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Featured Application

The proposed AI-assisted PID tuning framework may be relevant to industrial automation,
process control, energy and electronics systems, robotics, and mechatronic applications,
where controller parameters must be quickly determined from object input-output data,
while satisfying predefined performance requirements. However, these application do-
mains were not directly evaluated in this paper, and further validation is required using
representative real-world case studies.

Abstract

Generative artificial intelligence tools are increasingly being used to support engineering
tasks; however, their applicability to process identification, controller tuning, and con-
trol performance prediction remains insufficiently investigated. This article evaluates the
capabilities of GenAI systems to identify dynamic process models, design PI and PID
controllers, and predict closed-loop performance metrics. Five benchmark process models
representing first-order, delayed, integrated, and second-order dynamics were considered.
Open-loop and closed-loop datasets were provided to two AI systems, which were then
requested to identify process models, propose controller parameters, and predict overshoot,
settling time, integral of time-weighted absolute error, and disturbance rejection time. The
generated controller settings were validated using MATLAB/Simulink simulations, and
both absolute and relative prediction errors were calculated. The results show that both
AI systems could generate feasible controller parameters that produced stable closed-loop
responses for most of the processes investigated. However, significant discrepancies were
observed between predicted and simulated performance indicators. The integrating process
exhibited the highest prediction errors, indicating substantial difficulties in interpreting
integrating dynamics. The results suggest that current GenAI systems can support pre-
liminary controller design and process analysis but cannot yet replace simulation-based
validation for accurate quantitative performance assessment.

Keywords: PID controller tuning; generative artificial intelligence; data-driven control;
open-loop and closed-loop process data
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1. Introduction
Proportional–Integral–Derivative (PID) controllers remain the most widely used con-

trol algorithms in industrial automation due to their simple structure, robustness, reliability,
and ease of implementation. Despite the development of advanced control strategies,
PID controllers continue to dominate industrial applications, including process control,
manufacturing systems, energy conversion systems, robotics, and mechatronic devices.
Recent industrial surveys indicate that PID-based solutions remain the preferred regula-
tory control technology because they provide acceptable performance with relatively low
implementation complexity [1,2]. The quality of a closed-loop control system is strongly
influenced by the selection of PID controller parameters. In practical applications, controller
tuning involves achieving a balance among several often conflicting objectives, including
low overshoot, fast settling time, zero steady-state error, effective disturbance rejection, and
limited control effort. In addition, industrial actuators are commonly subject to amplitude,
rate, or energy constraints, which requires the controller parameters to be selected not only
according to performance criteria, but also according to physical limitations of the con-
trolled system. Consequently, PID tuning continues to attract substantial research interest
despite decades of theoretical and practical developments [3]. Historically, PID tuning has
been dominated by analytical and empirical approaches. Classical methods, such as the
Ziegler–Nichols tuning rules, established the foundations of practical controller design
and are still widely used in industrial environments due to their simplicity [4]. Subse-
quently, model-based approaches, including Internal Model Control (IMC), provided more
systematic tuning procedures capable of achieving improved robustness and closed-loop
performance [5]. Although these methods remain important milestones in control engineer-
ing, they typically require process identification, mathematical modelling, or considerable
domain expertise [6].

To address these limitations, researchers have increasingly explored artificial intel-
ligence and computational intelligence techniques for controller tuning. Recent reviews
demonstrate a growing interest in fuzzy systems, neural networks, genetic algorithms,
particle swarm optimisation, differential evolution, and hybrid intelligent approaches for
PID parameter optimisation. These methods often outperform classical tuning rules and
are capable of handling non-linearities, uncertainties, and multiple design objectives [7,8].
However, their successful application usually requires dedicated optimisation frameworks,
extensive computational resources, algorithm-specific parameter selection, and significant
control engineering experience. As a result, their adoption in routine engineering practice
remains limited.

In parallel, the rapid development of generative artificial intelligence (GenAI) and
large language models (LLMs) has introduced a new paradigm for engineering design
and decision support. Unlike conventional AI techniques that are typically developed
for a narrowly defined optimisation task, LLMs combine domain knowledge, reasoning
capabilities, numerical interpretation, and natural language interaction within a single
framework. Recent studies have demonstrated the potential of GenAI for engineering
design, knowledge extraction, design space exploration, and decision-making support, sug-
gesting that these technologies may significantly transform engineering workflows [9,10].
The application of large-language models to control engineering has only recently begun
to attract scientific attention. Preliminary studies indicate that state-of-the-art models are
capable of solving control-related problems, interpreting engineering information, and
helping in control system analysis. Furthermore, recent research highlights an emerging
convergence between control theory and large language models, where LLMs can serve not
only as knowledge assistants but also as active participants in controller design workflows.
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However, the practical use of generative AI for determining controller parameters under
explicit engineering requirements remains largely unexplored [11,12].

However, the practical use of Generative AI for process identification, controller
tuning, and quantitative performance prediction remains largely unexplored. Existing
studies on LLM-assisted control engineering focus mainly on control-theory assistance,
conceptual controller design guidance, educational support, or qualitative engineering
recommendations [13,14]. Comparatively few studies investigate whether Generative AI
systems can directly generate PI/PID controller parameters from identified process models
and reliably predict resulting closed-loop performance metrics before simulation-based
validation [15]. Furthermore, the influence of open-loop and closed-loop process data on
GenAI-assisted process identification and controller tuning has received limited attention
in the existing literature. Consequently, the capability of current Generative AI systems
to support the complete workflow from process data to controller design and closed-loop
performance assessment remains insufficiently understood [13].

A particularly important research gap exists in the area of AI-assisted controller tuning
under multiple performance and actuator (control signal amplitude) constraints. Exist-
ing AI-based PID tuning approaches mainly rely on optimisation algorithms or machine
learning models trained for predefined tasks. On the contrary, generative AI systems offer
the possibility of directly generating controller parameters from engineering specifications
through a natural language interaction process. This capability could significantly simplify
controller commissioning, reduce dependence on expert knowledge, shorten design cycles,
and improve accessibility of advanced control design techniques for a broader engineering
community [12,16].

Therefore, this paper investigates the applicability of generative artificial intelligence
to the tuning of the PID controller under predefined performance and actuator (control
signal amplitude) constraints. The proposed framework employs a large language model
as an engineering assistant responsible for determining the parameters of ideal and parallel
PID controllers. The tuning process is guided by explicit control objectives, including
a maximum overshoot below a specified limit, a minimum settling time, zero steady-
state error, effective disturbance rejection, and compliance with actuator (control signal
amplitude) constraints.

Unlike previous studies that mainly investigate conversational assistance and quali-
tative controller design support, the present work evaluates the complete workflow from
process identification and controller parameter generation to closed-loop performance
prediction and simulation-based validation using both open-loop and closed-loop datasets.
The present work contributes:

1. A unified evaluation framework covering process identification, controller tuning,
and closed-loop performance prediction from process data;

2. An assessment of direct ideal and parallel PI/PID controller parameter generation by
Generative AI systems;

3. A comparison of GenAI performance using both open-loop and closed-loop pro-
cess data;

4. A quantitative evaluation of AI-generated closed-loop performance predictions;
5. A benchmark comparison with a conventional IMC-based tuning method.

The remainder of the paper is organised as follows. Section 2 presents the proposed
generative AI-assisted tuning methodology. Section 3 describes the benchmark systems,
controller structures, and evaluation procedures. Section 4 reports the results obtained
and the comparative performance analysis. Section 5 discusses the advantages, limitations,
and practical implications of the proposed approach and outlines the direction for future
research. Finally, Section 6 summarises the conclusions.
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2. Generative AI-Assisted PID Tuning Methodology
2.1. General Framework

The proposed methodology investigates whether a generative AI system can determine
suitable controller parameters directly from simulation-generated process data, without
explicit access to the analytical process model. The underlying hypothesis is that the
AI model can infer relevant dynamic characteristics of the process from observed input-
output behaviour and subsequently generate controller parameters that satisfy predefined
performance requirements.

The proposed tuning workflow is illustrated in Figure 1 and consists of the follow-
ing stages:

1. Acquisition of process data;
2. Construction of a structured engineering prompt;
3. Interpretation of process dynamics by the LLM;
4. Generation of candidate PI and PID controller parameters;
5. Closed-loop validation;
6. Performance evaluation;
7. Iterative refinement when necessary.

Figure 1. Generative AI-assisted PID tuning framework.

The controller design requirements provided to the GenAI systems may be interpreted
as a multiobjective tuning problem involving stability, overshoot, settling time, control
effort, and disturbance-rejection considerations. However, the present study does not at-
tempt to investigate the internal optimisation mechanisms of the evaluated large language
models. Instead, the generated controller parameters are treated as outputs of black-box
AI systems and assessed solely through their resulting closed-loop performance. When a
response was incomplete or failed to provide controller parameters that satisfied perfor-
mance requirements and constraints, an additional clarification prompt could be issued.
No formal iterative optimisation procedure was implemented.

The framework can be applicable to both continuous-time and discrete-time PID
controller implementations.

2.2. Problem Formulation

The objective of the proposed methodology is to determine the PI and PID controller
parameters that satisfy predefined control performance and actuator (control signal ampli-
tude) constraints. For a process characterised by experimental observations, the controller
parameters are selected to satisfy
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https://doi.org/10.3390/app162010438


Appl. Sci. 2026, 16, 10438 5 of 32

Mp < Mp,max, (1)

where Mp is an overshoot;

ess = 0, (2)

where ess is a steady-state error;

|u(t)| < Umax, (3)

where u(t) is the controller output, while simultaneously minimising the settling time

Ts → min. (4)

To obtain a quantitative measure of control performance, the Integral Time Weighted
Absolute Error (ITAE) criterion was adopted, as it is one of the most widely used perfor-
mance indices for controller evaluation and tuning [17]:

ITAE =
∫︂ ∞

0
t|e(t)|dt (5)

where e(t) denotes the tracking error.
The overall tuning problem can therefore be expressed as minimising ITAE subject

to (1–3). The selected formulation is consistent with contemporary multi-objective PID
tuning methodologies, where controller quality is assessed by simultaneously considering
transient performance, steady-state accuracy, and actuator limitations [7,8].

2.3. PID Type Controller Structures

The proposed framework considers both the PI and PID controller structures in ideal
and parallel form [18].

The continuous-time ideal PI controller is defined as

CPI(s) = Kc(1 +
1

Tis
), (6)

where Kc is the controller gain and Ti is the integral time constant.
The continuous-time parallel PI controller is represented as

CPI(s) = Kp +
Ki
s

, (7)

where Kp and Ki denote proportional and integral gains, respectively.
The continuous-time ideal PID controller is defined as

CPID(s) = Kc(1 +
1

Tis
+ Tds), (8)

where Td is the derivative time constant.
The continuous-time parallel PID controller is represented as

CPID(s) = Kp +
Ki
s
+ Kds, (9)

where Kd denotes the derivative gain.
Although the ideal and parallel controller forms are mathematically related through

parameter conversion, they were intentionally evaluated as separate prompting scenarios.
The objective was to investigate whether the representation of the controller design problem
affected the responses generated by ChatGPT and Microsoft Copilot. Therefore, the con-
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troller parameters produced for the ideal and parallel forms were treated as independent
AI-generated designs rather than converted versions of the same controller.

The PID controllers were implemented in their ideal form according to Equation (8).
No derivative filtering was applied, and the derivative term was calculated using the
control error signal. The derivative term may improve transient response characteristics
such as overshoot and settling time. However, it should not be interpreted as a direct
compensation mechanism for dead time. Condition |u(t)| ≤ 5 was treated as a design
requirement and used to evaluate the resulting controller performance.

2.4. Experimental Scenarios

To evaluate the capabilities of generative AI in controller synthesis, two experimental
scenarios were investigated.

2.4.1. Scenario A: Open-Loop Step Response Data

In the first scenario, the AI model receives only the measured process step-response
data. The supplied dataset contains

n, Time, Z, PV, (10)

where n represents the row number; Time represents time in seconds; Z represents a unit
step input signal, and PV is the corresponding process response.

No analytical process model or transfer function is provided to the LLM. Based solely
on these experimental observations, the GenAI model is required to determine:

• Continuous-time ideal PI parameters;
• Continuous-time parallel PI parameters;
• Continuous-time ideal PID parameters;
• Continuous-time parallel PID parameters.

This scenario evaluates whether the generative AI model can infer process dynamics
directly from open-loop simulated data.

2.4.2. Scenario B: Closed-Loop Operational Data

In the second scenario, the generative AI model receives closed-loop operational data
generated during known controller operation. The supplied dataset consists of

n, Time, PV, Setpoint, CO, (11)

where Setpoint represents the reference signal from the closed-loop system, and CO is the
corresponding known controller output.

In addition, the known PI or PID parameters used during the experiment are provided.
The process transfer function remains unknown to the AI model.

Based solely on these experimental observations, the generative AI model is required
to determine:

• Continuous-time ideal PI parameters;
• Continuous-time parallel PI parameters;
• Continuous-time ideal PID parameters;
• Continuous-time parallel PID parameters.

The objective is to investigate whether generative AI can redesign and improve exist-
ing controllers directly from operational closed-loop data. Such AI-assisted engineering
workflows represent an emerging research direction in both engineering design and con-
trol applications.
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2.5. Prompt Templates

Prompt engineering is recognised as a critical factor that influences the quality, con-
sistency, and reproducibility of LLM-generated results [10,16]. Therefore, fixed prompt
templates were used throughout the paper.

2.5.1. Prompt Template for Scenario A

The controller synthesis procedure started with the determination of the ideal PI
controller parameters using the following prompt.

In the attached file „Time” column represents time; „Z” column represents process input;
„PV” column represents process output.

Determine continuous-time ideal PI type controller parameters which: guarantee closed-loop
stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5; guarantee
<5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE. For the
designed controller provide: PI parameters; predicted overshoot; predicted settling time; predicted
disturbance rejection time; stability assessment; ITAE value and justification of parameter selection.

The interaction with the generative AI model was performed sequentially. After obtaining
the continuous-time ideal PI controller parameters, the following prompt was submitted.

Determine continuous-time parallel PI type controller parameters which: guarantee closed-
loop stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5;
guarantee <5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE. For
the designed controller provide: PI parameters; predicted overshoot; predicted settling time; predicted
disturbance rejection time; stability assessment; ITAE value and justification of parameter selection.

After the parallel PI controller parameters had been obtained, the AI model was
requested to determine the parameters of the continuous-time ideal PID controller.

Determine continuous-time ideal PID type controller parameters which: guarantee closed-loop
stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5; guarantee
<5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE. For the
designed controller provide: PID parameters; predicted overshoot; predicted settling time; predicted
disturbance rejection time; stability assessment; ITAE value and justification of parameter selection.

After the ideal PID controller parameters had been obtained, the AI model was
requested to determine the parameters of the continuous-time parallel PID controller.

Determine continuous-time parallel PID type controller parameters which: guarantee closed-
loop stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5;
guarantee <5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE.
For the designed controller provide: PID parameters; predicted overshoot; predicted settling time;
predicted disturbance rejection time; stability assessment; ITAE value and justification of parame-
ter selection.

2.5.2. Prompt Template for Scenario B

The controller synthesis procedure started with the determination of continuous-time
ideal PI controller parameters using the following prompt

In the attached file „Time” column represents time; „PV” column represents process output
in the closed loop; „Setpoint” column represents setpoint; “CO” column represents controller
output-process input. Data was obtained with PI type controller which transfer function 1(1 + 1/s).

Determine continuous-time ideal PI type controller parameters which: guarantee closed-loop
stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5; guarantee
<5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE. For the
designed controller provide: PI parameters; predicted overshoot; predicted settling time; predicted
disturbance rejection time; stability assessment; ITAE value and justification of parameter selection.

https://doi.org/10.3390/app162010438
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The interaction with the generative AI model was performed sequentially. After obtaining
the continuous-time ideal PI controller parameters, the following prompt was submitted.

Determine continuous-time parallel PI type controller parameters which: guarantee closed-
loop stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5;
guarantee <5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE. For
the designed controller provide: PI parameters; predicted overshoot; predicted settling time; predicted
disturbance rejection time; stability assessment; ITAE value and justification of parameter selection.

Next, the generative AI model was asked to determine the parameters of the
continuous-time ideal PID controller.

Determine continuous-time ideal PID type controller parameters which: guarantee closed-loop
stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5; guarantee
<5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE. For the
designed controller provide: PID parameters; predicted overshoot; predicted settling time; predicted
disturbance rejection time; stability assessment; ITAE value and justification of parameter selection.

Subsequently, the parameters of the continuous-time parallel PID controller
were requested.

Determine continuous-time parallel PID type controller parameters which: guarantee closed-
loop stability; guarantee zero steady-state error; enforce the raw controller output |u(t)| < 5;
guarantee <5% overshoot; minimal settling time; improve disturbance rejection; minimal ITAE.
For the designed controller provide: PID parameters; predicted overshoot; predicted settling time;
predicted disturbance rejection time; stability assessment; ITAE value and justification of parame-
ter selection.

2.6. Experimental Configuration of GenAI Systems

The experiments were carried out using ChatGPT (OpenAI, GPT-5.5) and Microsoft 365
Copilot (version number: bizchat.20260701.51.3). For each benchmark process, both systems
received identical input information, including the process dataset, task descriptions, and
evaluation instructions, to ensure a fair comparison.

For every benchmark process and dataset scenario (Scenario A and Scenario B), a new
conversation session was started. Consequently, the open-loop and closed-loop experi-
ments were performed independently, and no information from previous interactions was
available in the conversational context. This procedure ensured that both ChatGPT and
Microsoft Copilot processed exactly the same information under equivalent experimen-
tal conditions.

The experiments were carried out between June 2026 and August 2026 using the
publicly available versions of the respective services. Since Generative AI systems are con-
tinuously updated by their providers, complete reproducibility of the responses obtained
cannot be guaranteed, and future versions of the models may produce different results
under identical prompting conditions.

To minimise user-induced variability, the same prompt templates, datasets, and in-
structions were applied to both AI systems throughout the study. Each prompt was
submitted only once, and the first response generated by the system was used for further
analysis. Multiple executions of identical prompts were not performed; therefore, response
variability and repeatability were not investigated and remain outside the scope of the
present work.

The prompts used in the experiments, together with the datasets and Supplementary
Materials required to reproduce the study, are provided in the Supplementary Materials.

https://doi.org/10.3390/app162010438
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2.7. Validation Procedure

The transfer functions of the benchmark systems were intentionally hidden from the
Generative AI systems and used exclusively for validation purposes. Consequently, the AI
models performed process identification and controller design solely on the basis of the
provided datasets, without access to the actual benchmark process models.

After the LLM-generated controller parameters were obtained, each controller together
with the benchmark model was implemented in MATLAB/Simulink (version R2019a) and
evaluated using closed-loop simulations. The validation procedure consists of the following:

1. Implementation of the generated PI or PID controllers;
2. Closed-loop simulation using benchmark processes;
3. Evaluation of transient and steady-state performance indicators;
4. Comparison of LLM-predicted and simulated performance indices.

This validation framework enables an objective assessment of Generative AI systems
as engineering assistants for process identification, controller tuning, and closed-loop
performance prediction.

3. Benchmark Processes and Experimental Setup
3.1. Benchmark Processes

The proposed Generative AI-assisted framework was evaluated using five benchmark
processes representing several classes of industrial dynamics commonly encountered
in PID control studies, including first-order, second-order, integrating, and time-delay
systems. Such benchmark models are widely used in the process-control literature for
the development and evaluation of process identification and PID tuning methods, as
they provide representative yet well-understood dynamic behaviours while enabling
reproducible comparisons between control-design approaches [19].

The benchmark processes considered in this paper are defined as follows:

Process P1 G1(s) =
1

5s + 1
, (12)

Process P2 G2(s) =
e−5s

5s + 1
, (13)

Process P3 G3(s) =
1

s(5s + 1)
, (14)

Process P4 G4(s) =
1

s2 + 2s + 1
, (15)

Process P5 G5(s) =
e−5s

s2 + 2s + 1
. (16)

The transfer functions presented above were not provided to the Generative AI systems
and were used exclusively during the validation stage. Consequently, AI systems were
required to infer the process dynamics solely from the supplied datasets. The original
benchmark models were subsequently used to evaluate the quality of the identified process
representations and the performance of the generated controllers.

It should be emphasised that the benchmark processes do not represent specific
physical plants. Therefore, the control signal u(t) is dimensionless and normalised. The
constraint |u(t)| < 5 was introduced as a normalised control-signal amplitude limit to
generate closed-loop benchmark datasets used in the controller design and prediction
tasks. The same limit was applied to all benchmark processes to ensure a consistent
and comparable evaluation framework. The selected bound does not correspond to any
particular actuator limitation and was used solely for benchmarking purposes.
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3.2. Benchmark Datasets

The benchmark datasets were generated using numerical simulation of the processes
defined in Section 3.1. Consequently, the datasets represent synthetic process data rather
than measurements obtained from physical systems. The simulations were performed
under idealised conditions and did not include measurement noise, parameter uncer-
tainty, sensor quantisation effects, actuator non-linearities, or other disturbances commonly
encountered in industrial environments.

As described in Section 2.4, two independent datasets were created for each bench-
mark process:

• An open-loop dataset corresponding to Scenario A;
• A closed-loop dataset corresponding to Scenario B.

Consequently, a total of ten datasets were generated and used during the experiments.
All datasets were stored in comma-separated values (CSV) format and provided

directly to Generative AI systems. This approach was intended to emulate practical
industrial situations in which historical operating data is available, while an accurate
analytical process model is unavailable or difficult to obtain.

To ensure transparency and reproducibility of the proposed methodology, all datasets
are provided as Supplementary Materials. Separate files are available for the open-loop and
closed-loop datasets of the benchmark processes P1–P5, allowing independent verification
and replication of the reported experiments.

The benchmark datasets were the only source of process information available to
Generative AI systems during the identification and controller design tasks.

3.2.1. Open-Loop Dataset

For Scenario A, each benchmark process was excited by a unit-step signal applied
at the process input. The resulting output response was recorded throughout the simula-
tion interval.

The dataset supplied to the GenAI model consisted of the variables provided in (10).
A representative data structure is shown in Table 1.

Table 1. Example structure of the open-loop dataset supplied to the GenAI model.

n Time, s Z PV

0 0 0 0
1 0.1 1 0.02
2 0.2 1 0.04

. . . . . . . . . . . .

Using this information only, the GenAI model was requested to determine the con-
troller parameters according to the procedure described in Section 2.5.1.

3.2.2. Closed-Loop Operational Dataset

The second type corresponds to the closed-loop scenario described in Section 2.4.
For each benchmark process, an initial ideal PI or PID controller was implemented and
operated under reference tracking conditions. During the experiment, the time, reference
signal Setpoint, controller output CO, and process output PV were recorded throughout the
simulation interval.

The dataset supplied to the GenAI model consisted of the variables provided in (11).
Furthermore, the controller parameters shown in Table 2 and used during data acquisition
were provided to the GenAI model.

https://doi.org/10.3390/app162010438
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Table 2. The continuous-time ideal PID controller (8) parameters used during data acquisition.

Process Kc Ti, s Td, s

P1 1 1 0
P2 1 10 0
P3 1 20 0
P4 1 0.5 0
P5 0.4 2.5 1

Unlike the open-loop scenario, this experiment evaluates whether generative AI can
improve an already existing control loop solely on the basis of operational process data.

3.3. Validation and Comparative Evaluation

The performance of the controllers generated by the generative AI system was assessed
using the benchmark process models introduced in Section 3.1.

Since the analytical process models were intentionally hidden from the GenAI models
during the identification tuning stage, the benchmark transfer functions were employed
exclusively during the validation phase. Their role was twofold: (i) to assess the quality
of the generated controller parameters and (ii) to evaluate the accuracy of the closed-loop
performance indicators predicted by the AI systems.

For each benchmark process and tuning scenario, ChatGPT and Microsoft Copilot
were requested to provide the following:

• Controller parameters;
• Predicted maximum overshoot;
• Predicted settling time;
• Predicted disturbance rejection time;
• Predicted steady-state error;
• Predicted ITAE.

To provide a conventional benchmark for the evaluation of controller tuning quality,
additional PI and PID controllers were designed using the Internal Model Control (IMC)
tuning method. The IMC controllers were calculated separately using the process models
identified by ChatGPT and Microsoft Copilot. Consequently, the comparison focused on
the quality of the generated controller settings while avoiding confounding effects caused
by differences in the identified process models.

For each benchmark process, the IMC controller parameters were determined from
the corresponding identified model using standard IMC tuning rules. The resulting closed-
loop responses were subsequently evaluated using the same performance criteria as those
applied to GenAI-generated controllers.

The generated controller parameters were implemented in MATLAB R2019a and
validated using MATLAB/Simulink. Simulation-based validation was used because it is
one of the most widely used approaches to assess controller performance and compare
alternative control strategies [20]. Ideal PI and PID controllers were implemented in
Simulink according to the controller structures defined in Section 2.3. The control signal was
limited using a saturation block with upper and lower bounds of +5 and −5, respectively.
No derivative filtering was applied. Anti-windup compensation was not implemented.

All closed-loop experiments were performed under identical simulation conditions.
The simulations were executed using the ode45 solver with default tolerances. The simula-
tion horizon was 200 s and a disturbance of amplitude 0.5 was introduced at t = 100 s. No
measurement noise, parameter uncertainty, sensor quantisation, actuator non-linearities, or
other nonideal industrial effects were included.

https://doi.org/10.3390/app162010438
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Controller performance was evaluated using the criteria defined in Section 2.2, includ-
ing maximum overshoot Mp, settling time Ts, steady-state error ess, integral time-weighted
absolute error ITAE, disturbance rejection time TDR and the maximum control-signal mag-
nitude (max u(t)).

The validation procedure, summarised in Figure 1, enabled the evaluation of two
complementary aspects of the design of a Generative AI-assisted controller:

1. The ability of the AI model to generate controller parameters satisfying the specified
performance requirements;

2. The accuracy of the AI model in predicting the resulting closed-loop behaviour.

In addition to controller performance evaluation, the discrepancies between the perfor-
mance indicators predicted by the AI systems and those obtained from MATLAB/Simulink
simulations were analysed. This analysis provides insight into the reliability of Generative
AI as an engineering assistant capable not only of generating controller parameters but also
of estimating expected closed-loop performance prior to implementation.

4. Results and Discussion
4.1. Process Dynamics Interpretation by Generative AI

The first stage of the evaluation was focused on the ability of generative AI to interpret
process dynamics from the supplied datasets. For each benchmark process, the AI model
was requested to identify the dominant dynamic characteristics and justify the proposed
controller parameters.

Although analytical transfer functions were not provided to the AI model, the gener-
ated explanations indicated that the model could recognise essential process properties,
including dominant time constants, dead-time effects, integrating behaviour, and potential
oscillatory dynamics.

Two widely used generative AI systems, ChatGPT (OpenAI, GPT-5.5) and Microsoft
Copilot, were selected for analysis. Both systems are based on large language model
technology and have recently attracted attention as potential tools for engineering design,
modelling, and control system applications [11,12,21,22].

Subsequently, the inferred process characteristics were compared with the actual
benchmark models introduced in Section 3.1.

4.1.1. Open-Loop Dataset Scenario

The first experiment investigated the ability of generative AI systems to infer process
dynamics directly from open-loop step-response data. For each benchmark process, only
the measured time response was supplied to the AI models, while the analytical transfer
functions remained unknown.

The transfer functions estimated by ChatGPT and Copilot from the open-loop step
response datasets are summarised in Table 3.

Both models successfully captured the dominant dynamics of the first-order process
P1 and the first-order plus dead-time process P2, producing transfer functions that closely
matched the benchmark models. Greater deviations were observed for the integrating pro-
cess P3 and the second-order processes P4 and P5, where AI systems generally reduced the
description of the process to lower-order approximations. Such simplifications are expected,
since multiple low-order models may reproduce similar step-response characteristics over
a finite observation interval.
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Table 3. Benchmark process models and transfer functions inferred from open-loop data.

Process Actual Transfer
Function

ChatGPT Estimated
Transfer Function

Copilot Estimated
Transfer Function

P1 1/(5s + 1) 1/(5.01s + 1) 1/(5s + 1)
P2 e−5s/(5s + 1) e−4s/(6s + 1) e−5s/(5s + 1)
P3 1/(s(5s + 1)) e−0.1s/s 0.98e−0.12s/s
P4 1/(s2 + 2s + 1) 1.001e−0.342s/(1.584s + 1) 1.001e−0.442s/(1.584s + 1)
P5 e−5s/(s2 + 2s + 1) 1.0015e−5.34s/(1.585s + 1) e−5s/(2s + 1)

To quantitatively assess the quality of the model, the fit criterion (FIT) was calculated
over the time interval of 0 to 50 s according to [23]

FIT = 100
(︃

1 − ∥y − ŷ∥
∥y − y∥

)︃
%, (17)

where y denotes the output of the actual (benchmark) model; ŷ denotes the output of the
identified model; and y is the mean value of the benchmark output.

Table 4 summarises the FIT values.

Table 4. Quantitative comparison of process characteristics estimated from open-loop data.

Process ChatGPT FIT (%) Copilot FIT (%)

P1 99.84 100.00
P2 91.41 100.00
P3 67.21 71.16
P4 91.36 94.31
P5 95.88 92.74

Very good agreement was achieved for the first-order process P1 and the delayed
first-order process P2, where both AI systems reproduced the benchmark dynamics with
FIT values exceeding 90%. Copilot achieved 100% FIT values for both processes. On the
contrary, identification accuracy decreased considerably for the integrating process P3,
indicating the difficulty of inferring integrating behaviour solely from open-loop step-
response data.

Despite the structural mismatch between the original and identified models, both
AI systems provided accurate approximations of the second-order processes P4 and P5.
Although the original second-order dynamics were represented by simplified lower-order
models, the resulting FIT values remained above 90%, suggesting that the dominant
dynamic characteristics were successfully preserved.

In general, the average FIT values obtained by ChatGPT and Copilot were 89.14% and
91.64%, respectively. These results indicate that both Generative AI systems were capable
of extracting process models that captured the dominant process dynamics and provided a
sufficiently accurate basis for subsequent controller design and simulation studies.

4.1.2. Closed-Loop Dataset Scenario

The second experiment evaluated the ability of GenAI systems to infer process dynam-
ics from closed-loop operational data. In contrast to the open-loop scenario, AI systems
received not only the process response, but also the reference signal, controller output, and
controller parameters used during data acquisition. The transfer functions estimated by
ChatGPT and Copilot are summarised in Table 5.

The results obtained show that both AI systems were able to identify the dominant
dynamics of the self-regulating processes P1, P2, P4, and P5. Copilot consistently produced
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models that were closer to the benchmark dynamics across all investigated processes,
particularly for P1, P2, and P5. ChatGPT tended to simplify the process dynamics and, in
some cases, introduced artificial delays or substantially different time constants. For the P3
integrating process, neither AI system was able to correctly reconstruct the true structure of
the process, and both generated simplified first-order plus dead-time approximations.

Table 5. Benchmark process models and transfer functions inferred from closed-loop data.

Process Actual Transfer
Function

ChatGPT Estimated
Transfer Function

Copilot Estimated
Transfer Function

P1 1/(5s + 1) 1.02 e−0.87s/(1.18s + 1) 1/(4s + 1)
P2 e−5s/(5s + 1) 1/(5s + 1) e−5s/(6s + 1)
P3 1/(s(5s + 1)) 1.55 e−0.6s/(4.9s + 1) 4 e−0.2s/(8.1s + 1)
P4 1/(s2 + 2s + 1) 1.01/(2.38s + 1) 1.01 e−0.3s/(2.12s + 1)
P5 e−5s/(s2 + 2s + 1) 1.04/(7.85s + 1) e−5.2s/(3.1s + 1)

To quantitatively evaluate the identified models, the fit criterion defined by (17) was
calculated over the time interval from 0 to 50 s. The resulting values are summarised in
Table 6.

Table 6. Quantitative comparison of process characteristics estimated from closed-loop data.

Process ChatGPT FIT (%) Copilot FIT (%)

P1 33.37 83.35
P2 42.19 90.91
P3 −70.25 −56.56
P4 82.27 86.16
P5 57.56 81.49

The FIT values presented in Table 6 reveal noticeable differences between the two
GenAI systems. Copilot consistently outperformed ChatGPT for the first-order and delayed
first-order processes P1 and P2, achieving FIT values of 83.35% and 90.91%, respectively. In
comparison, ChatGPT achieved significantly lower values because the estimated models
did not accurately reproduce the dominant process time constants and delay characteristics.

For the second-order processes P4 and P5, both systems generated simplified lower-
order approximations of the original dynamics. However, the resulting FIT values indicate
that the dominant transient behaviour was captured with reasonable accuracy. This ob-
servation demonstrates that accurate reproduction of the dominant closed-loop dynamics
does not necessarily require recovery of the exact process structure. In both cases, Copilot
achieved higher FIT values than ChatGPT. The P3 integrating process remained a challenge
for both AI systems, producing negative FIT values. This result indicates that the identified
models reproduced the process response worse than the mean-value approximation and
therefore failed to capture the essential integrating dynamics of the benchmark process.
Process P3 exhibited the highest identification errors among the benchmark systems. This
process contains an integrator, whose effect is partially suppressed by the feedback con-
troller during closed-loop operation. As a consequence, the identification data contain less
information about the true integrating behaviour of the process than would be available
under open-loop conditions. The reduced observability of the integrating dynamics can
lead to the estimation of a model that appears more self-regulating than the actual process.
Therefore, the larger identification errors observed for P3 are consistent with the combined
effects of integrating dynamics and the masking influence of feedback control.

https://doi.org/10.3390/app162010438

https://doi.org/10.3390/app162010438


Appl. Sci. 2026, 16, 10438 15 of 32

A comparison with the open-loop identification results presented in Section 4.1.1
shows that the closed-loop datasets generally resulted in lower identification accuracy for
the investigated Generative AI systems, particularly for processes P1, P2 and P3. This find-
ing suggests that the feedback controller may obscure important process characteristics that
are more readily observable in open-loop step-response data. Overall, closed-loop datasets
proved more challenging for process identification, especially when integrating dynamics
was present. However, Copilot generated reasonably accurate models for processes P1, P2,
P4, and P5, whereas ChatGPT achieved satisfactory results primarily for the second-order
processes P4 and P5.

4.2. PI Controller Synthesis Results

The next stage of the investigation focused on the ability of generative AI systems to
synthesise continuous-time PI controllers based on the inferred process dynamics. For each
benchmark process, ChatGPT and Copilot were requested to determine the parameters of
the ideal and parallel PI controller structures while satisfying the performance requirements
defined in Section 2.2.

The generated controller parameters reflect the different process interpretations dis-
cussed in Section 4.1. Consequently, noticeable differences between the tuning recommen-
dations provided by the two AI systems can be observed for several benchmark processes.
In particular, the largest discrepancies are associated with processes that exhibit integrat-
ing behaviour or second-order dynamics, where the inferred process models differed
substantially from the original benchmark systems.

4.2.1. Open-Loop Dataset Scenario

The PI controller parameters generated from open-loop step-response data are pre-
sented in Table 7. IMC controller parameters were calculated separately for the process
models identified by ChatGPT and Microsoft Copilot.

Table 7. Comparison of AI-generated and IMC-based continuous-time ideal (6) and parallel (7) PI
controller parameters obtained from open-loop data.

Process Identification Source Tuning Method Kc Ti, s Kp Ki

P1 ChatGPT IMC 1.0 5.01 1.0 0.1996
P1 ChatGPT ChatGPT 4.95 5.0 4.95 0.99
P1 Copilot IMC 1.0 5.0 1.0 0.2
P1 Copilot Copilot 4.9 5.0 4.9 0.98
P2 ChatGPT IMC 0.75 6.0 0.75 0.125
P2 ChatGPT ChatGPT 0.75 6.0 0.75 0.125
P2 Copilot IMC 0.5 5.0 0.5 0.1
P2 Copilot Copilot 0.5 5.0 0.5 0.1
P3 ChatGPT IMC 3.33 0.4 3.33 8.33
P3 ChatGPT ChatGPT 1.67 2.4 1.65 0.69
P3 Copilot IMC 2.834 1.44 2.834 1.968
P3 Copilot Copilot 0.91 4.48 0.91 0.203
P4 ChatGPT IMC 2.314 1.584 2.314 1.461
P4 ChatGPT ChatGPT 2.32 1.58 2.32 1.47
P4 Copilot IMC 0.781 1.584 0.781 0.493
P4 Copilot Copilot 1.8 1.6 1.8 1.125
P5 ChatGPT IMC 0.148 1.585 0.1482 0.0935
P5 ChatGPT ChatGPT 0.148 1.585 0.148 0.0935
P5 Copilot IMC 0.2 2.0 0.2 0.1
P5 Copilot Copilot 0.2 2.0 0.2 0.1
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The results indicate that both AI systems generated physically meaningful controller
parameters for all benchmark processes. For the first-order process P1 and the first-order
plus dead-time process P2, the controller parameters proposed by ChatGPT and Copilot
were generally consistent with the corresponding IMC tuning recommendations. In several
cases, including P2 and P5, the AI-generated parameters were identical or nearly identi-
cal to the IMC-derived values, suggesting that the systems successfully inferred tuning
relationships consistent with established control engineering practice.

The largest discrepancies between the AI-generated and IMC-derived controller pa-
rameters were observed for the integrating process P3. Both ChatGPT and Copilot proposed
substantially smaller controller gains and larger integral times than those obtained using
IMC tuning. These differences are consistent with the lower identification accuracy reported
for P3 in Section 4.1.1 and indicate that the integrating dynamics remained a challenge for
the investigated Generative AI systems.

For the second-order processes P4 and P5, both AI systems generated PI controller
settings that were broadly consistent with the corresponding IMC solutions despite being
derived from simplified process models. This observation suggests that accurate controller
tuning may still be obtained even when the identified process model does not exactly
match the true process structure. Overall, the results indicate that the AI-generated tuning
recommendations frequently followed trends similar to those produced by the IMC method,
particularly when the process dynamics were identified with high accuracy.

4.2.2. Closed-Loop Dataset Scenario

The PI controller parameters generated using closed-loop operational data are pre-
sented in Table 8.

Table 8. Comparison of AI-generated and IMC-based continuous-time ideal (6) and parallel (7) PI
controller parameters from closed-loop data.

Process Identification Source Tuning Method Kc Ti, s Kp Ki

P1 ChatGPT IMC 0.665 1.18 0.665 0.564
P1 ChatGPT ChatGPT 0.67 1.18 0.67 0.57
P1 Copilot IMC 4.0 4.0 4.0 1.0
P1 Copilot Copilot 3.48 1.36 3.5 2.56
P2 ChatGPT IMC 5.0 5.0 5.0 1.0
P2 ChatGPT ChatGPT 0.65 8.0 0.8 0.1
P2 Copilot IMC 0.6 6.0 0.6 0.1
P2 Copilot Copilot 0.6 6.0 0.6 0.1
P3 ChatGPT IMC 1.04 4.9 1.04 0.211
P3 ChatGPT ChatGPT 2.05 4.8 2.05 0.427
P3 Copilot IMC 0.244 8.1 0.244 0.0301
P3 Copilot Copilot 1.8 5.0 1.15 0.5
P4 ChatGPT IMC 4.713 2.38 4.713 1.98
P4 ChatGPT ChatGPT 0.82 2.4 0.82 0.34
P4 Copilot IMC 3.5 2.12 3.5 1.65
P4 Copilot Copilot 2.1 2.12 2.1 0.99
P5 ChatGPT IMC 0.9615 7.85 0.9615 0.1225
P5 ChatGPT ChatGPT 0.22 5.5 0.22 0.04
P5 Copilot IMC 0.298 3.1 0.298 0.096
P5 Copilot Copilot 0.6 5.7 0.6 0.105

Compared with the open-loop scenario, the controller parameters obtained from
closed-loop datasets exhibited substantially larger variations between AI-generated
and IMC-derived tuning results. This behaviour is consistent with the lower process-
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identification accuracy reported in Section 4.1.2, since the controller synthesis procedure
relied directly on the identified process models.

For some benchmark processes, particularly P1 (ChatGPT) and P2 (Copilot), the AI-
generated controller parameters were identical or very close to the corresponding IMC
tuning recommendations. This result suggests that when the identified process model
adequately captured the dominant process dynamics, Generative AI systems were capable
of reproducing tuning trends consistent with established control engineering practice.

The largest discrepancies between the AI-generated and IMC-derived controller pa-
rameters were observed for processes P3 and P4. In particular, substantial differences were
obtained in controller gain and integral time for the integrating process P3, reflecting the
poor identification results reported in Table 6. These findings indicate that identification
errors propagated directly into the tuning stage and resulted in controller parameters that
deviated significantly from the classical recommendations of IMC.

Overall, the closed-loop datasets produced less consistent tuning recommendations
than the corresponding open-loop datasets. However, both ChatGPT and Copilot continued
to generate physically meaningful controller parameters for all benchmark processes,
enabling further evaluation through closed-loop simulation studies.

4.3. PID Controller Synthesis Results

To further improve transient performance and disturbance rejection capability, both
GenAI systems were subsequently requested to determine continuous-time ideal and paral-
lel PID controller parameters. In contrast to the PI controller design discussed in Section 4.2,
the introduction of derivative action provides an additional degree of freedom that may
improve response speed and reduce overshoot, particularly for processes exhibiting dead
time, oscillatory dynamics, or significant dynamic lag.

The controller parameters were analysed with respect to the identified process models
and the imposed design requirements. Particular attention was paid to differences between
the tuning strategies adopted by ChatGPT and Copilot, as these differences can significantly
influence the resulting closed-loop performance.

4.3.1. Open-Loop Dataset Scenario

The PID controller parameters generated from the open-loop step response data are
summarised in Table 9.

The PID controller parameters obtained from the open-loop datasets reveal noticeable
differences between the AI-generated tuning recommendations and the corresponding IMC-
derived controller settings. For the self-regulating processes P1 and P2, both ChatGPT and
Copilot generated physically meaningful PID parameters; however, substantial deviations
from the IMC solutions were observed, particularly in the proportional gains and derivative
time constants.

The largest discrepancies between the AI-generated and IMC-derived controllers were
observed for the integrating process P3. Both AI systems proposed significantly smaller
controller gains and substantially different integral and derivative settings than those
obtained using IMC tuning. These differences are consistent with the reduced identification
accuracy reported for P3 in Section 4.1.1 and suggest that the inferred process dynamics
had a strong influence on the resulting controller parameters.

For the second-order processes P4 and P5, both AI systems generated PID settings that
remained broadly consistent with the characteristics of the identified models. Although
the controller parameters did not exactly match the IMC recommendations, the selected
proportional, integral, and derivative actions reflected reasonable control design choices
for systems containing higher-order dynamics and time delays.
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Overall, the results indicate that both ChatGPT and Copilot considered the derivative
action beneficial to improving transient-response characteristics. However, the generated
PID parameters frequently differed from the corresponding IMC solutions, indicating that
the AI systems relied on tuning heuristics that were not always consistent with classical
model-based tuning rules.

Table 9. Comparison of AI-generated and IMC-based continuous-time ideal (8) and parallel (9) PID
controller parameters from open-loop data.

Process Identification Source Tuning Method Kc Ti, s Td, s Kp Ki Kd

P1 ChatGPT IMC 1.0 5.01 0.0 1.0 0.1996 0.0
P1 ChatGPT ChatGPT 4.7 5.0 0.8 4.7 0.94 3.76
P1 Copilot IMC 1.0 5.0 0.0 1.0 0.2 0.0
P1 Copilot Copilot 4.9 5.0 0.5 4.9 0.98 2.45
P2 ChatGPT IMC 1.333 8.0 1.5 1.333 0.1667 2.0
P2 ChatGPT ChatGPT 1.1 6.0 1.5 1.1 0.183 1.65
P2 Copilot IMC 1.0 7.5 1.67 1.0 0.133 1.667
P2 Copilot Copilot 0.6 6.0 0.0833 0.6 0.1 0.05
P3 ChatGPT IMC 5.27 0.54 0.084 4.9 8.17 0.42
P3 ChatGPT ChatGPT 2.2 2.2 0.12 2.2 1.0 0.26
P3 Copilot IMC 4.94 0.56 0.06 4.94 8.82 0.296
P3 Copilot Copilot 1.25 3.2 0.35 1.25 0.391 0.438
P4 ChatGPT IMC 3.418 1.755 0.154 3.418 1.948 0.526
P4 ChatGPT ChatGPT 2.8 1.5 0.28 2.85 1.9 0.75
P4 Copilot IMC 1.212 1.805 0.194 0.999 0.553 0.194
P4 Copilot Copilot 2.7 2.08 0.148 2.7 1.3 0.4
P5 ChatGPT IMC 0.531 4.255 0.995 0.5304 01247 0.5275
P5 ChatGPT ChatGPT 0.185 1.585 0.4 0.185 0.117 0.074
P5 Copilot IMC 0.6 4.5 1.11 0.6 0.133 0.667
P5 Copilot Copilot 0.24 2.0 0.5 0.24 0.12 0.12

4.3.2. Closed-Loop Dataset Scenario

The PID controller parameters generated from closed-loop operational data are pre-
sented in Table 10.

Compared with the open-loop tuning results, the PID controllers obtained from the
closed-loop datasets exhibited substantially greater variability. This observation is con-
sistent with the lower process identification accuracy reported in Section 4.1.2, since the
controller design procedure relied directly on the identified process models.

The comparison between the AI-generated and IMC-derived controller parameters
reveals considerable differences for several benchmark processes. For some cases, such as
P1 identified by ChatGPT and P5 identified by Copilot, the controller parameters remained
broadly consistent with the corresponding IMC tuning recommendations. In contrast,
substantial deviations from the IMC solutions were observed for processes P2 and P3,
particularly in the proportional gains and derivative-time settings.

The integrating process P3 again produced the largest discrepancies between the AI-
generated and IMC-derived controllers. This result is consistent with the poor identification
accuracy reported in Table 6 and suggests that the model identification errors propagated
directly into the controller design stage. Similar effects can be observed for P2, where
inaccurate estimation of process dynamics resulted in controller settings that differed
significantly from the corresponding IMC recommendations.

Overall, the results indicate that the tuning recommendations obtained from closed-
loop datasets were less consistent than those derived from open-loop data. However, both
ChatGPT and Copilot generated physically meaningful PID controller parameters for all
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benchmark processes, enabling further evaluation through closed-loop simulation and
performance analysis studies.

Table 10. Comparison of AI-generated and IMC-based continuous-time ideal (8) and parallel (9) PID
controller parameters from closed-loop data.

Process Identification Source Tuning Method Kc Ti, s Td, s Kp Ki Kd

P1 ChatGPT IMC 1.213 1.615 0.318 1.213 0.751 0.386
P1 ChatGPT ChatGPT 0.82 1.2 0.26 0.82 0.683 0.213
P1 Copilot IMC 4.0 4.0 0.25 4.0 1.0 0.0
P1 Copilot Copilot 4.0 1.6 0.55 4.2 2.63 2.6
P2 ChatGPT IMC 5.0 5.0 0.0 5.0 1.0 0.0
P2 ChatGPT ChatGPT 1.1 6.11 0.636 1.15 0.2 0.65
P2 Copilot IMC 1.133 8.5 1.765 1.133 0.133 2.0
P2 Copilot Copilot 0.75 6.0 1.5 0.75 0.125 1.125
P3 ChatGPT IMC 0.976 8.2 0.099 0.976 0.119 0.096
P3 ChatGPT ChatGPT 2.45 4.2 0.85 2.45 0.583 2.08
P3 Copilot IMC 3.73 5.2 0.283 3.73 0.717 1.06
P3 Copilot Copilot 1.8 3.0 0.667 1.8 0.6 1.2
P4 ChatGPT IMC 4.713 2.38 0.0 4.713 1.98 0.0
P4 ChatGPT ChatGPT 1.35 2.4 0.42 1.35 0.563 0.567
P4 Copilot IMC 4.99 2.27 0.14 4.99 2.2 0.7
P4 Copilot Copilot 3.0 2.12 0.2 3.0 1.42 0.6
P5 ChatGPT IMC 0.9615 7.85 0.0 0.9615 0.1225 0.0
P5 ChatGPT ChatGPT 0.28 4.8 0.55 0.28 0.058 0.154
P5 Copilot IMC 0.731 5.7 1.41 0.731 0.128 1.034
P5 Copilot Copilot 0.7 6.0 2.0 0.7 0.1167 1.4

4.4. Closed-Loop Performance Evaluation

The closed-loop performance of the controllers proposed by ChatGPT and Microsoft
Copilot was evaluated using MATLAB/Simulink simulations. The controller parameters
generated by the AI systems were applied to the benchmark process models (12–16), and
the resulting closed-loop responses were analysed in terms of overshoot Mp, settling time Ts,
steady-state error ess, integral of time-weighted absolute error ITAE, disturbance rejection
time TDR, and the maximum control-signal magnitude |u(t)|.

The prediction ability of the GenAI systems was assessed by comparing the perfor-
mance indices predicted by the AI tools with the corresponding values obtained from
simulation. The accuracy of the prediction was evaluated using absolute and relative
prediction error metrics commonly used in prediction and machine learning studies [24,25].

The relative prediction error was calculated as

ER = 100

⃓⃓
Ppred − Psim

⃓⃓
|Psim|

%, (18)

where Ppred denotes the AI-predicted value, and Psim denotes the simulated value. Cases
with Psim = 0 were excluded from the relative error analysis because the error is mathemati-
cally undefined.

Additionally, the absolute prediction error was evaluated as follows:

AE = |Ppred − Psim|. (19)

Performance indices Mp, Ts, and ITAE were evaluated from the reference follow-up
response prior to disturbance application (0 ≤ t < 100 s). Settling time was defined as the
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time it takes for the process output to enter and remain within a ±2% band around the
final value.

To evaluate the performance of disturbance rejection, a step disturbance with an
amplitude of 0.5 was introduced at the input of the process at t = 100 s. The disturbance
remained active for the remainder of the simulation. The same disturbance scenario
was applied to all benchmark processes and controller designs, including the IMC-based
controllers, to ensure a consistent comparison framework. The disturbance rejection time
TDR was defined as the time it takes for the process output to return to and remain within
the ±2% band after the application of the disturbance.

4.4.1. Open-Loop Dataset Scenario

Table 11 presents the performance indices predicted by ChatGPT and Microsoft Copilot
when open-loop datasets were provided.

Table 11. The predicted performance by GenAI from open-loop data.

Process GenAI Controller Mppred, % Tspred, s ITAEpred TDRpred, s

P1 ChatGPT Ideal PI ≈0–2 ≈5–6 ≈5–6 ≈4–5
P1 ChatGPT Parallel PI ≈1–2 ≈5.2 ≈5.4 ≈4.5
P1 ChatGPT Ideal PID ≈0.5–1.5 ≈4.2 ≈4.6 ≈3.8
P1 ChatGPT Parallel PID ≈1 ≈4.2 ≈4.6 ≈3.8
P1 Copilot Ideal PI ≈0 ≈4.0 ≈1.04 ≈4–5
P1 Copilot Parallel PI ≈0 ≈4.0 ≈1.04 ≈4.5
P1 Copilot Ideal PID ≈0 ≈3.3 ≈0.8 ≈3.0–3.5
P1 Copilot Parallel PID ≈0 ≈3.3 ≈0.8 ≈3.0–3.5
P2 ChatGPT Ideal PI ≈2–4 ≈18 ≈20–24 ≈14–16
P2 ChatGPT Parallel PI ≈3 ≈18 ≈22 ≈14–16
P2 ChatGPT Ideal PID ≈2–3 ≈12 ≈15 ≈9–10
P2 ChatGPT Parallel PID ≈2–3 ≈12 ≈15 ≈9–10
P2 Copilot Ideal PI ≈4.0 ≈30 ≈72 ≈25–30
P2 Copilot Parallel PI ≈4 ≈30 ≈72 ≈25–30
P2 Copilot Ideal PID ≈0.4 ≈24 ≈60.5 ≈20–24
P2 Copilot Parallel PID ≈0.44 ≈24 ≈60.5 ≈20–24
P3 ChatGPT Ideal PI ≈2–3 ≈3.5–4 ≈1.2–1.4 ≈3
P3 ChatGPT Parallel PI ≈3 ≈3.8 ≈1.3 ≈3
P3 ChatGPT Ideal PID ≈2 ≈2.8 ≈0.95 ≈2.2
P3 ChatGPT Parallel PID ≈2–3 ≈2.7 ≈0.95 ≈2.2
P3 Copilot Ideal PI ≈1–3 ≈5 ≈5.5–6.5 ≈4
P3 Copilot Parallel PI ≈2 ≈5 ≈6 ≈3–4
P3 Copilot Ideal PID ≈3 ≈3.2 ≈3.5 ≈2.5
P3 Copilot Parallel PID ≈2.5–3.0 ≈3.2 ≈3.5 ≈2.5
P4 ChatGPT Ideal PI 4.7 2.1 0.34 2.6
P4 ChatGPT Parallel PI 4.7 2.1 0.34 2.6
P4 ChatGPT Ideal PID 2.3 1.55 0.19 1.8
P4 ChatGPT Parallel PID 2.1 1.5 0.18 1.7
P4 Copilot Ideal PI 4.9 2.7 0.58 3.1
P4 Copilot Parallel PI 4.9 2.7 0.58 3.1
P4 Copilot Ideal PID 0.63 1.21 0.319 3.05
P4 Copilot Parallel PID 0.63 1.21 0.319 3.05
P5 ChatGPT Ideal PI ≈2 ≈27 Low ≈22
P5 ChatGPT Parallel PI ≈2 ≈27 Low ≈22
P5 ChatGPT Ideal PID ≈3 ≈18 Lower PI ≈15
P5 ChatGPT Parallel PID ≈3 ≈18 Low ≈15
P5 Copilot Ideal PI ≈4.0 ≈30.2 ≈71.7 ≈30–40
P5 Copilot Parallel PI ≈4.0 ≈30.2 ≈71.7 ≈30–40
P5 Copilot Ideal PID ≈3–4 ≈22–25 ≈58 ≈20–25
P5 Copilot Parallel PID ≈3.5 ≈23 ≈58 ≈22
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The results indicate that both AI systems were able to identify general performance
trends. Lower settling times and ITAE values were generally predicted for PID controllers
than for PI controllers. Processes P2 and P5 were consistently associated with slower
responses and larger performance indices than P1 and P4, while the integrating process P3
generated the largest differences between the predictions of ChatGPT and Copilot.

To quantify the precision of the prediction, the simulated responses were compared
with the AI-generated predictions. To enable quantitative error analysis, the GenAI re-
sponses were converted into numerical values according to the following rules. Exact
numerical values were used directly. The approximate numerical values (e.g., “≈2”) were
converted to the corresponding numerical value (“2”). Predictions expressed as intervals
(e.g., “≈5–6”) were represented by the midpoint of the interval. Qualitative descriptions
such as “Low” or comparative statements (e.g., “Lower than the original controller”) were
not converted into numerical values and were excluded from numerical error calculations.
These rules were applied consistently throughout the study.

The resulting prediction errors are summarised in Table 12.

Table 12. Prediction errors from open-loop data.

Process GenAI Controller MpAE TsAE ITAE AE TDRAE MpER TsER ITAE ER TDRER

P1

ChatGPT PI 1.00 1.36 2.04 6.22 N/A 32.80 58.83 58.02
ChatGPT PID 4.39 10.33 3.75 7.94 81.45 71.10 44.91 67.62
Copilot PI 0.06 0.15 2.36 6.26 100.00 3.54 69.38 58.17
Copilot PID 3.75 8.91 5.35 8.56 100.00 72.97 87.00 72.48

P2

ChatGPT PI 8.86 16.91 44.16 13.00 74.71 48.44 66.75 46.43
ChatGPT PID 27.62 18.78 46.91 14.34 91.70 61.01 75.77 60.15
Copilot PI 0.39 1.92 3.22 4.50 8.93 6.02 4.28 14.06
Copilot PID 0.60 5.67 0.78 10.00 60.09 30.96 1.27 31.25

P3

ChatGPT PI 185.77 96.04 98552.99 N/A 98.67 96.24 100.00 N/A
ChatGPT PID 2.00 96.87 86078.40 N/A N/A 97.19 100.00 N/A
Copilot PI 59.03 94.92 5744.21 N/A 96.72 95.00 99.90 N/A
Copilot PID 745.92 96.74 4850.06 N/A 99.60 96.80 99.93 N/A

P4

ChatGPT PI 10.15 3.27 1.63 1.88 68.34 60.88 82.73 41.95
ChatGPT PID 12.32 3.24 1.99 2.16 84.27 67.64 91.27 54.59
Copilot PI 4.42 3.13 1.44 1.49 47.43 53.69 71.29 32.46
Copilot PID 6.56 2.13 1.07 2.67 91.23 63.79 77.05 46.69

P5

ChatGPT PI 2.56 5.77 83.70 13.51 56.10 17.61 99.41 38.05
ChatGPT PID 11.51 12.44 93.03 21.07 79.33 40.87 99.57 58.41
Copilot PI 0.30 1.16 1.39 3.08 7.00 3.98 1.98 9.65
Copilot PID 9.05 5.09 19.01 12.74 72.10 17.81 24.68 36.16

Table 12 shows that prediction accuracy strongly depended on the type of process. The
largest errors were obtained for the integrating process P3, where both AI systems produced
settling time and ITAE prediction errors close to 100%. On the contrary, comparatively
accurate predictions were achieved for the P2 process using the Copilot-generated PI
controller, with relative errors below 15% for all investigated performance indices. Similarly,
Copilot produced highly accurate predictions for process P5 with the PI controller, where
the relative errors in overshoot, settling time, ITAE, and disturbance rejection time remained
below 10%.

Although both AI systems were generally able to capture qualitative closed-loop per-
formance trends, substantial discrepancies between predicted and simulated values were
observed in many cases. These results indicate that quantitative performance prediction
remains a challenging task for current Generative AI systems, particularly when integrating
dynamics is present.

https://doi.org/10.3390/app162010438

https://doi.org/10.3390/app162010438


Appl. Sci. 2026, 16, 10438 22 of 32

4.4.2. Closed-Loop Dataset Scenario

Table 13 presents the controller performance predicted by ChatGPT and Copilot using
closed-loop datasets.

Table 13. The predicted performance by GenAI from closed-loop data.

Process GenAI Controller Mppred, % Tspred, s ITAEpred TDRpred, s

P1 ChatGPT Ideal PI ≈2–4 ≈5–6 Lower than original controller ≈4–5
P1 ChatGPT Parallel PI ≈3.2 ≈5.4 ≈2.9 ≈4.3
P1 ChatGPT Ideal PID ≈2.1 ≈3.4 ≈1.85 ≈2.8
P1 ChatGPT Parallel PID ≈2.0 ≈3.3 ≈1.8 ≈2.7
P1 Copilot Ideal PI 4.6 7.1 ≈2.3 ≈7
P1 Copilot Parallel PI 4.6 7.1 ≈2.3 ≈7
P1 Copilot Ideal PID 2.8 5.3 ≈1.5 ≈5
P1 Copilot Parallel PID 1.5 5.0 ≈1.2 ≈5
P2 ChatGPT Ideal PI 3.8 22 ≈20.5 18
P2 ChatGPT Parallel PI 4.1 20 ≈18.7 16
P2 ChatGPT Ideal PID 2.3 12 ≈10.6 9
P2 ChatGPT Parallel PID 2.0 11 ≈9.8 8
P2 Copilot Ideal PI ≈4.1 ≈30 ≈72 ≈20
P2 Copilot Parallel PI ≈4.1 ≈30 ≈71.7 ≈20
P2 Copilot Ideal PID ≈2.5 ≈18 ≈48 ≈12
P2 Copilot Parallel PID 2.5 18 ≈48 12
P3 ChatGPT Ideal PI 3.7 11.4 9.1 7.6
P3 ChatGPT Parallel PI 3.7 11.4 9.1 7.6
P3 ChatGPT Ideal PID 2.8 8.6 6.5 5.2
P3 ChatGPT Parallel PID 2.8 8.6 6.5 5.2
P3 Copilot Ideal PI ≈3–4 ≈8–10 ≈10–12 ≈6–8
P3 Copilot Parallel PI 4.6 11–12 ≈9–11 8–10
P3 Copilot Ideal PID ≈3 ≈8–9 ≈6–8 ≈5–7
P3 Copilot Parallel PID ≈3.6 ≈8.5 ≈7 ≈6
P4 ChatGPT Ideal PI 2.8 14 ≈4.0 18
P4 ChatGPT Parallel PI 2.8 14 ≈4.0 18
P4 ChatGPT Ideal PID 1.5 8.5 ≈2.3 10
P4 ChatGPT Parallel PID 1.5 8.5 ≈2.3 10
P4 Copilot Ideal PI ≈0–1 ≈3.2 ≈0.78 ≈3–4
P4 Copilot Parallel PI ≈0–1 ≈3.2 ≈0.78 ≈3–4
P4 Copilot Ideal PID ≈3 ≈2.0 ≈0.45 ≈2.0–2.5
P4 Copilot Parallel PID ≈3 ≈2.0 ≈0.45 ≈2.0–2.5
P5 ChatGPT Ideal PI 3–5 22–26 ≈38–42 14–18
P5 ChatGPT Parallel PI ≈3.8 ≈23 ≈40 ≈15
P5 ChatGPT Ideal PID ≈2.8 ≈17 ≈28 ≈10
P5 ChatGPT Parallel PID ≈2.8 ≈17 ≈28 ≈10
P5 Copilot Ideal PI ≈2.6 ≈32 ≈66 ≈12–15
P5 Copilot Parallel PI ≈2,6 ≈32 ≈66 ≈12–15
P5 Copilot Ideal PID ≈0.9 ≈20.5 ≈44 ≈8–10
P5 Copilot Parallel PID ≈0.94 ≈20.5 ≈44.3 ≈8–10

Table 13 shows that both AI systems continued to predict lower settling times, ITAE
values, and disturbance rejection times for the PID controllers than for the corresponding
PI controllers. Compared to the open-loop scenario, the predicted performance indices
changed noticeably for several processes, particularly for the integrating process P3 and
the delayed process P5. In general, the predicted performance indices differed considerably
between the two AI systems, particularly for the processes P3, P4, and P5, indicating differ-
ent interpretations of the available closed-loop information. However, the actual accuracy
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of these predictions can only be assessed through comparison with the MATLAB/Simulink
simulation results.

The corresponding prediction errors are presented in Table 14.

Table 14. Prediction errors from closed-loop data.

Process GenAI Controller MpAE TsAE ITAE AE TDRAE MpER TsER ITAE ER TDRER

P1

ChatGPT PI 13.75 17.45 17.39 12.37 82.09 76.03 77.67 73.32
ChatGPT PID 17.31 18.33 18.46 13.28 89.18 84.35 90.89 82.58
Copilot PI 10.30 0.02 0.76 2.45 69.13 0.21 24.80 53.79
Copilot PID 15.76 3.46 4.48 0.04 84.92 39.47 74.90 0.74

P2

ChatGPT PI 3.80 23.18 104.41 34.00 N/A 51.30 83.59 65.38
ChatGPT PID 29.66 27.08 83.57 19.00 92.80 69.29 88.74 67.86
Copilot PI 2.87 11.95 9.85 12.00 234.09 66.17 15.86 37.50
Copilot PID 2.66 16.29 16.60 20.00 51.52 47.50 25.70 62.50

P3

ChatGPT PI 257.56 88.55 4033.56 N/A 98.58 88.59 99.77 N/A
ChatGPT PID 53.65 7.96 16.96 5.79 95.04 48.06 72.30 52.67
Copilot PI 3.50 90.24 3166.67 N/A N/A 90.93 99.65 N/A
Copilot PID 82.00 59.76 228.06 40.75 96.47 87.55 97.02 87.17

P4

ChatGPT PI 2.79 0.34 6.52 3.39 34472.87 2.48 61.97 23.20
ChatGPT PID 1.44 2.21 0.99 0.39 2615.78 35.10 30.04 3.76
Copilot PI 4.39 2.75 1.42 3.79 89.78 46.22 64.55 51.99
Copilot PID 3.89 1.46 1.11 2.94 56.47 42.18 71.09 56.65

P5

ChatGPT PI 4.00 56.61 499.18 70.62 N/A 70.23 92.58 81.53
ChatGPT PID 2.80 42.94 222.44 49.90 N/A 71.64 88.82 83.31
Copilot PI 3.67 8.91 16.60 20.66 58.55 21.79 20.10 60.49
Copilot PID 10.14 30.95 66.67 36.71 91.85 60.16 60.24 80.31

Table 14 shows that prediction accuracy strongly depended on both the type of process
and the controller structure. The integrating process P3 again produced the largest predic-
tion errors, with settling-time and ITAE relative errors frequently exceeding 90% for both
ChatGPT and Copilot. These results indicate that integrating dynamics remains particularly
difficult for both AI systems to represent accurately from closed-loop operating data.

The most accurate predictions were generally obtained by Copilot for several PI-
controller cases. In particular, for process P1, Copilot achieved a settling time prediction
error of only 0.21%, while for process P2 the relative ITAE prediction error remained below
16%. Similarly, comparatively small prediction errors were obtained for the P5 process
using the Copilot-generated PI controller. These results suggest that accurate quantitative
predictions were achievable in selected cases, despite the generally large prediction errors
observed in the benchmark set.

Overall, the results indicate that closed-loop datasets did not lead to systematic im-
provement in prediction accuracy. Although several individual cases exhibited relatively
small prediction errors, the average errors remained substantial for both AI systems. Conse-
quently, the generated predictions should be regarded as qualitative estimates of expected
controller performance rather than precise quantitative indicators suitable for direct engi-
neering use without simulation-based validation.

4.4.3. Comparative Analysis of Prediction Accuracy

Table 15 summarises the average absolute and relative prediction errors obtained for
each AI system and dataset scenario.

https://doi.org/10.3390/app162010438

https://doi.org/10.3390/app162010438


Appl. Sci. 2026, 16, 10438 24 of 32

Table 15. Summary statistics of absolute and relative prediction errors obtained for each AI system
and dataset scenario.

Scenario GenAI Statistic MpAE TsAE ITAE AE TDRAE MpER TsER ITAE ER TDRER

Open-
Loop

ChatGPT Mean 26.62 26.50 18490.86 10.02 79.32 59.38 81.92 53.15
ChatGPT Median 9.51 11.39 45.54 10.47 67.44 65.76 84.50 59.29
Copilot Mean 83.01 21.98 1062.89 6.16 68.31 44.45 53.68 37.62
Copilot Median 4.09 4.11 2.79 5.38 69.57 43.03 45.35 33.54

Closed-
Loop

ChatGPT Mean 38.68 28.46 500.35 23.19 5363.76 59.71 78.64 59.29
ChatGPT Median 8.88 20.76 94.00 13.28 95.04 69.29 88.74 67.86
Copilot Mean 13.92 22.58 351.22 15.48 92.53 50.22 55.39 54.57
Copilot Median 3.95 10.43 16.60 12.00 80.68 46.86 44.38 56.65

Table 15 summarises the overall prediction accuracy achieved by ChatGPT and Copilot
for both dataset scenarios. For open-loop datasets, Copilot generally produced lower
prediction errors than ChatGPT. In particular, the mean relative errors for overshoot,
settling time, ITAE, and disturbance rejection time were 68.31%, 44.45%, 53.68%, and
37.62%, respectively, compared with 79.32%, 59.38%, 81.92%, and 53.15% obtained by
ChatGPT. The corresponding mean absolute errors were also generally lower for Copilot,
especially for ITAE prediction, where the mean absolute error was 1062.89 compared to
18490.86 for ChatGPT.

Median statistics were included because the relative error values become highly
sensitive when the corresponding reference values approach zero. Consequently, median
values provide a more robust representation of typical prediction performance and reduce
the influence of extreme observations.

For the closed-loop dataset scenario, the results were less conclusive. Copilot achieved
lower mean relative errors for settling time (50.22% vs. 59.71%) and ITAE (55.39% vs.
78.64%), while also producing substantially lower mean overshoot relative errors (92.53%
vs. 5363.76%). The exceptionally large mean overshoot relative error obtained by ChatGPT
was primarily caused by several cases in which the simulated overshoot values were close to
zero, resulting in very large percentage errors despite relatively small absolute differences.

In general, the aggregated results indicate that the use of closed-loop datasets did not
provide a systematic improvement in prediction accuracy. Although several individual
predictions were reasonably accurate, the average errors remained substantial for both
AI systems. However, Copilot demonstrated more consistent performance and generally
lower prediction errors, particularly for settling time and ITAE, which are among the most
important indicators of control quality. These findings suggest that current Generative AI
systems are more effective in identifying qualitative performance trends than in providing
accurate quantitative predictions of closed-loop control performance. This observation
is consistent with recent studies that highlight limitations of large language models in
rigorous quantitative reasoning and performance evaluation tasks [26,27].

5. Discussion
5.1. Process Identification Capability

The results demonstrate that both ChatGPT and Copilot were able to extract process
information from simulated datasets and propose corresponding dynamic models. For
the first- and second-order benchmark processes, the AI-generated models provided a
sufficient basis for controller design and subsequent simulation-based validation. The
process descriptions were generally consistent with the expected dynamic characteristics of
the investigated systems.
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However, the results also revealed substantial difficulties when integrating dynamics
were present. Process P3 consistently yielded the lowest identification accuracy, regardless
of the AI tool or dataset type. In both open-loop and closed-loop scenarios, Process P3
exhibited the lowest identification accuracy, indicating substantial difficulties in repre-
senting integrating behaviour. As discussed later in Section 5.3, P3 also produced the
largest closed-loop performance prediction errors. This observation is consistent with
previous studies showing that integrating processes represent a particularly challenging
class of systems for process characterisation, identification, and controller tuning due to
their non-self-regulating nature [23,28]. This observation suggests that current GenAI sys-
tems are more effective in interpreting conventional first- and second-order dynamics than
integrating processes whose behaviour is often more difficult to infer from limited datasets.

The results indicate a clear relationship between the quality and the subsequent results
of the controller design. Process P3 exhibited the largest identification errors and also
produced the largest controller performance prediction errors. This behaviour suggests that
the errors introduced during process identification propagated to subsequent tuning and
prediction tasks. Since the controller parameters were generated from the identified models
rather than the original benchmark processes, any model mismatch directly influenced the
resulting controller performance.

However, the relationship was not strictly linear. Several cases demonstrated that
reasonable controller performance could still be achieved despite imperfect model identifi-
cation. On the contrary, accurate model identification did not always guarantee accurate
performance predictions. Therefore, the results suggest that prediction represents an
additional challenge beyond process identification alone.

Another important observation is that the use of closed-loop data did not systemati-
cally improve the quality of the generated models or subsequent performance predictions.
Although closed-loop datasets contain additional information about system behaviour
under feedback control, the results indicate that tested GenAI systems are not yet able to
fully exploit this information to improve modelling accuracy.

These findings support the initial hypothesis that GenAI can be used as an additional
tool for process identification and preliminary process analysis. However, generated
models should be considered approximate representations of process dynamics and should
be verified using established identification methods and simulation-based validation before
being employed for engineering decision-making.

5.2. Controller Tuning Capability

Both Generative AI systems successfully generated PI and PID controller parameters
that produced stable closed-loop responses for most of the investigated processes. The
proposed controller settings enabled subsequent simulation-based validation and provided
a practical basis for evaluating the control performance predicted by the AI systems.

The generated controller settings suggest that the evaluated AI systems were able to
recognise qualitative relationships between process dynamics and controller performance
in several benchmark cases. In many cases, AI-generated PID controllers were predicted
to provide lower settling times, lower ITAE values, and faster disturbance rejection than
the corresponding PI controllers, particularly for processes with delays or more complex
dynamic behaviour. The frequent recommendation of PID controllers by both AI systems
suggests that derivative action was recognised as beneficial for improving transient re-
sponse characteristics such as overshoot and settling time. However, the derivative term
should not be interpreted as a direct compensation mechanism for process dead time.

The simulation results further demonstrated that the controllers proposed by ChatGPT
and Copilot were generally capable of stabilising the investigated benchmark processes.
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This finding suggests that Generative AI can provide useful preliminary controller settings
without requiring detailed manual tuning procedures.

However, the variability of the performance indices and the large prediction errors
observed in several cases indicate that AI-generated controller parameters should be treated
as preliminary recommendations rather than as final tuning solutions. Consequently,
simulation-based validation remains essential prior to practical implementation. Such
validation is particularly important for processes containing integrating dynamics and
significant dynamic complexity, where both controller performance and prediction accuracy
were found to deteriorate.

5.3. Prediction Accuracy of Closed-Loop Performance

Although both AI systems successfully generated controller parameters and provided
performance predictions, the results obtained indicate fundamental limitations in the ability
of current generative AI models to estimate quantitative closed-loop performance metrics.
Predicting overshoot, settling time, ITAE, and disturbance rejection time requires an ac-
curate understanding of the dynamic interactions between the process and the controller,
which is considerably more complex than identifying qualitative process characteristics or
proposing controller structures.

The transition from open-loop to closed-loop identification data affected the bench-
mark processes differently. For Process P1, the use of closed-loop data produced only
minor changes in the identified dynamics and consequently had a limited effect on the
tuning results. For Process P2, closed-loop data occasionally improved the controller-design
outcome, although the improvement was not consistent across all tuning scenarios. The
most pronounced degradation was observed for the integrating process P3. During closed-
loop operation, the feedback controller partially compensates for the accumulation effect
produced by the integrator, reducing the visibility of the underlying integrating dynamics
in the identification data. Consequently, identified models contain less information about
the true process behaviour, increasing the likelihood of inaccurate controller parameters
and performance predictions.

The observed prediction inaccuracies suggest that the AI models relied primarily
on generalised relationships learnt from typical control system behaviour, rather than
on rigorous dynamic analysis of the specific processes considered in this paper. As a
result, the generated predictions were often able to indicate the expected direction of
performance changes, such as the potential benefits of derivative action, while exhibiting
limited accuracy when estimating the actual numerical values of performance indices.

Another important observation is that providing closed-loop operating data did not
lead to a substantial improvement in prediction quality. This finding suggests that limita-
tions are not solely related to the amount of information available to AI systems. Instead,
the results indicate that contemporary large-language models still lack the capability to
fully reconstruct and quantitatively analyse dynamic system behaviour from simulated
process data alone.

Substantial differences between mean and median errors, particularly for overshoot
and ITAE predictions, indicate that the arithmetic means were strongly influenced by a
small number of extreme observations, mainly associated with the integrating process
P3 and cases with near-zero reference overshoot values. This observation highlights the
importance of reporting both mean and median statistics when evaluating the quantitative
prediction capabilities of Generative AI systems.

From a control engineering perspective, these findings imply that GenAI is currently
more suitable as a decision-supporting and knowledge-assistance tool than as a replace-
ment for established analytical, identification, and simulation methods. Such technology
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can accelerate early-stage engineering activities by generating preliminary estimates and
alternative design options; however, quantitative performance assessment continues to
require a dedicated modelling and simulation tool.

5.4. Comparison with IMC-Based Controller Tuning

To assess whether the controllers generated by ChatGPT and Microsoft Copilot are
competitive with established tuning approaches, an additional comparison with the IMC
benchmark was performed. Since two process models were obtained for each bench-
mark process (identified by ChatGPT and Copilot), the reported IMC values represent the
median performance of the corresponding IMC-designed controllers. Similarly, GenAI
values represent the median performance of the controllers generated by ChatGPT and
Microsoft Copilot.

Most controllers achieved negligible steady-state error. Noticeable steady-state devia-
tions were observed primarily for PI controllers associated with the integrating process P3
and for the closed-loop P2 IMC benchmark.

Table 16 compares the median closed-loop performance achieved by the GenAI-
generated and IMC-based controllers. Overall, the results indicate that the tuning rec-
ommendations generated by ChatGPT and Microsoft Copilot frequently produced perfor-
mance comparable to that obtained using the classical IMC tuning approach.

Table 16. Median performance comparison of IMC and GenAI-assisted tuning methods.

Process Controller Tuning Method Median Mp, % Median Ts, s Median Max
|u(t)|

Requirements
Met

P1 PI IMC 0.0 19.8 1.0 Yes
P1 PI GenAI 0.1 4.1 4.95 Yes
P1 PID IMC 0.0 19.8 1.0 Yes
P1 PID GenAI 4.6 13.4 4.8 Yes
P2 PI IMC 8.2 33.4 1.25 No
P2 PI GenAI 8.2 33.4 1.25 No
P2 PID IMC 19.6 33.9 1.65 No
P2 PID GenAI 15.6 24.6 1.45 No
P3 PI IMC 77.0 99.6 >5.0 No
P3 PI GenAI 124.7 99.9 >5.0 No
P3 PID IMC 0.0 99.4 >5.0 No
P3 PID GenAI 374.5 99.8 >5.0 No
P4 PI IMC 7.4 5.9 1.8 No
P4 PI GenAI 12.1 5.6 2.25 No
P4 PID IMC 6.9 3.45 2.35 No
P4 PID GenAI 10.9 4.05 2.75 No
P5 PI IMC 4.5 30.9 1.0 Yes
P5 PI GenAI 4.5 30.9 1.0 Yes
P5 PID IMC 8.6 22.9 1.25 No
P5 PID GenAI 13.5 29.5 1.15 No

The closest agreement between GenAI and IMC tuning was observed for the PI
controllers of the processes P2 and P5, where the median performance indices were identical.
These results suggest that when the identified process models adequately captured the
dominant process dynamics, AI systems were able to generate controller parameters
consistent with established model-based tuning methods.

Larger differences were observed for processes P1, P3, and P4. For process P1, GenAI-
generated controllers produced substantially faster responses than the corresponding
IMC controllers, although at the expense of significantly increased control effort. The
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largest discrepancies occurred for the integrating process P3, where neither IMC-based nor
GenAI-based tuning consistently satisfied the imposed design requirements. This finding
is consistent with the identification and prediction results presented earlier and further
confirms that integrating dynamics remain particularly challenging for both AI-assisted
and conventional tuning approaches.

Overall, the comparison demonstrates that GenAI-generated tuning recommendations
can often achieve control quality comparable to that obtained using a conventional model-
based tuning method. However, the results also show that the quality of the generated
controllers remains strongly dependent on the accuracy of the identified process model
and may deteriorate substantially for processes with integrating dynamics.

5.5. Practical Implications and Limitations

From a practical perspective, the results demonstrate that Generative AI can support
several control-engineering tasks, including preliminary process characterisation, controller
structure selection, initial controller tuning, and qualitative performance assessment. Both
ChatGPT and Microsoft Copilot were able to generate process models and controller
parameters in a short time and without requiring detailed manual analysis. Consequently,
such tools may assist engineers during the early stages of control system design and provide
useful starting points for further development.

However, the results also indicate that GenAI should currently be regarded as a deci-
sion support tool rather than an autonomous engineering design solution, an observation
consistent with recent reviews highlighting both the opportunities and limitations of LLM-
based engineering design workflows [10]. Although the generated controller parameters
frequently produced stable closed-loop responses and, in several cases, achieved perfor-
mance comparable to that obtained using IMC-based tuning, reliable controller evaluation
still required simulation-based validation. Consequently, AI-generated recommendations
should be treated as initial design proposals that require further verification using estab-
lished control engineering methods.

An important limitation of the present paper is the limited number of benchmark
processes considered. Although the selected process set included representative first-,
delayed-, integrating and second-order dynamics, it does not fully reflect the diversity
and complexity of industrial processes. Although this approach ensured consistent and
repeatable comparisons between the evaluated GenAI systems, it may not fully represent
the challenges of real-world process identification and controller tuning. The performance
of GenAI may differ when applied to non-linear, time-varying, multivariable, or highly
constrained systems.

Another limitation is related to the use of synthetic benchmark datasets. All datasets
were generated under controlled simulation conditions and did not include measurement
noise, parameter uncertainty, sensor quantisation effects, actuator non-linearities, or other
disturbances commonly encountered in industrial environments. This approach ensured
repeatability and fair comparison between the AI systems; however, it may not fully
represent the complexity of real industrial data.

Furthermore, only two widely available GenAI systems, ChatGPT and Microsoft
Copilot, were investigated. The conclusions obtained in this paper may therefore not be
directly transferable to other large-language models or future model generations whose
capabilities may differ substantially.

The prompt-driven nature of Generative AI systems represents an additional source
of uncertainty. The generated process models, controller parameters, and performance
predictions may depend on the wording, structure, and level of detail of the instructions
provided to the AI system. Consequently, different prompting strategies may lead to
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different engineering recommendations, raising concerns regarding reproducibility and
standardisation in AI-assisted workflows.

Another limitation of the present study is that each prompt was evaluated only once.
Response variability between repeated interactions was not investigated. Since large
language models may produce different outputs for identical prompts, the reported results
should be interpreted as observations obtained under a single-run evaluation protocol
rather than as a complete characterisation of model behaviour. Future studies should
examine the repeatability and statistical variability of the engineering solutions.

Finally, the internal reasoning mechanisms of the evaluated AI systems were not anal-
ysed. The generated controller parameters were assessed solely on the basis of identification
accuracy, predicted performance, and simulated closed-loop behaviour. Consequently, it re-
mains unclear whether the results obtained were primarily driven by implicit optimisation,
pattern recognition, learned tuning heuristics, or other model-specific mechanisms.

In general, the findings suggest that Generative AI can support engineering work-
flows and preliminary control system design activities. However, conventional modelling,
system identification, analytical design methods, and simulation tools remain essential
to achieve the level of accuracy, robustness, and reliability required in practical control
engineering applications.

5.6. Future Research Directions

Several opportunities for future research can be identified.
First, larger and more diverse benchmark sets should be considered to evaluate the

robustness of Generative AI across a wider range of industrial processes. Future studies
should include non-linear, time-varying, multivariable, and constrained processes, as well
as systems with significant integrating, delayed, and higher-order dynamics, which proved
to be the most challenging cases in the present study.

Second, the use of industrial and experimentally obtained datasets should be in-
vestigated. The benchmark datasets used in this work were generated under idealised
simulation conditions and did not include measurement noise, parameter uncertainty,
sensor quantification, or actuator non-linearities. Therefore, future studies should evaluate
whether the observed results remain valid when realistic industrial data are used.

Third, future work should investigate the influence of prompt engineering and
data representation on process identification, controller tuning, and performance pre-
diction. Since Generative AI systems are sensitive to input formulation, the development
of standardised prompting strategies may improve the reproducibility and reliability of
AI-assisted control-engineering workflows.

Fourth, future studies should analyse the variability of the response through repeated
prompt evaluations. Because the present work adopted a single-run evaluation protocol,
additional research is required to quantify the repeatability, robustness, and statistical
variability of the generated models, controller parameters, and performance predictions.

Fifth, the capabilities of additional Generative AI systems and specialised engineering
copilots should be evaluated. The rapid development of large-language models suggests
that substantial improvements in modelling, tuning, and prediction accuracy may be
expected in future generations of AI tools. Comparative studies involving a broader range
of model architectures would help to determine to what extent the findings of this paper
can be generalised.

Sixth, future research should investigate the reasoning and decision-making mecha-
nisms employed by Generative AI systems in engineering tasks. Improved understanding
of how large language models generate process models, controller parameters, and per-
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formance estimates may help identify the causes of prediction errors and improve the
transparency of AI-assisted engineering workflows.

Seventh, more advanced controller structures, including model predictive control
(MPC), adaptive control systems, and intelligent control strategies, should be investigated
to determine whether Generative AI can support more sophisticated control system design
tasks than conventional PI and PID tuning.

Finally, future work should focus on tighter integration between Generative AI,
system-identification software, simulation environments, and digital twins. Such hybrid
approaches may combine the reasoning capabilities of large language models with the
numerical accuracy of model-based engineering tools, which could lead to more reliable
and practically applicable engineering decision support systems [29].

6. Conclusions
This paper evaluated the capabilities of ChatGPT and Microsoft Copilot for process

identification, PI/PID controller tuning, and closed-loop performance prediction using
simulated benchmark processes and a common prompting framework. Five benchmark
processes representing first-, delayed-, integrating, and second-order dynamics were con-
sidered in open-loop and closed-loop dataset scenarios.

The results demonstrated that both AI systems were capable of extracting process
information from the provided datasets and generating physically meaningful controller
parameters. In most cases, the generated PI and PID controllers produced stable closed-loop
responses and provided a suitable basis for simulation-based evaluation. The identified
process models generally captured the dominant dynamics of first-order and second-order
systems, although significant difficulties were observed for the integrating process.

Comparative analysis revealed that process-identification quality strongly influenced
subsequent controller tuning and performance prediction. The largest identification and
prediction errors were consistently associated with the integrating process P3, indicating
that integrating dynamics remains a challenge for tested Generative AI systems. The results
further showed that the use of closed-loop datasets did not provide a systematic improve-
ment in identification quality or prediction accuracy compared with the corresponding
open-loop datasets.

Both ChatGPT and Microsoft Copilot were able to generate controller parameters that,
in many cases, achieved performance comparable to that obtained using IMC-based tuning.
However, substantial discrepancies were observed between the predicted and simulated
closed-loop performance indices. Although both AI systems were generally able to identify
qualitative performance trends, accurate quantitative prediction of overshoot, settling time,
ITAE, and disturbance rejection time remains a significant challenge.

Overall, the results indicate that Generative AI can serve as a useful support tool
for preliminary process modelling, controller tuning, and engineering decision support.
However, the generated models, controller parameters and performance predictions should
be considered preliminary recommendations and verified using established identification
methods and simulation-based validation before practical application. While Microsoft
Copilot generally achieved lower prediction errors than ChatGPT in the investigated
benchmark cases, neither system demonstrated sufficient accuracy to replace conventional
modelling and simulation tools for quantitative control-system analysis.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/app162010438/s1. File S1: Open-loop and closed-loop datasets
used for process identification; File S2: GenAI-generated responses; File S3: MATLAB source code for
results evaluation.
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