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Abstract. Modern organizations increasingly rely on Process Mining
(PM) to extract actionable insights and monitor system behaviors from
event logs. However, executing advanced analytical tasks, such as pre-
dictive monitoring, performance evaluation, and what-if analysis, typi-
cally demands profound technical expertise and complex, domain-specific
query languages (e.g., PQL, LTL, Declare). This complexity severely lim-
its the accessibility of PM tools for non-technical stakeholders. While
Large Language Models (LLMs) offer a promising avenue for intuitive
data interaction, applying them directly to raw process logs often leads
to hallucinations and struggles with complex temporal dependencies. In
this work, we propose PMAgent , a novel framework that integrates LLMs
with Retrieval-Augmented Generation (RAG) to perform comprehensive
and autonomous process mining analysis. PMAgent enables users to in-
terrogate complex event logs entirely through natural language, smoothly
translating conversational queries into advanced PM tasks like prediction
and scenario evaluation. By grounding the LLM’s reasoning in retrieved,
fact-based process contexts via RAG, our approach ensures high accu-
racy and reliability. Preliminary evaluations demonstrate the feasibility
of our approach, indicating that PMAgent has the potential to make
complex process analytics more intuitive and accessible.

Keywords: Process Mining · Predictive Process Monitoring · Business
Process Intelligence · Large Language Models · Retrieval-Augmented
Generation.

1 Introduction

Process Mining and Accessibility. Modern organizations increasingly rely
on Process Mining (PM) [1] to extract actionable insights and monitor system
behaviors from event logs. PM focuses on discovering, monitoring, and improving
real-world processes by analyzing sequences of events, providing valuable visi-
bility into workflows, bottlenecks, and compliance deviations. However, as the
field evolves from descriptive analysis to more advanced tasks, such as predictive
monitoring, performance evaluation, and what-if scenario analysis, a significant
accessibility barrier emerges. Executing these advanced analytical tasks typi-
cally demands profound technical expertise and proficiency in complex, domain-
specific query languages (e.g., PQL, LTL, Declare). This technical complexity
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restricts the use of sophisticated PM tools to highly specialized data scientists,
leaving business users and domain stakeholders unable to interact directly with
the process data.

The Role of Large Language Models. The recent advancements in Natural
Language Processing (NLP), driven by Large Language Models (LLMs) [27],
offer a paradigm shift in how users can interact with complex systems. Built on
transformer architectures and pre-trained on vast amounts of data, LLMs have
demonstrated remarkable capabilities in understanding intent and generating
human-like text, opening the door to conversational interfaces for data analytics.
In the context of PM, translating natural language queries into executable pro-
cess analysis holds the potential to democratize process intelligence. By allowing
users to interrogate systems using everyday language, organizations could dras-
tically reduce the time-to-insight and foster a more data-driven decision-making
culture across all hierarchical levels.

Existing Solutions and Limitations. Currently, the integration of LLMs
into PM is still in its nascent stages. Most existing enterprise solutions rely on
static dashboards or visual interfaces that, while intuitive, lack the flexibility
for dynamic, ad-hoc exploratory queries. On the other hand, early attempts to
use LLMs as direct query engines for event data struggle with the strict fac-
tual constraints required by process analytics [4]. Directly applying LLMs to
raw event logs or relying solely on their parametric memory for complex ana-
lytical reasoning often leads to hallucinations, inaccuracies, and an inability to
grasp intricate temporal dependencies. To mitigate these issues in other domains,
Retrieval-Augmented Generation (RAG) [16] has emerged as a robust technique.
RAG grounds the LLM’s responses in retrieved, fact-based external knowledge.
However, adapting RAG architectures to handle structured process logs for ad-
vanced tasks like predictive monitoring and scenario evaluation remains an open
and challenging research area.

Contribution. To address these challenges and bridge the gap between sophis-
ticated analytics and user accessibility, we introduce PMAgent , a novel frame-
work that integrates LLMs with a RAG-driven architecture tailored for process
mining. PMAgent is designed to operate as an autonomous conversational agent
capable of translating natural language queries into advanced PM tasks, includ-
ing next-step prediction, log analysis, and scenario evaluation (what-if analysis)
but not only limited to. By grounding the LLM’s reasoning in retrieved process
context rather than raw, unguided log parsing, our framework minimizes hal-
lucinations and ensures reliable, explainable insights. Preliminary evaluations
demonstrate the viability of our approach, indicating that PMAgent has the po-
tential to significantly lower the technical barrier in event log analysis, paving
the way for fully conversational process intelligence.

Organization. The remainder of this paper is organized as follows: Section 2
provides an overview of related work on conversational analytics and LLM ap-
plications in PM. Section 3 details the architecture and the RAG integration of



PMAgent 3

PMAgent . Section 4 presents the experimental setup and discusses the prelimi-
nary results. Finally, Section 5 concludes the paper and outlines future research
directions.

2 Related Work

Deep Learning and Event Abstraction in Process Mining. The integra-
tion of machine learning, especially deep learning, into process mining has signif-
icantly advanced predictive capabilities. Techniques like LSTMs [11] have been
widely adopted for next-step prediction [23, 5, 10], demonstrating their effective-
ness in capturing sequential dependencies in event logs. Beyond traditional recur-
rent architectures, the paradigm-shifting introduction of the Transformer model
[24] has paved the way for attention-based mechanisms and LLMs to be success-
fully adapted to the process mining domain. A prominent challenge within this
landscape involves log abstraction and low-level event tagging. For instance in[7]
was proposed a data-efficient neuro-symbolic approach that combines abstract
argumentation frameworks (AAFs) with machine learning sequence taggers to
resolve mapping uncertainties and interpret low-level process event streams. Cru-
cially, the flexible nature of our proposed PMAgent framework allows it to be
seamlessly extended to support similar event abstraction and tagging tasks.

Suffix Prediction and Semantic Trace Histories. Traditional predictive
process monitoring (PPM) approaches have extensively used Convolutional Neu-
ral Networks (CNNs) and attention-based models to process event logs and en-
hance interpretability [14, 26, 22, 8]. However, step-by-step prediction models of-
ten suffer from the propagation of prediction errors. To mitigate this limitation,
recent literature has explored single-step multi-output forecasting for entire ac-
tivity sequences. A notable example is LUPIN [19], which addresses activity
suffix prediction by translating running process instances into rich semantic text
stories according to narrative templates and processing them through a multi-
output network. In our framework, we build upon this perspective by leveraging
a trace-to-text conversion mechanism heavily inspired by their semantic trace
histories, allowing PMAgent to gain deep contextual awareness of the ongoing
process trace.

Large Language Models and Conversational Process Mining. Recently,
the focus has shifted toward making process analytics more accessible through
natural language interfaces. Early explorations of LLMs in process mining have
highlighted their potential in code generation and basic log querying. However,
direct application of LLMs to structured event data has proven problematic.
Works such as [4, 3] systematically demonstrated that relying solely on the para-
metric memory of LLMs for process reasoning leads to severe hallucinations and
failures in respecting strict temporal constraints. To overcome these limitations
without relying on rigid, domain-specific query languages, PMAgent grounds
the LLM’s reasoning process using retrieved facts, effectively bridging the gap
between conversational accessibility and factual accuracy.
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Green AI and Retrieval-Augmented Generation. Deep learning models
form the backbone of modern AI but are notoriously energy-intensive, espe-
cially during large-scale training phases. The resulting computational and en-
vironmental costs have spurred significant research into more sustainable ap-
proaches, establishing the field of Green AI. For example in [20] was introduced
data-efficient model training frameworks that utilize adaptive subset sampling
and lightweight active learning to minimize the carbon footprint of deep neural
networks. While parameter-efficient fine-tuning (PEFT) strategies [12, 6, 15, 17]
offer various trade-offs to reduce updated weights, they still introduce computa-
tional overhead. To achieve maximum energy efficiency, our framework entirely
bypasses the training and fine-tuning loops. Instead, PMAgent couples a com-
pletely frozen, pre-trained LLM with RAG [16], dynamically fetching relevant
process knowledge from explicit non-parametric memory at zero training-energy
cost.

Agentic AI. This shift toward zero-shot contextual reasoning and runtime
orchestration fits within the broader evolution toward autonomous intelligent
architectures. As highlighted in [2], Agentic AI represents a transition from pas-
sive, task-specific predictive models to proactive, prompt-driven orchestration
systems capable of persistent state management and execution planning. By de-
signing our solution as a process mining agent (PMAgent), we position it directly
within this emerging paradigm, exploiting hybrid reasoning capabilities to solve
complex monitoring and predictive tasks without heavy training prerequisites.

3 Proposed Framework

In this section, we present the architecture of PMAgent , our conversational pro-
cess mining framework. As illustrated in the conceptual architecture (Figure
1), the system is designed to seamlessly translate raw event logs into action-
able insights through natural language interactions. The framework comprises
three main interacting modules: Data Preprocessing (Log-to-Text Translation),
the Retrieval-Augmented Generation (RAG) module, and the Large Language
Model (LLM) orchestrator.

Data Preprocessing and Trace-to-Text Translation. The first fundamen-
tal step in our pipeline handles the ingestion and transformation of standard
event logs. Traditional process logs, typically stored in tabular formats (e.g.,
CSV), contain sequences of events characterized by at least a case ID, a times-
tamp, and an activity name. However, LLMs are inherently optimized for natural
language rather than raw tabular reasoning. To bridge this gap, our data pre-
processing module applies a Trace-to-Text translation mechanism. The system
groups the tabular records by case and reconstructs the execution history of each
process instance as a continuous narrative directly into the text if available. To
preserve the multidimensionality of the underlying process data, our translation
module dynamically extracts and serializes additional attributes associated with
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Fig. 1. Overview of the proposed PMAgent .

each event. As illustrated in Listing 1.1, every activity is enriched with a struc-
tured Additional info block, which captures domain-specific dynamics, these
can vary depending on the set of the data. This serialization ensures that even
heterogeneous datasets with varying schema structures are normalized into a co-
herent, context-rich narrative that the LLM can interpret without loss of detail,
enabling more granular analytical reasoning.

This crucial transformation allows the framework to represent complex process
behaviors, sequential dependencies, and contextual information in a format na-
tively understandable by language models.

RAG Module. Once the event logs are translated into textual narratives, they
are processed by the RAG module to build the framework’s non-parametric
memory. The generated stories are chunked into smaller, overlapping segments
using a character-based text splitter to maintain context continuity. To map
these textual chunks into a high-dimensional vector space, we utilize state-of-the-
art text embedding models. The resulting embeddings are stored within a high-
performance vector database (FAISS). This architecture enables rapid similarity-
based retrieval: when a user submits a query, the system dynamically fetches only
the most relevant historical traces, bottleneck descriptions, or execution variants
that match the semantic intent of the question.
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Listing 1.1. Example of Trace-to-Text translation with dynamic metadata serializa-
tion.

The case ‘Case 1793’ started its journey , at 2011 -07 -26
08:52:23 ,

the activity ‘Assign seriousness ’ was performed
(Additional info ->
supportsection: Value 1, seriousness2: Value 1,
product: Value 4, customer: Value 306,
workgroup: Value 1, responsiblesection: Value

1,
servicetype: Value 1, servicelevel: Value 2,
resource: Value 9).

then at 2011 -07 -26 13:32:51 ,
the activity ‘Resolve ticket ’ was performed

(Additional info ->
supportsection: Value 1, seriousness2: Value 1,
product: Value 4, customer: Value 306,
workgroup: Value 1, responsiblesection: Value

1,
servicetype: Value 1, servicelevel: Value 2,
resource: Value 13).

then at 2011 -09 -10 09:00:40 ,
the activity ‘Closed ’ was performed.

LLM Orchestrator and Query Execution. The core reasoning capability
of PMAgent is powered by a pre-trained LLM, orchestrated via the LangChain1

framework. To guarantee factual alignment and enforce strict analytical behav-
ior, the reasoning process of PMAgent is governed by a carefully crafted prompt
template. This system prompt instructs the underlying LLM to operate under
rigorous logical boundaries, minimizing the risk of speculative responses. The
exact prompt architecture implemented within the framework is provided in
Listing 1.2.
The retrieved context from the FAISS database is strictly provided to the model
alongside the query. To prevent hallucinations and ensure high factual accuracy,
the prompt enforces strict operational rules: the LLM must base probabilities
and estimations solely on the retrieved historical frequencies, perform what-if
scenario evaluations by comparing alternatives to baseline metrics, and explic-
itly declare if the provided data is insufficient. Finally, the framework imposes
a structured output generation (e.g., JSON format), ensuring that the resulting
analytical insights—such as case status, bottleneck identification, and expected

1 https://www.langchain.com/
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Listing 1.2. System prompt template utilized by PMAgent to enforce structured anal-
ysis and prevent hallucinations.

<start_of_turn >user
You are a Senior Process Mining Analyst and Data

Scientist. Your goal is to analyze event logs ,
process models , transition probabilities , and
performance metrics provided in the context to answer
complex questions about process execution.

Use strictly and exclusively the following pieces of
context to answer the question at the end. The
context may include historical execution data ,
bottleneck analysis , variant frequencies , and
transition matrices.

Please adhere strictly to the following rules:
1. No Hallucinations: If the provided context does not

contain sufficient data to calculate a probability ,
make a prediction , or answer the question , do not
invent data. Simply state: "I cannot find the exact
answer in the provided data."

2. Predictions & Probabilities: When asked about future
outcomes , base your estimations strictly on the
historical frequencies.

3. What -If Analysis: When performing "what -if" scenarios ,
compare the hypothetical scenario against the

baseline metrics.
4. Case Status & Estimation: Identify its current state

based on the logs , trace its most likely next steps.
5. Structure & Clarity: Keep your answer highly

analytical , objective , and well -structured.
6. Format the code in json format were there are keys

like "answer", "probability", "what_if_analysis", "
case_status", "estimation", etc. depending on the
question asked.

Context:
{context}

Question:
{question}
<end_of_turn >
<start_of_turn >model
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completion times are consistently formatted and ready for downstream integra-
tion.

4 Experimental Evaluation

Settings and assessment criteria. To assess the feasibility of the proposed
framework, we conducted a preliminary evaluation using a standard real-world
event log, specifically the Helpdesk dataset. The log was preprocessed using
our Trace-to-Text translation module to generate semantic trace histories. For
the RAG architecture, text chunks were mapped into a vector space using the
BAAI/bge-small-en-v1.5 embedding model. The core LLM orchestrator was
powered by Google Gemma-3. To evaluate the system’s factual adherence, we
set the model’s temperature to 0.0, minimizing stochastic variability during text
generation.

Qualitative Case Study: Question Answering & Prediction. In our first
experiment, we evaluated the conversational and analytical capabilities of PMA-
gent on ad-hoc process queries. Traditional PPM models require specialized ar-
chitectures—often distinct models for different tasks—to predict the next step,
estimate remaining time, or evaluate process variants. Instead, we tested the flex-
ibility of PMAgent by providing it with three distinct classes of natural language
prompts, aiming to assess its zero-shot reasoning capabilities directly against the
semantic trace histories retrieved from the FAISS database. The results of these
interactions are reported in Table 1.

Specifically, we designed the queries to trigger three core behaviors enforced
by our system prompt:

– Next-Step Prediction: We evaluated the model’s ability to infer the sub-
sequent activity based on historical sequences. As shown in the first query,
PMAgent correctly identified ‘Resolve ticket’ as the logical next step. Cru-
cially, when asked for a specific numeric probability that could not be con-
fidently calculated from the retrieved chunks, the model strictly adhered to
the “No Hallucinations” directive, refusing to fabricate a percentage;

– Scenario Evaluation (What-if): We tested the framework’s capacity to
perform dynamic hypothetical reasoning. By injecting a synthetic delay into
the ‘Take in charge ticket’ activity, the LLM successfully identified the down-
stream propagation of the delay, mathematically formulating the expected
impact (X + Y + 6 days) without attempting to invent absolute baseline
durations that were absent from the prompt;

– Adversarial Factual Checking: We submitted a query deliberately re-
questing out-of-domain operational data (e.g., employee salaries and soft-
ware vendors). The system successfully rejected the query, falling back to a
raw text explanation indicating the lack of relevant context.

These preliminary interactions demonstrate that grounding a frozen LLM
with retrieval-augmented process contexts allows for accurate, multi-task process
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Table 1. Qualitative evaluation of PMAgent responses to natural language queries on
the Helpdesk dataset.

User Query PMAgent Output

Next-Step Prediction:
“Consider a case that has
just completed the activity
‘Assign seriousness’. Based
on the historical traces
provided in the context,
what is the most likely
next activity, and what is
the probability of this case
eventually reaching the
‘Closed’ status?”

JSON Format:
{
"answer": "The most likely next activity
after ‘Assign seriousness’ is ‘Resolve
ticket’.",

"probability": "I cannot find the exact
answer in the provided data.",

"what_if_analysis": "Based on the
provided data, all cases after ‘Assign
seriousness’ immediately proceed to
’Resolve ticket’...",

"case_status": "Currently in the ‘Assign
seriousness’ state.",

"estimation": "The case will likely
transition to ’Resolve ticket’ and then to
’Closed’ based on the observed sequence..."

}

Scenario Evaluation
(What-if):
“What if the activity ‘Take
in charge ticket’ is
systematically delayed by 3
days compared to the
baseline metrics present in
the logs? Clearly explain
the expected impact on the
overall throughput time...”

JSON Format:
{
"what_if_analysis": "If ‘Take in charge
ticket’ is consistently delayed by 3 days,
the overall throughput time would likely
increase. The delay would propagate through
the process...",

"estimation": "Estimating the new average
completion time requires understanding the
typical duration of each activity. Let’s
assume ‘Take in charge ticket’ is X days
and ‘Wait’ is Y days. With a 3-day delay,
the new average completion time would be
approximately X + 3 + Y + 3 = X + Y + 6
days."

}

Adversarial Check:
“What is the average
hourly salary of the
support agents resolving
the tickets, and which
external software vendor is
used to manage the
Helpdesk system?”

Raw Text Fallback:
“I cannot find the exact answer in the provided data.
The context does not include information about
hourly salaries or the external software vendor used
for the Helpdesk system.”
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analysis while successfully mitigating the hallucination risks typically associated
with parametric memory alone.

5 Conclusions

In this work, we introduced PMAgent , a novel conversational framework that
leverages RAG to democratize access to advanced Process Mining analytics.
By implementing a Trace-to-Text translation mechanism, PMAgent bridges the
gap between structured tabular event data and the natural language processing
capabilities of Large Language Models. In alignment with Green AI principles,
the architecture completely bypasses energy-intensive training and fine-tuning
loops, relying instead on zero-shot contextual reasoning over an external, non-
parametric vector memory (FAISS) powered by Google Gemma-3.

Our preliminary evaluation on the Helpdesk dataset confirms the feasibility
and robustness of the approach. PMAgent successfully executed complex an-
alytical tasks, including next-step prediction and what-if scenario evaluations,
while generating structured, ready-to-integrate JSON outputs. Crucially, the
strict operational boundaries enforced by our system prompt effectively miti-
gated hallucination risks, forcing the model to gracefully decline out-of-domain
adversarial queries and declare data insufficiency whenever historical frequencies
were missing.

Several promising directions outline our future research. First, we plan to
expand the empirical evaluation by conducting a more rigorous and formal vali-
dation across multiple diverse real-world datasets to thoroughly assess the frame-
work’s generalization capabilities and scalability. Second, we aim to refine the
underlying reasoning engine to enable PMAgent to formally compute and ex-
tract mathematically consistent event probabilities, thereby providing reliable
quantitative metrics even when historical frequencies are sparsely distributed
in the retrieved context. Furthermore, in alignment with Green AI principles,
we plan to systematically monitor the computational costs and energy footprint
of the proposed architecture using FLOPpy [21], a hardware-agnostic tracking
library. Moreover, we plan to extend the framework to smart building and en-
vironmental monitoring contexts, enabling conversational analytics for digital
twins and indoor climate forecasting [13]. Finally, we aim to validate the robust-
ness of PMAgent within highly sensitive medical and healthcare domains [25],
and explore its application to large-scale social processes to assist in unveiling
complex user dynamics in evolving social debates [18, 9].

Data and Code Availability. The implementation of PMAgent , including the Trace-
to-Text translation module and the evaluation scripts used in this study, is publicly
available to ensure reproducibility. The source code, documentation, and instructions
for running the framework on custom event logs can be accessed at: AVAILABLE
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