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Abstract: Enterprise Resource Planning (ERP) platforms such as SAP S/4HANA generate high-volume,
heterogeneous workloads that impose substantial demands on storage infrastructure in cloud environments.
Conventional storage management approaches rely on static tiering and rule-based data lifecycle policies, which
are fundamentally limited in their ability to adapt to the dynamic and non-uniform access patterns characteristic
of large-scale ERP deployments. These limitations result in measurable inefficiencies in cost, latency, and
overall resource utilization. This paper proposes an artificial intelligence (Al)-driven storage optimization
framework that employs machine learning (ML) models to predict workload behavior and dynamically allocate
data objects across multi-tier storage systems within multi-cloud environments. The framework integrates Long
Short-Term Memory (LSTM)-based time-series forecasting for access prediction, supervised classification for
hot/warm/cold tier assignment, and a reinforcement learning (RL) agent for adaptive storage placement
decisions. Extensive experiments conducted using synthetic SAP workload traces — calibrated to documented
SAP S/4HANA access pattern characteristics, including Zipf-distributed access frequencies and transactional-
analytical-archival regime proportions — demonstrate up to 38% reduction in storage cost and 27%
improvement in access latency compared to static tiering and rule-based baseline approaches. Scalability
evaluations across dataset volumes ranging from 100,000 to one million data objects confirm that cost efficiency
gains increase proportionally with data volume. The proposed framework demonstrates the viability of
intelligent storage orchestration as a foundational capability for next-generation, cloud-native ERP deployments.

Keywords: Cloud Erp, Machine Learning, Storage Optimization, Multi-Cloud, Sap S/4hana, Data Tiering,
Reinforcement Learning, Lstm

1. Introduction

Cloud computing has become the dominant
infrastructure  paradigm for  enterprise-scale
applications, enabling scalable, elastic, and cost-
efficient deployment of complex platforms such as
SAP S/4AHANA. ERP systems of this class generate
continuously expanding volumes of heterogeneous
data, including high-frequency transactional
records produced by Order-to-Cash (OTC) and
Procure-to-Pay (PTP) processes, large analytical
datasets generated by embedded analytics and
reporting functions, and long-retention archival
logs required for regulatory compliance. In multi-
cloud deployments, these workloads must be
distributed intelligently across cloud providers and
storage tiers to meet service-level agreement (SLA)
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requirements  while controlling  operational
expenditure.

Despite the sophistication of modern cloud storage
platforms, the dominant approach to storage
management in enterprise ERP deployments
remains fundamentally static. Most organizations
configure storage tiering based on initial workload
estimates and apply rule-based lifecycle policies
that migrate data according to fixed schedules or
age  thresholds.  These  approaches  are
architecturally constrained in their ability to
respond to the workload variability inherent in SAP
environments, where transactional bursts, seasonal
peaks, and evolving access patterns render static
policies obsolete within weeks of deployment. The
consequence is a persistent mismatch between
storage placement and actual access requirements,
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leading to over-provisioning of high-performance
storage,  excessive  retrieval latency  for
misclassified data, and compounding storage cost
inefficiency at enterprise scale.

Recent advances in Al and ML offer a principled
alternative to rule-based storage management.
Time-series forecasting models can predict future
access frequencies from historical workload traces;
classification models can assign data objects to
appropriate storage tiers based on feature-rich
workload characterizations; and RL agents can
learn adaptive placement policies that optimize for
composite objectives across cost, latency, and
utilization dimensions. The integration of these
capabilities within a unified orchestration
framework — designed specifically for the
heterogeneous  workload profiles of SAP
environments in multi-cloud settings — represents
a significant and as-yet-unaddressed research gap.
While ML has been applied to CPU, memory, and
network resource management in cloud contexts,
its systematic application to storage optimization
for ERP workloads remains limited [1, 2].

This paper addresses that gap by proposing and
empirically evaluating an Al-driven storage
optimization framework tailored for SAP
workloads in multi-cloud environments. The
primary contributions of this work are: (1) a hybrid
ML framework combining LSTM-based workload
forecasting, supervised classification, and RL-
based adaptive decision-making for storage
placement; (2) a dynamic multi-tier storage
allocation mechanism calibrated to SAP S/AHANA
access pattern characteristics; (3) a multi-cloud
orchestration model enabling coordinated data
placement across heterogeneous cloud storage
providers; and (4) an extensive experimental
evaluation using realistic synthetic SAP workload
simulations, including scalability analysis and
comparative benchmarking against three baseline
approaches. The remainder of this paper is
organized as follows: Section 2 reviews related
work; Section 3 describes the system architecture
and mathematical formulation; Section 4 details the
Al model design; Section 5 presents the
experimental setup; Section 6 reports and analyzes
results; Section 7 discusses implications and
limitations; and Section 8 concludes.

2. Background and Related Work
2.1 Storage Tiering in Cloud Systems

Hierarchical storage management has been a
foundational concern in distributed systems
research for several decades. Early approaches
focused on heuristic policies for data migration
across storage tiers based on access frequency
counters and aging algorithms [3]. Contemporary
cloud storage platforms from major providers
implement automated lifecycle management
features that transition objects between storage
classes based on configurable age and access rules.
While these features reduce manual administration
burden, they do not constitute intelligent storage
management in the ML sense: their decision logic
is fixed, non-adaptive, and unable to incorporate
predictive signals about future access behavior.
Pang et al. [4] demonstrated through extensive
simulation that an Adaptive Intelligent Tiering
(AIT) mechanism employing deep learning for
movement candidate generation and RL for
refinement achieves up to 85% improvement in
workload performance over traditional tiering
policies across a diverse set of storage traces. This
result establishes a strong precedent for the
application of learned policies to storage tiering,
but does mnot address the domain-specific
characteristics of ERP workloads.

The ERP storage context introduces several
complicating factors absent from general-purpose
cloud storage scenarios. SAP S/AHANA workloads
exhibit Zipf-like access distributions, where a small
proportion of frequently accessed transactional data
coexists with large volumes of infrequently
accessed analytical and archival data [5].
Transactional processing generates write-intensive
bursts during business peak hours, while analytical
queries produce read-intensive sequential scans
over large data ranges. These access pattern
regimes differ substantially from the uniform or
web-traffic-modeled distributions assumed by most
existing cloud storage optimization literature. A
tiering framework designed for ERP contexts must
therefore  incorporate  domain-aware feature
engineering and workload characterization to be
effective.

Multi-cloud environments add further complexity
to the tiering problem. Research by Zheng et al. [6]
on adaptive data placement using combinatorial
multi-armed bandit (CMAB) methods demonstrates
that optimal data placement across multiple cloud
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providers under uncertainty requires online
learning mechanisms capable of adapting to
shifting cost and performance characteristics of
cloud storage services. While this work addresses
the algorithmic challenge of multi-cloud
placement, it does not consider the ERP workload
context or the integration of LSTM-based
forecasting as a predictive input layer. The
framework proposed in this paper synthesizes
insights from both the ML-based tiering and multi-
cloud placement literature, extending them to the
specific demands of SAP workload management.

2.2 Machine Learning for Cloud Resource
Management

The application of ML to cloud resource
management has grown substantially over the past
decade, spanning CPU scheduling, virtual machine
(VM) placement, autoscaling, and network
resource allocation. Saxena et al. [1] conducted a
comprehensive performance analysis of ML-based
workload prediction models for cloud data centers,
evaluating forecasting approaches ranging from
LSTM recurrent networks to attention-augmented
hybrid architectures. Their findings, published in
IEEE Transactions on Parallel and Distributed
Systems, demonstrate that hybrid LSTM models
incorporating bidirectional processing and attention
mechanisms  outperform  classical  statistical
forecasting approaches under highly variable
workload conditions. More recently, Nandkumar et
al. [12] proposed an improved LSTM prediction
approach specifically designed for large-scale data
centers, achieving a 21% reduction in mean
absolute percentage error (MAPE) over standard
LSTM baselines by incorporating multi-head
attention over historical workload embeddings — a
finding directly relevant to the forecasting
subsystem design in this paper.

Reinforcement learning has emerged as a
compelling approach for resource management
problems with a sequential decision-making
structure. Mao et al. [7] demonstrated that a deep
RL agent trained on resource management
environments achieves performance comparable to
or exceeding hand-crafted heuristics for job
scheduling in data processing clusters, without
requiring explicit knowledge of system dynamics.
Subsequent work has extended RL-based resource
management to VM consolidation, network slicing,
edge computing offloading, and cloud cluster
scheduling, consistently  demonstrating  the

advantage of learned adaptive policies over fixed
rules [8]. The application of RL to storage
placement, however, has received comparatively
limited attention despite the natural formulation of
storage tiering as a sequential decision problem
with well-defined cost and latency reward signals.

Liu et al. [9] reviewed DRL-based methods for
resource  scheduling in cloud computing,
identifying storage management as a significant
open research direction. Their analysis highlights
that existing DRL applications to cloud resources
have focused almost exclusively on compute and
network dimensions, with storage remaining a
structurally similar but operationally distinct
problem domain requiring specialized state
representations and reward formulations. The
framework proposed in this paper is positioned as a
direct response to this identified gap, contributing a
domain-specific RL formulation for storage
placement in SAP-flavored multi-cloud
environments.

2.3 ERP Systems in Multi-Cloud Environments

The migration of ERP systems to cloud and multi-
cloud environments has accelerated significantly
since the introduction of SAP S/4HANA and its
cloud-native deployment options. Multi-cloud
strategies offer resilience, cost flexibility, and
avoidance of vendor lock-in, but introduce
substantial orchestration complexity, particularly
with respect to data placement, inter-cloud latency
management, and regulatory compliance [10].
Industry analyses indicate that a majority of large
enterprises operating SAP S/4HANA maintain
hybrid or multi-cloud configurations, where
workloads are distributed across private cloud
infrastructure for latency-sensitive transactional
processing and public cloud platforms for
analytical and archival workloads.

Academic research on SAP migration has primarily
addressed application-layer transformation,
including database conversion from SAP HANA
on-premise to cloud-managed HANA services,
system reconfiguration for cloud-native operation,
and integration of SAP Business Technology
Platform (BTP) services. Storage-layer
considerations, which have a direct and measurable
impact on ERP system performance and total cost
of ownership (TCO), have received comparatively
limited attention in the peer-reviewed literature.
The work by Herodotou et al. [3] on automated
tiered storage management for distributed
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computing  clusters provides a  relevant
computational analogue — dynamically classifying
data based on access patterns and migrating across
storage tiers — but was designed for Hadoop-based
analytics workloads and does not address the
transactional-analytical heterogeneity characteristic
of SAP environments.

The gap identified across these three research
streams — static tiering inadequacy, underexplored
RL-based storage optimization, and the absence of
ERP-specific multi-cloud storage frameworks —
motivates the design and evaluation of the Al-
driven framework presented in this paper. By
synthesizing  workload  forecasting, learned
classification, and adaptive RL-based placement
within a coherent multi-cloud orchestration
architecture, this work advances the state of the art
in storage management for enterprise cloud
systems.

3. System Architecture
3.1 Architecture Overview

The proposed framework comprises four tightly
integrated layers: the Data Collection Layer, the Al
Engine, the Storage Orchestration Layer, and the
Multi-tier Storage Backend. Figure 1 provides a
schematic representation of the overall architecture
and the data flows between components. The Data
Collection Layer interfaces directly with the SAP
S/AHANA application tier, capturing workload
telemetry including data object access timestamps,
read/write operation types, object sizes, access
frequencies, and originating process contexts
(OTC, PTP, analytics). These raw telemetry

streams are normalized and aggregated into feature
vectors that serve as inputs to the Al Engine.

The Al Engine is the central intelligence
component of the framework. It houses three ML
subsystems operating in a pipelined fashion: the
LSTM Forecaster, which generates predictions of
future access frequency for each data object over
configurable forecast horizons; the Tier Classifier,
which maps each object to a hot, warm, or cold
storage tier label based on its feature vector and
predicted access frequency; and the RL Placement
Agent, which translates tier assignments into
concrete placement actions and learns an adaptive
policy that optimizes a composite reward function
over cumulative cost and latency. The Al Engine
communicates placement decisions to the Storage
Orchestration Layer via an internal API, enabling
closed-loop  orchestration  without  human
intervention in steady-state operations.

The Storage Orchestration Layer executes
placement  decisions in  the  multi-cloud
environment. It maintains a catalog of available
storage resources across configured cloud
providers, monitors real-time cost and performance
characteristics of each storage tier, and issues data
migration commands when the Al Engine
determines that object relocation is warranted. The
Multi-tier Storage Backend consists of three tiers:
high-performance solid-state drive (SSD)-based
storage for hot data requiring sub-millisecond
access latency; standard hard-disk drive (HDD)-
based block storage for warm data with moderate
access frequency; and object storage — such as
Amazon S3 or Azure Blob Storage — for cold
archival data where access latency is acceptable
and per-gigabyte cost must be minimized.

Al-Driven Storage Optimization Framework — System Architecture

LAYER 1 — DATA COLLECTION

SAP S/AHANA Warkload Telemetry
i

\pplication Tier Access Timestamps
RAW Ops - Object Size - Froq

Feature Englneering
Normalization - Aggregation
Time encoding - Object type

LAYER 2 — Al ENGINE

=
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Figure 1. AI-Driven Storage Optimization Framework — Four-Layer System Architecture with Data Flow
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3.2 Mathematical Formulation

Let D = {dl, d2, ..., dn} denote the set of data
objects managed by the framework, and T = {t1, 2,
t3} denote the available storage tiers corresponding
to SSD, HDD, and object storage, respectively. For
each tier t in T, let C(t) denote the per-gigabyte
storage cost per unit time, with C(tl) > C(t2) >
C(13). For each data object di assigned to tier tj, let
L(di, tj) denote the expected access latency, with
L(di, t1) < L(di, t2) < L(di, t3). The optimization
objective is to determine a placement mapping phi:
D -> T that minimizes total operational cost while
satisfying latency constraints: Minimize SUM i
[C(phi(di)) * size(di)] + lambda * SUM i [freq(di)
* L(di, phi(di))], where lambda is a weighting
factor governing the cost-performance trade-off,
freq(di) denotes the predicted access frequency of
object di, and size(di) is the object size in
gigabytes. The introduction of freq(di) as a
multiplier on the latency term ensures that high-
access-frequency objects incur proportionally
greater latency penalties if misplaced on slow
storage tiers.

3.3 Multi-Cloud Orchestration Design

The multi-cloud orchestration component abstracts
the heterogeneous storage APIs of multiple cloud
providers behind a unified placement interface.
Provider-specific adapters handle authentication,
object transfer protocols, and cost model
translation, enabling the Al Engine to reason over a
normalized cost-performance space irrespective of
the underlying provider. Load balancing across
cloud providers is governed by configurable
policies that can prioritize cost minimization,
latency optimization, data residency compliance, or
a weighted combination thereof. Replication
factors and cross-cloud data transfer costs are
incorporated into the cost model C(t) to ensure that
apparent savings from lower per-gigabyte storage
costs are not offset by excessive data egress
charges — a critical consideration in enterprise
multi-cloud deployments where inter-provider data
transfer fees can represent a significant fraction of
total cloud expenditure.

4. Al Model Design
4.1 LSTM-Based Workload Forecasting

The forecasting subsystem employs a multi-layer
LSTM recurrent neural network to predict the

access frequency of each data object over a
configurable forecast horizon. LSTM networks are
well-suited to this task because of their capacity to
capture long-range temporal dependencies in
workload traces, including multi-hour transaction
cycles, weekly business rhythms, and seasonal
access patterns associated with financial period
closings in SAP environments [1, 12]. The input to
the LSTM at each timestep t consists of a feature
vector comprising the rolling access counts over
the preceding 24, 48, and 168 hours; the object type
indicator (transactional, analytical, or archival); and
time-of-week and time-of-day encodings as cyclic
features. The LSTM model architecture consists of
two stacked layers with 128 hidden units each,
followed by a fully connected output layer
producing a scalar access frequency prediction.
Dropout regularization at a rate of 0.2 is applied
between layers, and the model is trained using the
Adam optimizer with a learning rate of 0.001 and
mean squared error (MSE) loss. In the
experimental evaluation, the LSTM forecaster
achieves a mean absolute percentage error (MAPE)
of 83% on held-out SAP workload traces,
representing a 34% improvement over a seasonal
naive baseline.

One implementation consideration specific to
multi-cloud SAP deployments is the need to
maintain separate LSTM model instances per cloud
region, as workload access patterns may differ
systematically across geographic deployments due
to time zone effects and regional user population
characteristics. The framework supports per-region
model registries and automated retraining pipelines
triggered by detected concept drift, ensuring that
the forecasting subsystem remains calibrated to
evolving workload conditions. Training
convergence is typically achieved within 120
epochs on a 30-day historical trace, requiring
approximately 2.4 GPU-hours on an NVIDIA
A100 instance — a one-time overhead that is
amortized over the operational lifetime of the
deployment.

Table 5 presents the consolidated model
performance metrics for all three Al subsystems,
providing a single reference point for the
quantitative  claims  distributed across the
methodology sections. These figures are obtained
under 5-fold cross-validation on the full synthetic
dataset and are reported with 95% confidence
intervals where applicable.
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Model / Metric Value Baseline Improvement

LSTM — MAPE 8.3% + 0.6% Seasonal naive: 12.5% 34% reduction

LSTM — Training epochs to 120+ 8 — —
convergence
Classifier — Hot class 91.4% +1.2% — —
precision

Classifier — Hot class recall 89.7% £ 1.4% — —

Classifier — Cold class
recall

94.1% + 0.9% — —

RL Agent — Convergence ~32,000 steps — —

step

RL Agent — Cost reduction 8.1%+0.7%

vs. classifier-only

RL Agent — Training
overhead (GPU-hours)

4.1 hrs (A100)

Classifier-only Additional 8.1%

baseline

~$1.50 at list price One-time cost

Table 1. Consolidated Al Model Performance Metrics

4.2 Tier Classification Model

The tier classification subsystem takes the LSTM-
predicted access frequency as its primary input,
augmented by object size, write-to-read ratio, and
recency-of-last-access features, and assigns each
data object a tier label from {hot, warm, cold}. A
gradient-boosted  decision tree classifier is
employed for this task, selected for its
interpretability, robustness to class imbalance, and
strong empirical performance on tabular feature
sets in resource management applications [13]. The
training dataset consists of labeled workload
samples drawn from synthetic SAP traces, where
ground-truth tier labels are derived from access
frequency quantile thresholds: objects in the top
20% by access frequency are labeled hot, the
middle 50% warm, and the bottom 30% cold,
approximating the Zipf-like distribution of SAP
data access patterns. The classifier achieves 91.4%
precision and 89.7% recall on the hot class (5-fold
cross-validation), with cold class recalls at 94.1%.
Feature importance analysis reveals that predicted
access frequency contributes 47% of the total
classification signal, followed by recency of last

access at 28%, validating the design decision to
invest in high-accuracy LSTM forecasting as the
pipeline foundation.

The classification thresholds are parameterized and
configurable by operators, enabling adaptation to
deployment-specific SLA requirements and cost
targets. An organization with strict latency SLAs
may lower the hot-class threshold to retain a larger
fraction of objects in SSD-tier storage, accepting
higher costs to guarantee sub-millisecond access
across a broader data population. This
configurability ensures the framework is applicable
across the full range of SAP deployment scenarios
and organizational cost-performance trade-off
preferences — from lean cost-optimization profiles

to latency-critical real-time transactional
environments.
The end-to-end inference pipeline — LSTM

forecast generation followed by classifier tier
assignment for one million objects — completes in
340 milliseconds on the evaluation hardware, well
within the minute-granularity orchestration cycle
required for practical deployment. Batch inference
is parallelized across object partitions, with linear

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2026, 14(1s), 925-936 | 930



throughput scaling observed up to 32 parallel
workers in the simulation environment.

4.3 Reinforcement Learning Placement Agent

The RL placement agent operates at the
orchestration layer, translating tier classification
outputs into concrete data migration decisions and
refining the placement policy through interaction
with the multi-cloud storage environment. The
agent is formulated as a Markov Decision Process
(MDP) with the following components: the state
space S encodes the current storage distribution
across tiers and cloud providers, including per-tier
utilization rates, per-object tier assignments, and
recent cost and latency observations; the action
space A consists of placement decisions for each
data object — retain in current tier, migrate to
higher tier, or migrate to lower tier; and the reward
function R = -(cost + alpha * latency), where cost is
the total storage cost in the current timestep and
latency is the weighted average access latency
across all data accesses. The agent is trained using
Proximal Policy Optimization (PPO), which
provides stable policy gradient updates under the
non-stationary reward landscape arising from
workload variability [14].

Training is conducted over 50,000 environment
interaction steps on the synthetic SAP workload
simulator, with policy evaluation at 5,000-step
intervals. Convergence to a stable policy is
observed at approximately 32,000 steps, requiring
4.1 GPU-hours on an NVIDIA A100 instance — at
standard cloud list pricing, approximately $1.50 in
compute cost, which is fully amortized within the
first day of operational deployment, given the cost
savings delivered. Post-convergence, the RL agent
adapts dynamically to workload shifts: when a
simulation experiment introduces an abrupt 40%
increase in transactional access frequency —
simulating a financial quarter-end processing surge
— the agent adjusts placement decisions within 12
minutes of workload shift onset, migrating the
newly hot objects to SSD-tier storage within two
policy update cycles.

Compared against the classifier-only placement
baseline in ablation experiments, the RL agent
achieves 8.1% additional cost reduction and 5.8%
additional latency improvement, with SLA
violation rate reduced from 1.4% to 0.8%. This
improvement arises from the agent's capacity to

account for migration costs and downstream state
consequences when making placement decisions —
a forward-looking optimization capability that is
structurally absent from greedy one-shot
classification approaches.

5. Experimental Setup
5.1 Simulation Environment

All experiments are conducted in a simulated
multi-cloud environment modeling three storage
tiers across two cloud provider configurations:
Provider A (AWS-equivalent) hosting SSD and
HDD tiers, and Provider B (Azure-equivalent)
hosting the object storage tier. Storage cost
parameters are calibrated to publicly available
enterprise  list  prices: SSD  storage at
$0.23/GB/month, HDD  block storage at
$0.045/GB/month, and object storage at
$0.023/GB/month. Access latency parameters are
modeled as: SSD mean latency 1.2 ms, HDD mean
latency 8.5 ms, and object storage mean latency
120 ms, consistent with published benchmarks for
these storage tiers [15]. The simulation framework
is implemented in Python using a discrete-event
simulation approach, with workload traces replayed
at one-hour granularity over a 30-day evaluation
period. All experiments are repeated five times
with different random seeds, and results are
reported as means with 95% confidence intervals.

5.2 Workload Generation

Synthetic SAP workload traces are generated to
reflect the heterogeneous access patterns
characteristic of production SAP S/4HANA
environments. Three workload regimes are
represented: transactional burst traffic modeled as a
Poisson arrival process with a diurnal intensity
cycle peaking at 09:00 and 14:00 local business
time; analytical query traffic modeled as periodic
batch access patterns with weekly cycles
corresponding to scheduled reporting runs; and
archival access traffic modeled as a long-tail Zipf
distribution with exponent alpha = 1.2, consistent
with empirical studies of enterprise storage access
patterns [5]. The workload generator produces
access logs over one million data objects spanning
30 days, with total generated access events
exceeding 480 million records.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2026, 14(1s), 925-936 | 931



Parameter

Total data objects

Average object size

Total dataset volume

Access distribution

Simulation duration

Total access events

Transactional objects

Analytical objects

Archival objects

Value

1,000,000

10 MB

10 TB

Zipf (alpha =1.2)

30 days

>480 million

20%

30%

50%

Table 2. Synthetic SAP Workload Dataset Characteristics

5.3 Baseline Comparisons

The proposed Al-driven framework is evaluated
against three baseline approaches. Baseline 1 is
static tiering: all data objects are classified into
tiers based solely on initial object type labels with
no dynamic reclassification. Baseline 2 is a rule-
based lifecycle policy: data objects are migrated to
progressively lower tiers after inactivity periods of
7 days (hot-to-warm) and 30 days (warm-to-cold),
approximating  commercial cloud lifecycle
management features. Baseline 3 is First-In-First-
Out (FIFO)-based migration: objects are migrated
in order of last-access timestamp, irrespective of
predicted future access frequency. These three
baselines represent the range of approaches
currently employed in enterprise SAP storage
management practice, from fully static to time-
based dynamic policies.

6. Results and Analysis
6.1 Cost Reduction Analysis

The Al-driven framework achieves 30% to 38%
reduction in total storage cost compared to the
static tiering baseline over the 30-day evaluation
period, with the upper bound of 38% (95% CI:
36.2%—-39.8%) observed at the full one-million-
object scale. Against rule-based lifecycle policies,
cost reduction is 18%-24% (95% CI. 23.2%—
24.8% at full scale), and against FIFO migration,
26%-31% (95% CI: 30.0%-32.0%). Table 2
presents these results disaggregated by dataset
scale. The primary driver of cost savings is
accurate identification of objects that would
otherwise be retained on expensive SSD storage
under static or time-insensitive policies. Across the
evaluation period, the framework migrates 34%
more objects to the object storage tier than the
lifecycle policy baseline, while simultaneously
achieving lower average access latency —
demonstrating that cost and performance objectives
are not in fundamental conflict when placement is
guided by accurate access predictions.
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Dataset Size

vs. Static Tiering

100,000 25% +1.8%
250,000 29% + 1.6%
500,000 32% + 1.4%
750,000 35% +1.2%
1,000,000 38% + 1.8%

vs. Lifecycle Policy

14% + 1.2%

17% £+ 1.1%

20% £ 1.0%

22% +0.9%

24% + 0.8%

Table 3. Cost Reduction by Dataset Scale (Mean + 95% CI)

vs. FIFO Migration

19% + 1.5%

22% + 1.4%

25% +1.3%

28% +1.1%

31% + 1.0%

6.2 Latency Performance

Average access latency is reduced by 20%—27%
compared to the static tiering baseline, with the
most significant improvements for transactional
workload objects. For analytical workload objects,
the framework achieves a 19% reduction in average
batch processing latency versus the lifecycle
baseline by proactively promoting analytical
datasets to warm or hot storage in advance of
scheduled reporting cycles. The LSTM forecaster
accurately identifies the weekly periodicity of

analytical access patterns and generates pre-

6.3 Baseline Comparison Summary

Metric Al Framework
Avg. storage cost (norm.) 0.62 +0.01
Avg. access latency (ms) 9.8+0.3
SSD tier utilization (%) 18.4+0.5
Cold tier utilization (%) 58.3+0.8
SLA violation rate (%) 0.8+£0.1

promotion decisions 6—12 hours before the onset of
batch analytical processing windows — a
predictive capability not replicable by any of the
three time-based baselines. Figure 4 illustrates the
latency improvement disaggregated by workload
type across the evaluation period. For archival
objects, latency is slightly higher under the Al
framework (mean 118 ms vs. 115 ms for static
tiering), reflecting the framework's more aggressive
however, this marginal
increase does not trigger any SLA violations given
the relaxed latency requirements of archival access.

cold-tier placement;

Static Tiering Lifecycle Policy FIFO Migration
1.00 0.816 +0.02 0.899 +0.02
13.4+04 11.7+0.3 12.1+0.4
20.0 17.1+0.6 16.8 0.7
50.0 542+09 55.6+0.8
2.1+£0.2 34+03 42+03

Table 4. Consolidated Performance Comparison (Mean + 95% CI)

6.4 Reinforcement Learning vs. Static Classifier
— Ablation

To isolate the RL agent's contribution, an ablation
experiment replaces the RL agent with a greedy

static policy that directly executes tier assignments
from the classifier without adaptive refinement.
Results in Table 4 confirm that the RL agent
delivers measurable improvements across all
metrics, with the most pronounced advantages
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being an 8.1% cost reduction, a 5.8% latency
improvement, and SLA violation rate reduction
from 1.4% to 0.8% — plus dynamic adaptability to
workload shifts (12-minute response time) that the
static classifier-only system cannot provide.

Table 4. RL Agent vs. Classifier-Only Placement
— Ablation Results (Mean + 95% CI)

Metric

Avg. storage cost (norm.)

Avg. access latency (ms)

SLA violation rate (%)

Workload shift response time

Cold tier correct placement (%)

7. Discussion

The experimental results demonstrate that the Al-
driven framework delivers consistent and
meaningful improvements over all evaluated
baselines across cost, latency, and SLA compliance
dimensions. The progressive cost reduction gains
with increasing dataset scale — from 25% at
100,000 objects to 38% at one million objects —
reflect a critical practical advantage: the
framework's  value  proposition  strengthens
precisely as SAP deployment scale grows, the
regime in which enterprise organizations face the
greatest storage management pressure. The
compound effect of accurate workload forecasting,
intelligent tier classification, and adaptive RL-
based placement creates a self-reinforcing
optimization cycle that static and time-based
approaches cannot replicate.

The practical implications are significant for
organizations operating SAP S/4HANA in multi-
cloud configurations. The framework's ability to
reduce storage costs by 30%-38% without
degrading access latency challenges the
conventional assumption that cost and performance
objectives are in fundamental conflict in cloud
storage management. The key insight is that the
apparent trade-off arises from the mismatch
between static placement policies and dynamic

12 min.+, 1.4

workload reality, not from any intrinsic constraint
in the storage landscape. The total compute
investment for model training — approximately
$1.50 in GPU cost for the RL agent plus $0.80 for
the LSTM — is recovered within hours of
deployment at enterprise storage volumes,
establishing a compelling return-on-investment
profile for production adoption.

Several limitations of the current evaluation merit

RL + C1askiRyledgment. The emeﬁe?relﬁ?ndUCted

on synthetic workload traces which, while carefully

0.62 +Gjrated  to reflect docuryenyed, SeP access

pattern characteristics, may not capture all

93 ic(?glplexmes of production 10§H\$r8gments —

including application-layer caching behaviors,
database buffer pool effects, and Ai‘njt[e(r)—grocess data

+
8 s?ie}ring patterns within SAP systems. The multi-

cloud — orchestration comﬁonent introduces

imtegration  complexity reéuAi ‘%%“C) advanced

monitoring tooling —and —automation capabilities.

94.6 Fpfltfire work will address these lirhifabidns through

real-world —deployment —studies, —integration—with
SAP BTP observability APIs, investigation of
energy-aware storage optimization extensions, and
exploration of federated learning for cross-
organization workload model sharing with privacy
preservation.

Conclusion

This paper presents an Al-driven storage
optimization framework for SAP workloads in
multi-cloud environments, integrating LSTM-based
workload  forecasting, gradient-boosted tier
classification, and RL-based adaptive placement
within a unified multi-cloud orchestration
architecture. The framework directly addresses the
fundamental inadequacy of static and rule-based
storage management approaches for the dynamic
and heterogeneous access patterns of large-scale
SAP S/4AHANA deployments. Experimental
evaluation using synthetic SAP workload traces at
scales up to one million data objects demonstrates
up to 38% reduction in storage cost (95% CI:
36.2%-39.8%), 27% improvement in access
latency, and a 0.8% SLA violation rate —
significantly outperforming all three baseline
approaches across all primary metrics.

The RL placement agent contributes approximately
8.1% additional cost reduction and 5.8% latency
improvement beyond static  classifier-based
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placement, and adapts to workload regime shifts
within 12 minutes — a capability with direct
operational value during SAP financial quarter-end
processing cycles and other predictable demand
peaks. The scalability analysis confirms that the
framework's advantage increases with deployment
scale, making it particularly suited to the large and
growing SAP footprints of enterprise organizations.
The consolidated model performance table (Table
5) and ablation analysis (Table 4) provide
transparent benchmarks that support independent
reproducibility of the reported results.

Future research directions include deployment on
live SAP production workloads to validate
synthetic trace findings, integration with SAP
Business Technology Platform (BTP) telemetry
APIs for real-time data collection, investigation of
energy-aware storage optimization extensions that
incorporate carbon footprint objectives alongside
cost and latency, and exploration of federated
learning  approaches  for  cross-organization
workload model sharing that preserves enterprise
data privacy. These extensions will progressively
close the gap between the experimental framework
presented here and a production-ready, enterprise-
deployable intelligent storage management system.
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