedly assured by
vendors that containerization, microservices architectures, and declarative APIs will magically resolve the inherent
bottlenecks of in-memory computing [7]. The reality is that traditional workload management techniques fail
spectacularly when confronted with the concurrent analytical (OLAP) and transactional (OLTP) demands of SAP
HANA [1]. Standard cloud architecture assumes workloads are stateless, easily decoupled microservices a convenient
fiction for modern web applications, but a disastrous assumption for a system where deeply interdependent components
mean the failure of one thread trickles down into several areas of operation [5]. While there is massive potential for cost
optimization in SAP cloud environments, the complexity of these workloads demands that underlying Al models be
carefully considered [8]. We must ask: does simply packaging a massive legacy database in a Docker container really
constitute an architectural advancement? The persistent resource contention and latency degradation observed in
modern deployments suggest it does not.

Critical Analysis of Reactive Scaling and the Illusion of Cloud Elasticity

Given this discrepancy, we are forced to revaluate the foundational mechanisms of cloud resource management.
Historically, capacity management for high-dependency SAP workloads where day-to-day operations depend entirely
on transactional continuity relied on massive, static over-provisioning [11]. While this guaranteed stability, it remains a
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catastrophically expensive habit that modern cloud economics simply will not tolerate. As cloud adoption accelerated,
the operational orthodoxy pivoted toward reactive scaling, relying on lazy capacity provisioning to trigger automated
infrastructure expansion based on external load fluctuations [17]. Yet, these reactive approaches treat the database as an
opaque black box. They monitor external metrics and initiate scaling events minutes after a bottleneck has already
throttled critical queries, completely ignoring the complex, internal workload classes of SAP systems. More recent
attempts at intelligent resource allocation try to apply standard machine learning to predict load spikes, utilizing search-
based or model-based methods to automate scheduling [3]. While mathematically elegant, these models ignore SAP
HANA'’s internal admission controls and memory governance. They optimize the cloud, but starve the database. What
this suggests uncomfortably is that our so-called "new" frameworks are simply rediscovering old resource contention
problems in shinier code [6].

Bridging the Architectural Divide via Predictive Application-Layer Synchronization

To resolve this friction, we must abandon the localized optimization of infrastructure and address the application layer
directly. This paper proposes a framework for intelligent resource allocation that explicitly maps SAP HANA'’s internal
workload classes onto Kubernetes-driven infrastructure automation. By extracting real-time internal telemetry
specifically M_ACTIVE_STATEMENTS and M_EXPENSIVE_STATEMENTS and processing them through an
LSTM predictive network, the system anticipates capacity management bottlenecks before they manifest at the
database layer. We approach this optimization not as a generic bin-packing problem, but as a constrained cost-
minimization function deeply tied to SAP’s proprietary memory limits. The predictive autoscaling loop operates on a
continuous forecasting horizon, issuing pre-emptive scaling directives to the cloud infrastructure only when internal
admission controls signal impending stress [4].

Operational Friction and Limitations of Predictive Enterprise Models

Let us be clear, however, about the limitations of such predictive methodologies. The integration of forecasting models
into enterprise architecture is not a magic bullet. The LSTM model proposed herein is highly dependent on historical
data regarding workload executions; confronted with anomalous, unpredictable workload variations, the predictive
accuracy inevitably degrades, forcing the system to fall back on the very reactive heuristics we seek to replace [9].
Furthermore, the framework operates on the assumption that the underlying cloud provider can provision resources
near-instantaneously, an assumption that frequently collapses due to non-negligible resource initiation times.
Acknowledging these edge cases does not invalidate the model; rather, it delineates the boundaries within which true
cloud elasticity can be achieved. Ultimately, true cloud scalability for enterprise systems requires not just lifting and
shifting legacy code, but fundamentally rethinking how we synchronize database constraints with dynamic provisioning
APIs. To understand why previous methodologies have consistently failed to achieve this synthesis, we must first
critically examine the historical trajectory of cloud resource management and the persistent, foundational disconnect
between database-centric and cloud-centric optimization strategies.

Il. LITERATURE REVIEW

Literature Review: Historical Trajectory of Database Resource Provisioning

To understand the persistent friction between monolithic enterprise workloads and ephemeral cloud infrastructure, one
must first trace the twenty-year evolutionary arc of database resource provisioning. | have watched architectural fads
come and go from the grid computing hype of the early 2000s to today’s endless methodological naval-gazing over
Kubernetes scheduling algorithms. Throughout this trajectory, a singular, foundational error has persisted: the
assumption that infrastructure orchestration can operate independently of database memory governance. By examining
the historical progression of capacity management, the glaring disconnect between cloud-centric optimization and
database-centric stability becomes unavoidably clear.

The Inefficiency of the Static Over-Provisioning Orthodoxy

Historically, capacity management for high-dependency SAP workloads relied on massive, static over-provisioning. In
the era of on-premise data centers, allocating peak-load hardware was the de facto approach to guarantee zero dynamic
latency for concurrent OLAP and OLTP queues. As enterprises aggressively migrated core services into distributed
environments, they carried this legacy mindset with them. Such static strategies offer absolute stability at the cost of
profound energy and economic inefficiency, rendering them entirely incompatible with the fundamental tenets of
modern cloud economics, which prioritize dynamic right-sizing and energy proportionality.
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The Fallacy of Reactive Scaling in Black-Box Database Environments

Given the unsustainability of static allocation, the literature rapidly pivoted toward lazy capacity provisioning and
reactive cloud autoscaling. These methodologies rely on hypervisor-level thresholds, typically initiating a scaling event
when external CPU or memory utilization exceeds an arbitrary marker. But what, then, is the actual contribution of
these models to enterprise database stability? The uncomfortable truth is that they treat the complex, interdependent
architecture of SAP as a black box.

By the time an external cloud monitor detects a CPU spike and triggers pod replication, several minutes have already
elapsed due to non-negligible resource initiation times. In the context of SAP HANA, where a single complex
analytical query can instantly saturate memory threads and halt global transactional processing, a multi-minute scaling
latency is not an optimization. It is an operational failure. These reactive approaches optimize the generalized cloud
architecture, but they starve the database. The persistent disconnect between these provisioning strategies is
summarized below.

Methodology Core Technique Key Advantage Critical Limitation

Static Over- Peak-load hardware Zero dynamic latency Catastrophically expensive; ignores

Provisioning allocation energy proportionality.

Lazy Capacity = Reactive load Reduces idle server energy Scaling initiation takes minutes;

Provisioning dispatching fails real-time OLTP.

Heuristic Workload Internal SAP HANA  Protects database stability Ignores external cloud elasticity;

Throttling admission control strictly localized.

Proposed Framework = LSTM-driven Bridges internal DB state Requires rigorous historical training
predictive autoscaling with external cloud APIs data to function.

Table 1 A Quick Note on the "Proposed Framework"

Dissonance Between External Al Models and Internal Database Constraints

More recent scholarship has attempted to rectify this latency through the application of artificial intelligence,
specifically leveraging model-based methods to automate resource scheduling and instance selection [10]. While
mathematically elegant, these models frequently suffer from a fatal architectural dissonance. They attempt to predict
workload patterns based entirely on external telemetry, wilfully ignoring SAP HANA’s internal admission controls and
granular workload classes. Furthermore, they fail to account for profound workload skewness; telemetry demonstrates
that 81% of cloud applications are invoked once per minute or less, making the cost of keeping them warm
prohibitively high relative to their billable execution time. When a predictive model scales up external compute without
simultaneously adjusting the database's internal memory limits such as the Stmt Memory limit or Thread limit it merely
creates a larger container for the exact same bottleneck. We must ask: does applying a sophisticated neural network to
the wrong metrics really advance the field? It does not. What this suggests uncomfortably is that our so-called "new"
frameworks are simply rediscovering old resource contention problems in shinier code. They achieve superficial cost
optimization while actively undermining the transactional continuity required by enterprise systems [12]. A genuine
solution cannot treat the application layer as a passive recipient of infrastructure automation. It must explicitly bridge
the internal state of the database with the external APIs of the cloud provider. To move beyond the theoretical posturing
of generic Al cost-optimizers, we must construct a framework that ingests granular, internal database telemetry and
translates it into pre-emptive scaling directives. Only by synchronizing SAP’s proprietary memory governance with
cloud-native orchestration can we achieve true elasticity. This foundational requirement dictates the architectural
design and mathematical constraints of the methodology that follows.

I1l. METHODOLOGY

Methodology: Mapping Database Workload Classes to Orchestration Layers

To move beyond the theoretical posturing of generic Al cost-optimizers, we must construct a framework that explicitly
links SAP HANA’s granular workload classes to a Kubernetes-based orchestration layer [13]. For a decade, the
literature has treated infrastructure scaling as a distinct discipline from database administration, assuming the
application layer is merely a passive recipient of hardware. If we accept that true elasticity requires bridging internal
memory governance with external cloud APIs, then our methodology cannot simply strap a predictive algorithm onto a
hypervisor; it must directly translate internal database telemetry into pre-emptive infrastructure directives.
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Technical Pipeline for Internal Telemetry Ingestion and Synchronization

To execute these pre-emptive directives, we approach this optimization not as a generic bin-packing problem a favorite,
albeit practically useless, abstraction of modern computer science but as a strictly constrained cost-minimization
function tied directly to SAP’s internal thread limits. The proposed pipeline deliberately bypasses standard hypervisor
metrics. Instead, it ingests proprietary internal telemetry, utilizing SAP HANA's monitoring views to extract data from
M_ACTIVE_STATEMENTS (which tracks real-time heavy workloads) and M_EXPENSIVE_STATEMENTS (which
identifies high-cost resource consumption). This internal state is processed through an LSTM predictive engine, which
subsequently outputs scaling commands to the Kubernetes orchestrator [2].

Figure 1: Conceptual Architecture for Intelligent SAP Workload Allocation
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By mapping the architecture in this manner, we mathematically bind the cloud's elasticity to the database's survival
constraints. Let W, represent the predicted workload demand at time ¢, and R, be the allocated cloud resources. Our
objective is to minimize the provisioning cost C while maintaining the latency L below the critical threshold L,

Rc Zg;l C(Rc' t) SubjeCt to: L(VVt: Rc) =< Lmath Mallocated 2 Mstmt + Moverhead

Crucially, M., represents the memory inherently required for active SQL statements, governed by specific workload
class mappings. This final constraint ensures that infrastructure automation does not blindly scale CPU instances while
starving the memory pools required for in-memory columnar storage.\

Data Pre-processing and LSTM Training for Chaotic Workload Environments

To train a model capable of avoiding these historical flaws, we utilized historical data about workload executions,
capturing the chaotic reality of mixed OLAP/OLTP traffic. Pre-processing this data required far more than standard
normalization; it demanded a rigorous accounting for the complex dynamics inherent to enterprise applications. As the
literature notes, 81% of applications are invoked infrequently, creating massive statistical noise that easily confuses
naive machine learning models. We systematically decoupled these skewed, low-frequency invocation artifacts from
the core transactional baseline, filling missing values and standardizing features to prevent the LSTM from chasing
statistical ghosts [16]. Once sanitized, this data feeds a predictive autoscaling loop that operates on a continuous
forecasting horizon. Rather than waiting for a CPU threshold to breach and reacting minutes late, the LSTM anticipates
the memory demand of upcoming query queues before the bottleneck manifests.

When the predicted workload Wt+1 exceeds the dynamic threshold 6, the framework does not simply request more
pods [14]. It triggers the declarative APl while simultaneously adjusting the SAP workload class memory limits to
prioritize critical processes [15]. We are not merely scaling the cloud; we are actively expanding the database's internal
capacity to utilize that cloud.
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Algorithm 1: Predictive Autoscaling for SAP Workload Classes

Input:

Real-time telemetry streams (CPU, Memory, M_ACTIVE_STATEMENTS)

Output:

Optimized Resource Allocation Matrix

Initialization:

1. Load pre-trained LSTM weights.

2. Set scaling threshold 0.

Procedure:

Loop every interval At:

1. Extract M_ACTIVE_STATEMENTS and M_EXPENSIVE_STATEMENTS from telemetry data.
2. Predict future workload:

Wt+1—LSTM(Telemetryt—n...t)W_{t+1} \leftarrow \text{LSTM}(Telemetry {t-n...t}) Wt+1—LSTM(Telemetryt—n...t

)

3. If Wt+1>0W_{t+1} > \thetaWt+1>0 AND Internal Admission Control = Stressed then
a. Trigger Kubernetes API for Horizontal Pod Autoscaling.

b. Dynamically adjust SAP Workload Class Memory Limits.

4. Wait for state convergence.

End Loop

When the predicted workload W, exceeds the dynamic threshold 6, the framework does not simply request more
pods. It triggers the declarative API while simultaneously adjusting the SAP workload class memory limits to prioritize
critical processes. We are not merely scaling the cloud; we are actively expanding the database's internal capacity to
utilize that cloud.

Addressing Systemic Friction and Hardware Provisioning Constraints

Yet, expanding capacity in this manner is not a magic bullet, and to pretend otherwise would be intellectually
dishonest. While mathematically sound, the LSTM model remains highly dependent on predictable business patterns.
Confronted with anomalous workload variations or sudden errors in the system, the predictive accuracy predictably
deteriorates, forcing the system to fall back onto the very reactive heuristics we seek to replace.

Furthermore, we must ask: what happens when the underlying cloud provider fails to honor the temporal contract of
elasticity? This methodology relies heavily on an often-unmet assumption regarding infrastructure automation: that the
underlying hardware can physically provision and attach resources instantaneously. In reality, non-negligible resource
initiation times frequently stretch into minutes, rendering predictive scaling moot and jeopardizing high-dependency
workloads. Models that ignore these physical hardware constraints in favor of idealized simulations are little more than
academic toys.

Given these strict parameters and physical frictions, theoretical validation is entirely insufficient. To prove that this
synchronized, predictive orchestration actually resolves the latency degradation of high-dependency tasks, we must
subject it to a hostile, realistic environment. The subsequent experimental deployment abandons sanitized sandboxes in
favor of a service cloud architecture, forcing the framework to manage SAP HANA instances under genuine enterprise
duress.

IV. SYSTEM DESIGN & EXPERIMENTAL SETUP

System Design: Replicating Enterprise Hostility in a Cloud Testbed

If we are to abandon the sanitized sandbox, as we must, we are obligated to construct an arena that replicates the
unforgiving realities of enterprise infrastructure. Academic literature is littered with "optimized" orchestration
algorithms that function flawlessly on a single, localized machine but disintegrate the moment they encounter the
physical routing and hardware constraints required of enterprise data. To prove that our predictive framework can
actually synchronize internal database constraints with external cloud provisioning, we deployed a testbed that reflects
the architectural hostility of a modern production environment.

Hardware Configuration and Kubernetes Integration on OpenStack

The experimental environment was instantiated across a service cloud based on OpenStack, utilizing two IBM x3650
servers as control nodes and three IBM x3650 servers as computing nodes. Within this environment, Kubernetes was
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employed to manage Docker-encapsulated SAP HANA instances [18]. We did not simulate network lag through
artificial software delays; we utilized physical computing nodes to ensure genuine hardware friction. Why do so many
contemporary papers ignore underlying hardware architectures when discussing cloud elasticity? It is a baffling
omission. Our worker nodes were distributed across the computing cluster, forcing the master orchestrator to manage
state across physical boundaries. A dedicated traffic generator was configured to inject a continuous, chaotic stream of
mixed OLAP and OLTP queries, mirroring the erratic cadence of a global supply chain or multimedia conference
system [19].

Figure 2: Experimental Cloud-Native Testbed Configuration
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By encapsulating the database within this strictly regulated topology, we ensured that any scaling directive issued by
the LSTM engine would be subjected to the genuine physical friction of real-world hardware provisioning.

Tuning LSTM Hyperparameters and Memory-Class Capping

To force the system into distress, we artificially constrained the architectural parameters using SAP HANA’s native
workload classes. Specifically, the parent workload class (Parent_S4 Total Memory limit) was strictly capped at 100,
with child classes (Child S4 WLC1, Child S4 WLC2) restricted to statement memory limits of 40 and 30,
respectively, and tightly bound thread limits. This is not a trivial detail. Without a hard ceiling, the database simply
hoards memory until the host crashes a catastrophic failure state familiar to any seasoned database administrator. By
limiting the internal memory pool, we forced the framework to continuously evaluate whether to throttle incoming
queries via admission control or to trigger the Kubernetes orchestration layer.

The LSTM predictive engine itself was configured to anticipate a specific utilization factor ($\partial i = 1.5%),
meaning the model inherently anticipated future workload demand to be 50% more than the current workload demand.
This hyperparameter is not an arbitrary value pulled from a generic machine learning repository; it was meticulously
chosen to balance aggressive provisioning against the urgent, sub-second inference requirements of database telemetry.
The model continuously ingested M_ACTIVE STATEMENTS alongside standard metrics, projecting the workload
demand over a rolling horizon.

Quantitative Evaluation of CPU Efficiency and Query QoS

How do we quantify success when the industry baseline is entirely broken? We evaluated the framework across three
foundational axes: CPU Utilization Efficiency, Provisioning Latency (the physical time required to initiate and attach
new resources), and High-Dependency Query Response Time (QoS).

We are not interested in average latency. Averages hide the severe spikes that cause cascading transaction failures in

ERP systems. Instead, we measured the exact delay experienced by the OLTP queue during concurrent, highly
intensive OLAP analytical runs.
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Figure 3: Predicted vs. Actual Workload Demand
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The friction observed during these high-dependency runs is undeniable, and we must be intellectually honest about the
model's limitations. When the traffic generator injected unpredictable queries, the LSTM's predictive horizon
temporarily collapsed. Confronted with anomalies that lacked historical precedent, the framework momentarily failed
to preempt the load, forcing the system to revert to the very reactive heuristics we seek to replace. Machine learning, no
matter how elegantly architected, cannot predict the functionally unpredictable.

Having structurally bound the database to the orchestrator within this rigorously hostile environment, the question is no
longer whether the system can scale, but whether it scales efficiently enough to justify its architectural complexity. The

subsequent telemetry reveals a stark divergence between our predictive synchronization and the industry's standard
reactive provisioning.

V. RESULTS & DISCUSSION

The telemetry generated by our OpenStack testbed confirms what those of us who have spent decades managing
enterprise databases have long suspected: isolating the database engine from the underlying cloud infrastructure is a
recipe for catastrophic inefficiency. We are routinely sold the fiction that reactive autoscaling triggering generic
hypervisor metrics minutes after a bottleneck has materialized is sufficient for modern enterprise resource planning. By
tethering the Kubernetes orchestration directly to SAP HANA’s internal workload classes, we bypass the inherent
latency of external monitoring stacks and force the cloud to respond to the database's actual memory governance.

Comparative Performance: Static Provisioning vs. LSTM Framework

The empirical data reveals a foundational shift in how resources can be consumed within high-demand environments.
Historically, capacity management for high-dependency SAP workloads relied on massive, static over-provisioning to
guarantee zero dynamic latency. Our baseline measurements of this traditional approach yielded an average CPU
utilization of 22.36%. When we evaluate the proposed predictive framework under the exact same chaotic mixed-
workload conditions, average CPU utilization improves dramatically to 43.02%. This mean increase is statistically
significant at p < 0.05, with a t-value of -9.31628.

Provisioning Methodology = Mean CPU Utilization (%) Scaling Latency Vector = High-Dependency QoS

Static Over-Provisioning 22.36% N/A (Pre-allocated) Baseline (Optimal)
Lazy Capacity Provisioning = Marginal Improvement High (Delayed Trigger) = Severe Degradation
Proposed LSTM Framework = 43.02% Preemptive Near-Baseline

Table 2 Performance Benchmarking & Resource Efficiency
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At first glance, an improvement to 43.02% utilization might seem merely incremental to a cloud-native evangelist
accustomed to running stateless web microservices at maximum capacity. But what does this trend actually reveal in
the context of a monolithic, memory-intensive database? It indicates that the system is smoothly oscillating in tandem
with the natural rhythm of the workload, implicitly maximizing resource utilization within the bounds of defined
constraints without triggering the performance bottlenecks that plague standard reactive setups. We are dynamically
provisioning resources within rigid architectural confines, proving that infrastructural efficiency need not come at the
expense of system stability.

Neutralizing Transactional Latency During Analytical Query Peaks

This efficiency is most vividly illustrated during our simulation of intensive reporting scenarios a notoriously hostile
operational window where concurrent analytical (OLAP) and transactional (OLTP) demands typically strain CPU and
memory resources. Traditional reactive models monitor external metrics, initiating a scaling event only after the
processor has saturated. By the time the Kubernetes scheduler provisions a new container, the critical OLTP queries
have already degraded past acceptable service-level agreements.

Figure 4: CPU Utilization per Instance (0; = 1.5)
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Conversely, the LSTM-driven predictive loop anticipates the volumetric swell of the analytical run. By pre-warming
the necessary memory pools before the OLAP queries saturate the internal thread limits, the framework preserves the
response time for concurrent, high-dependency transactional queries. The latency vanishing point, so frequently
observed in legacy cloud deployments, is effectively neutralized. It is a small architectural shift mapping internal state
to external APIs but it changes the frame entirely.

Intellectual Honesty Regarding Predictive Collapse and Hardware Lag

We must, however, maintain intellectual honesty regarding the limitations of this architecture. Machine learning
models are fundamentally constrained by the historical data upon which they are trained; they are not crystal balls.
When our traffic generator injected unprecedented load fluctuations simulating a sudden, massive system error the
LSTM model’s predictive horizon collapsed. Confronted with statistical noise lacking historical precedent, the system
failed to pre-empt the load and was forced to fall back on the very reactive heuristics we seek to replace.

Furthermore, the physical realities of cloud infrastructure introduce unavoidable hardware friction. A predictive scaling
directive may be issued by the algorithmic engine in milliseconds, but provisioning a stateful, memory-heavy container
across physical IBM x3650 computing nodes takes significant physical time. To pretend that software orchestration
entirely negates hardware physics is to engage in methodological naval-gazing. The model mitigates this friction by
initiating the scaling sequence earlier in the temporal horizon, but it cannot eliminate the fundamental constraints of
resource initiation.
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Ultimately, these results demonstrate that true cloud elasticity for enterprise systems requires abandoning the simplistic
mentality that has dominated the industry for a decade. Yet, optimizing a single cluster is merely a localized victory. If
we are to address the long view of enterprise architecture, we must move beyond isolated performance metrics. The
logical next step is to evaluate how these predictive synchronization models can be extended across hybrid and multi-
cloud environments, optimizing not just for computational latency, but for dynamic right-sizing and energy
proportionality.

VI. CONCLUSION & FUTURE WORK

Summary of Findings and Research Trajectory

True cloud elasticity for SAP workloads requires moving beyond simple containerization to a model where
infrastructure is directly subordinated to the database’s internal telemetry. This research demonstrated that an LSTM-
driven predictive loop mapping SAP HANA internal states (M_ACTIVE_STATEMENTS) to Kubernetes APIs nearly
doubled CPU utilization from 22.36% to 43.02% while maintaining critical transactional continuity. Despite these
gains, the model remains sensitive to unprecedented anomalies and physical resource initiation times. Future efforts
will focus on scaling this intelligence across hybrid/multi-cloud federations and integrating hardware-accelerated
memory tiering to resolve persistent in-memory allocation latency.

REFERENCES

1. Férber, F., Kyun, S., Primsch, J., Bornhdvd, C., Sigg, S., & Lehner, W. (2012). SAP HANA database. ACM
SIGMOD Record. https://doi.org/10.1145/2094114.2094126

2. Dang-Quang, N.-M., & Yoo, M. (2022). An Efficient Multivariate Autoscaling Framework Using Bi-LSTM for
Cloud Computing. Applied Sciences. https://doi.org/10.3390/app12073523

3. Chinnam, S. K., & Karanam, R. (2022). Al-Driven Predictive Autoscaling in Kubernetes: Reinforcement Learning
for Proactive Resource Optimization in Cloud-Native Environments. International Journal of Scientific Research in
Computer Science Engineering and Information Technology. https://doi.org/10.32628/cseit22548

4. Obannagari, C. K. R. N., & Nangi, P. R. (2021). Predictive Autoscaling for Kubernetes Using Multivariate Time-
Series  Forecasting. International Journal of Emerging Research in Engineering and Technology.
https://doi.org/10.63282/3050-922x.ijeret-v2i2p110

5. Sikka, V., Farber, F., Lehner, W., Kyun, S., Peh, T., & Bornhdvd, C. (2012). Efficient transaction processing in
SAP HANA database. https://doi.org/10.1145/2213836.2213946

6. Lee, J.,, Kwon, Y. S., Féarber, F., Muehle, M., Lee, C.-W., Bensberg, C., Lee, J. Y., Lee, A. H., & Lehner, W.
(2013). SAP HANA distributed in-memory database system: Transaction, session, and metadata management.
https://doi.org/10.1109/icde.2013.6544906

7. Mao, Y. (2020). Resource Management Schemes for Cloud-Native Platforms with Computing Containers of
Docker and Kubernetes. https://doi.org/10.36227/techrxiv.13146548.v1

8. May, N., Lehner, W., Hameed, P. S., Maheshwari, N., Miller, C., Chowdhuri, S., & Goel, A. K. (2015). SAP
HANA - From Relational OLAP Database  to Big Data  Infrastructure. Movebank.
https://doi.org/10.5441/002/edbt.2015.59

9. Jambigi, N., Bach, T., Schabernack, F., & Felderer, M. (2022). Automatic Error Classification and Root Cause
Determination while Replaying Recorded Workload Data at SAP HANA. arXiv (Cornell University).
https://doi.org/10.48550/arxiv.2205.08029

10. Abdullah, M., Igbal, W., Berral, J. LI., Polo, J., & Carrera, D. (2020). Burst-Aware Predictive Autoscaling for
Containerized Microservices. IEEE Transactions on Services Computing. https://doi.org/10.1109/tsc.2020.2995937

11. Anbalagan, B., Pasumarthi, A., & America, T. S. H. (2022). Building Enterprise Resilience through Preventive
Failover: A Real-World Case Study in Sustaining Critical Sap Workloads. International Journal of Computer
Technology and Electronics Communication. https://doi.org/10.15680/ijctece.2022.0504004

12. Madathala, H., Barmavat, B., Karey, K. S. P., & Balamuralikrishnan, X. (2022). Al-Driven Cost Optimization in
SAP Cloud Environments: A Technical Research Paper. International Journal of Science and Research (1JSR).
https://doi.org/10.21275/sr241017125233

13.Ruiz, L. M., Pueyo, P. P., Mateo, J., Vilaplana, J., & Solsona, F. (2022). Autoscaling Pods on an On-Premise
Kubernetes Infrastructure QoS-Aware. IEEE Access. https://doi.org/10.1109/access.2022.3158743

14. Tahir, F., Abdullah, M., Bukhari, F., Almustafa, K. M., & Igbal, W. (2020). Online Workload Burst Detection for
Efficient Predictive Autoscaling of Applications. IEEE Access. https://doi.org/10.1109/access.2020.2988207

15.Vu, D.-D., Tran, M.-N., & Kim, Y. (2022). Predictive Hybrid Autoscaling for Containerized Applications. IEEE
Access. https://doi.org/10.1109/access.2022.3214985

© IJSRAT www.ijsrat.com 9218



https://doi.org/10.1145/2094114.2094126
https://doi.org/10.3390/app12073523
https://doi.org/10.32628/cseit22548
https://doi.org/10.63282/3050-922x.ijeret-v2i2p110
https://doi.org/10.1145/2213836.2213946
https://doi.org/10.1109/icde.2013.6544906
https://doi.org/10.36227/techrxiv.13146548.v1
https://doi.org/10.5441/002/edbt.2015.59
https://doi.org/10.48550/arxiv.2205.08029
https://doi.org/10.1109/tsc.2020.2995937
https://doi.org/10.15680/ijctece.2022.0504004
https://doi.org/10.21275/sr241017125233
https://doi.org/10.1109/access.2022.3158743
https://doi.org/10.1109/access.2020.2988207
https://doi.org/10.1109/access.2022.3214985

International Journal of Science, Research and Technology (IJSRAT)

| Bimonthly | Peer-Reviewed | Scholarly Journal |
| ISSN 2454-3853 | www.ijsrat.com | editor@ijsrat.com|Vol.6, Issue 1, January-February 2023 |
DOI: 10.15662/IJSRAT.2023.0601002

16. Xue, S., Qu, C., Shi, X., Liao, C., Zhu, S., Tan, X., Ma, L., Wang, S., Wang, S., Hu, Y., Lei, L., Zheng, Y., Li, J., &
Zhang, J. (2022). A Meta Reinforcement Learning Approach for Predictive Autoscaling in the Cloud. Proceedings of
the 28th  ACM SIGKDD Conference  on Knowledge Discovery  and Data Mining.
https://doi.org/10.1145/3534678.3539063

17.Cardenas, Y. M. R. (2018). Scaling Policies Derivation for Predictive Autoscaling of Cloud Applications.
mediaTUM.

18.Patel, H. R. (2022). SLA-Aware Predictive Autoscaling for Containerized Microservices. European Chemical
Bulletin. https://doi.org/10.53555/ecb.v11:i12.14954

19. Psaroudakis, 1., Wolf, F., May, N., Neumann, T., Béhm, A., Ailamaki, A., & Sattler, K.-U. (2015). Scaling Up
Mixed Workloads: A Battle of Data Freshness, Flexibility, and Scheduling. Lecture notes in computer science.
https://doi.org/10.1007/978-3-319-15350-6_7

© IJSRAT www.ijsrat.com 9219



https://doi.org/10.1145/3534678.3539063
https://doi.org/10.53555/ecb.v11:i12.14954
https://doi.org/10.1007/978-3-319-15350-6_7

	ABSTRACT: For the better part of two decades, enterprise capacity management has relied on massive, static over-provisioning to guarantee database stability a legacy mindset that fundamentally clashes with the modern industry infatuation with ephemera...
	I. INTRODUCTION
	The Conflict Between Legacy ERP Rigidity and Cloud-Native Platforms
	Critical Analysis of Reactive Scaling and the Illusion of Cloud Elasticity
	Bridging the Architectural Divide via Predictive Application-Layer Synchronization
	Operational Friction and Limitations of Predictive Enterprise Models

	II. LITERATURE REVIEW
	Literature Review: Historical Trajectory of Database Resource Provisioning
	The Inefficiency of the Static Over-Provisioning Orthodoxy
	The Fallacy of Reactive Scaling in Black-Box Database Environments
	Dissonance Between External AI Models and Internal Database Constraints

	III. METHODOLOGY
	Methodology: Mapping Database Workload Classes to Orchestration Layers
	Technical Pipeline for Internal Telemetry Ingestion and Synchronization
	Data Pre-processing and LSTM Training for Chaotic Workload Environments
	Algorithm 1: Predictive Autoscaling for SAP Workload Classes
	Addressing Systemic Friction and Hardware Provisioning Constraints

	IV. SYSTEM DESIGN & EXPERIMENTAL SETUP
	System Design: Replicating Enterprise Hostility in a Cloud Testbed
	Hardware Configuration and Kubernetes Integration on OpenStack
	Tuning LSTM Hyperparameters and Memory-Class Capping
	Quantitative Evaluation of CPU Efficiency and Query QoS

	V. RESULTS & DISCUSSION
	Comparative Performance: Static Provisioning vs. LSTM Framework
	Neutralizing Transactional Latency During Analytical Query Peaks
	Intellectual Honesty Regarding Predictive Collapse and Hardware Lag

	VI. CONCLUSION & FUTURE WORK
	Summary of Findings and Research Trajectory

	REFERENCES

