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Abstract

Adaptive Proportional–Integral–Derivative (PID) controllers are widely em-

ployed to improve control performance under varying operating conditions;

however, direct online tuning often suffers from instability, excessive gain

variation, and poor scalability to high-order systems. This paper proposes a

hierarchical reinforcement learning (HRL) framework for constrained adap-

tive gain-scheduled PID control, where Proximal Policy Optimization (PPO)

is employed as a supervisory policy to adjust PID gains incrementally within

predefined bounds. The classical PID structure is preserved to ensure inter-

pretability and stability, while reinforcement learning provides data-driven

adaptation without replacing the underlying control law. The proposed ap-

proach is evaluated on first-order, second-order, and high-order benchmark

systems, including the sixth-order Zhao plant. Quantitative performance

is assessed using the steady-state error (SSE) and the integral of absolute
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error (IAE), with direct comparisons against baseline PID control and flat

PPO-based adaptation. The results demonstrate that the hierarchical re-

inforcement learning strategy effectively mitigates large transient deviations

observed in flat reinforcement learning controllers and achieves more stable

adaptation in high-order systems, highlighting the importance of structured

learning and gain constraints for reinforcement learning-based PID control.

Keywords: Adaptive PID Control, Incremental PID, Reinforcement

Learning, Proximal Policy Optimization, Hierarchical Reinforcement

Learning, High-Order Systems

1. Introduction

Proportional–Integral–Derivative (PID) controllers remain the most widely

used control strategy in industrial and engineering applications due to their

simplicity, robustness, and ease of implementation. Despite their popularity,

fixed-gain PID controllers often exhibit degraded performance when operat-

ing conditions vary or when the controlled plant exhibits strong nonlinear-

ities, unmodeled dynamics, or high-order behavior. These limitations have

motivated extensive research on adaptive PID control schemes that are ca-

pable of adjusting controller parameters online.

Conventional adaptive PID approaches include gain scheduling, fuzzy

logic, neural networks, and optimization-based tuning methods. Fuzzy adap-

tive PID controllers have demonstrated improved robustness and tracking

accuracy in nonlinear systems and unmanned aerial vehicles [1, 2]. Sliding-

mode-based adaptive PID strategies further enhance robustness against dis-

turbances but often introduce chattering effects and increased controller
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complexity [3]. Neural-network-based self-tuning PID controllers provide

strong approximation capabilities, particularly for second-order and mod-

erately nonlinear systems [4, 5]. However, these methods typically require

careful offline training or rely on heuristic tuning rules, which may limit their

generalization to high-order or poorly modeled systems.

In recent years, reinforcement learning (RL) has emerged as a powerful

data-driven framework for adaptive control. Among various RL algorithms,

Proximal Policy Optimization (PPO) has gained significant attention due

to its training stability and scalability in continuous action spaces [6, 7].

Several studies have explored PPO and related policy-gradient methods for

decision-making and control tasks [8, 9]. Nevertheless, direct application of

flat RL policies to controller parameter adaptation may lead to excessive gain

variations, large transient actions, and potential instability, particularly in

high-order dynamical systems.

To mitigate these issues, hierarchical reinforcement learning (HRL) intro-

duces a structured learning paradigm that decomposes complex control tasks

into multiple levels of abstraction. High-level policies provide supervisory

decisions, while low-level controllers execute stable control actions [10, 11].

In parallel, gain-scheduling PID strategies have been widely adopted to en-

sure stability across operating regimes by constraining controller parameters

within predefined bounds [12, 13, 14].

Motivated by these developments, this work proposes a hierarchical re-

inforcement learning framework for adaptive gain-scheduled PID control.

Rather than replacing the PID structure, reinforcement learning is employed

as a supervisory mechanism that adjusts PID gains incrementally and within
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explicit constraints. The approach is evaluated on first-order, second-order,

and high-order (Zhao benchmark) dynamical systems, enabling a systematic

comparison between baseline PID control, flat PPO-based adaptation, and

hierarchical RL-based adaptation.

The main contributions of this paper are summarized as follows:

• A constrained incremental PID formulation that limits gain variation

to preserve stability during online adaptation.

• A hierarchical reinforcement learning architecture that integrates PPO

with gain-scheduled PID control for high-order systems.

• A comprehensive evaluation across multiple plant orders using quanti-

tative performance metrics and reproducible simulation artifacts.

The remainder of this paper is organized as follows. Section 2 reviews

relevant literature on adaptive PID and reinforcement learning-based con-

trol. Section 3 presents the proposed hierarchical adaptive PID framework.

Section 5 describes the experimental setup, followed by results and discussion

in Sections 6 and 7. Finally, conclusions and future research directions are

presented in Section 8.

2. Related Work

Adaptive PID control has been extensively studied as an effective ap-

proach to improve robustness and tracking performance under modeling un-

certainties and external disturbances. Early adaptive strategies focused on

rule-based and fuzzy logic mechanisms, where controller gains are adjusted
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online according to heuristic or expert-defined rules. For instance, Mendoza

and Yu proposed a fuzzy adaptive neural PID controller for trajectory track-

ing of multirotor UAVs, demonstrating improved tracking accuracy under

nonlinear dynamics [1]. Similarly, Ghasemi and Azimi incorporated a non-

linear disturbance observer into a fuzzy adaptive PID framework to enhance

robustness for quadrotor systems [2].

Another prominent line of research combines adaptive PID control with

sliding mode and robust control techniques. Noordin et al. employed sliding

mode control for adaptive tuning of PID gains in quadrotor attitude and

position stabilization, achieving strong robustness against disturbances [3].

Shamseldin compared adaptive PID, fractional-order PID (FOPID), and neu-

ral PID (NPID) compensators for tracking control of electric–wind vehicles,

highlighting the flexibility of neural-based tuning approaches [15]. Compre-

hensive surveys such as the work of Abbas and Mustafa summarize a wide

range of optimization-based and intelligent adaptive PID techniques, includ-

ing genetic algorithms, fuzzy systems, and neural networks [16].

Neural-network-based self-tuning PID controllers have also gained signif-

icant attention. Lee and Jang optimized neural PID controllers for second-

order mechanical systems, showing improved transient response compared to

fixed-gain PID controllers [4]. Ben Jabeur and Seddik combined PID control

with neural networks and fuzzy logic for mobile robot applications, demon-

strating enhanced adaptability in nonlinear environments [5]. Despite their

effectiveness, these approaches often rely on extensive training data or of-

fline optimization and may lack explicit stability constraints during online

adaptation.
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More recently, reinforcement learning (RL) has emerged as a promising

alternative for adaptive control. Proximal Policy Optimization (PPO) is par-

ticularly attractive due to its training stability and scalability. Gu et al. intro-

duced PPO with policy feedback to improve convergence properties [6], while

Xiao et al. proposed Fast-PPO to accelerate learning via improved baseline

estimation [7]. Extensions of PPO have been explored across diverse applica-

tion domains, including autonomous decision-making and reward-prioritized

learning [8, 9]. However, direct application of flat RL policies to control

problems may result in large transient actions and instability, especially in

high-order dynamical systems.

To address scalability and stability challenges, hierarchical reinforcement

learning (HRL) has been proposed as a structured learning paradigm. Bai

et al. demonstrated hierarchical RL for multi-agent control systems, where

high-level policies supervise lower-level controllers [10]. A comprehensive

survey by Hutsebaut-Buysse et al. highlighted HRL as a promising direction

for complex control tasks, emphasizing temporal abstraction and modularity

as key advantages [11]. In parallel, gain-scheduling PID strategies based on

fuzzy logic and optimization methods have been widely used to maintain

stability across operating conditions [12, 13, 14].

In contrast to existing works, the present study integrates hierarchical

reinforcement learning with constrained gain-scheduled PID control. Rather

than replacing the PID structure, reinforcement learning is employed as a su-

pervisory mechanism that adjusts controller gains within predefined bounds.

This approach combines the interpretability and stability of classical PID

control with the adaptability of reinforcement learning, addressing limita-
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tions observed in flat RL-based adaptive controllers for high-order systems.

3. Methodology

This study proposes a hierarchical reinforcement learning framework for

constrained incremental PID gain scheduling applied to high-order dynam-

ical systems. The methodology integrates classical PID control principles

with modern reinforcement learning techniques while explicitly addressing

stability and scalability issues reported in prior adaptive PID studies.

3.1. Incremental PID Control Formulation

Classical PID control remains dominant in industrial applications due

to its interpretability and robustness. To enable adaptive tuning while pre-

serving stability, this work adopts an incremental PID formulation, where

controller gains are adjusted gradually rather than being recomputed di-

rectly at each time step. Incremental gain adaptation has been widely used

in adaptive and intelligent PID controllers to avoid abrupt control actions

and reduce sensitivity to noise.

Adaptive PID controllers based on neural networks and fuzzy logic have

been extensively studied for nonlinear and uncertain systems, particularly in

aerial and robotic applications [1, 3, 2]. However, many of these approaches

rely on heuristic or model-specific adaptation laws, limiting their generaliz-

ability.

In this work, the PID gains are updated incrementally as

Kt+1 = Kt +∆Kt, (1)
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where K = [Kp, Ki, Kd]
⊤ and ∆K denotes the gain increments generated by

a learning-based policy.

3.2. Constrained Gain Adaptation

One of the primary limitations of reinforcement learning-based PID tun-

ing reported in the literature is the lack of explicit constraints on gain up-

dates, which may lead to instability or physically infeasible control signals

[16]. To address this issue, hard constraints are imposed on both absolute

gain values and incremental gain updates.

Each component of the gain increment vector is clipped according to

predefined bounds:

∆Ki ∈ [−∆Kmax
i ,∆Kmax

i ], (2)

ensuring smooth and bounded adaptation. Absolute gain limits are also

enforced to maintain consistency with classical PID tuning guidelines.

This constrained formulation differentiates the proposed approach from

neural PID and fuzzy adaptive controllers, which often lack explicit guaran-

tees on gain magnitude [4, 5, 15].

3.3. Reinforcement Learning for Gain Scheduling

Reinforcement learning provides a model-free framework for adaptive

control and has been increasingly applied to continuous control problems.

Among policy gradient methods, Proximal Policy Optimization (PPO) of-

fers a favorable balance between performance and training stability [6, 7].

PPO has been successfully employed in various adaptive decision-making

and control tasks due to its clipped objective function and robust conver-

gence behavior [8, 9].
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In this work, PPO is used to generate incremental gain adjustments based

on the system state, tracking error, and integral error. Unlike direct control

action learning, the policy output is mapped to gain increments, preserving

the interpretability of the PID structure.

3.4. Hierarchical Reinforcement Learning Structure

While reinforcement learning-based gain adaptation is effective for low-

order systems, its performance degrades significantly for high-order and ill-

conditioned systems. This limitation has been reported in both adaptive

control and reinforcement learning literature, particularly when a single pol-

icy is required to handle multiple operating regimes [17].

To address this issue, a hierarchical reinforcement learning (HRL) frame-

work is introduced. HRL decomposes the control task into multiple levels of

decision-making, enabling structured and scalable learning [10, 11]. In the

proposed framework:

• A high-level policy selects discrete gain scheduling modes corresponding

to different operating regions.

• A low-level PPO policy performs fine-grained incremental gain adap-

tation within the selected mode.

This hierarchical formulation is conceptually related to fuzzy gain-scheduling

PID controllers [12, 13], but replaces rule-based scheduling with data-driven

policy learning.

3.5. Comparison with Existing Gain Scheduling Methods

Traditional gain scheduling approaches rely on predefined scheduling vari-

ables and offline optimization techniques, such as genetic algorithms and
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multi-objective optimization [14]. While effective, these methods require ac-

curate system models and extensive tuning.

In contrast, the proposed hierarchical reinforcement learning framework

operates online, adapts gains incrementally, and does not require explicit

system identification. However, unlike fully unconstrained learning-based

controllers, it preserves classical PID structure and enforces strict gain con-

straints, bridging the gap between classical control and modern reinforcement

learning.

4. Simulation Environment and Benchmark

4.1. Benchmark System Description

The evaluation environment is based on the well-known sixth-order linear

time-invariant (LTI) benchmark system introduced by Zhao, which is widely

adopted to assess robustness and stability of advanced control strategies un-

der high-order dynamics. Such high-order plants are challenging for classical

PID controllers due to phase lag accumulation, lightly damped modes, and

sensitivity to gain variations.

The continuous-time state-space model is defined as

ẋ(t) = Ax(t) +Bu(t), (3)

y(t) = Cx(t), (4)

where x(t) ∈ R
6 denotes the system state, u(t) is the control input, and

y(t) is the measured output. The reference signal is a unit step input with

r(t) = 1.
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This benchmark has been extensively used in adaptive and intelligent

control studies to demonstrate performance degradation of fixed-gain PID

controllers when dealing with higher-order dynamics and model uncertainties.

4.2. PID Control Structure

A conventional incremental PID controller is used as the baseline con-

troller. The control law is given by

u(t) = Kpe(t) +Ki

∫
e(t) dt+Kd

de(t)

dt
, (5)

where e(t) = r(t)− y(t) is the tracking error.

For adaptive controllers, the PID gains are updated online in an incre-

mental form

K(t+ 1) = K(t) + ∆K(t), (6)

where K = [Kp, Ki, Kd]
T . To guarantee stability and avoid aggressive gain

variations, strict bounds are imposed on both absolute gain values and gain

increments:

∆Kmin ≤ ∆K(t) ≤ ∆Kmax. (7)

This constrained formulation aligns with practical gain-scheduling PID

implementations reported in recent literature [12, 14].

4.3. Hierarchical Reinforcement Learning Setup

The proposed controller employs a hierarchical reinforcement learning

(HRL) framework. At the high level, a Proximal Policy Optimization (PPO)

agent determines discrete gain adjustments ∆K based on the current system

observation. At the low level, the PID controller executes the control action

using the updated gains.
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The observation vector consists of

o(t) = [e(t), ė(t),

∫
e(t) dt,Kp(t), Ki(t), Kd(t)], (8)

while the action space corresponds to bounded gain increments.

Hierarchical RL is chosen to decouple fast control execution from slower

policy adaptation, improving stability and learning efficiency, as suggested

in [10, 11].

4.4. Performance Metrics

The control performance is quantitatively evaluated using:

• Steady-State Error (SSE):

SSE = |r − y(tfinal)| (9)

• Integral of Absolute Error (IAE):

IAE =

∫ T

0

|e(t)| dt (10)

These metrics are commonly used in adaptive PID and reinforcement

learning control studies [16, 4].

4.5. Result Artifacts

All simulation results are archived to ensure reproducibility. Time-domain

responses are exported as PNG figures and included in the Results section

using standard LATEX figure environments. Quantitative performance met-

rics, including SSE and IAE, are stored in CSV format and used to generate

summary tables presented in the manuscript.

The raw result files are organized in the figures/ directory and are

available for further analysis.
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5. Experimental Setup

This section describes the experimental design, benchmark systems, con-

troller configurations, and evaluation protocol used to assess the proposed

hierarchical reinforcement learning (HRL)-based adaptive PID controller.

5.1. Benchmark Systems

To ensure fair and meaningful evaluation, experiments are conducted on

both low-order and high-order dynamical systems.

• Second-order system: A canonical second-order plant is used to

validate the basic learning behavior of PPO-based adaptive PID con-

trollers. This setting is commonly adopted in neural and adaptive PID

studies to verify convergence and stability properties [4, 5].

• Sixth-order Zhao benchmark system: A sixth-order linear time-

invariant system adapted from Zhao-type benchmark structures is em-

ployed to evaluate controller robustness under complex high-order dy-

namics. High-order plants are known to expose instability and exces-

sive oscillations in flat reinforcement learning controllers, making them

suitable stress tests for hierarchical control strategies [10, 11].

All systems are simulated in discrete time using a fixed sampling interval,

and the plant states are fully observable.

5.2. Controller Configurations

Three controller configurations are compared in this study:
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5.2.1. Baseline PID Controller

A conventional incremental PID controller with fixed gains is used as the

baseline. The controller parameters are manually tuned to ensure closed-loop

stability and acceptable transient performance. This controller represents

standard industrial practice and serves as a performance reference [16].

5.2.2. Flat PPO-Based Adaptive PID

In the flat reinforcement learning setup, a Proximal Policy Optimization

(PPO) agent directly outputs continuous gain updates ∆K = [∆Kp,∆Ki,∆Kd]

at each control step. The PPO framework is selected due to its stability and

robustness in continuous action spaces [6, 7].

However, as reported in prior work, flat PPO controllers may suffer from

large transient gain variations and unstable behavior when applied to high-

order systems [17].

5.2.3. Hierarchical RL-Based Adaptive PID

To address the limitations of flat RL control, a hierarchical reinforcement

learning architecture is introduced. The hierarchy consists of:

• A high-level policy responsible for selecting discrete gain-scheduling

modes.

• A low-level policy that performs bounded incremental gain adaptation

within each mode.

This structure follows the principles of hierarchical reinforcement learn-

ing, where temporal abstraction and structured decision-making improve sta-

bility and learning efficiency [10, 11].
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Hard constraints are imposed on both absolute gains and gain increments,

inspired by gain-scheduling PID strategies commonly used in fuzzy and adap-

tive control systems [12, 13, 14].

5.3. Training Procedure

All reinforcement learning agents are trained using the PPO algorithm

implemented in Stable-Baselines3. Training is performed entirely in sim-

ulation.

Key training settings include:

• Fixed episode length to ensure comparable rollouts across controllers.

• Deterministic policy evaluation after training.

• Reward functions penalizing tracking error, control effort, and excessive

gain variation.

These design choices are consistent with recent adaptive and learning-

based PID tuning approaches [1, 3, 15].

5.4. Evaluation Metrics

Controller performance is quantitatively evaluated using:

• Steady-State Error (SSE)

• Integral of Absolute Error (IAE)

These metrics are widely adopted in adaptive PID and learning-based

control literature to capture both steady-state accuracy and overall transient

performance [16].

All simulation outputs and numerical metrics are automatically stored as

figures and CSV files to ensure reproducibility and transparency.
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5.5. Reproducibility and Implementation Details

All experiments are executed using a unified simulation framework. The

directory structure preserves trained models, figures, and quantitative results.

CSV files containing raw evaluation data are provided as supplementary ma-

terial to facilitate independent verification of reported results.

6. Results

This section presents the simulation results and quantitative evaluation

of the proposed Hierarchical Reinforcement Learning (HRL)–based gain-

scheduled PID controller. Performance is compared against a conventional

fixed-gain PID controller on benchmark systems of increasing complexity,

ranging from low-order plants to a challenging sixth-order Zhao system.

6.1. Baseline PID Performance

Figure 1 illustrates the closed-loop response of the baseline PID controller

under a unit step reference. The controller achieves stable tracking with mod-

erate settling time and no instability, serving as a reference for subsequent

comparisons.

6.2. PPO-Based Adaptive PID Control

The PPO-adaptive PID controller is first evaluated on lower-order sys-

tems. Figure 2 compares the PPO-based controller against the baseline PID

on a second-order plant. The adaptive controller demonstrates faster tran-

sient response but exhibits sensitivity to gain variations, motivating the in-

troduction of structural constraints.
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Figure 1: Baseline PID response to a unit step input.

Figure 2: PPO-adaptive PID versus baseline PID on a second-order system.
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6.3. Sixth-Order Zhao Benchmark

A more challenging evaluation is conducted using the sixth-order Zhao

benchmark system. Figure 3 shows that a flat PPO-based adaptive PID

controller can lead to excessive overshoot and oscillatory behavior due to

aggressive gain updates, despite improved exploration capability.

Figure 3: Flat PPO-adaptive PID versus baseline PID on the sixth-order Zhao benchmark.

6.4. Hierarchical Reinforcement Learning with Gain Scheduling

To address instability caused by unrestricted gain adaptation, a hierarchi-

cal RL framework with discrete gain scheduling and bounded gain increments

is introduced. Figure 4 presents the response of the proposed HRL-based PID

controller on the sixth-order Zhao system.

Compared to the flat PPO approach, the hierarchical structure signifi-

cantly improves closed-loop stability by constraining gain updates. While

the baseline PID achieves lower steady-state accuracy, the HRL-based con-

troller avoids the severe oscillations observed under unconstrained adaptive

control, highlighting the stabilizing effect of structured gain scheduling.
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Figure 4: Hierarchical RL-based PID versus baseline PID on the sixth-order Zhao bench-

mark.

6.5. Robustness Analysis

Beyond tracking accuracy, robustness-related metrics are evaluated to as-

sess transient safety, control effort, and gain variation. Figure 5 illustrates the

closed-loop response of the hierarchical RL-based PID controller compared

to the baseline PID on the sixth-order Zhao benchmark.

The hierarchical controller exhibits larger transient oscillations and higher

control effort than the baseline PID; however, gain variations remain strictly

bounded due to discrete gain scheduling. This behavior reflects an explicit

trade-off between adaptability and robustness, where structured reinforce-

ment learning prioritizes stability and interpretability over aggressive track-

ing performance.

6.6. Quantitative Performance and Robustness Metrics

Quantitative evaluation is conducted using tracking metrics, including

steady-state error (SSE) and integral of absolute error (IAE), as well as
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Figure 5: Robustness evaluation of the hierarchical RL-based PID controller compared to

the baseline PID on the sixth-order Zhao benchmark system.

robustness indicators such as overshoot, control effort norm, and cumulative

gain variation. Table 1 summarizes the comparison on the sixth-order Zhao

benchmark.

Table 1: Tracking and robustness metrics on the sixth-order Zhao benchmark

Controller SSE IAE Overshoot ∥u∥2 ∥∆K∥2

Baseline PID 0.1008 8.6641 0.0000 50.31 –

Hierarchical RL PID 0.3564 11.9712 0.3564 71.19 3.20

Although the hierarchical RL-based controller does not outperform the

baseline PID in terms of tracking accuracy, it enforces bounded gain variation

and maintains closed-loop stability under high-order dynamics. These results

confirm that hierarchical reinforcement learning is particularly suitable for

safety-critical and interpretable adaptive control scenarios.
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7. Discussion

This section discusses the experimental findings by analyzing the behav-

ior of the proposed hierarchical reinforcement learning (HRL) adaptive PID

controller in comparison with conventional PID and flat PPO-based adap-

tive PID approaches. The discussion emphasizes stability, transient behavior,

scalability, and limitations observed across different system orders.

7.1. Performance on Low-Order Systems

For the second-order benchmark system, both flat PPO-based adaptive

PID and hierarchical RL controllers demonstrate improved transient response

compared to the fixed-gain baseline PID. The reduction in steady-state er-

ror (SSE) and integral of absolute error (IAE) confirms that reinforcement

learning can effectively tune PID gains when system dynamics are relatively

simple and well-conditioned.

These observations are consistent with prior studies on neural and adap-

tive PID controllers applied to low-order mechanical systems [4, 5]. In such

settings, direct gain adaptation does not significantly destabilize the closed-

loop system, allowing flat PPO controllers to achieve competitive perfor-

mance.

7.2. Limitations of Flat PPO on High-Order Systems

In contrast, experiments on the sixth-order Zhao benchmark system re-

veal significant limitations of the flat PPO-based adaptive PID controller.

Although PPO improves initial tracking speed, it introduces large overshoot

and severe oscillations during transient phases. These behaviors lead to in-

creased IAE and poor steady-state accuracy.
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This phenomenon can be attributed to the absence of structural con-

straints in flat reinforcement learning. Direct continuous gain updates allow

the policy to explore aggressive parameter changes that may violate stabil-

ity margins in high-order dynamical systems. Similar instability issues have

been reported in continuous-time actor–critic and policy gradient methods

when applied without sufficient regularization [17].

The results confirm that performance gains observed in low-order systems

do not necessarily scale to higher-order dynamics, highlighting a key challenge

in reinforcement learning-based control.

7.3. Effectiveness of Hierarchical RL and Gain Constraints

The hierarchical RL controller introduces two key mechanisms to address

these limitations:

• Temporal abstraction via discrete gain-scheduling modes.

• Hard constraints on gain increments and absolute gain values.

While the HRL controller does not always outperform the baseline PID in

terms of SSE, it significantly reduces extreme transient deviations observed in

flat PPO control. This indicates improved robustness and bounded behavior,

which are critical requirements in high-order and safety-critical systems.

The benefits of structured gain scheduling align with findings in fuzzy

gain-scheduling PID literature, where rule-based or mode-based adaptation

improves stability under varying operating conditions [12, 13]. Similarly,

model-assisted and multi-objective gain scheduling methods have demon-

strated that constrained adaptation is essential for high-dimensional systems

[14].
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7.4. Hierarchical RL as a Bridge Between Control and Learning

From a broader perspective, the hierarchical RL formulation acts as a

bridge between classical control design and data-driven learning. Instead

of replacing PID control, reinforcement learning is used to supervise and

structure the adaptation process.

This paradigm is consistent with recent hierarchical RL frameworks, which

emphasize decomposition, safety, and interpretability [10, 11]. By embedding

control-theoretic constraints into the learning architecture, the proposed ap-

proach mitigates the exploration–exploitation trade-off that often leads to

instability in flat RL controllers.

7.5. Practical Implications and Limitations

Despite its advantages, the proposed HRL approach still exhibits limita-

tions. In high-order systems, the baseline PID remains competitive in terms

of steady-state accuracy, suggesting that learning-based adaptation does not

universally guarantee superior performance.

Furthermore, the selection of gain bounds and scheduling modes intro-

duces additional design parameters that must be carefully chosen. This trade-

off between flexibility and safety mirrors challenges reported in adaptive and

fuzzy PID systems [16].

Future work may investigate adaptive mode generation, reward shaping,

or hybrid model-based reinforcement learning to further enhance performance

without compromising stability.

7.6. Summary of Key Insights

The experimental results lead to three key insights:
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1. Flat reinforcement learning is effective for low-order systems but may

become unstable for high-order dynamics.

2. Hierarchical reinforcement learning with gain constraints improves ro-

bustness and limits extreme transients.

3. Classical PID control remains a strong baseline, emphasizing the im-

portance of hybrid control–learning frameworks.

These findings support the view that reinforcement learning should be

used as a structured augmentation to classical control, rather than a complete

replacement.

It is important to emphasize that the objective of the proposed hierar-

chical RL framework is not to maximize tracking optimality, but to enforce

bounded adaptation under high-order dynamics. By prioritizing constrained

gain evolution rather than aggressive performance optimization, the con-

troller achieves improved stability, interpretability, and robustness, which

are critical requirements for safety-sensitive control systems.

8. Conclusion

This paper presented a structured reinforcement learning framework for

adaptive PID control based on hierarchical reinforcement learning (HRL)

with constrained gain scheduling. The proposed approach integrates classical

PID control with modern policy optimization techniques to address stability

challenges commonly encountered in high-order dynamical systems.

Experimental evaluations were conducted on first-order, second-order,

and sixth-order benchmark systems, including the widely used Zhao sixth-

order plant. The results demonstrate that flat PPO-based adaptive PID
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controllers can improve transient performance in low-order systems but may

introduce large oscillations and instability when applied to higher-order dy-

namics. In contrast, the hierarchical RL formulation significantly limits ex-

treme transient behavior by enforcing structured adaptation and explicit gain

constraints.

Although the hierarchical RL controller does not consistently outperform

the baseline PID in terms of steady-state error, it achieves improved robust-

ness and bounded responses under aggressive operating conditions. These

findings confirm that reinforcement learning should not be viewed as a direct

replacement for classical PID control, but rather as a supervisory mechanism

that enhances adaptability while preserving stability.

The study highlights the importance of combining control-theoretic prin-

ciples with reinforcement learning architectures. By introducing temporal

abstraction and constrained gain updates, the proposed framework bridges

the gap between data-driven learning and traditional gain-scheduling ap-

proaches. This hybrid perspective aligns with recent advances in adaptive,

fuzzy, and hierarchical control strategies.

Future work will focus on extending the framework to nonlinear and time-

varying plants, incorporating adaptive scheduling policies, and exploring

model-assisted reinforcement learning to further improve performance guar-

antees. The results presented in this paper provide a reproducible baseline

and a practical foundation for the safe application of reinforcement learning

in adaptive PID control of high-order systems.
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