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Abstract. This work presents and compares two approaches for 
inverse modelling and control of a biotechnological system: a 

fuzzy rule-based model and a Kolmogorov–Arnold network 
(KAN) model. Both models aim to generate a control law that 

enables the system to reach a desired substrate concentration by 

inverting the model. While the fuzzy model provides 
interpretability through linguistic rules, the KAN model offers an 

explicit functional representation that permits analysis and 

visualisation of each input’s contribution through univariate 
functions. It is shown how the models can be inverted online to 

determine the required dilution rate, producing controlled 

trajectories close to the reference. The results confirm that the use 
of interpretable models is not only feasible for control tasks, but 

also provides transparency, pruning capability, and automatic 

generation of symbolic expressions, which support the 
determination and adaptation of their implementation in critical 

systems. 
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1 Introduction 
 

There are various applications of artificial intelligence, which is a metaphor of what happens in the natural world. It involves 

imitating something that occurs in nature to make a decision or solve a problem. For this purpose, algorithms are created that are 

commonly called artificial intelligence (AI). Although, there are disagreements with this term and soft computing is also often 

used as a synonym, currently soft computing is part of AI and tends to focus more on fuzzy logic (Konar, 2000). For something 

to be classified as intelligent, it must meet some characteristics. After all, kicking a ball is not playing football, just as 

processing text does not know about semantics (Searle, 1990). Although, currently it is not easy to refute that the Turing test has 

been passed by modern artificial intelligence applications (Wang et al., 2024). 

 

Some of the approaches taken from nature to implement algorithms capable of solving problems, optimizing results, or making 

decisions are, for example, genetic algorithms (GA) that simulate the survival of the fittest, where each individual represents a 

solution and the fittest cross to have a new generation that may have better performance. To avoid falling into a local minimum, 

mutations are also simulated in new generations (Surma et al., 2025). In the case of using GA for control applications, it is  

possible to propose that each individual represents a PID controller, with each of its gains encoded in the individual's genes. 

Thus, when evaluating some performance criterion that considers settling time, overshoot, steady-state error, among some other 

characteristic, a good option that satisfies the requirements can be found after simulating several generations (Hong et al., 2023). 

 

GA provide the best solution found, but do not provide a controller based on soft computing, generally other AI techniques are 

used to propose nonlinear controllers, one of them are artificial neural networks (ANN), which mimic the connections between 

biological neurons to generate signals, make decisions, or classify information. ANN usually require the desired behavior 

(supervised learning) to adjust their parameters to achieve the expected result, this stage is called training. In addition to the 

network parameters to be implemented, there are also hyperparameters that are chosen arbitrarily; at this stage, GA as well as 

other biomimetic or bioinspired algorithms are an alternative to determine the hyperparameters to be used in the network 

(Khosravi and Bahram, 2025). 
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A neural controller is capable of adjusting itself to control a nonlinear system, having its power in the hidden layer of neurons. 

Given the complexity of adjusting the network parameters, it is not possible to propose the synaptic weights analytically, so 

training methods such as gradient descent are required. For example, Ammara et al. (2024) implemented a sliding mode control 

for power converters, whose reference and management are determined by an ANN to obtain maximum power from a 

photoelectrochemical cell. These neural controllers function as black boxes because their behavior cannot be understood until 

they are simulated or evaluated; consequently, modifying any parameter or hyperparameter in the ANN produces unpredictable 

outputs. 

 

Although ANN have many applications and are used not only for control purposes, there is also fuzzy logic that can be designed 

based on expert knowledge, or even, if some adaptation technique of the fuzzy system is used, the resulting system can be 

interpreted and have an idea or approximation of what would happen if some parameter is modified. This way, a person's 

experience or an expert's knowledge can be used to propose the fuzzy system or controller (Bárcenas-Castañeda et al., 2023). 

Thus, fuzzy logic can be interpreted as a gray box, where perhaps there is no analytical expression of its behavior, but there is an 

idea of what it will deliver according to its configuration. 

 

This is because it is a tool designed to imitate the way we make decisions from scarce or ambiguous information, thus achieving 

a degree of interpretability (Ouifak and Idri, 2025). 

 

A fuzzy control can be proposed based on normalizing its inputs or by knowing the range of values that each of the inputs can 

have, a simple example would be to propose the fuzzy rules for a PD-type control, for example a negative error can represent 

that the output is above the reference, then the control signal should decrease, or if the derivative of the error is positive, it 

means that the error is becoming large. Although, it neither is nor know if the output is moving away above or below the 

reference, thus by combining these two parts a fuzzy PD control can be proposed. The number of membership functions used for 

each input will give us how smooth the change in the control signal would be when calling, for example, the error with labels 

such as very negative, negative, zero, or positive. This way, linguistic variables are worked with instead of numerical variables. 

An example of this is the work presented by Nguyen et al. (2025), who propose a table to represent the fuzzy rules based on 

their decisions, having in the secondary diagonal the fuzzy set that represents zero in the output signal, saturating in the upper 

left corner with the most positive value of the control signal, this is for the case where the inputs (error and error derivative) are 

represented by the fuzzy sets called "negative big", and the lower right corner has as output the most negative fuzzy set of the 

control signal. 

 

If these two techniques capable of making a nonlinear controller are combined, neuro-fuzzy controllers are obtained, where the 

capabilities of approximating signals and generalizing results of ANN are complemented with the capabilities of using expert 

knowledge, and handling ambiguous information of fuzzy logic. This type of system can be interpreted as an ANN whose 

neurons are fuzzy sets or operators, or as a fuzzy system that is trained as if it were an ANN. An interpretation or 

approximations of these neuro-fuzzy systems are radial basis functions (RBF). RBF are neural networks that have a Gaussian 

bell as activation function instead of a sigmoid or a hyperbolic tangent, similarly it can be seen as a fuzzy system where the sets 

used to make the fuzzy partition of a variable are done by Gaussian bells (Kassem and Çamur, 2017). 

 

It should be noted that ANN do not handle signals similar to biological neurons, since they generally use the sigmoid and 

hyperbolic tangent as activation functions, which give a value between zero and one, or between minus one and one 

respectively. In the case of deep ANN (deep learning), it is common to use the rectified linear unit (ReLU) as activation 

function, which keeps any negative evaluation by the neuron at zero. In nature, neurons handle voltage potentials in the range of 

millivolts and produce voltage spikes if activated. Spiking neural networks are capable of mimicking the signals generated by 

biological neurons, but they remain black boxes, and it is necessary to encode the signals delivered by this type of network. 

There is encoding by the instant when the voltage spike occurs before the potential in the neuron resets, and the average of 

spikes obtained within a time window. An interesting application was developed by Wang (2015), who proposed a tool to 

simulate cortical signals and their interface with spiking neural networks. 

 

ANN are based on the universal approximation theorem that mentions the existence of a neural network, if the ANN has at least 

one hidden layer with a sufficient number of neurons, and with a nonlinear activation function, is capable of approximating any 

continuous function on a bounded interval, and with arbitrary accuracy. Although, a deep ANN has the problem of gradient 

vanishing, by increasing the number of neurons and iterations or training epochs, the approximation error can be reduced. A 

similar theorem is the Kolmogorov representation theorem, which states that a multivariate continuous function f(x1, x2, ..., xn) 

can be represented exactly as a finite composition of continuous functions of one variable, and their sums. Thus, the 
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approximation can be exact and not only approximated with arbitrary accuracy. But it can be difficult to find the functions of 

one variable that would do it (Thakolkaran et al., 2025). Based on Kolmogorov's theorem, a multivariate function f(x) can be 

decomposed as: 

 

(1) 

where  and  are continuous functions of one variable. 

 

Based on the previous theorem, Kolmogorov-Arnold networks (KAN) have recently emerged where instead of having synaptic 

weights between neurons, those "weights" are functions that can be learned, and instead of an activation function in the soma of 

the neuron, there is the sum of the learned functions that arrive through the neuron's connections. These KAN can present better 

results than ANN using even fewer neurons (now called nodes), in addition to the fact that both the functions learned in the 

connections or axes and the output of each node can be graphed and even visualized by a user, making this type of network 

interpretable (gray boxes). Furthermore, Liu et al. (2024) mentioned that KAN can be helpful in finding or rediscovering laws in 

mathematics and physics. In their work they use Kolmogorov's theorem to propose a new structure, similar to ANN, where the 

univariate functions are polynomials, specifically B-spline cubic splines, and once calculated, the resulting functions can give an 

idea of the composite functions that describe the system or phenomenon to be described. 

 

Additionally, KAN can be made multilayer, allowing finding composite functions of the inputs. For example, if the function to 

be approximated by a KAN is , the polynomials found will be very similar to these functions within 

the domain with which they are trained, so a network could have two layers where the axis (connection) from x1 to the next node 

would be described by a polynomial whose shape is very similar to a parabola (x2), while for the second input, the obtained 

curve would be the shape of the function log(x2), from this node another connection goes to a second layer, whose polynomial or 

cubic spline gives the shape of a sinusoidal (see Fig. 1). Initially, it is not simple to propose the number of axes or nodes to build 

the KAN, but pruning can be implemented to discard the axes that hardly contribute to the nodes they connect to and thus 

simplify the network. 

 

 
Fig. 1. Example of a KAN for approximating a function. 

Pruning 
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Given the capacity of having interpretability of some AI models, this article proposes to use fuzzy logic and KANs to model a 

dynamic system to subsequently invert the models in order to control the system. Thanks to the interpretability of gray boxes, it 

is sought to describe both the system model and its control through rules involving linguistic variables (fuzzy logic), and 

through the polynomials given by KAN. 

 

A general scheme of how to do this type of control is shown in Fig. 2, where the model is calculated to predict the next system 

output from the known information, and then the control signal that would cause the desired output is calculated by inverting the 

model that must have some degree of interpretability. 

 

 
Fig. 2. Scheme of gray box model inversion. 

 

The rest of the article is organized as follows: Section 2 describes how to obtain a fuzzy model, and the way to invert it to have 

the desired behavior of the system to be controlled. Section 3 describes the use and inversion of a KAN to control the same 

system; in this case a biotechnological process is controlled. Section 4 contains some comments on the interpretability of the 

obtained gray boxes and gives some points on their application and improvements. Finally, Section 5 presents the conclusions. 

 

2 Modeling and Control using Fuzzy Logic 

 
Fuzzy logic control offers a suitable approach for managing complex bioprocesses due to its inherent ability to handle nonlinear 

systems without requiring precise mathematical models. Unlike conventional control techniques, fuzzy logic can effectively 

accommodate system uncertainties and non-minimum phase behaviors through its rule-based framework. This capability is 

especially valuable for the system under consideration which is a bioprocess characterized by nonlinear dynamics. These 

bioprocesses exhibit non-minimum phase behavior, resulting in an inverse response. Linearization of the mathematical model 

yields a transfer function with unstable zeros (Márquez-Vera et al., 2022). The specific bioprocess addressed involves 

biodegradation, where maintaining a constant reference is essential for the continuous biodegradation of xenobiotic compounds. 

 

The mathematical model of the simulated bioprocess is given by: 

 

Gray box 

(rules of functions) 

Gray box 

(Inverse model) Bioprocess 

Modeling 
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(2) 

where X(t) is the biomass concentration inside the reactor and it is assumed that due to agitation inside the reactor, the 

concentrations are equal at any point inside the reactor. S(t) is the substrate concentration (microorganisms' food). V(t) is the 

volume of liquid inside the reactor. Sin is the input substrate concentration, which for control purposes is usually kept constant, 

and in this research it is 5 mg/l. The input to the system is usually taken as the dilution rate D(t) which is given by the ratio 

between the input flow and the volume of liquid inside the reactor. μ represents the specific growth rate, being 2/min. ks is the 

saturation constant, and has a value of 4 mg/l. k is the kinetic constant and being negative in (2), means that the substrate is 

consumed, the value of this constant is 0.9/min. 

 
To obtain a fuzzy model, a fuzzy partition of each variable involved in the model is required, to guarantee a monotonic model, 

two membership functions determined with the maximum and minimum values obtained in the simulation are used, where the 

input signal varies in time and is defined by D(t) = 0.1 sin(0.2t) + 0.06 sin(0.8t) + 0.06. In this case, when performing the 

simulation, it was obtained that the values, for example of the substrate concentration S(t) is between 0.2 and 1.6 mg/l. For this 

variable the membership functions used for its fuzzy partition are shown in Figure 3. The other ranges used in this work are: For 

biomass concentration [0, 2.6 mg/l], volume between 1 and 2.2 l, for the dilution rate the range is [-0.05, 0.18 1/l]. 

 

There were used only two membership functions to make the fuzzy partition of variables to guarantee the monotonicity of the 

resulting model for its inversion.   

 
Fig. 3. Membership functions of the fuzzy partition of the substrate concentration. 
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2.1 Fuzzy Modeling 

 
Once the membership functions are proposed to evaluate the mathematical model variables X(t), S(t), V(t) and D(t), a matrix is 

generated that contains the membership values at each time instant for each variable, this matrix will have the dimension 

 because there are four variables and n is the number of samples per variable. Once this matrix is filled with the 

memberships, it is normalized by dividing each column by the sum of the memberships of that column, thus obtaining: 

 

 

(3) 

 

The next thing is to find the consequents of the fuzzy rules, the antecedents are formed by the evaluation of the fuzzy sets of 

each input variable, being in this case 24 = 16 fuzzy rules. The consequents are scalars, thus having a Takagi-Sugeno type 

inference system (Aslam and Bilal, 2024), and these consequents are obtained by: 

 

 
(4) 

where S+1 represents the values of the substrate concentration but advanced one sample. 

 

 

(5) 

Thus, the fuzzy approximation of the substrate concentration, denoted as Sfuzzy is the evaluation of the fuzzy rules, where β 

represents the membership values (antecedents), and B are the consequents of the rules. This type of modeling uses sector 

nonlinearity (Tanaka and Wang, 2001). 

 

Figure 4 shows the simulation of the bioprocess with the input dilution rate D(t) mentioned above, and the response of the found 

fuzzy model. The consequents B are used to perform the inversion of the model, since in fuzzy modeling, all variables are inputs 

to the fuzzy system (X(t), S(t), V(t), and D(t)) and the idea is to approximate the next sample of the substrate concentration 

S+1(t). Now the inverse model will deliver the dilution rate D(t) that would provide the reference concentration Sref(t). 

 

A limitation of this technique is to have a monotonic model. Generally, if at least two variables are involved in the model, the 

use of two membership function will produce an invertible fuzzy model, but if to approach the nonlinearities in the model make 

necessary to use more membership functions for the fuzzy partition of variables, then the rule-consequents must be evaluated in 

order that for certain input, the consequent always grows up, or it decreases in all evaluations.     

 

2.2 Inverse Fuzzy Model Control 
 

If it obtained an acceptable fuzzy model, the consequents of the rules must be organized in the matrix C so that the first column 

contains the consequents related to the first fuzzy set of the dilution rate (linguistic variable "Low dilution"), the reorganized 

values of B are shown in Table 1, and are the values contained in C. 

 

The next step is to evaluate through the fuzzy sets the variables X(t), S(t) and V(t) to now evaluate 23 = 8 fuzzy antecedents that 

are aggregated in the vector h, which will be used to determine the ranges with which to build two new fuzzy sets that will 

describe the memberships of the reference Sref(t), these sets are created online as the system evolves. Thus, the range limits Λ for 

the fuzzy sets that will describe the reference are obtained using: 

 

(6) 
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Fig. 4. Simulation of the bioprocess and result of the fuzzy model of the substrate. 

 
 

Now, the calculation of the control signal D(t) to have the desired value Sref(t) is obtained by evaluating the reference with the 

fuzzy sets obtained with the values Λ, denoting these two memberships as μΛ1 and μΛ2, the dilution rate to use is: 

 

 
(7) 

 

By applying this dilution rate D calculated from building the fuzzy sets to evaluate the reference (Márquez-Vera et al., 2016), 

the result shown in Fig. 5 is obtained, where it is possible to see the calculated dilution rate. It is also possible to note the inverse 

response of the system, and how close the substrate concentration S(t) is to the reference. 

 

Table 1. B consequents reordered 

 

 

 

 

Low dilution High dilution 

0.25008 0.27789 

3.50003 4.78306 

0.85791 0.58297 

3.16506 3.76554 

-1.0974 -1.5381 

0.62897 0.69311 

-0.4776 -1.2519 

0.23178 -0.2277 

Biomass (mg/l) 

Substrate (mg/l) 

Volume (l) 

Dilution rate  

Fuzzy model 

Time (min) 
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3 Modeling and Control using Kolmogorov-Arnold Networks 
 

The fuzzy logic gives a model in rules that need to be interpreted by the operator; if an easy mathematical description is required 

the KAN is an alternative. To perform a model using KAN, the network needs to be initialized to train it based on the simulated 

data, in this case the same dilution rate used to build the fuzzy model will be used. KAN can be made deep to improve their 

response and better fit the data, running the risk of overgeneralization. In this work, it is proposed to use two hidden layers to 

avoid overfitting, as well as to maintain the interpretability of the network. This network will have nodes as neurons, and instead 

of simple synaptic connections there are polynomials, these are univariate functions and the connections are called axes. When 

these polynomials arrive, weights are calculated to determine the proportion in which they influence the node they connect to. 

 

The polynomials used are B-splines, typically cubic polynomials. The degree of the polynomial k (order k+1) is defined over 

instants t0, t1, ..., tm (equally spaced in this article). Thus the spline B is defined as: 

 

(8) 

and for a k>0, B will be: 

 

 
(9) 

where 
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Fig. 5. Control by inverse fuzzy model of the substrate concentration. 

Now, taking the vector x as input data, the initial evaluation of the network will be A(0) = x, and for another layer ℓ we 

have A(ℓ) = (ℓ)(A(ℓ-1)). This function 𝛷 is calculated with the splines B using: 

 

 

(10) 

where L is the number of layers, Bi
(ℓ)(x) is the B-spline basis matrix for feature i in layer ℓ, and wi

(ℓ) are trainable coefficients. 

In this way, the bases B used to find the polynomials that will evaluate each input are obtained, for the case of biomass X(t), the 

bases are shown in Figure 6. 

 

Now, the loss function is defined as: 

 

 
 

being Y the desired output to approach. 

 

The coefficients wi
(ℓ) can be initialized by least squares, thus wi

(ℓ) = (Bi
(ℓ)TBi

(ℓ) + λI)-1B(ℓ)TY, where λ is the Tikhonov term and 

serves as a balance between the error and the norm of w(ℓ) to avoid overfitting (Samar and Lin, 2022). Then, with a finer 

adjustment, the weights wi
(ℓ) can be adjusted using gradient descent as follows: 

 

(11) 

Time (min) 

Biomass (mg/l) 

Substrate (mg/l) 

Volume (l) 

Dilution rate  

Fuzzy model 



Márquez-Vera et al.  / International Journal of Combinatorial Optimization Problems and Informatics, 17(1) 2026, 117-131. 

126 

 

 

 
Fig. 6. Bases B used to granulate the input signal X(t). 

 

and thus update them with wi
(ℓ) ← wi

(ℓ)-η∇wi(ℓ)L, where η is the training gain. 

 

It is then possible to use some optimization method for network training that is common to ANN, such as adaptive moment 

estimation (ADAM) (Salihu et al., 2025). Once the bases B for each input are found, and the weighted sum by the weights wi
(ℓ) 

is done, the polynomials that describe each variable before being aggregated in a last layer are obtained. It was proposed to use 

five bases per variable to still have the interpretability of the model. Similarly, better results could be obtained in the case of 

fuzzy modeling, but the number of rules would increase so that the interpretability and the reason for using a fuzzy model lose 

sense. The polynomials that describe the variables are shown in Fig. 8. 

 

The splines found for the model variables used D(t), X(t) and V(t) are defined by: 

 

 
 

For the control of the bioprocess, a KAN model is trained, where the output of a layer ℓ is given by (10). Thus the 

approximation of the substrate concentration is the composition of the used splines given input signal: 

 

 
 

B functions for spline X (Layer 1 of KAN) 
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Fig. 7. Learned B-spline basis functions and their weighted contributions for each input variable in the KAN model.  

 

where the univariate functions f are B-splines and each one shows the contribution of each variable to the found model with 

their respective bases B and weights w. 

 

The model can be simplified by doing pruning in the KAN model by eliminating the axes (synaptic connections) where the 

weights wi
(ℓ) are small enough to be able to omit their contribution. Once pruning is done, it would be necessary to readjust the 

weights of the model through gradient descent. The KAN model obtained from the bioprocess using the same dilution rate used 

to find the fuzzy model is shown in Figure 7. 

 

For the inversion, the dilution rate D that would produce the concentration Sref is sought. For which D* must be found thanks to 

being able to use the approximate KAN model. Specifically, it was employed the Levenberg-Marquardt algorithm to solve the 

minimization problem given in (12), due to its efficiency in handling nonlinear least-squares problems. The numerical 

implementation proceeds as follows: 

 

Given the KAN model approximation , at each control interval, it is solved 

 

 

(12) 

The Jacobian matrix  is computed analytically from the B-spline representation of the KAN model. For a B-spline of 

order k defined on knots t0, t1, …tm, the derivative  with respect to the input variable can be efficiently computed using the 

recursive relation:   

 

 

B-spline: Dilution     B-spline: Biomass          B-spline: volume 
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Fig. 8. Comparison of KAN model before and after pruning. The complete KAN model (solid line) utilizes all initialized nodes 

and connections, the pruned model (dashed line) retains only the most significant based on eliminating connections 

with <0.1 

 

This analytical differentiation allows for precise gradient information during optimization. The optimization routine was 

implemented with the following parameters: 

 

• Initial guess: D0=Dprevious (the dilution rate from the previous control interval) 

• Convergence tolerance: 10−6 on the objective function 

• Maximum iterations: 50 per control step 

• Damping parameter λ: adaptively adjusted based on the reduction in residual 

 

The computational burden of this online optimization is mitigated by the relatively low-dimensional input space and the locality 

of B-spline evaluations. Each B-spline basis function has compact support, meaning that for any given input value, 

only k+1 basis functions are non-zero, significantly reducing the computational cost of function evaluations and Jacobian 

computations. 

 

In practice, the inversion algorithm converges within 3-8 iterations for most control intervals, with computation times suitable 

for real-time implementation in the studied bioprocess. The explicit functional representation provided by the KAN enables this 

efficient inversion, a feature not readily available in black-box neural network models. 

 

 The control is performed by inverting the KAN model, using the same reference as in the case of the inversion of the fuzzy 

model, the simulation shown in Fig. 9 is obtained. In this case, the D that minimizes the difference between what the KAN 

model gives and the proposed reference is sought. 

 

A limitation for this technique is to use the adequate number of knots to approach polynomials in order to have an accurate 

KAN model.    
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Despite their interpretability advantages, KANs based on B-splines entail higher computational costs during training compared 

to traditional neural networks. This computational overhead arises from the evaluation of B-spline basis functions and the 

optimization of their coefficients across multiple layers. The training process requires calculating B-spline expansions for each 

input variable and solving linear systems for weight initialization, followed by gradient-based optimization using methods like 

ADAM. Furthermore, the inversion of the KAN model for control purposes, which involves solving the optimization problem in 

(12), adds additional computational burden as it requires iterative numerical methods to find the optimal dilution rate. However, 

these costs can be mitigated through strategic pruning of insignificant connections and the use of efficient B-spline evaluation 

algorithms. The trade-off between computational complexity and model interpretability remains a consideration for real-time 

implementations, though the functional transparency gained through KANs provides valuable insights for system analysis and 

controller design. 

 

4 Interpretability of the Model and Control Law 
 

One of the key benefits of using models based on Kolmogorov-Arnold networks and fuzzy systems lies in their interpretability, 

which makes them ideal candidates for applications where understanding the system's behavior is as important as the accuracy 

of its response. Additionally, the models are approximate and can be obtained by expert knowledge, or as in this case, the model 

parameters are found using least squares for the fuzzy case and by gradient descent for the KAN from the obtained 

measurements. 

 

In the case of the fuzzy model, interpretability is manifested through its fuzzy rules that involve linguistic variables and 

membership functions, which directly reflect the expert knowledge or empirical logic of the system. Each rule can be 

understood as a statement of the type: "If the biomass is high and the volume is low, then the dilution should decrease", which 

has physical meaning and allows a clear qualitative analysis of the control system. 

 

For their part, KAN benefit from the use of B-spline type functions as univariate basis functions. Unlike traditional neural 

networks, KAN allow directly visualizing how each input (such as biomass, dilution, or volume) contributes to the model's 

output. The functions obtained after training and pruning can be expressed in analytical form, which reinforces their "gray box" 

character. This characteristic not only facilitates model validation, but also enables its implementation in embedded control 

systems where transparency is essential. 

 

Regarding the control law (dilution rate), both the fuzzy model and the KAN can be inverted to generate the control signal that 

produces a desired behavior. In the fuzzy model, this inversion is performed through a decomposition of the consequents and 

dynamic evaluation of the active rules. In the case of the KAN, an online minimization procedure is proposed where, given a 

reference of the desired substrate, the dilution rate D that minimizes the difference between the model's expected output and the 

reference is sought. 

 

This allows adaptive and flexible control without requiring explicit models of the dynamic system, using only the knowledge 

encapsulated in the obtained splines. 

 

The combination of interpretability and inversion capability makes both the fuzzy model and the KAN powerful tools for 

designing robust control laws, especially in nonlinear systems such as bioprocesses. Additionally, their explicit representation 

allows integration with other symbolic analysis techniques and formal validation. 
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Fig. 9. Control Inverting the KAN model. 

 

Finally, the controller performance was assessed using the Integral Time Absolute Error (ITAE) and the Integral Absolute Error  

(IAE) criteria, the first penalizes errors that persist over time by weighting the absolute error with time. And the second only 

takes into consideration the error. These criteria are defined as follows:  

 

 
The resulting criteria evaluation using both control techniques (fuzzy logic, KAN network) are shown in Table 2. 

Table 2. Error Criteria 

 

 

5 Conclusions 
 

In this work, two approaches for the inverse modeling of a biotechnological system were explored: a fuzzy model based on 

linguistic rules and a Kolmogorov-Arnold type model trained with B-spline functions. Both models showed adequate 

performance in approximating the dynamic behavior of the system and allowing its inversion for control purposes. One of the 

main advantages of using KAN is their interpretable nature, which allows representing each input of the system through explicit 

univariate functions. This characteristic, absent in traditional neural networks, provides the possibility of analyzing the network's 

behavior, performing pruning of irrelevant nodes, and generating symbolic expressions of the model. Additionally, their 

compatibility with optimization methods allows implementing inverse model control laws without needing to derive complex 

differential expressions. 

 IAE ITAE 

Fuzzy model control 0.9243 0.7241 

KAN model control 4.8506 3.2973 

Time (min) 

Substrate (mg/l) 

Dilution rate (1/l) 

Reference (mg/l) 
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In comparison, the fuzzy model offers high interpretability thanks to its structure based on rules and membership functions, 

facilitating its analysis from a logical and heuristic perspective. Both approaches are viable for control applications in nonlinear 

biological systems. However, the approach with KAN presents an additional promise: it combines the functional expressiveness 

of neural networks with the transparency of symbolic systems, which is crucial in environments where not only precision is 

required, but also explainability and model traceability. In future works, the extension of the model to multiple layers will be 

explored, as well as the implementation of KAN control in embedded hardware and its comparison with modern techniques 

such as LSTM networks or fuzzy-KAN hybrid models. Additionally, research will focus on enhancing robustness to 

measurement noise, conducting comprehensive sensitivity analyses, and optimizing computational efficiency for real-time 

applications. 
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