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Abstract 

The paper proposes an implementation of Kolmogorov-Arnold networks (KANs) for the purpose of 
dynamic proportional-integral-derivative (PID) control tuning in first- and second-order linear 
systems under noisy and time-varying reference conditions. Toy datasets, based on instantaneous 
system error, output and reference trajectory, are used for training the networks and comparing 
KANs results over a performance of: i) a PID with fixed coefficients, taken from MATLAB’s Simulink 
PID Autotune; ii) an MLP based neural network (NN), trained on the same datasets; iii) a traditional 
adaptive PID scheme with gain scheduling; iv) an LMS-based online tuning approach. Results show 
that KANs outperform MLPs and LMS even with less optimized datasets under noisy and quick-
changing conditions and perform on par with methods, such as gain scheduling, while allowing for 
more flexibility and easier setup. 

Keywords: Kolmogorov-Arnold networks; PID; adaptive control; neural networks 
 

1. Introduction 

PID controllers are a benchmark, when it comes to control in both industrial and scientific 
settings. First introduced over a hundred years ago, their simplicity, robustness and ease of 
implementation alongside their relative inexpensiveness result in near 90% use when it comes to 
closed-loop control tasks (industrial control tasks) and taught in all universities and technical colleges 
[1,2]. Some examples of PID use in different industries include, but are not limited to: the chemical 
industry, where PID controllers are widely used for temperature control, pressure and flow 
regulation, concentration  control and pH level stabilisation, in energy and power generation 
industries for stabilizing power output, in robotics and motion control for industrial robots joint 
position control, in temperature control cases for managing electrical furnaces thermal response, 
managing reactor temperatures in nuclear power systems, thermal management of electrical vehicle 
batteries and more [3–7].  

But their successful implementation relies on proper tuning of its parameters 𝐾௣,𝐾௜  and 𝐾ௗ . 
While classical tuning rules, such as Ziegler-Nichols, Cohen- Coon and Lambda tuning are 
exceptional when working with fixed, idealized plants and only narrow class of systems, they often 
fail in practical settings where system parameters change, disturbances occur, sensor introduce noise 
into measurements and loads vary over time [8].  

Adaptive PID control has been extensively explored as a solution for the inherent limitations of 
fixed-gain PID controllers in the presence of disturbances, noise, and time-varying operating 
conditions. Existing adaptive schemes can generally be grouped into model-based methods, 
evolutionary optimization techniques, and learning-based approaches. Model-based approaches rely 
on accurate parametric models of the plant—such as linearized or reduced-order models—to 
compute gain updates in real time [9,10]. However, these methods are often difficult to deploy in 
practical applications due to unmodeled dynamics, parameter drift, and the challenge of obtaining 
high-fidelity system models [11]. Evolutionary optimization techniques, including genetic algorithms 
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and particle-swarm optimization, provide global search capabilities but generally lack the 
computational speed needed for real-time online tuning [12,13]. Learning-based adaptive PID 
controllers leverage neural networks or data-driven mappings to update gains without explicit 
models [14], but their success depends strongly on high-quality training data and tuned architectures. 
These limitations have motivated the development of more advanced machine-learning techniques 
capable of supporting automatic, data-efficient, and online-capable PID tuning for complex 
dynamical systems.  

In recent years some great works exploring alternative PID tuning methods have been proposed. 
An MLP-based approach for tuning a PID controller in high-temperature system was developed and 
tested in real-life working conditions in [15]. Another study focuses on implementing reinforcement 
learning for automatic PID tuning while maintaining closed-loop stability [16]. A special PIDNN was 
proposed for parameter tuning in [17]. 

Since the publication of the work outlining the edge Kolmogorov-Arnold networks have over 
traditional MLPs when it comes to parameter efficiency and interpretability capability, the popularity 
of KANs has risen in the previous year and a half. Many studies exploring KAN implementations for 
different purposes have been published. The architecture has been used in works exploring efficient 
time-series forecasting, interpretable state estimations in power systems, modeling electricity 
demands and physics-informed frameworks for solving forward and inverse problems with the use 
of KANs to name a few [18–21]. 

Due to the architecture’s inherent interpretability and ability to approximate outputs from 
sparse data we believe they might offer new advantages in the field of adaptive tuning. We propose 
a Kolmogorov-Arnold Network- based PID tuning method as a new alternative within the class of 
neural-network-based methods. This class has seen extensive exploration in recent years with 
numerous different studies implementing conventional MLP-based networks, special PID neural 
networks and other related learning-based controllers [15,17]. It is trained on synthetic datasets that 
include multiple reference trajectories, noise levels, and plant parameter variations. The models learn 
a direct mapping from system state and reference features to optimal PID gains, representing modern 
learning-based adaptive control, and are then tested in an online simulation with time-varying 
system parameters, noise levels and reference trajectories. 

In this paper, we design and evaluate a KAN- based PID tuning against representative 
techniques from the major classes of methods, mentioned above. First, we implement a classical gain-
scheduling controller, representing structured model-based design where PID gains are switched or 
interpolated based on operating regions (e.g., reference amplitude or frequency). Second, we include 
a fixed-gain PID controller with parameters obtained from MATLAB’s Simulink Auto-Tuner, serving 
as a baseline for non-adaptive control. Third, we implement an LMS-based online tuner, which 
belongs to gradient-based learning methods and updates gains through instantaneous error-
minimization. Finally, we compare with a machine-learning-based adaptive tuner based on the 
multilayer perceptron (MLP) trained on the same conditions as the KAN models. By comparing these 
methods across both first-order and second-order linear systems, we establish a systematic 
performance benchmark spanning the full spectrum of classical, evolutionary-inspired, and machine-
learning-based adaptive PID design by tracking performance, robustness to noise, convergence 
behaviour and parameter-efficiency. 

2. Materials and Methods 

2.1. Kolmogorov–Arnold Network (KAN) PID Tuning 

2.1.1. Theoretical Base and Structure of Networks 

The base of Kolmogorov-Arnold Networks is the Kolmogorov-Arnold representation theorem 
(KAT) stating that any smooth and continuous multivariate function can be represented as a 
combination of univariate continuous functions and addition [22]: 
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𝑓ሺ𝑥ሻ = 𝑓ሺ𝑥ଵ, … , 𝑥௡ሻ = ෍ Φ௤ଶ௡ାଵ
௤ୀଵ ቌ෍𝜙௤,௣൫𝑥௣൯௡

௣ୀଵ ቍ. (1) 

where 𝜙௤,௣ ∶  ሾ0, 1ሿ →  ℝ  and 𝛷௤  ∶  ℝ →  ℝ . Each 𝜙௤,௣  is a univariate function, and the outer 
functions 𝛷௤ combine the inner univariate components to reconstruct 𝑓(𝑥). 

The structure of KAN is an extension of the KAT to arbitrary depth and width, made by stacking 
individual layers. Eq (2) gives us the output of a KAN network with 𝐿 layers and input vector 𝒙଴  ∈ ℝ௡బ. 𝐾𝐴𝑁(𝑥) = (𝜱௅ିଵ ∘ 𝜱௅ିଶ ∘ … ∘ 𝜱ଵ ∘ 𝜱଴)𝑥 (2) 

Each layer with 𝑛௜௡ -dimensional inputs and 𝑛௢௨௧ -dimensional outputs can be described as a 
matrix of 1D functions 𝚽 = ൛𝜙௤,௣ൟ, 𝑝 = 1,2, … ,𝑛௜௡ , 𝑞 = 1,2, … ,𝑛_𝑜𝑢𝑡   (3) 

where the activation functions 𝜙(𝑥)  are parametrized as a linear combination of B-splines and a 
basis function [23]: 𝜙(𝑥) = 𝑤௕𝑏(𝑥) + 𝑤௦𝑠𝑝𝑙𝑖𝑛𝑒(𝑥) (4) 

𝑏(𝑥) = 𝑠𝑖𝑙𝑢(𝑥) = 𝑥1 + 𝑒ି௫   (5) 

𝑠𝑝𝑙𝑖𝑛𝑒(𝑥) = ෍𝑐௜𝐵௜(𝑥)௜  (6) 

The structure and mathematical base of KANs is what distinguishes them from widely used 
MLP networks and provides an advantage when it comes to interpretability, extracting meaningful 
results from sparse data and number of parameters needed. KANs manage to approximate 
multivariate mappings with far fewer parameters and smoother representations, making them more 
sample-efficient for control tasks. 

2.1.2. KANs for PID Gain Prediction 

We explore KAN’s potential for the task of adaptive PID tuning.  Our networks learn the 
mapping 𝑓௄஺ே: (𝑒௧ , 𝑒ሶ௧ ׬, 𝑒௧) → (𝐾௉,𝐾ூ,𝐾஽) so that the PID control law drives the system output to the 
reference. 𝑓௄஺ே: ൬𝑒௧, 𝑒ሶ௧ ,න𝑒௧൰ → (𝐾௉,𝐾ூ,𝐾஽)  (7) 

𝑢௧ = 𝐾௉𝑒௧ + 𝐾ூ න𝑒௧ + 𝐾஽𝑒ሶ௧ (8) 

KANs represent nonlinearities explicitly on the edges through the spline-based functions. Each 
connection between the nodes corresponds to a univariate spline that transforms one input variable 
before performing addition on nodes. In our PID adaptive tuning case these spline functions 
represent how variations in error dynamics influence the proportional, integral and derivative gains. 
The final layer of the networks gives us three independent outputs, which directly correspond to each 
PID coefficient - 𝐾௉,𝐾ூ,𝐾஽. 

Tests were performed for first- and second-order linear systems with changing levels of white 
Gaussian noise on both the input and output of the plants and changing reference signal magnitude 
and type. On Figure 1 can be seen a block diagrams for our system configuration. 
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Figure 1. Block diagram of tested system. r(t) -reference signal; 𝑥ଵ(𝑡)  - disturbance on plant input; 𝑥ଶ(𝑡)  - 
disturbance on plant output; y(t) -system output; G(s)- plant transfer function. G(s) is the transfer function of 
either a first- or second-order linear system- 𝐺(𝑠) = ௄ఛ௦ାଵ or 𝐺(𝑠) = ௄ఠ೙మ௦మାଶ఍ఠ೙௦ାఠ೙మ. 

2.1.3. Datasets  

Our datasets are synthetically generated and catered to each specific case. A summary of each 
dataset case can be seen in Table 1. To train both the MLP- and KAN-based PID tuning networks, we 
generated a unified family of synthetic datasets covering multiple operating scenarios for first- and 
second-order dynamic systems. All datasets share a common structure in which each sample consists 
of a short simulation rollout paired with the corresponding optimal PID gains (𝐾௣,𝐾௜ ,𝐾ௗ). The input 
vectors always include the instantaneous tracking error 𝑒ሾ𝑖ሿ, the measured plant output 𝑦measሾ𝑖ሿ, a 
normalized time index 𝑡/𝑇final , and the initial input bias 𝑈଴ . Additional features are included 
depending on the dataset variant: for plant-varying datasets, the true plant parameters (𝐾, 𝜏) for 
first-order models or (𝜔௡, 𝜁)  for second-order models are appended; in the reference-varying 
datasets, the instantaneous reference value 𝑟ሾ𝑖ሿ and its derivative 𝑟ሶሾ𝑖ሿ are also incorporated. Across 
all variants, the PID gains used during dataset creation are sampled uniformly from predefined 
ranges appropriate for each system order. Noise conditions are systematically varied using several 
actuator noise levels 𝜎act and measurement noise levels 𝜎meas, enabling the networks to learn robust 
gain mappings. For both first-order and second-order plants, three dataset families are generated: (1) 
datasets with only noise variation over time, (2) datasets combining noise variation with randomized 
plant parameters, and (3) datasets with time-varying reference signals such as steps, sinusoids, and 
ramps. Each dataset contains 200–300 simulated trajectories with diverse combinations of plant 
parameters, reference dynamics, and noise realizations. This unified dataset design ensures that the 
learning models encounter a broad distribution of operating conditions, enabling them to generalize 
PID tuning behaviour across plant uncertainties, reference regimes, and measurement/actuation 
disturbances. 

Table 1. Characteristics of different kinds of datasets used for training MLP and KAN models. 

System Dataset Type Input Features Dataset Parameters 

First-order 
Noise-changing 

only 
[err, 𝑦௠௘௔௦, ௧்೑೔೙ೌ೗, 𝑈଴] 

PID ranges: 𝐾௣(0.5 − 35), 𝐾௜ (0.1 − 7), 𝐾ௗ  (0.01 − 5); 𝑈଴  = ሾ2.0,18.0,6.7ሿ;  

Noise 𝜎௔௖௧ =  ሾ0.01,0.3,0.6ሿ, 𝜎௠௘௔௦ = ሾ0.1,0.03,0.4ሿ;   𝑛 = 200;  

Variants:  

no noise / input-only / output-only / both 

First-order Noise + 
plant-changing 

[err, 𝑦௠௘௔௦, ௧்೑೔೙ೌ೗, 𝑈଴, (𝐾, 𝜏)] 

 

 

Same PID ranges; 𝑈଴ = ሾ2,18,6.7ሿ;  
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Noise as above; 𝜏 (7 − 20), (1 − 7); 𝑛 = 200 

 
First-order 

 
Reference = 

function 

 
[err, 𝑦௠௘௔௦, ௧்೑೔೙ೌ೗, 𝑟,𝑟ሶ  ] 

PID: 𝐾௉(0.5 − 45), 𝐾௜ (0.1 − 30),  𝐾ௗ (0 − 15);  

 

References: sin/ramp/step;  

Noise:  𝜎 = [0,0.02,0.05];  𝑛 = 300;  𝜏 = 10,𝐾 = 1;  

 
 
 
 

Second-order 

 
 
 
 
 

Noise-changing 
only 

 
 
 
 

[err, 𝑦௠௘௔௦, ௧்೑೔೙ೌ೗, 𝑈଴,] 

PID 𝐾௣ (0.5 − 50), 𝐾௜ (0.5 − 30), 𝐾ௗ  (0.1 − 25); 
 

 𝑈଴ = [2,18,6.7]; 
 Noise: 𝜎௔௖௧ = [0.01,0.3,0.6], 𝜎௠௘௔௦ = [0.1,0.03,0.4]; 
 𝜔௡ range 0.5 − 2.0, 𝜁 0.2 − 1.0;  𝑛 = 200 

Second-order Noise + plant-
changing 

[err, 𝑦௠௘௔௦, ௧்೑೔೙ೌ೗, 𝑈଴, (𝜔௡, 𝜁)] 

PID: 𝐾௣ (0.5 − 50),, 𝐾௜ (0.5 − 30),  𝐾ௗ (0.1 − 25); 
 𝑈଴ = [2,18,6.7];  

Noise: 𝜎௔௖௧ = [0.01,0.3,0.6], 𝜎௠௘௔௦ = [0.1,0.03,0.4]; 
 𝜔௡ (0.5 − 2.0), 𝜁 (0.2 − 1.0);  𝑛 = 200 

 
 
 

Second-order 

 
 
 

Reference = 
function 

 
 
 

[err, 𝑦௠௘௔௦, ௧்೑೔೙ೌ೗, 𝑟,𝑟ሶ  𝜔௡, 𝜁] 

PID: 𝐾௣ (0.5 − 30), 𝐾௜ (0 − 15),  𝐾ௗ (0 − 20); 
 

 

 

 𝜔௡ (0.5 − 2.0), 𝜁(0.2 − 0.8); 
References: sin/ramp/step;  
Noise 𝜎 = [0,0.01,0.05]; 𝑛 = 300; 𝑇௙௜௡௔௟ = 25 

Figure 2 shows some dataset preview cases for first-order systems with changing noise and plant 
parameters. 
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Figure 2. Dataset preview cases for first-order systems with different noise levels and plant parameters. 

2.1.4. Network Structures and Training Parameters  
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Across all experimental conditions, Kolmogorov–Arnold Networks were configured using 
compact architectures tailored to the dimensionality of each dataset variant. The open-source Pykan 
library was used. A summary can be seen in Table 2. For first-order systems with time-varying 
noise—both with and without explicit plant-parameter inputs—the KAN models used a layer 
structure of [4,4,4,3] , corresponding to four input features and three spline-based output heads 
representing (𝐾௣,𝐾௜ ,𝐾ௗ) . These models were initialized with grid size 3 and spline order 3, and 
trained using progressive grid extension up to size 30 to improve local function resolution; no 
regularization was applied, and training used a batch size of 1000 with mean-squared error (MSE) 
loss. 

The same architectural setup was employed for first-order datasets with both noise and plant-
parameter variation. For the reference-varying first-order datasets, where the input dimensionality 
increases due to the inclusion of 𝑟(𝑡)  and 𝑟ሶ(𝑡) , the network structure was expanded to [5,4,4,3] . 
These models used the same spline order but only a single extension step from grid 3 to grid 5, 
reflecting the reduced need for fine-grained partitioning under smooth reference signals. For second-
order systems, the noise-only and noise-plus-plant-variation datasets both used the [4,4,4,3] 
structure without grid extension, again with spline order 3, no regularization, and MSE loss. Finally, 
for the second-order reference-varying datasets, the input dimensionality increases due to inclusion 
of (𝑟, 𝑟ሶ ,𝜔௡, 𝜁), so the network was expanded to [7,4,4,3] and trained with an extension from grid 
size 3 to 5. All KAN models were trained on full datasets, and no sparsity or L1/L2 penalties were 
used, ensuring that performance differences arise strictly from dataset complexity rather than 
architectural biases.  

Table 2. KAN models architecture and parameters. 

System 
Order Dataset Variant 

Input 
Dim. 

KAN 
Shape 

Grid Size 
(Start → End) 

Spline 
Order 

Regulari
zation 

Batch 
Size Loss 

1st-
order 

Noise variation 
only 

4 [4,4,4,3] 3 → 30 3 None 1000 MSE 

1st-
order 

Noise + plant 
variation 

4 (+2 if 
included) [4,4,4,3] 3 → 30 3 None 1000 MSE 

1st-
order 

Reference-
varying inputs 5 [5,4,4,3] 3 → 5 3 None 1000 MSE 

2nd-
order 

Noise variation 
only 

4 [4,4,4,3] 3 → 3 3 None 
Full 

dataset 
MSE 

2nd-
order 

Noise + plant 
variation 

4 (+2 if 
included) [4,4,4,3] 3 → 3 3 None 

Full 

dataset 
MSE 
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2nd-
order 

Reference-
varying inputs 7 [7,4,4,3] 3 → 5 3 None 1000 MSE 

Figures 3 and 4 provide a visualization of the trained KAN models for first- and second-order 
system cases. Each plot shows the layered spline structure of the network. Darker connections 
indicate stronger functional sensitivity. For first-order models smoother and more uniformly 
distributed spline activations are present, than in second-order cases, which is to be expected, as the 
spline connections are a reflexion of the error dynamics of each plant variation. 

   
(a) (b) (c) 

Figure 3. KAN model plots for first-order plants: (a) Model shape for varying noise level datasets; (b) Model 
shape for varying noise levels and plant parameters; (c) Model shape for time-varying reference signal datasets. 

   
(a) (b) (c) 

Figure 4. KAN model plots for second-order plants: (a) Model shape for varying noise level datasets; (b) Model 
shape for varying noise levels and plant parameters; (c) Model shape for time-varying reference signal datasets. 

2.2. MLP Networks for PID Tuning 

Multilayer perceptrons (MLPs) serve as a strong baseline for comparison against KANs because 
they represent the standard feedforward neural architecture widely used for nonlinear system 
modeling and controller tuning. MLPs have been previously applied to adaptive PID gain 
synthesis—for example, in high-temperature thermal control systems—demonstrating good 
approximation capability and robustness across operating conditions [15]. In this work, all MLPs 
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were trained on the same datasets used for the KAN experiments, ensuring a direct and fair 
comparison. Furthermore, training and implementation were carried out using the Pykan 
framework, leveraging its unified interface for both KAN and standard neural network modules. 

Across all dataset variants, MLP architectures were designed to match the dimensionality of the 
input features while providing sufficient depth and width to capture nonlinear mappings from 
system states to PID gains. As can be seen in Table 3, all models employed ReLU activation functions, 
the LBFGS optimizer, learning rate 1×10⁻⁴, batch size 1000, and an MSE loss function. 

Table 3. MLP models architecture and parameters. 

System Order Dataset 
Variant 

Input 
Dim. 

MLP Shape Activation Optimizer LR Batch 
Size 

Loss 

1st-order Noise 
variation only 

4 [4, 64, 64, 32, 3] ReLU LBFGS 1e-4 1000 MSE 

1st-order Noise + plant 
variation 

4 (+2 
optional) [4, 64, 64, 32, 3] ReLU LBFGS 1e-4 1000 MSE 

1st-order 
Reference-

varying 5 [5, 64, 64, 32, 3] ReLU LBFGS 1e-4 1000 MSE 

2nd-order Noise 
variation only 

4 [4, 128, 128, 64, 3] ReLU LBFGS 1e-4 1000 MSE 

2nd-order Noise + plant 
variation 

4 (+2 
optional) 

[4, 128, 128, 64, 3] ReLU LBFGS 1e-4 1000 MSE 

2nd-order 
Reference-

varying 7 [7, 64, 64, 32, 3] ReLU LBFGS 1e-4 1000 MSE 

2.3. LMS- Based Online PID Tuning 

The next method we compared our KAN models to is an LMS-based online tuner. While more 
recent adaptive PID work often uses reinforcement learning or model-free optimization, classical 
LMS-based PID tuning remains relevant. Some examples include a hybrid LMS and neural network 
controller for PID gain adaptation, a self-learning PID with three independent LMS updates for 𝐾௣,𝐾ூ and 𝐾஽, which showcases the algorithm’s low computational expense [24,25]. 

Our implementation adjusts the gains 𝐾௉,𝐾ூ and 𝐾஽ online using an error-driven learning rule. 
The instantaneous tracking error is continuously minimized: 𝑒(𝑡) = 𝑟(𝑡) − 𝑦(𝑡).    (9) 

The PID gains are updated at every sampling step, which allows for compensation of 
disturbances, noise, trajectory changes and variations of system dynamics. 

A PID controller can be expressed as a linear combination of three signals: 𝑢(𝑡) = 𝐾௉𝑒(𝑡) + 𝐾ூ𝑥ூ(𝑡) + 𝐾஽𝑥஽(𝑡) (10) 

where 𝑥ூ(𝑡) = ׬ 𝑒(𝜏)௧଴  𝑑𝜏 is the integral of the error and 𝑥஽(𝑡) = ௗ௘(௧)ௗ௧  is the derivative of the error. 
The same expression in vector form becomes: 𝑢(𝑡) = 𝒘்𝒙(𝑡) (11) 

where 

𝒙(𝑡) = ቎ 𝑒(𝑡)𝑥ூ(𝑡)𝑥஽(𝑡)቏ ,𝒘(𝑡) = ቎𝐾௉(𝑡)𝐾ூ(𝑡)𝐾஽(𝑡)቏. (12) 

We can see that this is identical to the structure of a single-node neural network(ADALINE) and 
tuning a PID controller is in practice equivalent to adjusting the weights of a linear neuron [26]. 

For our tuning method we define an instantaneous quadratic loss function: 
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𝐿(𝑡) = 12 𝑒(𝑡)ଶ. (13) 

where the goal is minimization of this function. That’s a standard setting for LMS methods. The LMS 
update law originates from the Wiener filtering problem, where the goal is to find a set of PID gains 𝒘 = [𝐾௉,𝐾ூ,𝐾஽]்that minimize the mean-squared tracking error [27]. In the ideal case, the optimal 
gains satisfy the Wiener equation 𝑹𝒘 = 𝒑, where 𝑹 = 𝔼[𝒙𝒙்]is the autocorrelation matrix of the PID 
basis signals 𝑥(𝑡) = [𝑒(𝑡), 𝑥ூ(𝑡), 𝑥஽(𝑡)]் , and 𝒑 = 𝔼[𝑟(𝑡)𝑥(𝑡)]  is their cross-correlation with the 
reference. Since these expectations cannot be computed in real time, LMS replaces them with 
instantaneous samples, leading to the stochastic gradient descent update:  𝒘(𝑡 + 1) = 𝒘(𝑡) + 𝜂 𝑒(𝑡) 𝒙(𝑡), (14) 

which adjusts the parameters along the negative gradient of the squared error surface. For the PID 
controller, this yields separate update rules for each gain: 𝐾௉(𝑡 + 1) = 𝐾௉(𝑡) + 𝜂 𝑒(𝑡) 𝑒(𝑡),𝐾ூ(𝑡 + 1) = 𝐾ூ(𝑡) + 𝜂 𝑒(𝑡) 𝑥ூ(𝑡),𝐾஽(𝑡 + 1) = 𝐾஽(𝑡) + 𝜂 𝑒(𝑡) 𝑥஽(𝑡). (15) 

Each gain is therefore nudged in the direction that locally reduces tracking error based solely on 
measured signals, requiring no model of the plant. This makes LMS-PID tuning computationally 
light, adaptive, and well suited for real-time control applications.  

Algorithm 1 presents the LMS-based online PID adaptation scheme used in our work. The PID 
gains and the integral state and previous error are initialized in lines 1 and 2. At each control step, 
the plant output and reference signal are measured (lines 3 and 4) and the tracking error is computed 
as shown in line 5. The integral and derivative basis signals are then updated in lines 6 and 7 
respectively. Line 8 forms the control input by using the updated basis signals, which is then applied 
to the plant in line 9. An update of the PID gains follows using the LMS laws in line 10. These updates 
adjust each gain proportionally to the instantaneous tracking error and its corresponding basis signal, 
implementing a gradient-based minimization of the squared error. 

Algorithm 1. LMS-Based Online PID Adaptation 
Step Description 

1 Initialize PID gains 𝐾௉,𝐾ூ, and 𝐾஽. 
2 Initialize integral state 𝑥ூ = 0 and previous error 𝑒௣௥௘௩ = 0. 
3 Loop at each sampling step: 
4 Measure plant output 𝑦(𝑡) and read reference signal 𝑟(𝑡). 
5 Compute tracking error: 𝑒(𝑡) = 𝑟(𝑡) − 𝑦(𝑡). 
6 Update integral basis signal: 𝑥ூ = 𝑥ூ + 𝑒(𝑡)Δ𝑡. 
7 Update derivative basis signal: 𝑥஽ = ௘(௧)ି௘೛ೝ೐ೡ୼௧ .   
8 Compute control input: 𝑢(𝑡) = 𝐾௉𝑒(𝑡) + 𝐾ூ𝑥ூ + 𝐾஽𝑥஽ 
9 Apply control input u(t) to the plant 

10 Update PID gains using LMS adaptation: 
 𝐾௉ = 𝐾௉ + 𝜂𝑒(𝑡)𝑒(𝑡) 
 𝐾ூ = 𝐾ூ + 𝜂𝑒(𝑡)𝑥ூ 
 𝐾஽ = 𝐾஽ + 𝜂𝑒(𝑡)𝑥஽ 

11 Optional: Clip gains to predefined safety bounds. 
12 Update previous error: 𝑒௣௥௘௩ = 𝑒(𝑡). 
13 End Loop 

An optional constrain of the adapted gains can be added in line 11 to ensure safe operation of 
the controller. Finally, in line 12 is updated the previous error and the procedure is repeated for each 
control cycle – line 13. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 April 2026 doi:10.20944/preprints202604.2157.v1

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

https://doi.org/10.20944/preprints202604.2157.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 32 

 

2.4. Fixed PID Controller (Baseline) 

A conventional PID controller computes the control action as: 𝑢(𝑡) = 𝐾௣𝑒(𝑡) + 𝐾௜ න 𝑒(𝜏) 𝑑𝜏௧
଴ + 𝐾ௗ 𝑑𝑒(𝑡)𝑑𝑡 , (16) 

where 𝑒(𝑡) = 𝑟(𝑡) − 𝑦(𝑡). 
This baseline assumes time-invariant gains 𝐾௣,𝐾௜ ,𝐾ௗthat do not adapt to disturbances or plant 

variations. Gains were obtained using MATLAB Simulink Auto-Tuner (classical frequency-domain 
tuning procedure). 

A first-order derivative filter was used to suppress measurement noise. 𝐷(𝑠) = 𝐾ௗ 𝑁1 + 𝑁/𝑠 ,𝑁 = 80, (17)

No model training is involved. The fixed PID is directly evaluated under: 

• step, ramp, and sinusoidal reference trajectories; 
• varying actuator and measurement noise; 
• plant parameter variations (first- and second-order systems) 

2.5. Gain Scheduling PID Controller 

Gain scheduling uses different PID gains depending on a measured scheduling variable σ(t). 
Classical theory defines: 𝐾௣(𝑡) = 𝑓௣(𝜎(𝑡)),𝐾௜(𝑡) = 𝑓௜(𝜎(𝑡)),𝐾ௗ(𝑡) = 𝑓ௗ(𝜎(𝑡)), (18)

where 𝑓௣,𝑓௜ ,𝑓ௗ are lookup tables or interpolation maps over operating points, determined by the 
scheduling variable [28,29]. 

In this work the scheduling variable is the reference amplitude or reference frequency, 
depending on the input type. 

The gain table contains three operating regions: small inputs, moderate inputs, high inputs. 
Gains are interpolated smoothly using:  𝐾(𝜎) = 𝛼(𝜎)𝐾ଵ + ൫1 − 𝛼(𝜎)൯𝐾ଶ. (19)

The same simulation environment is used as in Section 2.4. No training is required; gains are 
manually selected based on plant response. 

2.6. Evaluation Metrics 

The results obtained in this work were evaluated both graphically and numerically. A three-
segment simulation test consisting of three consecutive 10-second time intervals with different 
reference signals, noise levels, and plant parameters was used for performance trials of each control 
strategy. 

We provide plot comparisons of the performance of each method tested for the first- and second- 
order plants and numerical evaluation in terms of settling time, percent overshoot, steady-state error, 
rise time, integral of absolute error (IAE) and integral of squared error (ISE). The trajectories of the 
PID coefficients 𝐾௉,𝐾ூ and 𝐾஽  are also analyzed to further asses the responsiveness, robustness 
and stability of the tuning methods. Additionally, the computational efficiency of the KAN-based 
tuner is compared to that of the MLP-based one. 

All approaches were tested in the following set-ups: first-and second-plants with varying only 
noise conditions and for different step-input values; first-and second-plants varying both noise 
conditions and plant parameters under different step-input values; first- and second-order plants 
with fixed noise levels and plant parameters, but subjected to a time-varying input reference. 
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3. Results 

The KAN-based PID tuner developed in this work was evaluated against all comparative 
methods introduced in Section 2: the MLP-based tuner, the LMS adaptive tuner, the gain-scheduling 
controller, and the classical fixed-gain PID. Results are presented for three different testing setups, 
each designed to asses controller performance under a different source of difficulty- varying levels of 
input and output noise, changing plant parameters and variable reference complexity- step inputs 
and time-varying references for both first- and second-order linear dynamic systems.  

3.1. Stochastic Disturbance: Varying Levels of Input and Output Noise 

This subsection presents the results obtained for the first-order linear system cases, described in 
the Methods section, subjected to varying levels of input/ output noise. As a benchmark for further 
comparison and method efficiency evaluation we have included tests with no noise. 

Figure 5 shows plot comparison results for controllers, employing all tested tuning methods, 
under zero noise for changing values of step inputs for first-order plants. All controllers manage to 
settle to the desired output. Gain scheduling performs best, achieving the fastest responses and 
lowest error metrics, as the values tested correspond directly to pre-set gains from its lookup table, 
it’s closely followed by the two NN-based controllers- MLP and KAN and the LMS controller shows 
the most unsatisfactory performance of all, especially during large reference changes, due to its 
sensitivity to proper learning rate selection. Table 4 presents the numerical results of this comparison 
and further supports the conclusions drawn from the extracted plots. 

 

Figure 5. Outputs of all compared methods under zero noise conditions for first-order plant with parameters 
plant gain 𝐾 =  3 and time constant 𝜏 =  15.0. Simulation schedule: 0-10s: step input with value 1.0, input and 
output noise level equal to 0%, Plant gain 𝐾 =  3.0, and time constant 𝜏 =  15.0; 10-20s: step input with value 
5.0, input and output noise level equal to 0%, Plant gain 𝐾 =  1.0, and time constant 𝜏 =  10.0; 20-30s: step 
input with value 3.5, input and output noise level equal to 0%, Plant gain 𝐾 =  3.0, and time constant 𝜏 =  15.0. 

Figure 6 represents the time evolution of the proportional, integral and derivative gains 
generated by all compared tuning methods during the no-noise simulation. The KAN- and MLP-
based tuners exhibit rapid gain adjustment during the initial transient stage and then settle to stable 
gain values once the desired system response is achieved, while the LMS controller continuously 
updates gains throughout the whole simulation course, which reflects its gradient-based nature 
reacting directly to the instantaneous tracking error. The gain scheduling controller maintains stable 
gains as there’s only change in the reference magnitude, which is not considered a gain-scheduling 
event. 
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Figure 6. PID gains generated by all compared methods under zero noise conditions for first-order plant with 
parameters plant gain 𝐾 =  3 and time constant 𝜏 =  15.0. Simulation schedule: 0-10s: step input with value 
1.0, input and output noise level equal to 0%, Plant gain 𝐾 =  3.0, and time constant 𝜏 =  15.0; 10-20s: step 
input with value 5.0, input and output noise level equal to 0%, Plant gain 𝐾 =  1.0, and time constant 𝜏 =  10.0; 
20-30s: step input with value 3.5, input and output noise level equal to 0%, Plant gain 𝐾 =  3.0, and time constant 𝜏 =  15.0. 

Table 4. Numerical comparison of LMS, MLP, KAN and gain scheduling tuning methods accuracy for first-order 
plants under zero noise conditions. 

Metric 
Time 

Interval LMS MLP KAN Gain Scheduling 

Settling Time   0-10s NaN 0.740494 0.920614 0.268000 
10-20s 13.884628   10.887258   14.449633 10.271000 
20-30s 24.468156   20.993996   21.154103 20.252000 
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Percent 
Overshoot (%)  

0-10s 32.716807   1.511340   3.191398 0.314162 
10-20s 20.393891   3.497833   20.393891    0.397377 
20-30s 11.544681   1.193212   4.433343 0.524088 

Rise Time    0-10s 1.830610 0.560374 0.720480 0.194000 
10-20s 1.180393   0.580387   0.680454 0.195000   
20-30s 1.080360   0.640427   0.740494 0.186000 

Steady-State 
Error       

0-10s 0.060387   0.004780   0.006914 0.003104 
10-20s 0.007002   0.017468   0.020924 0.014922 
20-30s 0.000749   0.002432   0.005247 0.005030 

IAE       0-10s  2.512062   0.270425   0.409768   0.123660 
10-20s 4.466569   0.969378   1.296082 0.509147 
20-30s 1.263058   0.309281   0.443723 0.175777 

ISE        0-10s 1.347437   0.064266   0.090996    0.042839 
10-20s 8.447779   0.843588   1.053982 0.624790 
20-30s 0.772039   0.126646   0.159022 0.083870 

In all experiments, noise was added to both the actuator signal and sensor output to replicate 
real industrial conditions. Three representative levels were tested: low (≈1% FS), medium (≈3% FS), 
and high noise (≈15% FS). Noise levels were varied dynamically during simulation to evaluate 
robustness under changing disturbance intensity. Figure 7 shows the plot comparison for this set-up 
and numerical results can be seen in Table 5. 

Table 5. Numerical comparison of all tuning methods accuracy for first-order plants with simulation parameters 
as described in Figure 7. 

Metric Time 
Interval 

LMS MLP KAN Gain Scheduling 

Settling Time  0-10s NaN     0.920614   0.560374 0.296000 
10-20s 18.786262   19.753169   17.891928 10.297000 
20-30s  NaN     29.959973   NaN NaN 

Percent 
Overshoot (%) 

0-10s 33.527145   3.815187   2.554122 3.379105 
10-20s 27.263110   53.890907   25.968467  2.841941 
20-30s 191.492182  20.786694   11.716738 43.480934 

Rise Time    0-10s  1.700567   0.720480   0.420280 0.182000 
10-20s 1.220407   0.900600   1.200801 0.189000 
20-30s 0.220073   0.740494   1.260841 0.111000 

Steady-State 
Error      

0-10s 0.161102   0.001909   0.000511 0.014440  
10-20s 0.174716   0.075430   0.028167 0.013065 
20-30s 0.594151   0.017202   0.100775 0.379659 

IAE       0-10s 2.858439   0.377145   0.180479 0.170249 
10-20s 5.231587   7.520717   4.090387 0.604415 
20-30s 7.100254   1.189996   2.562079 1.296958 

ISE       0-10s 1.494917   0.085523   0.036996 0.043959 
10-20s 8.887588   11.141097   4.247738 0.633860 
20-30s 7.621526   0.378321   1.286500 0.314075 
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Figure 7. Results for first-order plant testing simulation with parameters: 0s-10s: step input with value 1.0, input 
noise level equal to 1%, output noise level equal to 1%, Plant gain K = 1.0, and time constant τ = 10.0; 10s-20s: 
step input with value 5.0, input noise level equal to 3%, output noise level equal to 3%, Plant gain K = 1.0, and 
time constant τ = 10.0; 20s-30s: step input with value 3.5, input noise level equal to 15%, output noise level equal 
to 15%, Plant gain K = 1.0, and time constant τ = 10.0. 

The results show that noise has a significant impact on both transient behaviour and 
accumulated tracking error. KANs outperform MLPs, fixed PID coefficients and LMS in those testing 
conditions, demonstrating the highest robustness to noise. Under moderate and high noise levels 
both MLPs and LMS provide unstable diverging results, while KANs manage to settle. LMS performs 
poorly even with low noise levels, failing to settle in the ten second time interval of each test segment. 
Gain scheduling is again used as a benchmark for other methods, as the values tested have direct 
counterparts in its lookup table, but its performance also severely deteriorates under higher noise 
levels. 
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A plot of the PID coefficients evolution throughout the simulation of the first-order plant 
subjected to different noise levels for the tested methods is presented in Figure 8. It is visible that the 
adaptive methods respond distinctly to the changing reference levels and noise intensities with KANs 
and MLPs providing strong adaptability, but accompanied by high gain variability, especially under 
higher noise levels, whereas the LMS tuner changes gains more conservatively, but provides 
unsatisfactory results. The gain scheduling serves as a baseline, as in those conditions no coefficient 
changes are performed. 

 
Figure 8. PID gains generated by all tested methods for first-order plant testing simulation with parameters: 0s-
10s: step input with value 1.0, input noise level equal to 1%, output noise level equal to 1%, Plant gain K = 1.0, 
and time constant τ = 10.0; 10s-20s: step input with value 5.0, input noise level equal to 3%, output noise level 
equal to 3%, Plant gain K = 1.0, and time constant τ = 10.0; 20s-30s: step input with value 3.5, input noise level 
equal to 15%, output noise level equal to 15%, Plant gain K = 1.0, and time constant τ = 10.0. 

3.2. Parametric Disturbance: Changing Plant Parameters  

Testing for adaptation to plant parameter changes was done for both first- and second-order 
plants. Simulations are set up as in the previous subsection. Figure 7 shows plot comparison results 
comparing stable gain scheduling controller for first-order plants to controllers of all other discussed 
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methods, while Figure 8 showcases gain scheduling’s inability to adapt to unpredicted values. 
Numerical results are presented in Table 6 and Table 7. 

Table 6. Numerical comparison of LMS, MLP, KAN and Gain Scheduling tuning methods performance for first-
order plants with simulation parameters as described in Figure 6. 

Metric Time 
Interval LMS MLP KAN Gain Scheduling 

Settling Time   0-10s NaN 1.160774 6.464310 9.996000 
10-20s NaN 10.927285 10.987325 10.401000 
20-30s NaN 20.973983 21.054036 29.993000 

Percent 
Overshoot (%)  

0-10s 54.220626 4.972003 5.298795 10.919873 
10-20s 31.317646 2.035754 1.926445 2.672958 
20-30s 39.419905   10.332823   16.225244 26.519685 

Rise Time    0-10s 5.371791 0.680454 0.470067 0.088000 
10-20s 4.541514 0.700467 0.740494 0.213000 
20-30s 1.080360   0.800534   1.100734 0.155000 

Steady-State 
Error       

0-10s 0.284945 0.003895 0.004328 0.031603 
10-20s 0.255966 0.023740 0.026004 0.044869 
20-30s 0.151371 0.018255 0.003690 0.102476 

IAE       0-10s 5.383484 0.405777 0.470067 0.282226 
10-20s 11.937405 1.309222 1.290959 0.910913 
20-30s 10.194699 0.815737 0.919109 0.815465 

ISE        0-10s 4.098881 0.095682 0.115444 0.031034 
10-20s 21.578159 1.600046 1.498544 0.831769 
20-30s 18.912526 0.424881 0.509843 0.2518872 

Table 7. Numerical comparison of LMS, MLP, KAN and Gain Scheduling tuning methods performance for first-
order plants with simulation parameters as described in Figure 7. 

Metric Time 
Interval 

LMS MLP KAN Gain Scheduling 

Settling Time   0-10s NaN 2.946631 2.366244 3.824000 
10-20s 19.656552 15.950634 15.950634 NaN 
20-30s 

29.979993   25.316878 25.537025 
20.224000 

Percent 
Overshoot (%)  

0-10s 27.129936   4.976931   6.488460 63.092734 
10-20s 9.915909 4.632208 4,622462 20.665626 
20-30s 39.769588   17.344877   19.155910 8.858477 

Rise Time    0-10s 0.870290 0.620414 0.620414 0.032000 
10-20s 2.910970 0.740494 0.780520 0.167000 
20-30s 0.350117   0.900600   1.160774 0.175000 

Steady-State 
Error       

0-10s 0.042545 0.005727 0.006328 0.004651 
10-20s 0.043121   0.047300   0.052214 0.559866 
20-30s 

0.008916 0.032570 0.030701 
0.037007 

IAE       0-10s 0.888357   0.345274   0.379568  0.255425 
10-20s 1.100741 2.015735 2.018902 6.147597 
20-30s 1.025537 1.394015 1.553468 0.544858 

ISE        0-10s 0.267010   0.068368   0.067051 0.098387 
10-20s 0.383114 2.090578 1.991367 5.641962 
20-30s 0.178286 0.508392 0.607150 0.170250 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 April 2026 doi:10.20944/preprints202604.2157.v1

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

https://doi.org/10.20944/preprints202604.2157.v1
http://creativecommons.org/licenses/by/4.0/


 18 of 32 

 

In these setups both stochastic disturbances and dynamic changes have been introduced 
simultaneously. Both Figures 9 and 11 and Tables 6 and 7 demonstrate how gain scheduling 
deteriorates when faced with unknown plant parameters, while learning-based controllers manage 
to maintain stable performance. KAN shows improved robustness under more severe conditions, 
followed closely by MLPs, and LMS fails to provide satisfactory results, especially in the testing 
conditions of Figure 7 and Table 6. 

Gain evolution for those cases – Figures 10 and 12 is also similar, KANs show great variability 
under higher noise levels, while MLPs seem to provide constant values and LMS performs in an 
almost identical way to previous simulated cases showing error driven gain adaptation, due to its 
gradient-based nature. 

 

Figure 9. Results for first-order plant tested under the following simulation conditions: 0s-10s: step input with 
value 1.0, input noise level equal to 1%, output noise level equal to 3%, Plant gain K = 2.0, and time constant τ = 
10.0; 10s-20s: step input with value 5.0, input noise level equal to 8%, output noise level equal to 5%, Plant gain 
K = 1.2, and time constant τ = 6.5; 20s-30s: step input with value 3.0, input noise level equal to 15%, output 
noise level equal to 8%, Plant gain K = 1.2, and time constant τ = 6.5. 
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Figure 10. PID gains generated by all tested methods for first-order plant tested under the following simulation 
conditions: 0s-10s: step input with value 1.0, input noise level equal to 1%, output noise level equal to 3%, Plant 
gain K = 2.0, and time constant τ = 10.0; 10s-20s: step input with value 5.0, input noise level equal to 8%, output 
noise level equal to 5%, Plant gain K = 1.2, and time constant τ = 6.5; 20s-30s: step input with value 3.0, input 
noise level equal to 15%, output noise level equal to 8%, Plant gain K = 1.2, and time constant τ = 6.5. 
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Figure 11. Results for simulation with parameters: 0s-10s: step input with value 1.0, input noise level equal to 
1%, output noise level equal to 3%, Plant gain K = 2.75, and time constant τ = 12.0; 10s-20s: step input with value 
5.0, input noise level equal to 8%, output noise level equal to 5%, Plant gain K = 3.0, and time constant τ = 20.0; 
20s-30s: step input with value 3.5, input noise level equal to 15%, output noise level equal to 8%, Plant gain K = 
1.0, and time constant τ = 10.0. 
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Figure 12. PID gains generated by all tested methods for first-order plant for simulation with parameters: 0s-10s: 
step input with value 1.0, input noise level equal to 1%, output noise level equal to 3%, Plant gain K = 2.75, and 
time constant τ = 12.0; 10s-20s: step input with value 5.0, input noise level equal to 8%, output noise level equal 
to 5%, Plant gain K = 3.0, and time constant τ = 20.0; 20s-30s: step input with value 3.5, input noise level equal to 
15%, output noise level equal to 8%, Plant gain K = 1.0, and time constant τ = 10.0. 

Figure 13 and Table 8 show performance comparison of all tuning methods for a second-order 
plant, subjected to reference changes, increasing input/output noise levels and variations in plant 
parameter- natural frequency and damping ratio. 
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Figure 13. Results for second- order plants, subjected to the following testing schedule: 0s-10s: step input with 
value of 1.0, input noise level - 1%, output noise level - 1%, natural frequency 𝜔௡  =  1.0, Damping ratio 𝜁 = 0.5; 10s-20s: step input with value of 5.0, input noise level - 10%, output noise level - 7%, natural frequency 𝜔௡  =  1.5, damping ratio 𝜁 =  0.7; 20s-30s: step input with value of 3.5, input noise level - 30%, output noise 
level - 10%, natural frequency 𝜔௡   =  2.0, damping ratio 𝜁 =  0.3. 

Table 8. Numerical comparison of all tuning methods performance for second-order plants with simulation 
parameters as described in Figure 8. 

Metric Time Interval LMS MLP KAN Gain Scheduling 
Settling Time    0-10s NaN      0.400267 0.400267 NaN 

10-20s NaN      19.753169 19.753169 19.733155 
20-30s 29.979993    NaN 29.979987 NaN 

Percent Overshoot 
(%)         

0-10s 39.892829    5.076550    5.251044 33.659878 
10-20s 24.060029    8.825302    8.996116 14.307039 
20-30s 22.400868    9.063412    14.022039 17.959804 

Rise Time     0-10s 1.450483    0.100067    0.120080 0.120080 
10-20s 0.590197    0.040027 0.040027 0.080053 
20-30s 0.130043    0.060040 0.060040 0.020013 

Steady-State Error 0-10s 0.379553    0.002351    0.007223 0.064470 
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10-20s 0.337301    0.012777    0.012777     0.081759 
20-30s 0.064031    0.011901    0.006385 0.156504 

IAE        0-10s  2.829726    0.104293    0.122321 0.851932 
10-20s  4.211281    0.447179    0.447729 1.085951 
20-30s 3.341427    0.876517    0.866168 0.918527 

ISE         0-10s 1.338234    0.020738    0.022472 0.110818 
10-20s 5.673532    0.064042    0.059072  0.275897 
20-30s 1.834186    0.118545    0.115195    0.153222 

For second-order systems, which introduce oscillatory behaviour and make achieving 
satisfactory controller performance more challenging, the results again demonstrate that learning-
based controllers significantly outperform LMS and Gain scheduling. The difference is most 
noticeable under moderate and severe noise conditions. Both MLPs and KANs achieve nearly 
identical performance, with a slight advantage for KANs under the most severe conditions. 

As seen in Figure 14, both KANs and MLPs manage to establish quite stable gain values 
throughout this simulation with MLPs providing superior performance, unlike LMS where gain 
values remain dynamic. Gain scheduling serves as a baseline for gain- switching events. 
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Figure 14. PID gains generated by all tested methods for second- order plants, subjected to the following testing 
schedule: 0s-10s: step input with value of 1.0, input noise level - 1%, output noise level - 1%, natural frequency 𝜔௡  =  1.0, Damping ratio 𝜁 =  0.5; 10s-20s: step input with value of 5.0, input noise level - 10%, output noise 
level - 7%, natural frequency 𝜔௡  =  1.5, damping ratio 𝜁 =  0.7; 20s-30s: step input with value of 3.5, input noise 
level - 30%, output noise level - 10%, natural frequency 𝜔௡   =  2.0, damping ratio 𝜁 =  0.3. 

3.3. Reference Complexity: Step Inputs Versus Smoothly Time-Varying References  

As the main focus of our study is the performance of the developed KAN PID tuner we first 
tested its ability to output different functions individually and compared it with the MLP-based tuner 
– Figure 15 and Figure 16. 

Both tests show the learning-based tuners are able to deal with references more complex than 
just step inputs. Next simulations compare the controllers’ ability to track time-varying reference 
signals. 

 

Figure 15. KAN- vs. MLP-based tuner outputs for sine function reference with amplitude = 1 and frequency = 
0.1 for a system with a first-order plant. 

 
Figure 16. KAN- vs. MLP-based tuner outputs for ramp function reference for a system with a first-order plant. 

First- and second-order plant systems, tuned with KANs, LMS, MLPs and gain scheduling are 
compared. Figure 17 shows plot comparison of all tested methods for systems with first-order plants, 
while Figure 19 shows the same experimental setup but for second-order plant systems. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 April 2026 doi:10.20944/preprints202604.2157.v1

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

https://doi.org/10.20944/preprints202604.2157.v1
http://creativecommons.org/licenses/by/4.0/


 25 of 32 

 

 

Figure 17. Simulation results for first-order plant systems with the following schedule: 0s-10s: step input with 
value 4.0, 10s-20s: sine input with amplitude 4.0 and frequency of 2.8; 20s-30s: ramp input with a constant slope 
of 0.4. 

In Figure 17 the first-order plant is subjected to a sequence of references- step input, followed by 
a sinusoidal reference and a ramp input. KANs and MLPs exhibit nearly identical tracking 
performance, managing to achieve high accuracy in sections one and three with fast convergence and 
minimal steady-state error. The LMS controller I able to also provide satisfactory results, but suffers 
more from the introduced noise. Gain scheduling fails in the sinusoidal section and fixed PID 
coefficients are only optimal in the initial section. 

All adaptive methods show great gain adjustments in Figure 18, providing stable gain values. 
MLPs tend to overshoot the proportional component as references are switched, but manage to settle 
nicely after that. 

Figure 19 shows simulation results for second-order plants, subjected to a reference schedule of 
a ramp input, followed by a sinusoidal reference and a step input. Here the difference between the 
learning- and non-learning- based methods becomes even more apparent. KANs and MLPs exhibit 
perfect tracking, with KANs slightly outperforming in the sinusoidal section, demonstrating 
improved robustness. LMS performance deteriorates in the step section introducing significant 
overshoot and oscillations before settling ang Gain scheduling again performs poorly.  
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Figure 18. PID gains generated by all tested methods for simulation results for first-order plant systems with the 
following schedule: 0s-10s: step input with value 4.0, 10s-20s: sine input with amplitude 4.0 and frequency of 
2.8; 20s-30s: ramp input with a constant slope of 0.4. 
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Figure 19. Simulation results for second-order plant systems with the following schedule: 0s-10s: ,  ramp input 
with a constant slope of 0.4; 10s-20s: sine input with amplitude 2.0 and frequency of 1.5; 20s-30s: step input with 
value 1.0. 

Figure 20 demonstrates the methods’ ability to adapt PID gains to the changing reference signals. 
The KAN and MLP controllers provide smooth gain adaptation across the three types of inputs, while 
the LMS-based tuner again shows gains, based on the accumulated tracking error and gain 
scheduling remains limited to its predefined values. 

KANs consistently achieve accurate reference tracking while requiring less complete training 
datasets, showing improved data efficiency and generalization capabilities. While MLPs remain 
highly effective, their performance is more sensitive to training data richness, particularly in second-
order systems. LMS, although computationally lightweight, is unable to cope effectively with rapid 
reference changes and higher-order dynamics. 
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Figure 20. PID gains generated by all tested methods for Simulation results for second-order plant systems with 
the following schedule: 0s-10s: ,  ramp input with a constant slope of 0.4; 10s-20s: sine input with amplitude 2.0 
and frequency of 1.5; 20s-30s: step input with value 1.0. 

4. Discussion 

The primary focus of this work is the development, evaluation and validation of a Kolmogorov-
Arnold Network-based adaptive PID tuner for first- and second-order linear dynamic systems, 
operating under time-varying noise levels, plant parameters and reference trajectories. The 
remaining tuning approaches – MLPs, LMS and classical gain scheduling were inspired by other 
works and included as benchmark methods to compare the performance of the proposed KAN tuner 
[15,25,30]. 

4.1. Interpretation of Results 

The simulation results consistently demonstrate that learning-based tuning approaches 
outperform classical gain scheduling and LMS methods. The difference is most visible under non-
stationary operating conditions and tracking time-varying reference signals. The outcome of our 
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study is in line with prior studies, which have indicated that fixed PID tuning strategies provide 
limited results when it comes to varying system dynamics, working conditions and input signals, as 
they are generally optimized for a narrow set of conditions [31,32]. 

Across all tested scenarios, the KAN-based tuner achieved superior or comparable accuracy, 
reduced steady-state error and lower integral error metrics when compared to other methods. The 
most noticeable improvement was observed during reference transitions involving sinusoidal and 
ramp inputs, where gain scheduling and LMS struggled to cope with the more complex and noisy 
dynamics. KANs exhibit overall improved adaptability compared to classical tuning methods. 

For first-order linear plants both KANs and MLPs perform nearly identically when it comes to 
settling time, percent overshoot and tracking accuracy, but as system complexity increases in second-
order plants KANs demonstrate improved robustness, particularly under highly noisy conditions 
and during reference transitions. This further supports the claim that KANs generalize better when 
handling complex scenarios and nonideal conditions as adaptive tuners. 

The LMS-based controller showed limited adaptability even under moderate noise levels. 
Performance degraded rapidly when faced with rapidly changing references and high input/output 
noise levels. Its computational simplicity is not enough to justify the unsatisfactory performance. 
Those findings align with the know limitations of gradient-based adaptive methods, which lack the 
expressive power needed to model the dependencies between plant dynamics and optimal PID gains, 
and are highly sensitive to proper parameter selection. 

4.2. Gain Adaptation Behaviour 

The difference in how the methods, compared in our paper, respond to changing plant 
dynamics, noise levels and reference signals becomes apparent when the evolution of the PID gains 
throughout the tested scenarios is considered. The KAN-based controller consistently shows fast gain 
adaptation, mainly through it proportional and derivative components responding to shifts in 
reference type and magnitude, changes in noise levels and plant parameters. While this provides 
great output adaptation, it also introduces lots of gain variability, especially under higher noise levels. 
MLPs behave differently, producing smoother and more constant gain profiles, but this can limit their 
adaptability in highly changeable environments. LMS gains are a direct reflection of the method’s 
gradient-based nature, adapting gradually to the accumulated tracking error, and gain scheduling 
shows abrupt changes only at the instances of the occurrence of the detects events. 

A trade-off between adaptability and gain variation is clearly observed- the learning-based 
methods are superior when it comes to responsiveness, the LMS tuner performs in a more stable and 
predictable manner, but outputs inferior performance, and gain scheduling lacks the flexibility the 
other tuners have.  

4.3. Computational Efficiency and Model Complexity 

Another angle explored in this work is the comparison of computational efficiency and model 
complexity between the similarly performing KAN and MLP tuners. Here KANs demonstrate 
superior performances with more compact models and less optimized training datasets. 

As presented in Table 9, KAN models employed compact network configurations, while MLPs 
required substantially wider architectures to achieve similar performance. 

Table 9. Comparison of network architectures used for KAN- and MLP-based adaptive PID tuners for first- and 
second-order plant systems. 

Model Type 
System Order Network 

Architecture Hyperparameters 

KAN         First-order [4, 4, 4, 3] – [5, 4, 4, 3] grid = 3, k = 3 
Second-order [4, 4, 4, 3] – [7, 4, 4, 3] grid = 3, k = 3 

MLP         First-order [4, 64, 64, 32, 3] - 
Second-order [7, 64, 64, 32, 3] - 
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Throughout our testing KAN-based tuners consistently matched or outperformed MLPs, 
particularly in the second-order plant cases. The significantly smaller networks manage to efficiently 
approximate the nonlinear control mappings, highlighting one of KANs main practical advantages- 
model simplicity. KANs exhibit improved data efficiency and reduced memory requirements, 
making them an option worth exploring more for real-time control applications with limited 
computational resources. The results support the claims of the original KAN paper, which states that 
high approximation accuracy can be achieved without relying on excessive network width and depth, 
unlike in MLP-based solutions [23]. 

4.4. Broader Implications for Adaptive Control 

Our findings reinforce the limitations of fixed PID coefficients and gain scheduling approaches 
under rapidly changing operating conditions. Both learning-based tuners, proposed in our paper, 
manage to demonstrate that this approach can effectively overcome the aforementioned limitations 
by continuously updating controller parameters. 

KANs’ superior performance in second-order plant systems is relevant for mechanical, 
electromechanical and process control applications, where oscillatory dynamics, fluctuating 
parameters and measurement noise are a common occurrence [33]. Other advantages of KANs are 
their inherent generalization abilities, model efficiency and potential interpretability, when compared 
to MLPs. 

4.5. Limitations and Future Research Directions 

While the results of our study are promising and support KANs effectiveness for control 
problems, the testing work was limited to first- and second-order linear plant models. Expanding the 
framework to higher order, nonlinear and time-delay systems should be the next step explored. 
Explicit measurements of runtime and energy consumption would also support the claims for 
improved computational efficiency, which was only inferred from network sizes. 

Further research directions include: experimental validation on real-world physical systems, 
exploring online training strategies for KAN-based tuners, hybrid control schemes and more. 

As a conclusion, our work explores KAN-based adaptive PID tuners as an effective, efficient and 
scalable alternative to both classical and neural-network-based tuning methods, particularly in 
uncertain control environments. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

KAN Kolmogorov-Arnold Network 
MLP Multilayer perceptron 
PID Proportional-integral-derivative 
ReLU Rectified Linear Unit 
LBFGS Limited-memory Broyden–Fletcher–Goldfarb–Shanno Algorithm 
MSE Mean Squared Error 
LMS Least mean squares 
NN Neural network 
KAT Kolmogorov-Arnold representation theorem 
IAE        Integral of Absolute Error 
ISE         Integral of Squared Error 
FS Full Scale 
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