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Large language models (LLMs), built on the Transformer architecture and trained on large text corpora, are
increasingly proposed as a natural language interface and content-generation layer for enterprise resource
planning (ERP) systems, extending capabilities that have historically depended on structured transaction
codes and purpose-built reporting tools. This paper presents a comprehensive review of LLM applications
within ERP systems, organized around a four-part application taxonomy: natural language query and
reporting over enterprise data; automated content and document generation; augmentation of intelligent
process automation; and augmentation of embedded analytics and user experience. The review grounds
this taxonomy in recent SAP ECC research demonstrating robotic process automation (RPA) combined
with machine learning and SAP Fiori-based embedded analytics, both of which represent natural extension
points for LLM capability within an existing ERP landscape, and further examines behavioral analytics for
fraud detection as an adjacent enterprise analytics capability relevant to LLM-augmented risk narration
and explanation. Because LLM-enabled ERP functionality depends on reliable access to live enterprise
data across an increasingly distributed application landscape, the review also examines distributed service
discovery and communication architecture and intelligent cloud resource scheduling as infrastructural
preconditions for deploying LLM capability reliably and cost-effectively at enterprise scale. Drawing on
the foundational Transformer, large-scale pre-training, and retrieval-augmented generation literature,
the review develops a comparative analysis of the four LLM application types across their grounding
requirements, autonomy level, and infrastructural demands, and identifies open challenges in grounding
LLM outputs in accurate enterprise data, governance of generated content, and integration with existing
SAP business logic, concluding with directions for future research and practice.

INTRODUCTION

offer a qualitatively different interaction paradigm,
natural language understanding and generation, that is

Enterprise resource planning (ERP) systems have
historically presented users with structured, transaction-
code-driven interfaces and purpose-built reporting tools,
reflecting the structured data models and explicit business
rule logic that govern core organizational processes
such as finance, procurement, and order management.
Large language models (LLMs), built on the Transformer
architecture and pre-trained on large text corpora,

increasingly being explored as a complement to, rather
than a replacement for, this structured ERP foundation.
This paper presents a comprehensive review of LLM
applications within ERP systems, with a particular focus on
SAP ERP environments given the depth of recent SAP ECC
modernization research available. The review organizes
LLM applications into four categories: natural language
query and reporting over enterprise data; automated
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content and document generation; augmentation of
intelligent process automation; and augmentation of
embedded analytics and user experience. It grounds this
taxonomy in recent SAP ECC research demonstrating
RPA-and-machine-learning workflow automation and
SAP Fiori-based embedded analytics, both representing
natural extension points for LLM capability, and examines
behavioral analytics for fraud detection as an adjacent
capability relevant to LLM-generated risk explanation.
Because reliable LLM-enabled ERP functionality depends
on access to live, accurate enterprise data across an
increasingly distributed application landscape, the review
further examines distributed service discovery and
intelligent cloud resource scheduling as infrastructural
preconditions for this capability.

The objectives of this review are fourfold: (1) to
present a taxonomy of LLM application types within ERP
systems; (2) to examine each application type’s grounding
in existing SAP ERP modernization research; (3) to
review the distributed systems and cloud infrastructure
capabilities required to support LLM-enabled ERP reliably
at scale; and (4) to develop a comparative analysis across
application types and identify open challenges and future
directions.

The remainder of this paper is organized as follows.
Section 2 reviews the foundational LLM technology
relevant to enterprise applications. Section 3 presents the
four-partapplication taxonomy. Section 4 examines fraud-
detection behavioral analytics as an adjacent, LLM-relevant
analytics capability. Section 5 reviews the distributed
service infrastructure required to support LLM-enabled
ERP. Section 6 reviews cloud resource scheduling as a
further infrastructural requirement. Section 7 presents
a comparative analysis across application types. Section
8 discusses open challenges, Section 9 outlines future
directions, and Section 10 concludes the paper.

FOUNDATIONAL LARGE LANGUAGE
MODEL TECHNOLOGY

Modern large language models are built on the Transformer
architecture, which replaced earlier recurrent neural
network approaches to sequence modeling with a
self-attention mechanism capable of modeling long-
range dependencies in text more effectively and with
substantially greater training parallelism. Subsequent
large-scale pre-training of Transformer-based models on
large text corpora, exemplified by bidirectional encoder
representations and large generative language models, has
demonstrated strong natural language understanding and,
at sufficient model and data scale, substantial few-shot
task generalization without task-specific fine-tuning, a
capability that underlies much of the current interest in
applying LLMs to previously bespoke enterprise natural-

language tasks.

A critical limitation of LLMs relevant to enterprise
deployment, however, is that their pre-trained knowledge
is static and cannot reflect an individual organization’s
current transactional state; retrieval-augmented
generation addresses this limitation by combining a pre-
trained language model with a retrieval mechanism that
supplies relevant, current documents or data at inference
time, allowing the model’s output to be grounded in
external, up-to-date information rather than relying
solely on its pre-trained parameters. This retrieval-
augmented pattern is directly relevant to each of the four
ERP application types examined in Section 3, since each
requires LLM outputs to be grounded in an organization’s
current SAP datarather than the model’s static pre-trained
knowledge.

A TAXONOMY OF LLM APPLICATIONS
IN ERP SYSTEMS

Natural Language Query and Reporting

The most directly accessible LLM application within
ERP systems is natural language query and reporting, in
which a user poses a question in ordinary language, such
as a request for current inventory status or outstanding
invoices, and the LLM translates this request into an
appropriate query against underlying SAP data, returning
a generated natural language summary of the result. This
application requires high grounding fidelity, since the
user directly relies on the returned data for operational
decisions, but imposes comparatively low autonomy
demands, since the system remains read-only and the
human user retains full interpretive control over the
result.

Content and Document Generation

A second application category uses LLMs to draft
enterprise content and documents, such as customer
correspondence, exception explanations, or procurement
documentation, informed by relevant SAP data context.
This application tolerates somewhat lower grounding
stakes than direct data query, since generated drafts are
typically reviewed by a human before use, but still benefits
substantially from grounding in accurate reference data
to minimize the burden of human review and correction.

Augmentation of Intelligent Process Automation

A third and structurally more demanding application
integrates LLM capability directly into automated
process execution, building on recent SAP ECC research
demonstrating a framework combining robotic
process automation (RPA) with machine learning to
automate standard SAP ECC business processes. Within
this framework, an LLM component could extend
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existing machine learning sub-tasks, such as document
classification, by directly interpreting unstructured
free-text inputs, such as customer emails or scanned
correspondence, and generating structured process
actions, a natural language extension of the judgment-
based automation already demonstrated in this RPA-and-
machine-learning research. This application category
carries the highest grounding and autonomy demands of
the four, since its outputs feed directly into live transaction
execution rather than remaining subject to full human
review before action.

Augmentation of Embedded Analytics and User
Experience

A fourth application extends the embedded analytics
capability documented in SAP ECC modernization
research, which surfaces relevant business context and
key performance indicators directly within transactional
workflows through SAP Fiori expansion, by using an LLM
to generate natural language explanations or summaries
of the analytical content already being surfaced.
Rather than introducing new analytical capability, this
application improves the accessibility and interpretability
of existing embedded analytics, building directly on the
user-experience foundation already established by this
research, and consequently carries comparatively low
autonomy demands, since it supplements rather than
replaces the existing human-reviewed analytics display.

FRAUD DETECTION ANALYTICS AS AN
ADJACENT LLM-RELEVANT CAPABILITY

Behavioral analytics research for fraud detection in digital
payment systems, in which machine learning models
trained on transaction and user behavior data identify
anomalous patterns indicative of fraud, represents a
capability adjacent to, though distinct from, the four
LLM application types reviewed in Section 3. A natural
extension point lies in content generation, discussed
in Section 3.2: an LLM can be used to translate a fraud
model’s numerical risk score and the underlying behavioral

features drivingitinto a naturallanguage explanation for
a human reviewer, improving the interpretability of an
otherwise opaque behavioral analytics output without
altering the underlying fraud detection model itself.

This pattern, using an LLM to narrate or explain the
output of a separate, specialized machine learning model
rather than performingthe underlyinganalytical taskitself,
is a recurring theme across enterprise LLM applications
generally, and is consistent with the content generation
and embedded analytics augmentation application types
discussed in Sections 3.2 and 3.4, reinforcing the view
that LLMs are most effectively deployed within ERP
systems as a complementary interaction and explanation
layer rather than a replacement for existing specialized
analytics capability.

DISTRIBUTED SERVICE
INFRASTRUCTURE FOR LLM-ENABLED
ERP

Each of the four application types reviewed in Section 3
requires an LLM component to reliably access live SAP
data, whether to answer a query, inform generated content,
feed a process automation step, or explain embedded
analytics content. Research on service discovery and
communication in distributed enterprise applications
addresses the resulting integration requirement,
examining how distributed application components
locate and reliably communicate with one another across
a dynamic enterprise application landscape, a capability
directly applicable to the retrieval-augmented generation
pattern discussed in Section 2, which depends on reliable,
low-latency access to current enterprise data services at
inference time.

Without reliable distributed service discovery of
the kind examined in this research, LLM components
risk operating on stale, incomplete, or unavailable data,
undermining the grounding requirements identified for
each application type in Table 1 and Section 3, particularly
the high-grounding-stakes query and process automation
applications discussed in Sections 3.1 and 3.3.

Table 1: Comparative Characteristics of LLM Application Types Within ERP Systems

LLM Application Type Grounding Requirement

Autonomy Level

Infrastructural Demand

Natural language query &
reporting

High; must reflect current
transactional data

Content & document
generation

Moderate; factual accuracy
matters, lower stakes

Process automation High; feeds directly into

augmentation transaction execution
Embedded analytics & UX ~ Moderate; explains or
augmentation summarizes existing analytics

Low; read-only, human interprets
result

Low to moderate; human reviews
before use

Moderate to high; acts within defined
process

Low; supplements human-reviewed
dashboards

Moderate; live data access
via service layer

Moderate; access to
templates and reference data
High; tight integration with
SAP process logic

Moderate; access to analytics
and KPI data
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INTELLIGENT CLOUD RESOURCE
SCHEDULING FOR LLM INFERENCE
WORKLOADS

A second infrastructural requirement concerns the
compute resources required to serve LLM inference
workloads reliably and cost-effectively alongside existing
SAP transactional processing. Research on intelligent
resource scheduling frameworks for cloud computing
platforms addresses this requirement directly, examining
learning-based approaches to allocating compute
resources dynamically in response to variable workload
demand, a capability well suited to the variable, often
bursty inference demand characteristic of natural
language query and content generation applications
discussed in Sections 3.1 and 3.2.

Applied to LLM-enabled ERP specifically, intelligent
resource scheduling of this kind is necessary to sustain
acceptable response latency for interactive applications,
such as natural language query, discussed in Section
3.1, without over-provisioning compute capacity during
periods of low demand, a cost-efficiency consideration
that becomes increasingly significant as LLM-enabled
applications scale from pilot deployment to broad
organizational use across a SAP landscape.

COMPARATIVE ANALYSIS ACROSS
APPLICATION TYPES

Table 1 synthesizes the four-part taxonomy presented in
Section 3 across three dimensions: grounding requirement,
autonomy level, and infrastructural demand.

The comparison in Table 1 indicates that process
automation augmentation, discussed in Section 3.3,
carries the highest combined grounding, autonomy, and
infrastructural demands of the four application types,
consistent with its directintegration into live transaction
execution, while natural language query and embedded
analytics augmentation, discussed in Sections 3.1 and
3.4, remain comparatively lower-risk, human-reviewed
applications better suited to early adoption.

OPEN CHALLENGES

Grounding LLM Outputs in Accurate, Current SAP Data:
Asdiscussed throughout Section 3 and reinforced in Table
1, every application type depends on reliable grounding
in current enterprise data; achieving this reliably,
particularly for the high-stakes process automation
application discussed in Section 3.3, remains an open
technical challenge extending beyond the retrieval-
augmented generation techniques discussed in Section 2.

Latency and Cost of LLM Inference at Enterprise Scale:
Even with the intelligent resource scheduling capability
discussed in Section 6, serving LLM inference reliably
within the response-time expectations of interactive
ERP use cases, discussed in Section 3.1, at acceptable

cost remains a significant practical constraint on broad
deployment.

Governance of LLM-Generated Content and Actions:
The varying autonomy levels identified in Table 1 imply
correspondingly varying governance requirements;
organizations risk applying insufficiently rigorous
review to higher-autonomy applications, such as process
automation augmentation, or excessively burdensome
review to lower-autonomy applications, such as query and
reporting, if governance is not explicitly calibrated to each
application type’s autonomy level.

Integration With Existing SAP Business Logic: As
discussed in Section 3.3, LLM-augmented process
automation must integrate with, rather than bypass,
existing SAP business rule logic; ensuring this integration
preserves the auditability and compliance guarantees
of the existing rule-governed process remains an open
architectural challenge.

Reliability of Distributed Service Discovery Under
Failure: As discussed in Section 5, LLM-enabled ERP
applications depend on reliable distributed service
discovery; ensuring graceful degradation, rather than
silent grounding failure, when underlying data services
are partially unavailable remains an underaddressed
reliability challenge.

FUTURE DIRECTIONS

Deeper Retrieval-Augmented Integration With SAP Data
Models: Building on the retrieval-augmented generation
pattern discussed in Section 2, future research is likely
to explore retrieval mechanisms specifically designed
around SAP’s structured data models, rather than generic
document retrieval, to improve grounding fidelity for the
high-stakes application types identified in Table 1.

Progressive Autonomy Expansion Within Process
Automation: Extending the RPA-and-machine-learning
automation framework discussed in Section 3.3, future
research is likely to explore progressive expansion of
LLM autonomy within process automation, beginning
with narrow, well-grounded sub-tasks and expanding
only as grounding reliability, discussed in Section 8, is
demonstrated.

Autonomy-Calibrated Governance Frameworks:
Development of ERP-specific governance frameworks
explicitly calibrated to the autonomy levels identified in
Table 1, addressing the governance challenge identified in
Section 8, represents an important direction distinct from
applying uniform governance across all LLM application
types.

Resilient Distributed Infrastructure for LLM-Enabled
ERP: Continued research into resilient distributed service
discovery and intelligent resource scheduling, building
on the infrastructure capabilities discussed in Sections 5
and 6, is likely to remain a necessary enabling direction
as LLM-enabled ERP applications scale from pilot to
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production deployment.

Extension of LLM-Based Explanation to Broader
Analytics: The fraud-detection explanation pattern
discussed in Section 4 is likely to extend to other
specialized analytics capabilities across the SAP landscape,
applying the content generation and embedded analytics
augmentation application types discussed in Sections
3.2 and 3.4 more broadly across enterprise risk and
operational analytics.

CONCLUSION

This paper has presented a comprehensive review of
large language model applications within ERP systems,
organized around a four-part taxonomy spanning natural
language query and reporting, content and document
generation, process automation augmentation, and
embedded analytics augmentation. The review grounded
this taxonomy in recent SAP ECC research on RPA-and-
machine-learning process automation and Fiori-based
embedded analytics, examined behavioral analytics for
fraud detection as an adjacent, LLM-relevant explanation
capability, and reviewed distributed service discovery and
intelligent cloud resource scheduling as infrastructural
preconditions for reliable, cost-effective LLM deployment
at enterprise scale. A comparative analysis across the
four application types showed a consistent relationship
between grounding requirement, autonomy level, and
infrastructural demand, with process automation
augmentation carrying the highest combined demands
and natural language query and embedded analytics
augmentation representing comparatively lower-risk entry
points for adoption. While substantial challenges remain
in grounding, inference cost, governance, integration with
existing business logic, and infrastructure reliability, the
literature reviewed in this paper indicates that LLMs
are most effectively positioned within ERP systems

as a complementary natural language interaction and
explanation layer built atop existing structured business
logic and specialized analytics capability, rather than as
a wholesale replacement for either.
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