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Abstract

Semantic heterogeneity is one of the most difficult challenges in EAI. Integration errors, reconciliation
issues, and misalignment of business objectives can occur when integrating heterogeneous data sources
with different data models, business terms, master data definitions, and process semantics, especially in the
situation of complex hybrid SAP and multi-cloud landscapes. We present a Generative Al (GenAl) based
semantic integration architecture for SAP landscapes. The solution uses LLMs, enterprise knowledge
graphs, and SAP cloud integration services to enable context-aware, business-aligned interoperability at
scale through generative Al-improved design, mapping, orchestration, and governance for SAP's cloud
environments. It shifts SAP's interoperability architecture from being merely about syntax-based data
exchange to a semantic interoperability layer that understands and relates business meaning, intent, and
process to a variety of distributed SAP and non-SAP systems.
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1. Semantic Challenges in Enterprise Application Integration

1.1 Beyond Field-Level Mapping

Customary Enterprise Application Integration has focused on the technical aspects of connecting heterogeneous systems
to transfer data between them at the level of syntactic objects. Field-level mappings assume that the same data elements
in different systems have the same business meaning across those systems. Such assumptions are seldom true in practice,

and may lead to inconsistent processes and inaccurate reporting [1].

Customary integration focuses on field-to-field mappings such as:

CRM. CustomerID — ERP.KUNNR

CRM.OrderDate — ERP.BLDAT

This syntactic alignment ignores the deeper business semantics:

Is the customer an organization or contact?

Does "OrderDate" mean when the order is created or when it becomes binding?

Is revenue posting dependent upon delivery or invoicing confirmation?

For example, field level mapping without semantic validation may lead to operational and reporting discrepancies. A
sales order system may contain a customer commitment date, while accounting systems may require dates representing

events triggering revenue recognition recognized per applicable accounting standards. Syntactic reconciliation enables

import of date values, while semantic misalignment negatively impacts the quality of financial reporting [1].

1.2 Semantic Drift Across SAP Systems

Semantic drift is the difference in business meaning between independently developed systems, and is common to SAP

hybrid landscapes.

Extended attributes of master data are not propagated to other systems.
Modifications to controlling structures within SAP Finance
Reinterpretation of business processes in S/4AHANA migrations or digital transformations

Remaining legacy ECC-based object models operate in parallel to S/4AHANA simplifications
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Over time, this business meaning diverges even if the data structure appears the same, causing a semantic impedance
mismatch that cannot be resolved at the technical level [2].

1.3 Multi-Cloud Semantic Fragmentation
As enterprises adopt hybrid and multi-cloud strategies, SAP landscapes increasingly combine:
e SAP S/4HANA (cloud and on-premise)
e SAP Business Technology Platform (BTP)
e SAP's SaaS applications (SuccessFactors, Ariba, Agree)
e Hyperscaler-hosted microservices
e Industry-specific third-party platforms

Each platform may rely on different industry data models and naming conventions, while using different semantics to
implement the same processes, increasing integration and governance costs. Modern integration platforms such as the
SAP Integration Suite provide API management, event-driven connectivity, and process orchestration capabilities but
mainly only support technical connectivity and syntactic mapping, requiring additional support for semantic
misalignment [2].

2. Generative Al Capabilities for Business Context Understanding
2.1 LLMs for Business Context Understanding

LLMs can read structured and unstructured enterprise artifacts such as SAP CDS views, OData service metadata, APIs,
business documentation, data dictionaries, and functional specifications. Generative Al can identify relationships
between business objects and attributes, understand process dependencies, and infer organizational context [3].

LLMs exceeding a billion parameters effectively perform human-level understanding on numerous complex contextual
signals. The emergence of trillion-parameter models like GPT-4 shows domain-specific reasoning expertise [3][4],
shifting from pattern-driven syntactic mapping to meaning-aware semantic transformation within data integration
architectures and strengthening the utility of advanced LLMs.

A systematic literature review on LLM-enabled autonomous agents published between January 2021 and August 2023
confirms that such applications are growing rapidly and proliferating across diverse fields. Agents that include concepts
reminiscent of human memory, which allow for the retrieval of past interactions, have the potential to reduce cognitive
strain and better align with organizational objectives [4].

2.2 Natural Language—Driven Integration Design
Generative Al enables an architect to express integration objectives in business language, for example:

"Synchronize active B2B customers from CRM to S/4HANA and ensure revenue segment alignment for IFRS
reporting."

The Al translates this into the API, semantic object, filters and validation rules, and integration flow configuration,
leading to auto-generated iFlows with semantic validation rules in the SAP Integration Suite. Zero-shot prompting
techniques can lead to performance gains without requiring tuning on domain-specific data [3].

2.3 Al as a Semantic Co-Architect

Generative Al acts as a semantic co-architect rather than replacing integration architects. It provides mapping proposals,
including confidence scores and impact across dependent processes, automates documentation and recommends
canonical models, enabling faster design speed and considerably reducing semantic errors across the SAP landscape.

Category Component/Concept Description
g

LLM Capability
Thresholds

Models with parameter counts exceeding one

-h ival
Near-human equivalence billion

977
Vol: 2026 | Iss: 1 | 2026



Computer Fraud and Security
ISSN (online): 1873-7056

Advanced reasoning Trillion-parameter scale models (e.g., GPT-4)

Prompting . Performance improvement without domain-
. Zero-shot prompting . .
Techniques specific fine-tuning
. Reflection-based architecture with hierarchical
Generative Agents memory structure
Agent Architecture Y

Memory organization Short-term and long-term memory components

Table 1: Generative Al Capabilities for Business Context Understanding [3, 4]
3. Knowledge Graph—Based Semantic Intelligence
3.1 Enterprise Knowledge Graph as Semantic Backbone

Enterprise knowledge graphs serve as the semantic substrate of smart SAP integration architectures, where the graph
makes explicit the web of relationships between business objects, services, events, processes, organizational units and
compliance requirements [5]. The SAP Business Technology Platform allows this type of knowledge graph to be used as
a semantic overlay on integration assets.

Modern knowledge graphs are directed edge-labeled graphs with entities represented as nodes and relations represented
as directed edges, and can be represented as RDF factual triples (subject, predicate, object). Examples of general
knowledge graphs include the DBpedia (extracted from Wikipedia, ~103 million triples), the YAGO graph (extracted
from Wikipedia, WordNet, and GeoNames, over 10 million entities and 120 million facts) and Freebase (extracted from
Wikipedia, 1.9 billion triples).

3.2 Semantic Relationship Modeling in SAP Context
Knowledge graphs provide multiple dimensions of SAP integration complexity:
e Hierarchies: Product groups, organizational structures, and account classifications
e Role-based relationships: That organization could be a customer, supplier, partner, or competitor.
e Process dependencies: Temporal and logical relationships between SAP business activities
e Regulatory associations: Associations between business objects and regulations
For example:
Customer — belongs to — Sales Organization
Invoice — triggers — Revenue Recognition Process
Sales Order — governed by — IFRS 15 Policy

Generative Al employs this graph to validate mappings and identify semantic inconsistencies in SAP and non-SAP
systems.

3.3 AI-Enhanced Impact Analysis

As an example, a change in the definition of a field, like a new revenue segment classification, would allow the Al to
query the SAP integration knowledge graph to understand the affected integration pipelines, downstream reports and
business processes and provide recommendations on remediation activities. Knowledge graph embedding methods, such
as TransE, map nodes and relations to a vector in the space of dimension d € [50, 1000] to measure semantic similarity in
enterprise knowledge graphs [6].

3.4 Dynamic Semantic Validation

Metadata validation engines check the semantic relationships between entities in SAP Integration Suite processes and the
enterprise knowledge model. For instance, a customer order with a specific product and sales organization can be
validated against the knowledge graph to check whether that sales organization has the right to sell that product. Al
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systems may automatically create remediation workflows, suggest changes to master data, or route exceptions to human
decision-makers according to governance policies.

Knowledge Graph Metric Value
DBpedia ’\l;:g;seéie;tracted from ~103 million triples
YAGO Entities Over 10 million entities
YAGO Facts 120 million facts
Freebase Triples 1.9 billion triples
TransE Embeddings Vector space dimensionality (d) d €[50, 1000]

Table 2: Knowledge Graph—Based Semantic Intelligence [5, 6]
4. Al-Powered Integration Orchestration and Transformation
4.1 Process-Aware Orchestration

In contrast to message-centric integration architectures, Al orchestration connects SAP integration flows to end-to-end
processes like P2P, O2C and R2R. This integration is process-driven instead of being based on a network of message
flows as individual islands. AI orchestrates the proper sequencing, propagates context between the stages of the process,
and enforces business rules [7].

For example, in an Order-to-Cash process, the Al might check the credit of a customer before shipping, reserve inventory
before confirming shipping, and recognize revenue only after confirming delivery, in compliance with the accounting
conventions. Process mining analyzes log files of several thousands of process instances to discover and validate process
models. Conformance checking has achieved fits up to 0.98 in real implementations [7].

4.2 Adaptive Transformation Logic

During SAP schema evolution (e.g., SAP upgrade, migration, or SAP configuration change), generative Al can
automatically identify schema changes, analyze schema semantics for changes, recommend the new transformation logic,
and validate changes using an enterprise knowledge graph. Schema matching approaches typically use up to 15
constraint-based and 5 content-based criteria to calculate similarity values from 0 to 1 between pairs of schema nodes
[8]. This prevents cascading failures when upgrading or migrating S/4AHANA or BTP.

4.3 Self-Learning Semantic Alignment

Over time, the knowledge from sanctioned bindings, patterns of corrections, user feedback and runtime validation is fed
back into the machine learning-based model. This evolution drives down the volume of manual remediations and
improves the semantic quality of the entire SAP integration landscape. Enterprises adopting guided self-learning
semantic alignment see a constant decline in integration errors, reduced time-to-live for new integrations and more
consistent mapping decisions across the enterprise architecture.

4.4 Cross-System Semantic Reconciliation

Al-enabled reconciliation uses semantic analysis of differences between SAP operational systems and financial systems
to identify whether they are legitimate timing differences in a business process or actual data quality issues. These
patterns encourage the design of logic for reconciliation, and they help reduce the manual effort required to reconcile
activities. Schema matching supports 1:1, 1:n, n:1 and n:m cardinalities and composite transformation expressions, such
as attribute concatenation, extraction and SQL-like joins [8].

5. Governance, Security, and Explainability Frameworks
5.1 Al-Assisted Integration Documentation

Generating integration design documentation, business glossaries, data linecage diagrams and SAP API documentation
from integration configurations, transformation logic and run-time behavior in SAP Integration Suite(s) with the help of
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generative Al improves auditability, knowledge transfer and operations continuity when integration architects move from
one integration project to another [9].

5.2 Semantic-Aware Access Control

Semantic-aware governance extends RBAC to support semantics of data sensitivity, intended data usage and legal
regulations. In products like SAP SuccessFactors or SAP Finance, the attributes attached to payroll information are
assigned different levels of means of enforcement like auditing, encryption, and access control, irrespective of the
integrations of the underlying systems and technical data representation [10].

5.3 Explainability and Traceability

For enterprise Al-based SAP integration, Al decisions must be explainable. We searched 381 papers on explainable Al.
However, only 5% had an XAI methodology or evaluation framework, highlighting the need for strong explainability in
enterprise Al systems [9]. Examples of mechanisms include:

e Confidence scoring for artificial intelligence mapping proposals

e Traceable reasoning paths for semantic analysis decisions

e Audit logs of Al-generated artifacts and their reasoning

e Human approval workflows decouple the decision to integrate Al recommendations

The imperative of interpretable Al systems for enterprise use cases was further illustrated by the DARPA Explainable Al
(XAI) program 2017-2021 with 11 projects [10].

5.4 Enterprise Trust Frameworks

Enterprise trust frameworks for Al-enabled SAP integration address technical issues in validation, performance
monitoring and drift detection; organizational issues in discussing Al promise and humans' roles; and governance issues
in model selection criteria and bias detection, auditing and mitigation. Diverse organizations leveraging these trust
dimensions in a thorough and holistic manner generate better Al-augmented integration outcomes [10].

Category Metric/Parameter Value/Description

Publications reviewed 381 publications

Explainable Al Rescarch Discussing methodology and

evaluation 5%

Program start year 2017
DARPA XAI Initiative Number of projects 11 projects

Program duration 2017-2021

Table 3: Governance, Security, and Explainability Frameworks [9, 10]
6. Implementation Considerations and Future Trajectories
6.1 Hybrid and Multi-Cloud Semantic Consistency

To ensure semantic consistency between on-premise SAP, SAP BTP, hyperscalers and edge systems, enterprise semantic
repositories define the structure of business objects, relationships, and constraints, with centralized semantic intelligence
and distributed semantic enforcement. Validation at execution points in the SAP Integration Suite avoids performance
bottlenecks and ensures compliance with enterprise semantic rules. Synchronization of semantic models to and from
central repositories and distributed enforcement points responds to evolving business semantics [11].

6.2 Industry Adoption Patterns

The adoption of semantic Al technology in SAP environments follows industry trends:
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e Finance and Controlling: Semantic validation reduces misstatements and the effort of reconciling financial
postings, controlling objects, and reporting hierarchies.

e Clever Master Data Integration: Generative Al integrates customer, supplier and product master data based on a
semantic relationship between data entities instead of deterministic rules.

e Regulatory Reporting Automation: Semantic Al preserves business meaning across reporting layers, ensuring a
lower audit risk

e Data and Analytics Alignment: In data lakes and analytics tools, semantic Al ensures that definitions,
calculations, and aggregation of metrics and KPIs adhere to business rules, avoiding the existence of multiple
versions of truth.

6.3 Data Privacy and Model Governance

Enterprise SAP data used for LLMs may contain proprietary, sensitive, and/or personally identifiable information.
Federated learning frameworks, which are widely documented in existing literature, could be used by Al models to learn
and train from distributed datasets without centralizing all enterprise SAP data while also allowing collaboration to train
models [11]. Strong anonymization practices and secure prompt engineering can prevent privacy breaches such as
prompt injection and model inversion attacks.

6.4 Toward Semantic-First SAP Integration Platforms

The vision is that future SAP integration platforms will not only support embedded LLM services as first-class
integration capability but will also include native knowledge graph layers, real-time semantic validation engines, and Al-
driven canonical model generation capabilities. Integration could evolve from technical middleware to become a
semantic service layer that understands, evolves and enforces business semantics across distributed SAP and non-SAP
enterprise IT landscapes [12].

Implementation

Dimension Sub-Component Key Capability Benefit/Outcome

. . . .| Defines business-specific ) : )
Hybrid & Multi-Cloud | Centralized Semantic P Enterprise-wide semantic

concepts, relationships, and

Semantic Consistency Repository . standardization
constraints
Hybrid & Multi-Cloud | Local Validation at | Execution-point Prevents performance
Semantic Consistency SAP Integration Suite | conformance checking bottlenecks
. . . Connects central repositories .
Hybrid & Multi-Cloud | Semantic Model . Adapts to evolving
. . . and distributed enforcement . .
Semantic Consistency Synchronization business semantics

points

Cross-system validation of
Semantic Validation financial ~ postings and
controlling objects

Reduces misstatements
and reconciliation effort

Industry ~ Adoption
Finance & Controlling

Interprets semantic
Industry ~ Adoption Generative Al | relationships across | Eliminates reliance on
Master Data Integration Harmonization customer, supplier, and | deterministic rules
product data

Industry  Adoption Semantic Consistency | Maintains business meaning

. . Red dit risk
Regulatory Reporting Enforcement across reporting layers cduces audit s

Ensures consistent

Industry  Adoption

. Metric and KPI | aggregation logic with SAP | Prevents multiple versions
Data & Analytics . . .
. Semantic Alignment data lakes and analytics | of truth
Alignment
platforms
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Data Privacy & Model
Governance

Federated Learning

Trains Al models without
centralizing enterprise SAP
data

Preserves data locality and
privacy

. Anonymization & . Protects against prompt
Data Privacy & Model Y Pseudonymizes data before | . . . & promp
Secure Prompt .. - injection  and  model
Governance . ) Al model training pipelines . .
Engineering inversion attacks
. . Embedded LLM | First-class LLM integration | Accelerates semantic
Future Trajectories . e . . .
Services capabilities in SAP platforms | integration design
. Graph-based semantic . .
. . Native Knowledge P Enables real-time semantic
Future Trajectories overlay across SAP .
Graph Layers . . dependency tracking
Integration assets
. . | Continuous business | Ensures semantic
) ) Real-Time  Semantic . .
Future Trajectories meaning enforcement at | consistency across

Validation Engines

runtime

distributed systems

Future Trajectories

Al-Driven Canonical
Model Generation

Automated generation of
enterprise-wide canonical

data models

Reduces manual

overhead

design

Table 4: Semantic Al Integration Capabilities Across SAP Hybrid and Multi-Cloud Environments [11, 12]

Conclusion

Generative Al introduces a transformative dimension to SAP Enterprise Application Integration by embedding semantic
intelligence and business-context awareness into integration architectures. By leveraging LLMs, enterprise knowledge
graphs, and cloud integration capabilities on SAP Business Technology Platform and SAP Integration Suite, enterprises
can move beyond syntactic data exchange toward true semantic interoperability. This semantic-first architectural pattern
reduces integration complexity, minimizes errors, enhances governance, and ensures alignment between systems and
business intent. As SAP landscapes continue expanding across cloud, hybrid, and multi-cloud environments, generative
Al—driven semantic integration will become a foundational capability for scalable, intelligent, and business-aligned

enterprise ecosystems — transforming integration from a technical bottleneck into a strategic accelerator.
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