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Abstract

Background: Managing complex infrastructure increasingly requires predictive, adaptive,
and human-centered systems. Traditional approaches often struggle with operational
complexity, fragmented data, and high technical barriers. Methods: This study presents a
TRL4 proof of concept integrating a conversational AI agent with a user-adaptive digital
twin for occupancy forecasting. Users can upload their own datasets, and dynamically
configure prediction models (ARIMA, SARIMA, Random Forest, XGBoost) based on input
variables such as occupancy or demand drivers. The AI agent, powered by Gemini 2.5 Flash
Lite, functions as an orchestration layer, translating natural language instructions into data
ingestion, model execution, and query actions. While the digital twin supports additional
variables (energy, water, waste), these are envisioned for future work and were not part of
the current validation. Results: Functional validation confirmed the system’s capability
to interpret user intentions accurately, adapt model training to the characteristics of user-
provided data, and present results through convenient and comprehensible visualization
methods. The integrated architecture demonstrated stable performance across multiple
validation scenarios, achieving satisfactory prediction accuracy (within expected ranges
for TRL 4). Conclusions: This work validates the technical and functional viability of
integrating conversational AI agents with digital twins as an emergent system of systems,
extending beyond conventional predictive pipelines by enabling context-specific modeling.
The systems engineering approach reveals how such integration transforms reactive infras-
tructure management into proactive, data-driven, and human-centered decision-making
processes, establishing a foundation for future developments toward higher technology
readiness levels.

Keywords: digital twin; conversational artificial intelligence; systems engineering;
infrastructure management; predictive maintenance; natural language processing;
machine learning
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1. Introduction
1.1. Context and Motivation

Modern infrastructure management increasingly faces challenges associated with
growing operational complexity, resource optimization under uncertainty, and the need
for predictive decision-making in dynamic environments. Large-scale facilities such as
hotels, airports, hospitals, commercial centers, and industrial complexes operate as intricate
socio-technical systems in which human activities, physical assets, resource flows, and envi-
ronmental conditions interact in nonlinear and often unpredictable ways [1,2]. Traditional
management approaches, typically reactive and based on historical averages or rule-based
heuristics, struggle to capture the emergent behaviors and interdependencies characteristic
of such complex systems [3,4].

The convergence of digital transformation, Internet of Things (IoT) sensing capabili-
ties, and artificial intelligence (AI) has created unprecedented opportunities to reimagine
infrastructure management through a systems engineering lens [5,6]. Two technologies
have emerged as particularly promising: Digital Twins (DTs), defined as virtual represen-
tation of physical assets or processes that enable real-time monitoring, simulation, and
optimization [7,8], and Conversational AI Agents, which are intelligent systems capable of
natural language interaction that bridge the gap between human operators and complex
computational models [9,10].

However, despite significant advances in both domains independently, the systematic
integration of conversational AI agents with digital twins has received limited attention
from a holistic systems engineering perspective. Most existing implementations treat these
technologies as separate modules rather than as synergistic components of an integrated
system of systems (SoS) [11,12]. This fragmentation may limit the potential for emergent
capabilities—properties that arise from the interaction of subsystems but are not present in
individual components [4].

1.2. The Challenge of Complex Infrastructure Management

Infrastructure management can be understood, from a systems engineering perspec-
tive, as a complex socio-technical system in which technological components, organiza-
tional processes, human decision-makers, and environmental factors coevolve and interact
across multiple scales [2,13]. In large facilities such as hotels, which constitute the focus
of this case study, operators must continuously balance multiple and often competing
objectives, including occupancy and revenue maximization, operational cost reduction
(e.g., energy, water, and waste management), compliance with sustainability targets, and
the preservation of service quality [14,15].

Traditional approaches to this multi-objective optimization problem exhibit several
fundamental limitations:

• Reactive decision-making: Facility managers typically respond to problems after they
manifest, rather than anticipating issues through predictive analytics [16,17].

• Data fragmentation: In many infrastructure contexts, operational data frequently
reside in heterogeneous and weakly integrated systems, creating interoperability chal-
lenges and constraining holistic analysis from a systems engineering perspective [1].

• Technical barriers: Leveraging advanced analytics and simulation tools requires
specialized expertise, creating a disconnect between domain experts (facility managers)
and technical capabilities [4].

• Static configuration: Conventional simulation and forecasting approaches are often
characterized by limited adaptability and lack of real-time responsiveness to evolving
operational contexts [5].
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These limitations underscore the need for a paradigm shift: from isolated tools toward
integrated intelligent systems that combine predictive modeling, real-time adaptation, and
intuitive human-machine interaction within a coherent systems architecture.

The proposed approach is illustrated through a case study in hotel infrastructure
management, a representative complex system characterized by occupancy dynamics; at
this stage, the validation focuses exclusively on occupancy estimation, while multi-resource
consumption and waste generation are considered future extensions.

1.3. Theoretical Background
1.3.1. Digital Twins in Infrastructure: State of the Art

Digital twins enable infrastructure operators to create virtual representations of physi-
cal assets that synchronize with real-world states through continuous data streams from
IoT sensors [18,19]. Key applications include:

• Predictive maintenance: AI-driven DTs analyze sensor data (temperature, vibra-
tion, operational hours) to forecast equipment failures before they occur, reducing
downtime by up to 25% [16,20].

• Urban planning: City-scale DTs, such as Singapore’s Virtual Singapore and Aus-
tralia’s Digital Twin Victoria, integrate multi-source data for disaster management,
infrastructure planning, and policy simulation [21].

• Construction lifecycle management: DTs facilitate design optimization, construction
monitoring, and facility operations across the entire building lifecycle [5,6].

Machine learning (ML) models constitute the predictive core of contemporary DTs.
Time-series forecasting algorithms (ARIMA, SARIMA) capture temporal patterns and sea-
sonality, while ensemble methods (Random Forest, XGBoost) model complex multivariate
relationships [22,23].

However, a critical gap persists: most DT implementations assume technically profi-
cient users capable of configuring simulation parameters, interpreting model outputs, and
translating insights into operational decisions. This assumption creates a usability barrier
that limits DT adoption, particularly in domains where facility managers lack data science
expertise [2].

1.3.2. Evolution from Static Blueprints to Agent-Managed Digital Twins

The adoption of Digital Twins (DT) in the hospitality and tourism sectors has tran-
sitioned from conceptual visualization toward integrated decision-making systems. A
foundational benchmark in this domain is the five-layer architectural framework proposed
by Keertana and Kumar (2025) [24], which defines the structural requirements for a DT
Predictive Analytics Engine (Layer 3) and its role in Resource Optimization (Layer 5). While
their work provides a peer-reviewed “blueprint” for destination and hotel management, it
remains primarily conceptual, relying on secondary data and Structural Equation Modeling
(SEM) to theorize potential gains.

Our work advances the state of the art by providing empirical validation and agentic
intelligence absent in existing frameworks. We propose a digital twin that allows users to
upload datasets, configure models dynamically, and interact via natural language, enabling
adaptive modeling. This transforms the system from a passive monitoring tool into an
interactive operational asset.

1.3.3. Conversational AI: Democratizing Human-AI Interaction

Conversational AI agents, defined as systems that interpret natural language inputs,
maintain dialogue context, and generate human-like responses, have evolved rapidly with
the advent of large language models (LLMs). These agents employ natural language
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processing (NLP) techniques including intent recognition, named entity recognition (NER),
and semantic understanding to facilitate intuitive human-computer interaction [9,10].

Recent trends in conversational AI include:

• Autonomous agency: Modern conversational agents exhibit goal-directed behavior,
executing multi-step tasks with minimal human intervention [25,26].

• Multimodal interfaces: Integration of text, voice, and visual inputs enhances accessi-
bility and user engagement [27].

• Tool integration: Conversational agents increasingly orchestrate external services, APIs,
and computational tools, functioning as cognitive interfaces to complex systems [28].

Despite recent advances in conversational AI, its application in technical domains
such as infrastructure management remains limited compared with its widespread use
in areas focused on customer service, information retrieval, and task automation. A
contemporary review of AI-powered virtual conversational agents highlights that most
research to date has concentrated on general-purpose implementations and user interaction
design, and identifies gaps and open challenges that motivate future work in more complex
application contexts [29]. Accordingly, the potential for conversational agents to serve as
configuration interfaces for complex simulation systems—enabling non-technical users to
adjust parameters and interpret results through natural dialogue—has received relatively
little attention in the literature.

1.3.4. The Integration Gap: A Systems Engineering Perspective

Integrating AI with a digital twin creates a unique system-of-systems challenge. While
the digital twin delivers evolving predictive modeling, the AI agent must orchestrate
multiple models, data pipelines, and user intents—a complex coordination task. Together,
they produce new capabilities—such as parameter configuration exploration and adaptive
preprocessing and forecasting—not achievable by either alone, combining simulations,
human-computer interaction, and dynamic orchestration. From a systems perspective, this
integration represents a system-of-systems (SoS) problem characterized by [3,12]:

• Operational independence: The conversational agent and the digital twin function as
autonomous subsystems with distinct purposes.

• Managerial independence: Each subsystem may employ different technologies, de-
velopment frameworks, and operational paradigms.

• Emergent behavior: The integrated system exhibits capabilities such as adaptive,
dialogue-driven predictive simulation that neither component possesses individually.

• Evolutionary development: Both subsystems continue to evolve, requiring architec-
tural flexibility to accommodate technological advances.

The current literature lacks comprehensive frameworks for designing, implementing, and
validating such integrated systems. Existing work tends to address either DT development [6]
or conversational AI design [9], but rarely examines their synergistic integration through a
systems engineering methodology.

1.3.5. Research Contribution and Objectives

This paper addresses the identified gap by presenting a systems engineering approach
to integrating conversational AI agents with a user-adaptive, data-driven digital twin for
complex infrastructure management. Specifically, we contribute:

1. A systems architecture that positions a conversational AI agent as an orchestration
layer and human-facing configuration interface, and a digital twin as a persistent,
context-specific simulation and prediction engine, with well-defined interfaces and
data flows.
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2. A functional validation of this integrated system at Technology Readiness Level
(TRL) 4, demonstrating technical feasibility in a controlled laboratory environment
using a case study of hotel management, including user-driven data ingestion and
model configuration workflows.

3. Empirical evidence that natural language-based configuration substantially lowers
barriers to using predictive tools, enabling non-technical stakeholders to leverage
advanced analytics and explore different data processing and predictive models.

4. Methodological insights on designing socio-technical systems where AI mediates
the interaction between human decision-makers and computational models, acting
not merely as a conversational interface but as an intelligent coordinator of data
integration, model training, and query execution, advancing the theory and practice
of systems engineering.

The case study focuses on hotel infrastructure management, a representative complex
system involving occupancy forecasting, multi-resource consumption (electricity, gas,
water), and waste generation prediction. The conversational agent, powered by Google’s
Gemini 2.5 Flash Lite LLM [30], interprets user requests in natural language, modifies
configuration parameters, and orchestrates the execution of ML models, including Linear
Regression, Decision Tree, Random Forest, XGBoost, ARIMA, SARIMA, and Moving
Average, within the digital twin. The results are delivered through inline graphs (using
the matplotlib 3.10.3. library), allowing users to review predictions and make informed
decisions based on the model outputs.

The remainder of this paper is organized as follows: Section 2 describes the systems
engineering methodology, detailing the architecture, subsystem designs, and integration
strategy. Section 3 presents validation results from controlled experiments, including user
interaction examples, model performance metrics, and visualization outputs. Section 4
discusses the implications of this integration for systems engineering theory and infrastruc-
ture management practice, analyzes limitations, and compares our approach with existing
work. Section 5 concludes by summarizing the main contributions and outlining future
research directions toward higher TRL deployment and expanded real-world validation
with operational datasets.

2. Materials and Methods
This section presents the systems engineering methodology used to design, implement

and validate the integrated conversational AI agent and digital twin system. We adopt a
modular architecture perspective, describing first the overall system design, then detailing
each major subsystem, their integration mechanisms, and finally the validation approach
consistent with the Technology Readiness Level (TRL) 4 requirements.

2.1. Systems Architecture and Design Philosophy

The integrated system is architected as a system of systems (SoS) comprising two
primary subsystems: (1) a Conversational AI Agent that serves as the human-machine
interface, enabling natural language configuration and query capabilities; and (2) a Digital
Twin that encapsulates the computational intelligence for predictive modeling. Both were
programmed using Python 3.12.7. Figure 1 illustrates the high-level architecture and
information flows.

Architectural design adheres to several systems engineering principles:

• Separation of concerns: Each subsystem maintains distinct responsibilities, with the
agent handling user interaction and configuration management, while the digital twin
executes the computational simulations.
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• Modularity: Components are designed as loosely coupled modules communicating
through well-defined interfaces (configuration files, API calls), facilitating independent
development and testing.

• Scalability: The use of containerization (Docker) and cloud services (AWS Fargate,
AWS RDS) positions the system for future expansion to production environments.

• Human-centeredness: Natural language interaction eliminates technical barriers,
enabling facility managers without data science expertise to leverage advanced pre-
dictive analytics.

Figure 1. High-level architecture of the system, showing the integration of the Conversational
AI Agent (dialogue and configuration modules) with the Digital Twin (training, evaluation, and
prediction) and the proposed visualization layer. Arrows indicate the main data and control flows.

The system workflow proceeds as follows: (1) A user interacts with the conversational
agent using natural language, either to specify configuration changes or to request predic-
tions based on provided data. (2) The agent interprets the intent, updates the configuration
file (JSON/YAML), and triggers the digital twin. (3) The digital twin receives data, per-
forms preprocessing and feature engineering based on the specified configuration, trains
and validates multiple ML models, selects the optimal model, and generates predictions.
(4) The results are returned to the agent and presented through interactive visualizations
(matplotlib charts in this case, but other technologies such as Power BI dashboards [31]
could be added in the future).

A closed loop is achieved by incorporating the user’s decision-making process into
the system lifecycle. Specifically, the user interprets the model outputs to inform real-
world actions or operational adjustments. These actions generate new data, which are
subsequently captured and will be reintroduced into the digital twin by the user as updated
inputs. This continuous feedback cycle enables iterative refinement of both the model and
its predictions, thereby ensuring that the system evolves over time and remains aligned
with the underlying dynamics of the real-world process. As future work, this loop could be
further streamlined by reducing reliance on manual user input, for instance by integrating
automated data sources directly into the system rather than depending exclusively on data
provided through the conversational agent.
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2.2. Subsystem 1: The Digital Twin

The digital twin constitutes the predictive intelligence core of the integrated system.
It is implemented as an independent service that manages the full lifecycle of machine
learning models: data preprocessing, feature engineering, model training, validation, and
prediction generation.

2.2.1. Digital Twin Architecture

The digital twin is deployed as a cloud-based service designed to support scalable
execution and flexible integration. It provides two main functional capabilities. First, it
enables data preprocessing and model training based on historical datasets and configurable
parameters, returning the best-performing model together with validation metrics such
as MAE, MAPE, and RMSE. Second, it enables prediction by generating future estimates
either over a specified time horizon for time-series models or based on user-provided input
data for regression models.

This service-oriented architecture decouples the digital twin from the conversational
agent, allowing independent scaling, version control, and potential reuse across different
application contexts.

2.2.2. Data Model and Feature Engineering

The digital twin operates on structured time-series data representing hotel operational
variables. The dataset is flexible and configurable, allowing adaptation to different sources
and formats. Key aspects of the data configuration include:

• Target variable: Occupancy rate, representing the proportion of occupied rooms,
which serves as the prediction target.

• Numerical features: Configurable numeric columns capturing operational metrics;
these may vary depending on the dataset and use case.

• Temporal information: Date and/or time columns, with configurable formats, granu-
larity, and indexing to support time-series analysis.

• Grouping or context columns: Optional columns to distinguish multiple entities or
subseries within the data.

Preprocessing and feature engineering are controlled by configurable parameters to
ensure adaptability:

• Data aggregation: Configurable methods (e.g., last, first, mean, sum) to summarize
raw observations.

• Missing value handling: Flexible strategies such as linear interpolation, forward fill,
seasonal average, or dropping missing values.

• Outlier detection: Optional identification and replacement of anomalous observations.
• Lagged features: Inclusion of previous time steps as features, configurable in the

number of lags.
• Correlation and multicollinearity control: Optional removal of highly correlated

features or analysis via Variance Inflation Factor (VIF).
• Feature scaling: Configurable scaling of input features and target variable (none,

standard, min-max).
• Temporal resampling: Configurable frequency for aggregation or indexing (e.g.,

“30 min”, “H”, “D”), with start and end times for the time window.

These configurable preprocessing and feature engineering steps allow the digital
twin to flexibly handle diverse datasets while capturing essential temporal patterns and
operational relationships for accurate occupancy prediction.
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2.2.3. Machine Learning Models

The digital twin implements a diverse ensemble of supervised learning algorithms,
categorized into time-series and tabular regression models:

Time-Series Models:

• Moving Average (MA): A baseline model computing predictions as the mean of
the last n observations (configurable window).

• ARIMA (AutoRegressive Integrated Moving Average): A classical statistical
model capturing linear dependencies, trends, and seasonality. Implemented
using the statsmodels library (version 0.14.4) with automatic parameter selection
via grid search over (p, d, q) orders.

• SARIMA (Seasonal ARIMA): An extension of ARIMA incorporating explicit
seasonal components (P, D, Q, s) to model periodic patterns (e.g., weekly,
monthly).

Tabular Regression Models:

• Linear Regression: A simple interpretable baseline using ordinary least squares
(OLS). Implemented via scikit-learn 1.7.0.

• Decision Tree Regressor: A non-parametric model partitioning the feature space
into decision rules [32]. This model was included to the variety of the tested
models, but it was not expected to perform better than Random Forest.

• Random Forest Regressor: An ensemble of decision trees trained on bootstrap
samples, reducing variance and improving generalization [33].

• XGBoost (Extreme Gradient Boosting): A gradient boosting framework em-
ploying regularized objective functions and advanced tree construction algo-
rithms [34].

Each model is trained independently on preprocessed data using time-based train-
validation splits (e.g., 80%/20%) to preserve temporal ordering and prevent data leakage.
Hyperparameters are tuned via cross-validation where applicable.

2.2.4. Model Selection and Validation

The digital twin automatically evaluates all trained models using three standard
regression metrics:

• Mean Absolute Error (MAE): MAE = 1
n ∑n

i=1 |yi − ŷi|
• Mean Absolute Percentage Error (MAPE): MAPE = 100%

n ∑n
i=1

∣∣∣ yi−ŷi
yi

∣∣∣
• Root Mean Squared Error (RMSE): RMSE =

√
1
n ∑n

i=1(yi − ŷi)2

Here, yi denotes actual values, ŷi denotes predictions, and n is the number of validation
samples. The model with the lowest MAPE is designated as the “best model” and per-
sisted for subsequent prediction requests. This selection criterion prioritizes generalization
performance on unseen data, aligning with predictive maintenance objectives [16].

For ARIMA/SARIMA models, a lightweight model container stores only the opti-
mal (p, d, q) or (p, d, q, P, D, Q, s) structure. During prediction, a fresh model instance is
instantiated with these parameters and retrained on 100% of historical data to maximize
predictive accuracy.

2.3. Subsystem 2: The Conversational AI Agent

The conversational AI agent constitutes the interaction layer of the system, mediating
all exchanges between users and the digital twin. Its architecture can be described in
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terms of three functional layers: user interface, conversational coordination, and execution
support services.

2.3.1. User Interface

The user interface provides a chat-based environment through which users express
queries and commands in natural language. It presents the ongoing dialogue, the cur-
rent system configuration, and the outputs of predictive analyses. Results may include
graphical visualizations, thereby supporting informed decision-making within an intuitive
interaction paradigm.

2.3.2. Conversational Coordination Layer

Conversational logic is managed through Chainlit 2.6.2, a Python framework special-
ized for building conversational AI applications [35]. In this system, Chainlit is responsible
for maintaining contextual continuity across multi-step dialogues and coordinating the
interaction between the user interface, the language model, and backend services.

This layer enables users to iteratively refine configurations, upload data when nec-
essary, and initiate analytical processes directly through natural language. By preserving
conversational state, it allows progressive specification of analytical tasks without requiring
users to re-enter previously defined parameters.

2.3.3. Language Model Integration

The cognitive core of the agent is Gemini 2.5 Flash Lite, chosen for its lightweight
deployment, low-latency inference, and compatibility with on-premise or laboratory en-
vironments typical of TRL4 validation. Compared to newer models such as GPT-5.4
mini or Gemini 3.1 Flash Lite, Gemini 2.5 Flash Lite provides sufficient natural language
understanding and contextual reasoning for configuration orchestration while requiring
significantly fewer computational resources, making it practical for integration in proof-
of-concept systems. Its advantages include rapid inference, reduced memory footprint,
and stable performance on structured tasks, which are critical for reliably translating
user instructions into system actions within the digital twin. Future work may explore
higher-capacity models for expanded reasoning and multi-turn dialogue capabilities in
production-level deployments.

2.4. Integration Mechanisms and Data Flows

The conversational agent and digital twin communicate through two primary integra-
tion mechanisms:

2.4.1. Configuration File as Interface Contract

A JSON/YAML configuration file serves as the “interface contract” between subsys-
tems (see an example in Appendix A.2). The agent modifies this file based on user inputs,
and the digital twin reads it to determine training parameters. This file-based coupling
ensures loose coupling, allowing each subsystem to evolve independently provided the
configuration schema remains stable.

2.4.2. RESTful API Communication

For real-time operations (training, prediction), the agent invokes the digital twin’s
API endpoints. Responses are structured JSON objects containing model performance
metrics, prediction results, and metadata. This synchronous communication pattern enables
immediate feedback to users while maintaining subsystem autonomy.
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2.5. Visualization Layer

The proposed design aims to present the prediction results using two complementary
visualisation methods:

• Embedded charts (implemented): The agent generates matplotlib-based line plots
showing historical data and predicted values. These images are displayed directly
within the conversational interface, providing immediate visual feedback.

• Interactive dashboards (future work): Provide the user with Microsoft Power BI
dashboards for deeper exploration. These dashboards would integrate data from
a database and offer interactive filtering, drill-down capabilities, and comparative
analysis across multiple time periods or scenarios [31].

This dual-visualization approach would balance conversational flow (quick inline
charts) with exploratory analysis (rich dashboards).

2.6. Validation Methodology: TRL 4 Experimental Design

Technology Readiness Level (TRL) 4 corresponds to “component and/or bread-
board validation in laboratory environment”. At this stage, the objective is to demon-
strate that the integrated system’s basic components function together in a controlled
setting, without requirements for production-scale performance, security hardening, or
real-world deployment.

2.6.1. Test Scenarios and Acceptance Criteria

Three sets of functional tests were designed to evaluate the main capabilities of
the system:

Test Set 1: Configuration Parameter Modification

Objective: Ensure that the conversational agent can accurately interpret user instruc-
tions and update configuration parameters accordingly.

Details: The test will involve a series of queries intended to modify specific configura-
tion settings. Each query will verify that the requested changes are correctly applied in the
system configuration.

Acceptance criterion: At least 90% of parameter modifications are correctly executed, as
verified by comparing the resulting configuration against the requested changes.

Test Set 2: Model Training and Selection

Objective: Evaluate the digital twin’s ability to train predictive models, assess their
performance, and select the optimal model.

Details: The test will cover multiple model combinations. Each pair of models will be
trained on the provided dataset, evaluated using standard performance metrics, and the
best-performing model will be identified for further use.

Acceptance criterion: The selected model achieves a MAPE below 15% on validation data.

Test Set 3: Prediction Generation

Objective: Verify that the system can generate accurate predictions and present them
through accessible visualizations.

Details: The tests will explore different prediction scenarios and assess the sys-
tem’s ability to display results through time-series plots and interactive dashboards for
user inspection.

Acceptance criterion: All predictions are numerically consistent with the underlying
models, and all visualizations render correctly without missing data.
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2.6.2. Execution and Metrics Collection

Each test case was executed manually by a researcher simulating the role of a hotel
facility manager. Interactions were logged, and the following metrics were recorded:

• Intent recognition accuracy: Percentage of user requests correctly interpreted by
the agent.

• Configuration update correctness: Whether the configuration file reflected intended
changes.

• Model training success rate: Percentage of training runs completing without errors.
• Prediction accuracy: MAE, MAPE, RMSE for each model on validation data.
• Visualization quality: Subjective assessment (correct/incorrect) of chart rendering

and data accuracy.
• System response time: Time from user input to agent response.

3. Results
This section presents the TRL 4 validation of the conversational AI agent and digital

twin system under controlled laboratory conditions. Tests covered intent recognition and
configuration, predictive model training, and prediction visualization, using a 12-month
synthetic hotel dataset with Occupancy as the target. Synthetic data enabled controlled
validation of system functionality and data flow while avoiding real-data constraints.
Although hotel data was used for realism, the system supports arbitrary datasets, variables,
and configurations.

3.1. Intent Recognition and Configuration Management

The conversational agent’s ability to interpret user intentions and manage the digital
twin’s configuration was evaluated through a test corpus of 100 utterances. This dataset
was designed to span four intent categories while testing different levels of linguistic
complexity: technical queries, informal natural language, and out-of-scope interactions.

Table 1 summarizes the results, providing a breakdown of the corpus and a brief
analysis of the four non-compliant cases identified.

Table 1. Test Corpus Breakdown and Intent Recognition Performance (N = 100).

Intent Category Utterance Type Test Cases Non-Compliance Accuracy (%)

Parameter Modification Technical & Informal 38 2 94.7
Model Training Technical/Structured 21 0 100.0
Prediction Generation Technical/Structured 6 0 100.0
System Robustness & Usability Informal & Out of scope 35 2 94.3

Overall 100 4 96.0

The system achieved an overall intent recognition accuracy of 96.0% across 100 diverse
functional test cases, exceeding the predefined acceptance criterion of 90%. A detailed
analysis of the four non-compliant cases identified the following root causes:

• Linguistic Ambiguity & Performance: Two failures occurred within the Parameter
Modification category due to the system’s inability to parse short technical abbrevia-
tions (e.g., “rf”, “arimas”) and an isolated instance of system timeout during rapid
bursts of status queries.

• Functional Constraints: Two failures within the Robustness & Usability category
stemmed from current architectural limitations. These included the inability to gen-
erate real-time graphical visualizations and constraints regarding direct Excel file
uploads, as the system is currently optimized for CSV formats.
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Results demonstrate that the agent correctly identified and processed the vast majority
of evaluated intents, while non-compliant cases have been identified as specific areas for
future iterative enhancement.

3.1.1. Configuration Modification Examples

To illustrate the agent’s operational capabilities, we present three representative exam-
ples of successful configuration modifications.

In the example in Figure 2, the agent correctly identified a single-parameter modifica-
tion intent and updated the corresponding configuration flag by enabling variance inflation
factor (VIF) analysis. The request was processed successfully, and the configuration change
was applied without errors, with a recorded response latency of 1.83 s.

Figure 2. Example of a single-parameter modification.

The agent successfully interprets multi-parameter modification requests as the one
shown in Figure 3, simultaneously disabling the variance inflation factor (VIF) analysis and
updating the forecasting horizon to 21 periods. Both configuration changes were applied
correctly within a single interaction, with a recorded response latency of 3.76 s.

Figure 3. Example of a multi-parameter modification.

In Figure 4, the agent handled a contextual configuration update by first validating
the user-provided aggregation method and identifying an invalid parameter value. Upon
detecting the error, the agent returned an informative message listing the supported ag-
gregation options. After the user provided a valid value, the agent successfully applied
the configuration update, demonstrating the system’s ability to maintain conversational
context across multiple turns. The interaction was completed with response latencies of
1.47 s for the validation step and 3.74 s for the final configuration update.
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Figure 4. Example of a contextual dialogue.

3.1.2. Configuration Correctness Validation

Beyond intent recognition, we validated the correctness of configuration modifications.
Across all test cases involving diverse modification patterns (single-parameter, multi-
parameter, and conditional logic), the agent achieved 100% configuration correctness, with
zero instances of:

• Type mismatches (e.g., string values assigned to numeric fields);
• Referential integrity violations (e.g., specifying non-existent variable values).

This result underscores the effectiveness of Pydantic-based schema validation (version
2.12.3) and the structured prompt engineering employed to guide Gemini 2.5 Flash Lite’s
configuration generation logic.

3.2. Predictive Model Training and Performance

The digital twin’s model training subsystem was evaluated by 21 experiments, corre-
sponding to all pairwise combinations of the available models. As the digital twin requires
at least two models to be trained simultaneously, each experiment involved selecting the
best-performing model based on validation metrics.

The evaluated models include:

• Statsmodels ARIMA;
• Statsmodels SARIMA;
• Moving Average;
• XGBRegressor;
• RandomForestRegressor;
• DecisionTreeRegressor;
• LinearRegression.

3.2.1. Model Performance Comparison

Model performance was evaluated using standard regression metrics, including MAE,
RMSE, and MAPE, calculated on validation data. In addition, the computational cost of
each experiment was assessed by recording the training time required to fit each model
under the evaluated configuration.

All candidate models were trained within a single pipeline and evaluated simul-
taneously on the same dataset, ensuring consistent comparison conditions. The results
indicate that model effectiveness varies according to the training scenario, with no single
model family consistently outperforming the others. Consequently, different techniques
emerged as optimal across the various experiments conducted. These findings highlight
the importance of automated model comparison rather than relying on a single modeling
approach [36].
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Key Findings:
The evaluation results indicate that no single model consistently outperformed all

others across the evaluated cases, and model selection was therefore determined based on
validation metrics. Linear Regression was the most frequently selected model, followed by
Random Forest and XGBoost, demonstrating that both linear and non-linear approaches
can effectively support occupancy forecasting under the evaluated conditions.

Across the 21 comparative tests, the system achieved a mean MAPE of 9.98%, with the
lowest observed error being 8.77%, obtained using Linear Regression. The majority of the
evaluated configurations satisfied the predefined acceptance threshold of 15%, with 95% of
experiments (20 out of 21) yielding MAPE values below this limit. These results confirm
that the predictive model training and selection criteria were successfully met, validating
the adequacy of the training data and the implemented feature engineering and automated
model comparison strategy under controlled TRL 4 validation conditions.

Comparatively poorer performance was observed for the Statsmodels ARIMA model,
whose higher prediction errors reflect the multifactorial nature of occupancy dynamics,
which are not fully captured by classical univariate time-series approaches.

3.2.2. Training Success Rate and Computational Performance

The training success rate was evaluated across the 21 model training experiments
conducted during the PoC. In all cases, the training processes completed successfully,
resulting in a 100% success rate, with no observed execution failures, crashes, or data
integrity issues.

Computational performance was assessed by observing the relative time required to
complete each training request. Training durations varied depending on the selected model
and configuration, reflecting the different computational complexities of the evaluated
approaches when including only some of the model families, ranging between 2.89 and
34.68 s in total. Despite this variability, all training processes were completed within
timeframes compatible with interactive analytical workflows, supporting the feasibility of
the proposed approach at TRL 4.

More computationally demanding models, such as ARIMA-based approaches, exhib-
ited longer execution times, while simpler or feature-based models completed training
more quickly, as expected.

3.3. Prediction Generation and Visualization

To validate the prediction generation and visualization capabilities of the system, five
representative prediction tests were conducted using different modeling approaches under
the evaluated configuration. In all cases, prediction requests were executed successfully and
the generated outputs were correctly processed and visualized, confirming the robustness
of the prediction pipeline under TRL 4 laboratory conditions.

For clarity and conciseness, only representative examples are presented in the
following subsections, illustrating both time-series-based and machine learning-based
prediction approaches.

3.3.1. Time-Series Predictions with Confidence Intervals

Figure 5 illustrates a short-term time-series forecast generated using the ARIMA model.
The prediction extends the historical pattern over a limited forecast horizon, providing a
conservative assessment of near-term behavior under controlled validation conditions.
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Figure 5. Seven-day occupancy time-series forecast with ARIMA model. The blue line represents
daily historical data from 1 January to 31 December 2023, while the orange line shows predicted
values for the first week of January 2024 (1–7 January).

3.3.2. Scenario-Based Predictions with Exogenous Variables

For non-time-series models, such as Random Forest, the system supports scenario-
based prediction by accepting user-provided CSV files containing future values of exoge-
nous variables. Figure 6 illustrates a representative occupancy prediction generated using
the Random Forest model under this approach.

Figure 6. Occupancy predictions using the Random Forest model. The model was trained on daily
historical data from 1 January to 31 December 2023, with predicted values shown for 1–7 January 2024.

The ability to generate what-if scenarios enables facility managers to evaluate the
impact of operational decisions (e.g., promotional campaigns affecting occupancy) on
resource requirements, supporting proactive capacity planning and cost optimization.

3.4. System Performance and Latency

System performance was evaluated by analyzing end-to-end response times of the
conversational agent across the different types of interactions conducted during the PoC,
including parameter modification, model training, and prediction generation requests.
Table 2 summarizes the average end-to-end response times observed for the different
interaction types evaluated during the PoC.

Table 2. Average End-to-End Latency by Interaction Type.

Interaction Type Average Response Time (s)

Parameter modification 2.39
Model training 18.44
Prediction generation 15.44
System Robustness & Usability <3
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Parameter modification requests handled by the conversational agent exhibited an
average response time of 2.39 s, supporting real-time interactive configuration. The majority
of these interactions were completed in under 3 s, with only a small number of responses
exhibiting slightly higher latency.

Furthermore, interactions focused on system robustness and usability, such as general
inquiries, status checks, and interface navigation, demonstrated the highest efficiency
based on the average response time of 2.39 s. This immediate feedback loop is critical for
maintaining user engagement and ensures that the conversational flow remains fluid even
during complex session management.

Model training requests required longer execution times due to the computational
cost of fitting and validating predictive models. The average latency for training operations
was 18.44 s. As expected, more computationally demanding models, such as ARIMA-based
approaches, exhibited longer training times compared to simpler or feature-based models.
Prediction generation requests showed a mean response time of 15.44 s, remaining within
acceptable limits for interactive analytical workflows.

Overall, the observed response times across all interaction types fall within acceptable
limits for a TRL 4 validation prototype, confirming the suitability of the system for conver-
sational interaction, model training, and prediction generation under controlled laboratory
conditions. As the system progresses toward higher maturity levels (TRL 5–6), further
optimization strategies, including model serving optimization, asynchronous execution,
and infrastructure scaling, will be explored to reduce latency and support deployment in
production environments.

3.5. Validation Against Acceptance Criteria

Table 3 summarizes the system’s performance against the predefined acceptance
criteria established in the validation methodology.

Table 3. Validation Results Against Acceptance Criteria.

Acceptance Criterion Target Result

Configuration correctness 90% 100%
Model training success rate 90% 100%
Predictive accuracy (MAPE < 15) 70% 95%
Intent Recognition 90% 96%
Visualization completeness 100% 100%

The validation results confirm that the integrated system meets or exceeds the prede-
fined functional and performance criteria required for a TRL 4 proof of concept. The system
demonstrated high-level performance in intent recognition and achieved full compliance
in configuration correctness, model training robustness, and visualization completeness,
while demonstrating adequate predictive accuracy through the successful identification of
models, meeting the defined MAPE threshold.

Overall, these results provide a solid empirical foundation for advancing the pro-
totype toward TRL 5 (validation in a relevant environment) and, subsequently, TRL 6
(demonstration in an operational environment).

4. Discussion
4.1. A Holistic Systems Engineering Perspective

The validation results presented in Section 3 demonstrate that integrating advanced
computational components into a coherent architecture yields system-level capabilities
beyond the isolated functionality of individual subsystems. This holistic integration, which

https://doi.org/10.3390/electronics15091869

https://doi.org/10.3390/electronics15091869


Electronics 2026, 15, 1869 17 of 26

includes natural language interaction, predictive simulation models, and interpretative
outputs, exemplifies the principles of Digital Twin Systems Engineering (DTSE) [37], where
information flows and interactions among subsystems are organized to achieve complex
system behavior.

Our approach addresses two key challenges commonly highlighted in digital twin
research [38,39]:

1. Heterogeneous model integration: bridging the semantic gap between natural
language user inputs and structured configuration schemas through NLP-based
parameter extraction.

2. Bi-directional synchronization: enabling real-time feedback loops where human
operators can query the digital twin’s state and adjust parameters dynamically.

The conversational interface lowers the technical barrier for non-specialist users (e.g.,
operations managers) to interact with sophisticated predictive models [40,41]. By encapsu-
lating complexity behind confirmation dialogues, users with minimal technical training
can deploy machine learning models with 100% model training success rate (Table 3),
which represents a particularly strong result for a conversationally driven workflow. This
highlights a central Industry 5.0 principle: technology should serve human needs rather
than humans adapting to technology [42].

From a systems engineering perspective, the proposed architecture emphasizes ro-
bustness, fault tolerance, and modularity. Resilience to potentially invalid or hallucinated
outputs from the LLM is ensured through strict validation of all configuration inputs and
tool interfaces using Pydantic schemas, preventing the execution of parameters that violate
predefined constraints. Additionally, the agent has retry mechanisms to adapt its outputs
to the required format and recover from minor inconsistencies, while logging mechanisms
may be incorporated to enable traceability and support continuous system refinement. The
architecture is composed of loosely coupled components, where the digital twin operates
as an independent API that continuously awaits requests, allowing asynchronous inter-
action between the agent and the training module. This decoupling improves robustness
to latency and communication failures, as components can operate and recover indepen-
dently; however, it currently limits concurrency, since training processes may introduce
bottlenecks. Although latency is higher during model training due to its computational
cost, communication between components remains stable and predictable, relying mainly
on internal services, and can be further optimized to reduce response times.

Regarding predictive performance, the models successfully met the predefined accep-
tance criterion of a MAPE < 15% for at least 70% of the tests, confirming the feasibility of
the predictive pipeline within the digital twin architecture. While this level of accuracy is
adequate for decision-support scenarios at the TRL 4 stage, it also indicates that further
improvements may be possible through the inclusion of richer operational datasets and
more advanced modeling strategies.

Two design implications emerge from this work:

1. Human-Centeredness: The system prioritizes usability and natural interaction,
enabling domain experts to leverage advanced analytics without requiring data
science expertise.

2. Modularity and Composability: Clear separation between the interaction layer
(conversational agent), simulation layer (digital twin), and decision support layer
(visualization) allows incremental enhancement or technology substitution without
redesigning the entire system.
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4.2. Limitations of TRL 4 Validation

As a TRL 4 validation, this work exhibits several limitations inherent to the controlled
proof-of-concept stage. These limitations are acceptable at this maturity level, where the pri-
mary goal is to demonstrate technical feasibility rather than operational readiness. Nonethe-
less, they must be acknowledged to guide future work toward TRL 5–6 deployments.

4.2.1. Data Acquisition and Realism

The dataset used for validation primarily consisted of 12 months of hotel operation
data. While it captures representative patterns such as weekly seasonality, it lacks the noise
and non-stationarity characteristic of real-world sensor data. Additionally, preliminary tests
were conducted using occupancy data from a real hotel obtained from Kaggle [43]; however,
these yielded high error metrics. This indicates that the current training mechanism
requires further refinement through deeper hyperparameter optimization. Furthermore,
future iterations should expand the agent’s capabilities to identify and propose additional
explanatory variables to enhance predictive accuracy. Consequently, future work must
validate the system against live data streams, addressing challenges such as missing
readings, calibration drift, and operational uncertainties.

4.2.2. Scalability and Performance

Model training and prediction generation times were within acceptable limits for an
experimental prototype, with average response times of approximately 18.44 s for training
and 15.44 s for prediction generation. While these results demonstrate the operational feasi-
bility of the architecture at the proof-of-concept level, they also reveal potential performance
bottlenecks if the system is scaled to larger datasets or multi-property deployments. Scaling
the system to large-scale hospitality chains (hundreds of properties, millions of records) will
require distributed computing infrastructure, incremental learning algorithms, and careful
attention to the bias-variance tradeoff inherent in model selection across heterogeneous
facilities [38].

4.2.3. Human Factors and Trust

Even at TRL 4, the system must consider human factors in mission-critical contexts.
Misconfigurations, though infrequent in the proof of concept, could have significant op-
erational consequences. Future research should investigate, for example, explainability
mechanisms such as visualizing the agent’s reasoning process, and develop fail-safe proto-
cols to enhance user trust and reliability.

4.2.4. Dashboard Integration and Visualization

A conceptual visualization layer based on Power BI was designed as a future extension
of the system to support the interpretation and use of predictive outputs in decision-making
contexts. A standalone dashboard prototype has been developed using a separate dataset
and database connection (Figure 7); however, it is not integrated with the conversational
agent or the digital twin core and has not been formally validated. At the current stage,
validation relies on embedded charts, which are sufficient for TRL4 functional testing. Full
integration with enterprise BI tools, along with extensions to additional target variables
such as electricity or water consumption, are planned for higher maturity levels (TRL 5–6).

4.3. Ethical Considerations

Although this study did not involve human subjects or personally identifiable infor-
mation, we adhered to responsible AI principles:
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• Data privacy: All operational data were simulated or anonymized. No real guest
information was used.

• Human oversight: The system is designed for decision support rather than au-
tonomous action; operational decisions remain with human facility managers.

• Error awareness and uncertainty communication: Model predictions are accompa-
nied by quantitative error metrics (e.g., MAPE), allowing users to assess the reliability
of the outputs. During validation, the predefined accuracy criterion (MAPE < 15% for
at least 70% of the tests) was satisfied, providing an empirical basis for supporting
informed decision-making.

• Non-autonomous operation: The role of the agent is limited to analysis and configu-
ration support and it does not execute real-world actions or modify external systems.

Figure 7. Conceptual design of a Power BI dashboard showing KPIs predicted by the digital twin.
All data is fictitious and is provided solely to illustrate what a hotel data dashboard might look like.

4.4. Toward TRL 5–6: Roadmap for Operational Validation

Advancing this system to TRL 5 (validation in relevant environment) and TRL 6
(demonstration in operational environment) will require addressing the following technical
and organizational challenges, particularly those related to scalability, real-world data
variability, and system integration beyond the controlled validation environment.

4.4.1. Real-World Pilots

Deploy the system in 2–3 operational hotels with diverse characteristics (boutique vs.
resort, urban vs. rural) to evaluate performance under realistic conditions. Metrics should
include not only predictive accuracy but also decision impact—e.g., reduction in energy
costs, improvement in waste diversion rates, and user satisfaction as measured by task
completion time and perceived utility.

4.4.2. Continuous Learning and Model Drift

Implement online learning mechanisms that allow models to adapt to changing opera-
tional patterns (e.g., seasonal demand shifts, renovations, new sustainability initiatives)
without requiring full retraining. This may involve ensemble methods that blend static
models (trained on historical data) with dynamic models (updated incrementally via
streaming data).

4.4.3. Multi-Stakeholder Governance

Infrastructure management involves diverse stakeholders (facility managers, sustain-
ability officers, procurement teams, senior management). The conversational interface must
evolve to support role-based interaction patterns, e.g., allowing sustainability officers to set
carbon reduction targets that automatically propagate to model configuration, or enabling
procurement teams to query cost-optimal resource allocation scenarios.
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4.4.4. Prescriptive Analytics

The current system provides predictive insights (“electricity consumption will be X
kWh next month”). The natural evolution is toward prescriptive analytics, recommending
specific actions (“reduce HVAC setpoint by 2 ◦C in low-occupancy zones to save 12%
energy while maintaining comfort”). This requires integrating optimization algorithms
(e.g., mixed-integer programming, reinforcement learning) with the digital twin’s predictive
models [41].

5. Conclusions
This paper has presented the design, implementation, and TRL 4 validation of an

integrated conversational AI agent and digital twin system for complex infrastructure
management. The system achieves an overall intent recognition accuracy of 96% across
100 diverse functional test cases, 100% configuration correctness, and predictive model per-
formance meeting the predefined acceptance threshold in 95% of evaluated configurations
(mean MAPE 9.98%, lowest observed 8.77%), confirming the technical feasibility of the
proposed architecture.

Beyond these quantitative results, the work was evaluated to demonstrate three
qualitative contributions to systems engineering practice:

1. Lowering Technical Barriers: By encapsulating complex machine learning workflows
behind a conversational interface, the system is designed to make advanced predic-
tive analytics accessible to non-specialist users. The system design was informed
through consultation with hotel management experts during the planning and de-
velopment phases, aligning with human-centered design principles as defined in
ISO 9241-210 [44], which emphasize early involvement of domain experts to improve
usability and adoption. Preliminary evaluation through representative interaction
scenarios indicates that users can configure models and define simulation parameters
using natural language, without requiring knowledge of underlying ML processes.
These results provide initial evidence of reduced technical barriers; however, valida-
tion with real end-users remains necessary.

2. Emergent System-Level Capabilities: The integration of conversational AI and
digital twins creates a synergistic capability in the form of natural language-driven
parametric simulation. This capability could not be achieved by either subsystem
independently and reflects the systems engineering principle of emergence.

3. Methodological Insights for TRL 4 Validation: The structured validation methodol-
ogy, including intent recognition, model performance, and traceability assessment,
provides a replicable framework for evaluating similar AI-integrated systems.

A key limitation of this study is the absence of a large-scale, formal usability evaluation.
While the research design was informed by continuous consultation with tourism industry
experts and included a preliminary walkthrough with a non-technical hotel executive,
these qualitative insights do not replace a larger-scale user study. Further research is
necessary to confirm whether end-users can effectively integrate the proposed design into
their daily operational workflows and to validate the system’s utility across a broader range
of professional profiles.

Looking ahead, the path to TRL 5–6 deployment requires addressing data realism,
scalability, and human factors. The validated functional integration and interaction model
are specifically designed to lower technical barriers, establishing a foundation for con-
versational, user-adaptive digital twins. However, confirming that this design objective
translates into a measurable improvement for daily management remains a critical next step,
requiring future validation in live operational contexts with a larger sample of end-users.
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Appendix A. System Prompt and Configuration
Appendix A.1. Agent System Prompt

The following appendix presents the system prompt used to guide the behavior of the
conversational agent. This prompt defines the agent’s role, available actions, and interaction
constraints, ensuring consistent and structured operation within the proposed architecture.

Listing A1: Agent System Prompt Definition.

You are a specialist assistant in managing configuration files for
simulation models.

You can help users:
- Check or display the initial or current configuration (tool: view
actual config)
- Update a configuration parameter (tool: change config value)
- Update multiple configuration parameters (tool: change config value)
- View the configuration file structure
- Save changes (tool: save config changes)
- Train models (tool: train model tool)
- Make predictions using a trained model (tool: predict model tool)

Instructions:
- Use the tools as needed and explain the changes you make.
- Display the current configuration settings when requested.
- Report any changes made and ask to save before exiting.
- Save changes only if the user requests it.
- Report any errors received by the tools.
- Training: Use ‘train model tool’. Respond with model name, ID, and
metrics.
- CSV Updates: Ask for new CSV and modify ‘project.data.path’.
- Predictions: Ask for Model ID. For ARIMA/SARIMA, ask for steps. For
others, require a CSV. Response consists solely of predictions.

Configuration structure:
{config structure}
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Appendix A.2. System Configuration File

The following section presents the configuration file used within the system for data
preprocessing and model training. This configuration defines the parameters that control
feature selection, transformation processes, and training settings.

Listing A2: YAML Configuration Structure.

project:
name: Example
data:

path: "path/to/file.csv"
split_ratio: 0.8

# --- CSV Format Settings ---
csv_sep: ","
decimal_sep: "."
encoding: "latin1"

# --- Column Definitions ---
date_column: "date_column_name"
date_format: "%Y-%m-%d"
target_variable: "target_column_name"
numerical_columns:

[
"column_name_1",
"column_name_2",
"column_name_3",

]

preprocessing:
aggregation_method: "last"
missing_value_method: none
apply_outlier: true
lagged_features: [1, 2]
apply_correlation: true
apply_vif: true
x_scaling: none
y_scaling: none
frequency_options: "D"
n_periods: 30

results:
output_dir: "path/to/results/"
filename: "filename.csv"

models:
estimators:

default:
- MovingAverageModel
- LinearRegression
- DecisionTreeRegressor
- RandomForestRegressor
- XGBRegressor
- StatsmodelsARIMAModel
- StatsmodelsSARIMAModel
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Appendix B. Examples of Interactions with the Digital Twin
Configuration Agent

This appendix provides a series of documented interactions between human operators
and the proposed AI agent. These cases illustrate the system’s robustness in translating
natural language instructions into precise configuration parameters for industrial Digital
Twins. The following examples demonstrate the agent’s capability to handle linguistic
variability, maintain contextual continuity, and interpret suboptimal inputs without com-
promising the integrity of the configuration process.

Appendix B.1. Syntactic Invariance and Semantic Mapping

This section illustrates the agent’s ability to process syntactically diverse inputs that
convey identical functional requirements. The provided screenshots (Figures A1 and A2)
demonstrate that whether an operator uses passive voice, a short, direct order or a hesitant
tone, the agent consistently identifies the underlying intent. This ensures that the configu-
ration logic remains decoupled from specific phrasing, allowing for a flexible user interface
that accommodates various communicative styles.

Figure A1. Examples of interactions with syntactically different inputs (1).

Figure A2. Examples f interactions with syntactically different inputs (2).
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Appendix B.2. Contextual Persistence in Multi-Turn Dialogues

The following interactions highlight the agent’s proficiency in managing multi-turn
conversations where subsequent instructions depend on prior state information. In these
scenarios, as shown in the example at Figure A3 the agent maintains a persistent internal
representation of the session, allowing it to resolve anaphoric references (e.g., “use the
configuration to run the training”) and execute incremental adjustments. This capabil-
ity is critical for complex setup tasks that cannot be effectively articulated in a single,
isolated command.

Figure A3. Examples of a multi-turn interaction.

Appendix B.3. Heuristic Processing of Informal Language and Typographical Errors

Figure A4 presents an English example of the agent’s resilience when faced with
informal register, colloquialisms, and common typographical mistakes, similar to those
validated during the research. The system correctly infers the operator’s intent despite
“noisy” input, thereby reducing the need for repetitive manual corrections.

Figure A4. Example of an interaction with informal language.
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