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Abstract

Designing and improving enterprise workflows is slow, expert-driven work. Analysts interview staff, study event logs, consult
policies, draw process models, and estimate the effect of changes, often with limited evidence about how a redesigned process
will actually perform. Large language models (LLMs) can now read requirements, draft process models, and explain design
choices, and business process management (BPM) research has begun to test them on process tasks. Used alone, however,
they may produce designs that ignore organizational policies, repeat known mistakes, or perform poorly under real workloads.
This article proposes a retrieval-augmented generative Al framework for workflow design and process optimization. The
framework grounds LLM-generated designs in a process knowledge base containing reference models, past designs, policies,
and event logs. It verifies designs for correctness and compliance and evaluates alternatives through simulation models
discovered from event logs, combined with intelligent resource scheduling. Approved designs are deployed to a configurable
workflow engine, and performance feeds back into the knowledge base. Using a design-oriented approach grounded in ten
studies published between 2019 and 2024, the article maps the evidence base and presents the framework and its design-to-
deployment loop. It sets out the generative tasks and their checks, and the optimization levers the framework can evaluate.
It illustrates the framework with a telecom company redesigning its broadband installation process. It argues that generative
Al accelerates workflow design most safely when every draft is grounded in organizational knowledge and tested against
realistic simulation before it reaches production.
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Introduction

Enterprise workflows determine how orders are
fulfilled, requests approved, and services delivered.
Improving them can reduce cycle times, costs, and
errors substantially. Yet workflow design remains
largely manual. Analysts gather requirements
through interviews, reconstruct current processes
from documentation and logs, draw new models,
and argue for changes using estimates rather than
evidence. Beerepoot et al. (2023) identify, among
the major open problems in BPM, the difficulty of
making process improvement faster, more evidence-
based, and better connected to real operations.

Two developments offer new possibilities. First,
process mining and simulation make evidence about
real process behavior available. Automated process
discovery reconstructs process models from event
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logs (Augusto et al., 2019). Simulation models
discovered from logs let analysts test how a process
will perform before changing it (Camargo et al.,
2020). Second, LLMs can work with the language
in which processes are described. Vidgof et al.
(2023) examine opportunities for LLMs across the
BPM lifecycle. Grohs et al. (2023) found that LLMs
can perform BPM tasks such as extracting process
models from text descriptions. Busch et al. (2023)
argue that prompt engineering is a practical way to
apply LLMs to BPM without specialized training.
LLMs working alone have clear limitations. They
do not know an organization’s policies, reference
models, or past lessons. They can produce designs
that are structurally flawed or non-compliant, and
they cannot predict how a design will perform under
real demand and staffing. Retrieval-augmented
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generation (RAG) addresses the first problem by
grounding outputs in retrieved organizational
knowledge (Gao et al., 2023). Structured prompt
patterns improve output reliability (Sannidhanam,
2024). Simulation and intelligent resource scheduling
can test performance (Camargo et al., 2020; 4n
Intelligent Resource Scheduling Framework for
Cloud Computing Platforms, 2019). Configurable
workflow architecture lets approved designs be
deployed and governed without code changes
(Basireddy, 2022).

This article asks: How can retrieval-augmented
generative Al be combined with process evidence,
simulation, and configurable execution to support
intelligent workflow design and process optimization?
It contributes a mapping of the evidence base (Figures
1 and 2), a framework architecture (Figure 3), a
design-to-deployment loop (Figure 4), a specification
of generative tasks and checks, a set of optimization
levers, and an illustrative application.

Related Work

LLMs in business process management

Vidgof et al. (2023) analyze how LLMs could support
each phase of the BPM lifecycle, from identification
and discovery to redesign, implementation, and
monitoring. They also note challenges such as output
reliability, explainability, and the need for domain
knowledge. Grohs et al. (2023) evaluated LLMs on
BPM tasks, including generating imperative and
declarative process models from textual descriptions
and assessing whether process tasks are suitable for
robotic process automation. They found that LLMs
can perform these tasks at a level comparable to
existing specialized approaches. Busch et al. (2023)
examine prompt engineering as a way to apply
LLMs to BPM tasks without fine-tuning and outline
research directions for doing so systematically.

Retrieval augmentation

Gao et al. (2023) survey RAG for LLMs. They
describe its development from simple retrieve-then-
generate pipelines to advanced and modular designs
that refine queries, retrieval, and context, and they
discuss how RAG is evaluated. For workflow design,
retrieval can supply reference process models, the

www.ijrast.in

organization’s past designs and their outcomes,
applicable policies and regulations, and process
mining results. These are exactly the knowledge an
LLM lacks.

Process discovery and simulation

Augusto et al. (2019) review and benchmark
automated process discovery methods, which build
process models from event logs. They show that
methods differ in how well the discovered models
fit the log, how precise they are, and how complex
they are, and that no method is best on every
measure. Camargo et al. (2020) proposed a method
for automatically discovering business process
simulation models from event logs. It extracts the
control flow, activity durations, arrival rates, and
resource pools, and tunes the simulation parameters
to reproduce the observed behavior accurately. Such
models let proposed designs be evaluated against
realistic conditions.

Resource scheduling

The study on An Intelligent Resource Scheduling
Framework for Cloud Computing Platforms (2019)
addresses how to allocate computing resources
intelligently among competing workloads to improve
utilization and performance. Workflow optimization
depends heavily on how resources, both human and
computational, are allocated to tasks. Scheduling
principles of this kind can be applied within
simulation to find allocations that meet service targets
at lower cost, and to ensure that automated workflow
steps have the computing capacity they need.

Prompt patterns

Sannidhanam (2024) sets out prompt engineering
patterns for reliable LLM outputs in production
environments, including clear role and task
instructions, structured output formats, grounding in
supplied context, explicit constraints, and validation
of outputs. For workflow design, these patterns can
make the LLM produce process models in a defined,
machine-checkable format and restrict it to the
retrieved organizational knowledge.

Configurable workflow execution

Basireddy (2022) proposes configurable enterprise
workflow architecture for digitizing risk management,
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with process steps, approvals, escalations, and
remediation defined as configurable workflows with
audit trails. Designs expressed in such a configuration
format can be deployed without code changes. The
same workflow mechanisms can govern the approval
of design changes.

Research gap

Research has shown that LLMs can perform process
modeling tasks, that RAG improves grounding,
and that process discovery and simulation provide
evidence about real behavior. These capabilities have
not been combined into an integrated framework
that takes a workflow from requirement to generated
design, verification, simulated optimization, and
governed deployment. This article provides such a
framework.

Research Methodology

The study follows a design-oriented research
approach. The problem, that workflow design is
slow and weakly evidence-based and that LLMs
alone produce ungrounded and untested designs, was
identified from the literature. Requirements were
derived from the reviewed studies: grounding in
organizational knowledge, reliable structured outputs,
correctness and compliance checks, performance
evaluation under realistic conditions, resource-
aware optimization, and governed deployment.
The framework was designed from ten studies and
demonstrated through an illustrative telecom case.
To make the evidence base transparent, each
study was assigned to the theme it primarily supports.
Figure 1 shows the distribution across themes, and
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Figure 1: Number of reviewed studies primarily supporting each
theme (n = 10)
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Figure 2: Reviewed studies by publication year (n = 10)

Figure 2 shows the studies by publication year.
These figures describe the literature used in this
article. They are not performance measurements.
The framework has not been evaluated empirically,
which is left to future work.

LLMs in BPM form the largest theme, and half
the studies date from 2023, reflecting how recently
LLMs entered process management research.
Simulation, scheduling, and workflow execution
each rest on one study, which suggests that research
on generating process designs has moved ahead of
research on testing and deploying them.

Framework Architecture

The framework has six components organized
around a shared process knowledge base (Figure 3
and Table 1).

Process knowledge base

The knowledge base holds reference process models
and the organization’s past workflow designs,
together with notes on what worked. It also holds
policies and regulations and event logs, with process
models discovered from those logs (Augusto et al.,
2019). Its content is indexed for retrieval (Gao et al.,
2023).

RAG design assistant

Given a design request, such as a new requirement,
a problem statement, or a target to improve, the
assistant retrieves relevant reference models, similar
past designs, applicable policies, and the discovered
current process. Using structured prompt patterns
(Sannidhanam, 2024), it asks the LLM to draft a
design in the workflow engine’s configuration format,
cite the knowledge it used, and explain the main
design choices (Grohs et al., 2023; Busch et al., 2023).
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Figure 3: Retrieval-augmented generative Al framework for workflow design and optimization

Verification

Drafts are checked automatically for structural
soundness. Every path must reach an end, no step
may be unreachable, and approvals must be placed
where policy requires them. Drafts are also checked
against compliance rules. Process owners then review
the drafts and their explanations. This addresses the
reliability concerns raised by Vidgof et al. (2023).

Simulation and optimization

A simulation model discovered from the event log of
the current process (Camargo et al., 2020) supplies
realistic arrival rates, activity durations, and resource
pools. Verified designs are simulated under these

conditions. A scheduling component, applying
the principles of intelligent resource allocation
(Intelligent Resource Scheduling, 2019), searches
for resource allocations that meet service targets at
lowest cost. The results let design alternatives be
compared on evidence.

Configurable workflow engine

The chosen design, already in configuration format,
is deployed to the workflow engine through a
governed approval workflow and runs without code
changes (Basireddy, 2022).

Monitoring and feedback
Event logs from the deployed workflow are analyzed.

Table 1: Components of the framework

Component Function

Key mechanisms

Supporting studies

Process knowledge
base

Hold the organization’s process
knowledge

Reference models, past designs
and outcomes, policies, event logs,

Augusto et al. (2019); Gao et al.
(2023)

discovered models

RAG design assistant Draft workflow designs grounded

in knowledge

Retrieval of relevant knowledge,
prompt patterns, structured process

Grohs et al. (2023); Busch et al.
(2023); Sannidhanam (2024)

output

Verification Check correctness and compliance

Structural checks, policy rules,

Vidgofetal. (2023)

human review

Simulation and
optimization

Evaluate and improve designs
before deployment

Simulation models from logs,
resource scheduling, scenario

Camargo et al. (2020);
Intelligent Resource Scheduling

Configurable workflow

engine

Monitoring and

feedback

Deploy and run approved designs

Learn from real performance

comparison

Workflow configuration, approvals,
audit

Event logs, performance indicators,
knowledge updates

(2019)
Basireddy (2022)

Augusto etal. (2019)
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Figure 4: Design-to-deployment loop

Performance and lessons are recorded in the
knowledge base, where they inform future designs.

The Design-to-Deployment Loop

Figure 4 shows the loop through which a workflow
is designed, tested, deployed, and improved.

The loop has six stages. It begins by understanding
the need, using the requirement and a model
of the current process discovered from its logs.
It retrieves relevant knowledge and generates
candidate designs. It verifies them for correctness
and compliance, then simulates and optimizes the
verified candidates. Finally, it deploys the chosen
design through governed approval. Monitoring then
feeds results back into the knowledge base, and the
next improvement cycle begins.

Generative tasks and checks

Table 2 specifies the generative tasks the LLM
performs in the loop, the knowledge retrieved for
each, and the checks applied.

Optimization levers

Table 3 lists the optimization levers that the
framework can evaluate through simulation before
any change reaches production.

Ilustrative Case: Redesigning
Broadband Installation

Consider a telecom company whose broadband
installation process covers order capture, feasibility
check, equipment dispatch, technician scheduling,
installation, and activation. It takes an average of
twelve days, with many orders delayed by failed
installation visits.

Understand

Process discovery on a year of event logs (Augusto
et al., 2019) shows the actual process. About one in
six technician visits fails because the line was not
ready, and each failure leads to a new visit several
days later. The RAG assistant summarizes the current

Table 2: Generative tasks, retrieved knowledge, and checks

Task Retrieved knowledge

Output Check

Summarize current process Discovered model, performance

statistics

Draft new design Reference models, similar past

designs, policies

Propose alternatives Past improvements and

outcomes

Explain trade-offs Simulation results

Draft change documentation Final design, policies

Plain-language description of
current process and bottlenecks

Analyst confirmation

Workflow configuration with
cited sources

Structural and compliance
verification

Several design variants with
rationale

Simulation comparison

Plain-language comparison of Process owner review

alternatives

Change summary for approval Approval workflow
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Table 3: Optimization levers evaluated through simulation

Lever Example change

Metric affected Supporting studies

Move a check earlier to avoid wasted
downstream work

Sequencing

Parallelization Run independent steps at the same time

Automation Automate a routine step or decision

Resource allocation  Reassign staff or computing capacity across

steps and time periods

Approval placement  Adjust where approvals occur based on

risk

process and its bottlenecks in plain language, and the
process analyst confirms the summary.

Retrieve and generate

The analyst asks the assistant to propose designs
that reduce failed visits and cycle time. The assistant
retrieves the discovered model, a reference model
for service fulfillment, a past redesign of the
business broadband process that introduced remote
line testing, and the policy requiring customer
confirmation before technician dispatch (Gao et al.,
2023). Using structured prompts (Sannidhanam,
2024), it generates two designs in workflow
configuration format (Grohs et al., 2023). Design A
adds an automated remote line test before scheduling.
Design B also runs equipment dispatch in parallel
with scheduling and adds an automated customer
confirmation step.

Verify

Both designs pass structural checks. Design B
initially places customer confirmation after dispatch,
which the compliance check flags against the
dispatch policy. The assistant revises the design, and
the process owner reviews both designs and their
explanations (Vidgof et al., 2023).

Simulate and optimize

A simulation model discovered from the event log
(Camargo et al., 2020) reproduces current arrival
rates, durations, and technician pools. Under
simulation, both designs reduce failed visits. Design
B reduces cycle time further. Because remote line
tests move work to the network operations team,
the scheduling component tests alternative staffing
allocations (/ntelligent Resource Scheduling, 2019).
It finds that one additional network operations
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Rework rate, cycle time Camargo et al. (2020)

Cycle time Camargo etal. (2020)

Cost, cycle time, error rate Grohs et al. (2023)

Waiting time, utilization, cost Intelligent Resource Scheduling

(2019)

Cycle time, compliance Basireddy (2022)

analyst during peak hours is needed to avoid a new
bottleneck.

Deploy and monitor

The company approves Design B with the adjusted
staffing through the change workflow and deploys it
to the configurable workflow engine without code
changes (Basireddy, 2022). Monitoring over the
following months compares actual results with the
simulation. The results and lessons are added to the
knowledge base for future redesigns.

The case shows the framework’s value. Generative
Al accelerated design, retrieval grounded it in
company knowledge and policy, verification caught
a compliance error, and simulation with resource
scheduling exposed a new bottleneck before it
reached customers.

Discussion

Implications

For research, the framework connects emerging work
on LL.Ms in BPM with established work on process
discovery, simulation, and resource allocation,
and with configurable execution. It shows how
generative capability can be made evidence-based.
The evidence mapping suggests that research on
generating designs has outpaced research on testing
and deploying them, which points to empirical
studies of the full loop as a priority. For practitioners,
the framework offers a practical sequence. Build a
process knowledge base that includes past designs
and their outcomes. Generate designs in the workflow
engine’s configuration format. Verify every draft for
structure and compliance. Test alternatives through
simulation discovered from real logs, including
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resource allocation, and deploy through governed
approval.

Limitations and future work

The framework was demonstrated through an
illustrative case and draws on a focused set of ten
studies, and the evidence mapping reflects only these
studies. Future work should implement the framework
and evaluate it, measuring design time, the share of
generated designs that pass verification, simulation
accuracy against real outcomes, and performance
improvements after deployment. Further research is
needed on retrieval strategies for process models, on
automated verification of LLM-generated workflow
configurations, on combining human and computing
resource scheduling in simulation, and on keeping
knowledge bases current as processes evolve.

Conclusion

Workflow design and process optimization can
become faster and more evidence-based when
generative Al is combined with retrieval, process
evidence, simulation, and configurable execution.
This article proposed a framework in which a RAG
design assistant drafts workflows grounded in the
organization’s process knowledge. Verification
checks them for correctness and compliance, and
simulation with intelligent resource scheduling
evaluates alternatives under realistic conditions.
A configurable workflow engine deploys approved
designs, and monitoring feeds results back into the
knowledge base. The broadband installation case
showed the framework reducing failed visits and
cycle time while exposing a staffing bottleneck before
deployment. The central conclusion is that generative
Al improves workflow design most safely when every
draft is grounded in organizational knowledge and
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tested against realistic simulation before it reaches
production.
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