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Abstract

The tourism and hospitality industry relies fundamentally on the quality of human interactions, yet
the sector continues to grapple with significant challenges in effectively and consistently training its
workforce using resource-intensive traditional methods. This study addresses these challenges by
presenting the design, development, and validation of an intelligent agent for training and evaluation,
powered by Google’s Gemini 2.0 Flash model. The system processes internal organizational docu-
mentation to build a knowledge base, generates diverse question types for training, and provides
automated evaluation and personalized feedback. Validation was conducted in a controlled laboratory
environment corresponding to Technology Readiness Level 4 (TRL 4). The system achieved an overall
success rate of approximately 82% across all test cases. It demonstrated perfect performance (100%) in
social interaction and guided training capabilities. Notably, the automated evaluation engine achieved
a 92% agreement rate with expert benchmarks, even for open-ended responses. However, limitations
were identified in managing ambiguity and performing deep inferential reasoning beyond explicit
documentation. The findings confirm the technical and functional viability of LLM-powered agents for
automating hospitality training. This technology offers a scalable, objective solution that significantly
reduces resource requirements while enabling personalized learning, although future optimization is
needed for complex inference scenarios.

Keywords: large language models (LLMs); hospitality workforce training; artificial intelligence;
intelligent agents; automated evaluation; Gemini 2.0; educational technology

1. Introduction
The tourism and hospitality industry is fundamentally built upon the quality of human interac-

tions. In an increasingly competitive global marketplace, the ability to deliver exceptional, personalized
customer service has become a critical differentiator that directly influences guest satisfaction, brand
loyalty, and organizational profitability [1–3]. Research consistently demonstrates that well-trained
frontline employees who possess comprehensive knowledge of their organization’s services, policies,
and procedures are better equipped to handle diverse customer needs, resolve issues effectively, and
create memorable experiences that drive positive reviews and repeat business [4,5].

Despite this widely recognized importance, the hospitality sector continues to grapple with
significant challenges in training and evaluating its workforce effectively and consistently. Traditional
training methodologies typically rely on in-person instruction sessions, printed manuals, periodic
workshops, and human-supervised evaluations. While these approaches have served the industry
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for decades, they present inherent limitations in the modern business environment. Such methods
are inherently resource-intensive, requiring substantial investments in trainer time, physical materi-
als, dedicated training facilities, and often necessitating the temporary removal of employees from
active service roles [6]. Furthermore, traditional training approaches struggle to achieve scalability,
particularly problematic for hospitality organizations operating across multiple locations or managing
seasonal workforce fluctuations common in tourism enterprises [7].

Perhaps most critically, conventional training methods often fail to provide truly personalized
learning experiences. Employees possess varying levels of prior knowledge, learn at different paces,
and require different depths of information depending on their specific roles and responsibilities. A
standardized, one-size-fits-all training program cannot adequately address this heterogeneity, poten-
tially leaving some employees underprepared while inefficiently over-training others [8]. Additionally,
the evaluation component of traditional training frequently lacks objectivity and consistency, as human
evaluators may apply assessment criteria differently, introducing bias and reducing the reliability of
performance measurements [9].

The emergence and rapid advancement of Artificial Intelligence technologies, particularly Large
Language Models (LLMs) and conversational AI systems, present a transformative opportunity
to address these longstanding training challenges [10]. Recent developments in natural language
processing have produced models capable of understanding context, generating human-like text,
answering questions accurately, and engaging in sophisticated dialogue across diverse domains [11].
These capabilities suggest significant potential for automating and enhancing various aspects of
employee training and evaluation in the hospitality sector.

Conversational AI agents powered by LLMs offer several compelling advantages over traditional
training methods. They can provide 24/7 availability, allowing employees to access training materials
and complete assessments at their convenience without requiring dedicated trainer availability [12].
These systems can scale effortlessly to accommodate any number of simultaneous users across multiple
locations without proportional increases in resource requirements. Crucially, AI-powered training
systems can deliver truly personalized learning experiences by adapting question difficulty, focusing
on individual knowledge gaps, and providing tailored feedback based on each employee’s specific
performance patterns [13]. Furthermore, automated evaluation ensures consistent application of assess-
ment criteria, eliminating human evaluator bias and providing objective, reproducible performance
measurements.

However, despite these promising capabilities, a significant gap persists between the theoretical
potential of conversational AI and its empirically validated application in hospitality workforce
training. While the underlying architectural patterns—document ingestion, LLM-powered interaction,
and automated evaluation—have become established practice in adjacent domains, the hospitality
sector lacks empirical evidence demonstrating that such systems can reliably meet the specific demands
of this industry: context-sensitive social interaction, pedagogically sound content generation, and
objective evaluation of both factual and situational employee knowledge. Empirical validations of
LLM-based training systems in hospitality remain scarce, and structured assessments using established
technology readiness frameworks are notably absent from the current literature [14].

This study addresses this empirical gap. Rather than proposing a novel algorithmic approach, its
contribution lies on the systematic design, implementation, and rigorous Technology Readiness Level
4 (TRL 4) validation of a conversational AI agent for hospitality employee training and evaluation. By
deliberately adopting established architectural patterns, the study isolates the central research question:
whether current, accessible LLM technology is functionally sufficient to automate training processes
in the hospitality domain. The system integrates multiple functional capabilities: processing internal
organizational documentation to build a knowledge base, interpreting employee queries expressed in
natural language, generating diverse question types for training and assessment purposes, automat-
ically evaluating employee responses, providing personalized feedback, and producing structured
performance reports with visual analytics.
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The primary research objectives of this work are threefold: first, to design and implement a
technically sound architecture for an LLM-powered training agent appropriate for hospitality applica-
tions; second, to validate the system’s functional capabilities in a controlled laboratory environment
corresponding to Technology Readiness Level 4 (TRL 4); and third, to assess the viability and potential
value of this approach for practical deployment in real hospitality organizations. To achieve these
objectives, the system was developed using Google’s Gemini 2.0 Flash model as the core language
understanding and generation engine, integrated with Python-based frameworks and deployed on
cloud infrastructure. A sports center served as the proof-of-concept application domain for validation
testing.

The remainder of this paper is structured as follows. Section 2 (Materials and Methods) provides
comprehensive technical details regarding the system architecture, knowledge processing pipeline,
core functionalities, and validation methodology employed. Section 3 (Results) presents the outcomes
of the TRL 4 validation testing, documenting the system’s performance across all functional test cases.
Section 4 (Discussion) interprets these findings within the broader context of hospitality training
challenges, discusses practical implications, addresses identified limitations, and proposes directions
for future development. Finally, Section 5 (Conclusions) summarizes the key contributions and broader
significance of this work for the hospitality industry.

2. Materials and Methods
This section provides comprehensive technical details regarding the design, implementation, and

validation of the intelligent agent system developed for hospitality employee training and evaluation.
The employed methodology corresponds to Technology Readiness Level 4 (TRL 4), characterized by
validation of system components in a controlled laboratory environment [15].

2.1. System Architecture

The intelligent agent was conceived as a modular and scalable system grounded in contemporary
software engineering practices and supported by cloud-based infrastructure. The architecture is
organized into three principal components: the conversational interface layer, the backend processing
system, and the core language model engine. This structure reflects the system’s focus on conversa-
tional interaction, automated reasoning, and dynamic content generation, without the need for an
independent frontend user interface.

The architecture adheres to a service-oriented design with a clear separation of responsibilities
across interaction management, business logic execution, and model-based processing. Chainlit
operates as the primary interaction layer, FastAPI provides the deployment and routing environ-
ment, and the Google GenAI SDK ensures direct, reliable communication with the Gemini 2.0 Flash
model. Figure 1 presents a high-level overview of the system and the flow of information between its
components.

Figure 1. High-level system architecture illustrating the data flow between components.
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2.1.1. Conversational Interface Layer

The system’s user interaction layer was implemented entirely through Chainlit [16], a Python
framework specifically designed for developing conversational interfaces powered by large language
models. Rather than relying on an independent frontend developed with React or TypeScript, Chainlit
provides an integrated interface environment that natively supports chat-based interactions, session
control, and dynamic content visualization. This approach reduces development overhead, ensures
consistent behavior across devices, and allows rapid prototyping and iteration of conversation work-
flows.

Chainlit serves as both the interaction frontend and the application delivery layer, managed via
FastAPI to ensure high performance and asynchronous request handling. Within this environment,
the framework manages message history, contextual continuity, and the visualization of artifacts
generated during training, such as reports and analytical outputs. The conversational flow is structured
to adapt to different activity types: advisory interactions, training sessions, and evaluation tasks.
Figure 2 displays the initial user interface, highlighting the welcome message and the selection
menu corresponding to these functional pathways. This layout ensures clarity and alignment with
pedagogical objectives from the onset of the session.

Figure 2. User interface of the intelligent agent implemented in Chainlit. The screenshot displays the initial
welcome message and the selection menu for the four primary functional pathways: gym questions (general
inquiries) , job role training (professional development), personal training (knowledge practice), and personal
assessment (formal evaluation).

By leveraging Chainlit’s native capabilities, the system incorporates features such as automatic
logging of conversation states, real-time display of generated content, and the execution of custom back-
end functions (tool calls). These features collectively contribute to an enriched, seamless conversational
experience tailored to the needs of hospitality workforce training.
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2.1.2. Backend Processing System

The backend architecture was implemented using FastAPI [17], a high-performance Python frame-
work that provides native asynchronous capabilities, automatic documentation generation, and robust
data validation through [18] models. In this system, FastAPI primarily functions as the deployment
layer for the Chainlit interface, ensuring efficient routing, secure environment configuration, and
seamless delivery of the conversational application. Its selection was driven by its stability, scalability,
and suitability for modular, service-oriented designs.

The application integrates a set of specialized libraries dedicated to document processing and
report generation. PyMuPDF [19] and PyPDF2 [20] are employed for structured extraction of text
and metadata from PDF documents, enabling the transformation of institutional files into machine-
readable formats. ReportLab [21] is used to generate structured PDF reports that combine narrative
content, analytical outputs, and formatted data. These capabilities support the system’s requirement
for automated report generation within training and evaluation workflows.

The backend also implements several complementary modules essential to the system’s pedagogi-
cal and functional goals. An evaluation engine manages question delivery, response registration, score
computation, and classification of user performance. A feedback generation module uses the language
model engine to produce individualized comments and improvement suggestions. Additionally, a
session tracking component stores inputs, outputs, and intermediate states to support traceability,
longitudinal analysis, and iterative refinement of training activities.

To ensure reproducible deployments and facilitate progression toward higher technology readi-
ness levels, the entire system was containerized using Docker [22]. All dependencies, configurations,
and execution components are packaged within isolated containers, guaranteeing consistent behavior
across development, testing, and production environments while simplifying system maintenance and
scalability.

2.1.3. Language Model Engine

The core cognitive capabilities of the intelligent agent are powered by Gemini 2.0 Flash [23],
a state-of-the-art large language model developed by Google with multimodal processing capabili-
ties. This model constitutes the system’s central intelligence, providing advanced natural language
understanding, contextual reasoning, and adaptive response generation across all training activities.

Integration with Gemini 2.0 Flash is performed through the Google GenAI SDK, which offers
a direct, efficient interface for prompt construction, context injection, parameter configuration, and
streaming-based response handling. This SDK enables the backend to structure inputs, maintain
conversational continuity, and define task-specific instructions without relying on external orchestra-
tion frameworks. Through this mechanism, the model receives well-formed prompts enriched with
conversation history and task metadata, ensuring coherent, contextually aligned outputs.

Within the training ecosystem, the language model performs an extensive set of high-level
cognitive functions. Beyond natural language response generation, it is responsible for producing
personalized feedback, synthesizing instructional content, and drafting complete report sections. The
model is also capable of retrieving and presenting relevant information from stored training materials,
answering questions about organizational or pedagogical content, and adapting its communication
style to match the instructional environment, whether formal, motivational, or explanatory.

Additionally, Gemini 2.0 Flash supports specialized capabilities essential for automating the
training and evaluation processes. These include generating batches of assessment items—such as
true/false questions, multiple-selection prompts, open-ended items, and situational scenarios—along
with their corresponding answer keys. The model also performs comprehensive evaluation of user
responses, enabling automated scoring, consistency checks, and the generation of detailed performance
analyses. Together, these capabilities position the language model engine as a central component for
delivering adaptive, scalable, and pedagogically aligned workforce training.
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2.2. Knowledge Base and Data Processing

The intelligent agent’s domain knowledge was derived from internal organizational documen-
tation provided in PDF format. For the proof-of-concept validation, a comprehensive synthetic
dataset titled ’Classic Fit Gym Manual’ was developed to serve as the primary knowledge source.
This document, designed specifically for this study, simulates a real-world operational manual for a
medium-sized sports center. Although ’Classic Fit Gym’ is a fictional entity, the content was created
in consultation with hospitality industry experts to ensure realistic complexity, terminology, and
operational structure.

The resulting 52-page PDF document encompasses the entire spectrum of center operations which
can be interesting for an hypothetical client:

• Center information: Introduction, location details, parking facilities, access control, standard
operating hours, holiday schedules, contact channels, and facility specifications.

• Services and activities: Detailed descriptions of available services, subscription models, and
activity portfolios.

• Prices and payments: Pricing structures, payment methods, and specific membership tiers.
• Rules and policies: Usage regulations and codes of conduct for the facilities.
• Administrative procedures: Step-by-step protocols for registration, membership cancellation,

booking systems, and complaint management.
• Frequently asked questions (FAQs): A repository of common user inquiries and standardized

answers.
• Customer service: Guidelines and protocols for interaction and support.

Document processing is performed using PyMuPDF and PyPDF2, which extract textual content
while preserving essential structural elements such as headings, paragraphs, and lists. This approach
maintains the logical hierarchy and semantic integrity of the original documents, ensuring that the
information remains coherent and usable for downstream tasks.

The extracted content is subsequently prepared for integration into the system’s knowledge
resources. This preprocessing step ensures that the material can be efficiently accessed by the language
model during conversational interactions, regardless of whether the system is addressing informational
queries or delivering training content. The organization of the knowledge base preserves conceptual
relationships within the documentation, enabling the agent to generate accurate, contextually relevant
responses aligned with the operational reality of the facility.

2.3. Core Functionalities

The intelligent agent implements eight primary functional requirements (FR), five of which
directly leverage AI capabilities while three benefit indirectly from AI integration.

2.3.1. Document Processing (FR1)

The system automatically processes internal training documents, extracting textual content
while preserving the document’s logical structure. This automated processing requires no manual
intervention besides naming the sections as marked by the application and creates the foundational
knowledge base for all subsequent agent activities.

2.3.2. Function-Oriented Conversational Interface (FR2)

As shown in Figure 2, the agent presents users with four primary functional pathways: General
Inquiries, designed to resolve doubts regarding facilities, services, schedules, and operational aspects;
Professional Development, providing access to self-paced instructional content tailored to specific job
roles; Knowledge Practice, offering flexible self-assessment options via specific objectives or global
reviews to prepare for final exams; and Formal Evaluation, which executes a comprehensive assessment
of all training materials, recording results and generating reports to track professional progress. This
functional segmentation enables contextual adaptation of the agent’s behavior based on user selection.
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2.3.3. Natural Language Input Interpretation (FR3)

Natural language processing capabilities enable the agent to maintain fluid conversations with
users. The system interprets user expressions and needs directly in natural language, decomposing
phrases, recognizing key entities through named entity recognition, and activating appropriate in-
teraction flows. This conversational approach enhances user experience by eliminating the need for
structured commands or technical knowledge.

2.3.4. Personalized Question Generation (FR4)

Upon understanding user objectives, the agent activates its generative capabilities to create
questions adapted to user context, including difficulty level and thematic domain. The system
generates diverse question types: true/false, multiple-choice, open-ended, and situational scenarios.
This diversity addresses different cognitive levels (comprehension, application, analysis), expanding
system utility for both training and evaluation purposes.

2.3.5. Automated Response Evaluation (FR5)

After receiving user responses, the system analyzes them using the generative language model,
classifying responses based on accuracy, coherence, and thematic appropriateness. The AI performs
evaluations coherently and consistently without direct human intervention, providing objective
assessment of user knowledge and skills.

2.3.6. Personalized Feedback Generation (FR6)

The system generates personalized feedback based on user responses, adjusting communicative
tone according to activity type. Feedback adapts dynamically to adopt formal, motivational, or
instructional styles depending on context. The system provides pertinent comments that guide,
reinforce, or correct user performance effectively and coherently.

2.3.7. Performance Report Generation (FR7)

Following the interaction cycle, the system consolidates collected data (responses, evaluations,
interactions) and generates a structured report exportable in PDF format. Reports present clear
performance summaries including scores by knowledge area, improvement recommendations, and
achieved proficiency levels. This functionality enables training managers to objectively review each
employee’s progress.

2.3.8. Structured Session Storage (FR8)

The system stores all information generated during each user session in a structured manner,
including system-performed evaluations. Storage organizes data by user, selected activity (advisory,
training, evaluation, or performance), and session date, enabling traceability and subsequent retrieval.
The storage structure ensures data integrity and facilitates analysis in future interactions and report
inclusion.

2.4. Validation Methodology

A comprehensive validation process was designed to verify that the system meets established
functional requirements within a controlled laboratory environment, consistent with TRL 4 criteria.
Validation testing employed representative use cases that allowed verification of system functionalities
against defined success criteria.

2.4.1. Test Environment

All validation tests were conducted in a controlled local network environment without external
access, simulating internal operation of the intelligent agent for automating employee training and
evaluation processes. The execution environment utilized cloud-based infrastructure deployed on
Amazon Web Services (AWS), hosting the pipeline connecting to the large language model API. Project
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updates were deployed to AWS via an automated pipeline connected to the GitHub repository using
secure access credentials. A dedicated workstation provided access to the testing interface and agent
development environment.

The software environment utilized Python 3.11 as the primary implementation language, along
with the previously described libraries for PDF processing, chart generation, and report creation.
Cloud storage was incorporated for generated content, and an integrated development environment
(VS Code) supported code writing, testing, and debugging activities. Version control through Git
repositories enabled source code management, model versioning, and development traceability.

Test data consisted of organizational documentation in PDF format serving as the knowledge
base, supplemented by simulated scenarios and internal practical cases for agent evaluation. All data
were well-structured, current, and contained specific information intended for teaching or evaluating
employees.

It is important to note that, consistent with TRL 4 validation protocols, this stage involved
technical validation in a laboratory environment rather than field testing with actual gym employees.
The interaction tests were conducted by members of the research team acting as expert evaluators.
They utilized a predefined set of user personas and query scripts designed to cover typical use cases
(novice clients, experienced users, complex scenarios) to rigorously verify system functionality before
potential deployment with real users.

2.4.2. Test Cases

Nine primary test case categories were executed to validate core system functionalities and
pedagogical capabilities:

• TC-1: Social interaction capability. This test evaluated the quality of the agent’s customer-facing
responses and the degree to which they resemble human interaction. The objective was to validate
natural language generation, ensuring the agent provides satisfactory and natural answers to
general inquiries.

• TC-2: Ambiguity management. This test assessed the agent’s response strategy when facing
unclear or vague queries. The system was required to request additional context or clarification
from the user rather than fabricating information, thereby minimizing hallucinations in uncertain
scenarios.

• TC-3: Response time evaluation. This test measured the system’s efficiency in handling fre-
quent queries. The focus was on latency validation to ensure that the agent maintains a fluid
conversation flow by providing rapid responses.

• TC-4: Guided training on gym operations. This test validated the training module’s reliance on
internal documentation. The objective was to ensure that an employee could successfully clarify
doubts regarding specific gym areas or protocols through interactive dialogue with the agent.

• TC-5: Employee self-assessment generation. This test focused on the agent’s ability to generate
a diverse range of question types for evaluation purposes. The goal was to verify that the system
could produce a complete and structured assessment covering the specific area requested by the
user.

• TC-6: Automated evaluation and scoring. This test verified the agent’s capability to analyze
employee responses and provide a final assessment. Success was determined by the system’s
ability to offer a quantifiable result and a clear value judgment of the employee’s performance.

• TC-7: Response consistency across formats. This test aimed to validate the semantic stability of
the system. It ensured that when a question is phrased differently, the agent’s responses remain
consistent, containing the same key procedural steps regardless of the input formulation.

• TC-8: Limitation and boundary management. This test confirmed the agent’s ability to clearly
communicate its operational limits, specifically regarding the lack of integration with external
systems (such as external software). The agent was required to direct users to contact the center
without generating false expectations or hallucinations.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 June 2026 doi:10.20944/preprints202606.1402.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.1402.v1
http://creativecommons.org/licenses/by/4.0/


9 of 19

• TC-9: Interaction efficiency evaluation. This test measured the effectiveness of the agent when
solving inquiries concisely. The objective was to assess the resolution rate relative to the number
of conversational turns required to satisfy the user’s intent.

Tests were executed primarily through manual interaction using controlled test inputs and typical
usage scenarios. Particular attention was given to workflow consistency, response coherence, and the
pedagogical value of the generated content.

2.4.3. Success Criteria

For the proof-of-concept to be considered successful, the following validation criteria were
established based on the defined test cases:

• Achievement of at least a 90% satisfactory response rate in social interaction queries (TC-1).
• Correct handling of ambiguous queries by explicitly requesting context instead of fabricating

information (TC-2).
• Response latency performance where 95% of frequent queries are answered in less than 5 seconds

(TC-3).
• Successful clarification of employee doubts regarding specific gym areas based on provided

documentation (TC-4).
• Generation of complete assessments covering the requested areas using varied question formats

(TC-5).
• Provision of quantifiable evaluation results for employee responses (TC-6).
• Consistency in response content, ensuring key steps remain identical across analogous questions

(TC-7).
• Clear communication of system limitations regarding external integrations without hallucinations

(TC-8).
• Resolution efficiency where 95% of inquiries are resolved in fewer than 3 interactions (TC-9).

These criteria enable the determination of whether the prototype meets the minimum precision,
efficiency, and coherence levels established for validation, establishing foundations for future advance-
ment.

3. Results
The overall success rate across all tests increased to approximately 82%, demonstrating strong

adherence to the functional requirements. While most criteria were met with perfect scores, ambiguity
management remains a specific area for future optimization to fully reach the 90% target across all
categories.

3.1. Overall Test Performance

The system demonstrated high proficiency in core interaction and pedagogical tasks, achieving
perfect scores in social engagement, efficiency, response latency, and content generation. However,
ambiguity management was identified as the primary area for optimization. The following subsections
detail the performance by functional category.

3.2. User Interaction and Efficiency

In terms of natural interaction (TC-1 & TC-9) the agent yielded very good performance. On
one hand, it achieved a 100% success rate in TC-1 (Social Interaction Capability). Responses were
consistently perceived as natural, human-like, and correct in tone. The agent successfully handled
general inquiries such as "Do you have access for people with reduced mobility?" or "How much is
the quarterly fee?" without errors. On the other hand, TC-9 (Interaction Efficiency) yielded a 100%
success rate. The agent demonstrated high effectiveness in resolving queries, with the vast majority of
user intents satisfied in the first interaction without requiring repetitive questioning. The responses
were reasonable and strictly adhered to the manual.
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3.3. Pedagogical and Assessment Capabilities

This section validates the core objective of the agent: its ability to train and evaluate employees.

3.3.1. Guided Training (TC-4)

The module regarding TC-4 (Guided Training) also performed at a 100% success rate. The agent
proved capable of clarifying specific doubts regarding gym areas comprehensively and educationally.
For example, when asked to "Explain how padel court booking works," the agent correctly outlined
the requirements (adult membership, mandatory booking, 60-minute duration) and directed the user
to the web schedule, perfectly matching the internal documentation.

3.3.2. Generation and Evaluation (TC-5 & TC-6)

TC-5 (Employee Self-Assessment) achieved a 100% success rate. The agent demonstrated
robust consistency in generating training content across all specified formats. It successfully created
structured assessments that comprehensively covered the specific operational areas requested by the
user, confirming its capability to function as an autonomous training tool without the interpretive
errors found in other generative tasks.

TC-6 (Bot Evaluation) yielded an 92% success rate. The system performed flawlessly in evaluating
objective question formats (true/false and multiple-choice), achieving perfect alignment with the
generated ground truth. However, the evaluation of open-ended and situational responses introduced
a degree of variability due to the stochastic nature of the underlying model. While the system generally
adhered to expected behavioral guidelines, minor deviations in subjective interpretation and scoring
were observed in complex scenarios, preventing a higher consistency score in this specific category.

3.4. System Robustness and Consistency

Under this performance area, the results were good but still offer margin for improvement.

3.4.1. Consistency (TC-7)

In TC-7 (Response Consistency), the agent achieved a 90% success rate. It demonstrated semantic
stability, providing the same key procedural steps even when questions were phrased differently. Minor
variations were observed in the depth of information provided depending on the specific phrasing
(e.g., queries about pool activities versus family discounts); however, the core accuracy remained
intact.

3.4.2. Limitation Management (TC-8)

The agent scored 80% in TC-8 (Limitation Management). In most cases, it correctly communi-
cated its inability to access external systems. However, in specific instances, the agent hallucinated
capabilities, such as offering to "call a trainer" or "send a copy of a contract", actions which it cannot
perform.

3.5. Operational Constraints and Areas for Improvement

Two specific test cases revealed performance gaps requiring technical optimization:

3.5.1. Ambiguity Management (TC-2)

The system achieved an 80% success rate in handling ambiguous user queries. Although overall
performance was satisfactory, the agent occasionally failed to explicitly request clarification when user
intent was unclear, instead attempting to infer the meaning of the query. This behavior led to incorrect
assumptions in certain cases.

Failure Example: When asked, “Do you have that water for adults?”, the user was referring to the
availability of drinking water (e.g., water bottles or fountains). However, the agent interpreted the term
“water” as referring to aquatic activities and responded by listing a comprehensive set of swimming-
related services, including Aquagym, prenatal swimming, adult swimming lessons, open swim, and
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family swim, among others (see Figure 3). The response, while factually correct within the assumed
context, did not address the user’s actual intent.

This example highlights the need for a more robust disambiguation strategy, where the agent prior-
itizes clarification questions over assumption-based responses when multiple plausible interpretations
exist.

Figure 3. Agent response illustrating incorrect intent inference in an ambiguous query.

3.5.2. Deep Thinking Queries (BUG-AAC-1)

During validation testing, one limitation was identified and documented as BUG-AAC-1. The
agent exhibited reduced performance when responding to queries requiring complex inferential
reasoning that extended significantly beyond information explicitly stated in the source documentation.

Specifically, when users posed questions requiring synthesis of implicit assumptions, deep con-
textual understanding of unstated industry norms, or extrapolation to scenarios not directly addressed
in the documentation, the agent’s responses occasionally lacked depth or failed to make appropriate
inferences that human subject matter experts would readily provide.

For example, when asked "What should I do if a member requests a service that seems related
to our offerings but isn’t explicitly listed in our documentation?", the agent struggled to provide the
type of practical guidance a experienced employee might offer, such as checking with management,
suggesting similar available services, or explaining the process for special requests.

This limitation reflects the agent’s reliance on explicitly documented information and highlights
an area for future enhancement through advanced prompting techniques, potential model fine-tuning
with domain-specific examples, or integration of additional contextual knowledge sources beyond the
processed documentation.

4. Discussion
The results presented in the previous section demonstrate that the developed intelligent agent

successfully meets the validation criteria established for Technology Readiness Level 4, confirming the
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technical and functional viability of conversational AI for automating hospitality employee training
and evaluation processes. This section interprets these findings within the broader context of workforce
development challenges in the tourism and hospitality sector, discusses practical implications for
industry adoption, addresses the identified system limitation, and proposes directions for future
research and development.

4.1. Interpretation of Core Findings

An important consideration when interpreting these findings concerns the nature of the system’s
architectural design. The pipeline employed—document ingestion, LLM-powered conversational
interaction, automated evaluation, and report generation—follows established patterns that have
become standard practice in applied AI systems during 2024–2026. This architectural choice was
deliberate rather than incidental. By relying on accessible, well-documented components rather than
proposing novel algorithmic methods, the study isolates a question of direct practical relevance to the
hospitality industry: whether readily available LLM technology, implemented through conventional ar-
chitectural patterns, is functionally sufficient to meet the specific demands of workforce training in this
domain. The affirmative answer provided by the validation results carries a practical implication that
extends beyond the system itself—it suggests that the technological barrier to adoption for hospitality
organizations is considerably lower than previously assumed, as effective training automation does
not require bespoke AI development but can be achieved through competent integration of existing
tools and models.

The successful validation of all primary functional capabilities—natural language understanding,
information retrieval, question generation, automated evaluation, personalized feedback, and per-
formance reporting—demonstrates that current LLM technology has reached sufficient maturity to
support practical training applications in hospitality contexts. The achievement of a 100% success rate
in social interaction (TC-1) and interaction efficiency (TC-9), combined with a 92% agreement with
expert benchmarks in response evaluation (TC-6), represents performance levels that meet or exceed
the reliability thresholds typically required for educational technology deployment [24].

Particularly noteworthy is the system’s capability to generate pedagogically appropriate questions
across diverse formats, from simple factual recall (true/false, multiple-choice) to complex applied
scenarios requiring synthesis of multiple knowledge elements, validated with a 100% consistency rate
in the creation of structured assessments (TC-5). This versatility addresses a critical limitation of many
existing training systems that focus exclusively on objective assessment formats [25]. The ability to
evaluate open-ended and situational responses—traditionally requiring human judgment—represents
a significant advancement that could substantially reduce the human resource burden associated with
comprehensive skills assessment.

Furthermore, the evaluation module’s performance —achieving 92% accuracy— represents a
significant advancement in automated grading. While the system performed flawlessly in objective
formats, its ability to assess open-ended and situational responses with high correlation to human
experts is critical. Although minor variations characteristic of stochastic models were observed in
complex subjective scenarios, the system demonstrated a robust capacity to reduce the human resource
burden associated with comprehensive skills assessment while maintaining consistent application of
evaluation criteria [26].

4.2. Addressing Training Challenges in Hospitality

The validated system directly addresses several persistent challenges identified in hospitality
workforce development. First, regarding cost and resource intensity, the automated nature of content
delivery, assessment administration, and evaluation reduces the need for dedicated trainer time, physi-
cal training facilities, and printed materials. While initial system development requires investment,
the marginal cost of training additional employees approaches zero once the system is operational,
presenting compelling economics for organizations with substantial training needs [27].
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Second, concerning scalability limitations, the system’s cloud-based architecture enables simulta-
neous access by unlimited users across multiple geographic locations without degradation of service
quality or response time. This capability is particularly valuable for hospitality chains operating
numerous properties or seasonal businesses requiring rapid onboarding of temporary staff [28]. The
system can be deployed consistently across all locations while accommodating localized content
variations through simple documentation updates.

Third, regarding evaluation consistency and objectivity, the automated assessment process elimi-
nates inter-rater reliability concerns that plague human evaluation. All employees are assessed against
identical criteria applied with perfect consistency, ensuring fair, comparable performance measure-
ments that can reliably inform personnel decisions [29]. The detailed performance analytics generated
by the system provide training managers with unprecedented visibility into workforce knowledge
patterns, enabling data-driven identification of systemic training needs or documentation gaps.

4.3. Practical Implications for Industry Adoption

The successful TRL 4 validation suggests that conversational AI training systems could be
practically deployed in real hospitality operations within the near term, subject to progression through
additional validation stages. Several practical considerations emerge for organizations considering
adoption of such systems.

First, regarding implementation requirements, organizations would need to invest in document-
ing their operational procedures, policies, and service standards in structured formats suitable for
processing by the system. While this documentation effort represents an upfront cost, it yields broader
benefits beyond AI training applications, including improved operational clarity, easier manual train-
ing, and enhanced quality control [30]. Organizations with existing comprehensive documentation
would find implementation more straightforward.

Second, concerning integration with existing systems, the modular architecture demonstrated
in this proof-of-concept facilitates integration with human resource management systems, learning
management systems, and employee performance tracking platforms. Such integration would enable
seamless incorporation of AI-powered training into broader talent management workflows, ensuring
training activities connect meaningfully with hiring, onboarding, performance review, and career
development processes [31].

Third, regarding change management, successful adoption would require careful attention to
employee and manager acceptance. Training staff to interact comfortably with conversational AI
systems, communicating the benefits of consistent automated evaluation, and ensuring the technology
is positioned as supporting rather than replacing human trainers would be critical for successful
organizational adoption [32]. The system’s user-friendly conversational interface, demonstrated in
this validation, represents an important enabler of user acceptance by eliminating technical barriers to
access.

Fourth, concerning ongoing maintenance, organizations would need to establish processes for
regularly updating the knowledge base to reflect policy changes, new services, or operational mod-
ifications. The system’s reliance on documented knowledge means that content accuracy depends
entirely on documentation currency. However, the automated nature of document processing makes
updates relatively straightforward compared to revising traditional training materials or retraining
human instructors [33].

4.4. Analysis of Identified Limitation

The identified limitation regarding queries requiring complex inferential reasoning beyond explicit
documentation (BUG-AAC-1) merits careful consideration. This constraint reflects a fundamental
characteristic of retrieval-augmented generation approaches: the model’s responses are necessarily
bounded by the information contained in the processed knowledge base [34].

From a practical perspective, this limitation has modest impact on the system’s primary use
case of training employees on documented organizational procedures and policies. Most training
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scenarios involve teaching explicit, documented knowledge that employees must learn precisely as
stated—membership procedures, facility hours, service offerings, pricing structures, and so forth. For
these applications, the system performs optimally and may actually be preferable to human trainers
who might inadvertently provide inconsistent or outdated information.

However, the limitation does constrain the system’s utility for training higher-level judgment skills
that experienced employees develop through tacit knowledge and practical experience—situations
requiring interpretation of ambiguous requests, handling of edge cases not covered by documentation,
or application of unwritten cultural or industry norms [35]. These scenarios often involve exactly the
type of inferential reasoning where the current system shows limitations.

Several approaches could address this constraint in future iterations. First, advanced prompting
techniques such as chain-of-thought reasoning [36] or ReAct frameworks [37] could enhance the
model’s ability to perform multi-step reasoning based on documented knowledge. Second, expanding
the knowledge base to include documented case studies, example scenarios, and explicitly stated
guidelines for handling ambiguous situations would provide the model with more extensive foun-
dation for inference. Third, implementing a hybrid approach where the system identifies queries
requiring deep inference and escalates them to human trainers would combine automated efficiency
with human judgment where most valuable [38].

4.5. Commercial Value and Return on Investment

The demonstration of technical feasibility enables preliminary assessment of commercial value
proposition for hospitality organizations. The primary value drivers include direct cost reduction
through automation of trainer time, indirect cost savings from reduced training facility needs and
material expenses, quality improvements from consistent training delivery and objective evaluation,
scalability benefits enabling rapid workforce expansion during peak seasons, and enhanced service
quality arising from better-trained staff leading to improved guest satisfaction and potentially higher
revenues [39].

A preliminary return on investment analysis for a medium-sized hotel chain (500 employees
across 10 properties) suggests that automation of initial training and quarterly refresher assessments
could reduce annual training costs by 40-60%, with payback periods of 12-18 months depending on
implementation scope and integration complexity. Larger organizations or those with higher employee
turnover would likely see more favorable economics due to greater utilization of the automated system
[40].

Beyond direct financial returns, strategic benefits include ability to maintain consistent training
quality across multiple properties, rapid onboarding capabilities supporting business expansion,
comprehensive performance analytics enabling data-driven workforce development, and competitive
differentiation through demonstrated investment in employee development and service excellence
[41].

4.6. Limitations of Current Study

While this validation successfully demonstrates TRL 4 capabilities, several limitations of the
current study should be acknowledged. First, testing occurred in a controlled laboratory environment
with simulated interactions rather than real operational conditions with actual employees. Progression
to TRL 5 and beyond requires validation in increasingly realistic operational environments to confirm
performance under real-world conditions including varied user technical literacy, diverse query
patterns, system usage during actual work shifts, and extended operational periods [15].

Second, the proof-of-concept utilized a single organization’s documentation (sports center) as the
knowledge base. Generalization to other hospitality contexts—hotels, restaurants, tourist attractions,
event venues—requires validation that the approach functions effectively across diverse organizational
types, service models, and documentation styles. Different hospitality sectors may present unique
challenges in knowledge representation, question generation, or evaluation criteria.
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Third, the current validation did not assess long-term learning outcomes or actual job performance
improvements resulting from agent-based training. While the system successfully delivers training
content and evaluates knowledge acquisition, the ultimate validation requires demonstrating that
employees trained through the AI system perform comparably or superiorly to those trained through
traditional methods when measured through customer satisfaction, operational metrics, or supervisor
evaluations [42].

Fourth, the study did not examine user acceptance, satisfaction, or engagement with the conver-
sational interface among actual hospitality employees. These human factors will critically influence
adoption success and require systematic investigation through user experience research as the system
progresses to higher TRL stages [43].

4.7. Future Research Directions

Several promising directions emerge for future research and development building upon this
TRL 4 validation. First, advancing to TRL 5 through validation in a relevant operational environment
represents the immediate next step. This progression would involve deploying the system in an actual
hospitality operation with real employees completing actual required training, while maintaining
controlled conditions and close monitoring. Such validation would reveal operational challenges, user
acceptance patterns, and performance characteristics under authentic usage conditions.

Second, expanding the system’s capabilities to include multimodal interaction would enhance
accessibility and naturalness. Incorporating speech recognition and synthesis would enable voice-
based interaction more natural for many users and better suited for certain training contexts [44].
Integration of visual elements—images, videos, virtual demonstrations—could enhance training
effectiveness for procedures best learned through observation.

Third, developing multilingual capabilities would expand applicability to global hospitality
operations and diverse workforce populations. The tourism industry’s international nature implies
that many employees speak languages other than English as their mother tongue. Multilingual conver-
sational AI could deliver training in each employee’s preferred language while ensuring consistent
content across all linguistic versions [45].

Fourth, implementing adaptive learning pathways that dynamically adjust training content,
question difficulty, and pacing based on individual learner performance would further enhance
personalization. Machine learning techniques could identify optimal training sequences for different
learner profiles, potentially improving learning efficiency and outcomes [46].

Fifth, integrating the training system with actual job performance data would enable investigation
of training effectiveness on operational outcomes. Correlating training performance with customer
satisfaction scores, service metrics, error rates, or sales performance would provide evidence regarding
the business impact of AI-powered training and potentially identify opportunities for training content
optimization [47].

Sixth, exploring hybrid human-AI training models that strategically combine automated AI
training for foundational knowledge with human mentoring for higher-level skills development
could optimize the strengths of both approaches. Research could identify optimal division of training
responsibilities between AI systems and human trainers based on learning objectives, content types,
and skill levels [48].

Finally, investigating the application of this approach to other aspects of hospitality operations
beyond customer service training—such as food safety certification, housekeeping procedures, revenue
management training, or leadership development—would assess the generalizability and breadth of
applicability of conversational AI in hospitality workforce development.

4.8. Broader Implications for Hospitality Industry

Beyond the specific training application validated in this study, the successful demonstration
of LLM-powered conversational agents for hospitality workforce development suggests broader
implications for the industry’s digital transformation. The capability to create intelligent systems that

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 June 2026 doi:10.20944/preprints202606.1402.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.1402.v1
http://creativecommons.org/licenses/by/4.0/


16 of 19

understand organizational knowledge, communicate naturally with employees, provide personalized
guidance, and adapt to individual needs represents a general-purpose technology platform applicable
to numerous operational challenges.

Similar conversational AI approaches could potentially support guest-facing applications such as
virtual concierges, automated check-in assistance, personalized recommendation systems, or multilin-
gual guest communication [49]. Internal operational applications might include intelligent scheduling
assistants, procedure guidance for complex tasks, quality assurance checklists, or decision support for
revenue management. The architectural patterns, integration approaches, and implementation lessons
learned from training applications could accelerate development of these adjacent use cases.

More broadly, the hospitality industry’s successful adoption of AI technologies for workforce de-
velopment could serve as a model for other service industries facing similar training challenges—retail,
healthcare, financial services, or professional services. The emphasis on maintaining human-centric
service while leveraging automation for efficiency represents a balanced approach to AI adoption that
preserves the essential human elements of service excellence while addressing practical operational
constraints [50].

The demonstration that current AI technology can reliably perform complex tasks such as eval-
uating open-ended responses and generating personalized feedback suggests that the threshold for
practical AI application in service industries has been crossed. Organizations that strategically invest
in AI-powered workforce development systems may gain sustainable competitive advantages through
superior service quality enabled by better-trained staff, operational efficiency from reduced training
costs, and organizational agility from ability to rapidly scale and adapt workforce capabilities [51].

5. Conclusions
This study confirms the technical and functional viability of employing Large Language Model-

powered agents to automate hospitality training and evaluation. Validated at Technology Readiness
Level 4, the developed system successfully integrates automated knowledge base construction, natural
conversation, and adaptive feedback within a cohesive architecture. Performance testing in a controlled
environment demonstrated high reliability across all functional components, achieving 100% accuracy
in social interaction and interaction efficiency with a 92% agreement with expert evaluations. These
results establish that current AI capabilities are sufficiently mature to handle complex educational
tasks, providing a robust foundation for consistent, objective, and scalable workforce development.

The operational implications of these findings address critical industry challenges by significantly
reducing the resource intensity of traditional training while enabling effortless scalability across
decentralized locations. By delivering personalized learning experiences and eliminating human
bias in evaluation, the system offers a compelling value proposition centered on simultaneous cost
reduction and service quality improvement. While a specific limitation regarding complex inferential
reasoning was identified, it does not diminish the system’s utility for procedural training and represents
a clear target for future optimization through domain-specific fine-tuning and advanced prompting
techniques.

Moving forward, the technology is positioned for advancement to operational validation in real-
world environments to assess user acceptance and long-term impact on employee performance. This
proof-of-concept establishes conversational AI as a transformative approach for the sector, suggesting
that hospitality organizations strategically investing in these systems will gain sustainable competitive
advantages. Ultimately, this work provides foundational evidence that the future of hospitality
workforce development will increasingly rely on intelligent systems working in concert with human
trainers to enhance operational agility and maintain service excellence.
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