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ABSTRACT 
Surrogate models are widely used to improve the tractability of process optimization. Some com-
monly used surrogate models are obtained via machine learning such as multi-layer perceptrons 
(MLPs), Gaussian processes, and decision trees. Recently, a new class of machine learning models 
named Kolmogorov Arnold Networks (KANs) have been proposed. Broadly, KANs are similar to 
MLPs, yet they are based on the Kolmogorov representation theorem instead of the universal ap-
proximation theorem for the MLPs. Compared to MLPs, it was reported that KANs require signifi-
cantly fewer parameters to approximate a given input/output relationship. One of the bottlenecks 
preventing the embedding of MLPs into optimization formulations is that MLPs with a high number 
of parameters (larger width or depth) are more challenging to globally optimize. We investigate 
whether the parameter efficiency of KANs relative to MLPs can be translated to computational 
benefits when embedding them into optimization problems and solving them to global optimality. 
We propose a Mixed-Integer Nonlinear Programming (MINLP) formulation of a KAN and test its 
effectiveness using a case study on the optimization of an auto-thermal reforming process. We 
observe that KANs are a promising alternative as surrogate models particularly for cases with low 
number of inputs or outputs. For surrogate models with higher inputs or outputs, stronger formu-
lations must be developed to improve global optimization of models with KANs embedded. 

Keywords: Surrogate modeling, Kolmogorov Arnold Networks, Deterministic Global Optimization, Mixed-Inte-
ger Nonlinear Programming

INTRODUCTION 
 Recent advances in machine learning have 

paved the way for increased use of surrogate models for 
mathematical optimization of chemical processes [1]. A 
large plethora of machine learning models are used for 
surrogate modeling and optimization, namely Gaussian 
processes [2], support vector machines [3], decision 
trees [4], and multi-layer perceptrons [5,6]. Among these 
models, the use of multi-layer perceptrons is widespread 
due to their ability to universally approximate any in-
put/output relationship given a nonlinear activation func-
tion and a sufficiently high number of neurons in the hid-
den layer [7].  

 The most commonly used activation functions 
for multi-layer perceptrons are Rectified Linear Units 
(ReLU) and hyperbolic tangent (tanh) functions. 

Schweidtmann and Mitsos [8] conducted an extensive 
evaluation of the impact of varying architectures of multi-
layer perceptrons embedded into optimization formula-
tions on the computational effort required for determin-
istic global optimization. They reported that for multi-
layer perceptrons with tanh activation function, increas-
ing the size of the MLP makes them more challenging to 
solve to global optimality [8]. More recently, in a similar 
study conducted for MLPs with ReLU activation function 
solved using GUROBI [9], it was reported that GUROBI 
(v10) struggles to solve modestly deep MLPs containing 
six hidden layers with 500 neurons each [9]. 

 Recently, a new class of machine learning mod-
els called Kolmogorov Arnold Networks (KANs) have 
been proposed [10]. KANs are based on the Kolmogorov 
representation theorem, which states that for a given 
vector 𝒙𝒙𝟎𝟎 of 𝑛𝑛0 variables, a continuous function 𝑓𝑓(𝒙𝒙𝟎𝟎) in a 
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bounded domain 𝒳𝒳 ∈  ℝ𝑛𝑛0 such that 𝑓𝑓:𝒳𝒳 → ℝ can be ex-
pressed with 2𝑛𝑛0 + 1 additions of function Φ, which is a 
finite composition of 𝑛𝑛0 univariate functions 𝜙𝜙 [11]. 
Hence, a network based on the Kolmogorov representa-
tion theorem comprises an input layer, a single hidden 
layer with 2𝑛𝑛0 + 1 neurons and an output layer. However, 
these networks are unlearnable in practice since the 1D 
functions 𝜙𝜙 may be non-smooth or fractal [10]. To over-
come this issue, Kolmogorov Arnold networks were pro-
posed, which is a generalization of the Kolmogorov rep-
resentation theorem to consider networks of arbitrary 
depths and widths [10].  

One of the advantages that KANs offer over MLPs is 
that they require fewer parameters to approximate a 
given input/output relationship relative to MLPs [10]. 
Hence, in this study, we aim to investigate whether this 
parametric efficiency offered by KANs can be translated 
into computational efficiency for deterministic global op-
timization of models with surrogate models embedded. 
We propose a Mixed-Integer Nonlinear Programming 
(MINLP) formulation of a KAN. We test the effectiveness 
of the formulation by considering the case study on opti-
mization of the auto thermal reforming process [12]. Ad-
ditionally, we also compare the performance of KANs 
with ReLU networks of varying architectures with deter-
ministic global MINLP solver SCIP (v9.2) [13]. 

BACKGROUND 
For a Kolmogorov Arnold Network with 𝐿𝐿 + 1 layers, in-
cluding the input and output layers, the number of neu-
rons in each layer is defined by the vector 𝑵𝑵 ∶= [𝑛𝑛0,
𝑛𝑛1, . . . ,𝑛𝑛𝑙𝑙 , . . . ,𝑛𝑛𝐿𝐿]. Here, 𝑛𝑛0 is the number of inputs, 𝑛𝑛𝑙𝑙 is the 
number of neurons in the 𝑙𝑙𝑡𝑡ℎ layer of the KAN and 𝑛𝑛𝐿𝐿 is 
the number of neurons in the final layer 𝐿𝐿 equivalent to 
the number of outputs from the KAN, as shown in the di-
rected acyclic graph in Figure 1. 

 

Figure 1. Directed acyclic graph of a Kolmogorov Arnold 
Network. 

For a KAN, as opposed to an MLP, the activation lies 
on the edge connecting two neurons rather than on the 
neuron itself [10]. Denoting a neuron in the 𝑙𝑙𝑡𝑡ℎ layer as 

(𝑙𝑙, 𝑖𝑖), where 𝑖𝑖 represents the index of the neuron in the 
layer 𝑙𝑙 and it can take values ranging from 1 to 𝑛𝑛𝑙𝑙. The 
activation (𝜙𝜙𝑙𝑙,𝑗𝑗,𝑖𝑖) connecting the neuron 𝑖𝑖 in layer 𝑙𝑙 to neu-
ron 𝑗𝑗 in layer 𝑙𝑙 + 1 is a univariate function, 

𝜙𝜙𝑙𝑙,𝑗𝑗,𝑖𝑖�𝑥𝑥𝑙𝑙,𝑖𝑖�, 𝑙𝑙 = 0, . . . , 𝐿𝐿 − 1, 𝑖𝑖 = 1, . . . ,𝑛𝑛𝑙𝑙 , 𝑗𝑗 = 1, . . ., 𝑛𝑛𝑙𝑙+1.       (1)  

Here, 𝑥𝑥𝑙𝑙,𝑖𝑖 represents the pre-activation value of the neu-
ron 𝑖𝑖 in layer 𝑙𝑙. For the input layer, this corresponds to the 
inputs to the network. Hence, the input to a neuron in the 
layer 𝑙𝑙 + 1 is given by [10],  

𝑥𝑥𝑙𝑙+1,𝑗𝑗 =  ∑ 𝜙𝜙𝑙𝑙,𝑗𝑗,𝑖𝑖�𝑥𝑥𝑙𝑙,𝑖𝑖�, 𝑗𝑗 = 1, . . . ,𝑛𝑛𝑙𝑙+1
𝑛𝑛𝑙𝑙
𝑖𝑖=1       (2) 

Equation (2) can be equivalently represented as matrices, 

�
𝑥𝑥𝑙𝑙+1,1
⋮

𝑥𝑥𝑙𝑙+1,𝑛𝑛𝑙𝑙+1

� =  �
𝜙𝜙𝑙𝑙,1,1(⋅) ⋯ 𝜙𝜙𝑙𝑙,1,𝑛𝑛𝑙𝑙(⋅)

⋮ ⋱ ⋮
𝜙𝜙𝑙𝑙,𝑛𝑛𝑙𝑙+1,1(⋅) ⋯ 𝜙𝜙𝑙𝑙,𝑛𝑛𝑙𝑙+1,𝑛𝑛𝑙𝑙(⋅)

��
𝑥𝑥𝑙𝑙,1
⋮

𝑥𝑥𝑙𝑙,𝑛𝑛𝑙𝑙
�      (3) 

Compactly, Equation (3) can be expressed as,  

𝒙𝒙𝒍𝒍+𝟏𝟏 =  𝚽𝚽𝒍𝒍(𝒙𝒙𝒍𝒍)            (4) 

where, 𝚽𝚽 is the composition of univariate functions 𝜙𝜙. 
Hence, the overall network can be represented as: 

𝒙𝒙𝑳𝑳 = 𝐊𝐊𝐊𝐊𝐊𝐊(𝒙𝒙𝟎𝟎) ≔ 𝚽𝚽𝑳𝑳−𝟏𝟏(𝒙𝒙𝑳𝑳−𝟏𝟏(… (𝚽𝚽𝟏𝟏(𝒙𝒙𝟏𝟏(𝚽𝚽𝟎𝟎(𝒙𝒙𝟎𝟎))))))        (5) 

For a KAN, the activation functions (𝜙𝜙) are weighted 
sums of a base activation function (𝑏𝑏) and a spline func-
tion (𝑠𝑠) expressed as [10], 

𝜙𝜙𝑙𝑙,𝑗𝑗,𝑖𝑖�𝑥𝑥𝑙𝑙,𝑖𝑖� =  𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖
𝑏𝑏  𝑏𝑏𝑙𝑙,𝑗𝑗,𝑖𝑖�𝑥𝑥𝑙𝑙,𝑖𝑖� + 𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖

𝑠𝑠  𝑠𝑠𝑙𝑙,𝑗𝑗,𝑖𝑖(𝑥𝑥𝑙𝑙,𝑖𝑖)                     (6) 

where 𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖
𝑏𝑏  and 𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖

𝑠𝑠  are the weights of each activation, 
and they are trainable parameters. This ensures that the 
overall KAN activation (𝜙𝜙) is trainable, further distinguish-
ing it from an MLP, where the activation is fixed. Typi-
cally, the Sigmoid Linear Unit (SiLU) function is used as 
the base activation function (𝑏𝑏) in KANs [10], 
𝑏𝑏𝑙𝑙,𝑗𝑗,𝑖𝑖�𝑥𝑥𝑙𝑙,𝑖𝑖� ∶= silu�𝑥𝑥𝑙𝑙,𝑖𝑖� =  𝑥𝑥𝑙𝑙,𝑖𝑖

1+𝑒𝑒−𝑥𝑥𝑙𝑙,𝑖𝑖
        (7) 

Finally, the spline activation function can be defined as 
[10], 
𝑠𝑠𝑙𝑙,𝑗𝑗,𝑖𝑖�𝑥𝑥𝑙𝑙,𝑖𝑖� = ∑ 𝑐𝑐𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔

𝐺𝐺+𝑘𝑘−1
𝑔𝑔=0 𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,𝑘𝑘(𝑥𝑥𝑙𝑙,𝑖𝑖)          (8) 

Here, 𝐺𝐺 represents the number of grid points used to 
characterise the spline basis functions 𝐵𝐵 of degree 𝑘𝑘. 
𝑐𝑐𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔 is the coefficient for each spline basis function 
𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,𝑘𝑘. 𝑐𝑐𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔 is also a trainable parameter. For further in-
formation on KANs, the reader is referred to [10]. 

METHODOLOGY 
In this section, we propose a Mixed-Integer Nonlin-

ear Programming (MINLP) formulation to optimize over a 
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trained KAN, provide details about the implementation of 
the formulation, and the case study used to test the 
MINLP formulation of a KAN. 

Formulation 
The presence of a spline function in the activation 

makes each activation distinct. The spline basis functions 
are determined as 

𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,0�𝑥𝑥𝑙𝑙,𝑖𝑖;  𝐭𝐭� = �
1, 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔 ≤ 𝑥𝑥𝑙𝑙,𝑖𝑖 < 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔+1
0, otherwise              (9) 

𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,𝑑𝑑�𝑥𝑥𝑙𝑙,𝑖𝑖;  𝐭𝐭� =  𝑥𝑥𝑙𝑙,𝑖𝑖−𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔

𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔+𝑑𝑑− 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔
𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,𝑑𝑑−1�𝑥𝑥𝑙𝑙,𝑖𝑖;  𝐭𝐭� +

 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔+𝑑𝑑+1− 𝑥𝑥𝑙𝑙,𝑖𝑖
𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔+𝑑𝑑+1− 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔+1

𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔+1,𝑑𝑑−1�𝑥𝑥𝑙𝑙,𝑖𝑖;  𝐭𝐭�,𝑑𝑑 = 1, . . . , 𝑘𝑘     (10) 

Here, 𝐭𝐭 is a vector of 𝐺𝐺 + 1 uniformly-spaced non-
decreasing points in the range [𝑥𝑥𝑙𝑙,𝑖𝑖𝐿𝐿 ,𝑥𝑥𝑙𝑙,𝑖𝑖𝑈𝑈 ], 𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,0 are ze-
roth-order spline basis functions and 𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,𝑑𝑑 are higher-
order spline basis functions defined up to the degree 𝑘𝑘 of 
the spline. 

A Mixed-Integer Quadratically Constrained Pro-
gramming (MIQCP) formulation has been proposed to 
model spline functions described in Equations (7) – (9) by 
Grimstad [14]. Herein, we adopt the proposed MIQCP for-
mulation in [14] in our formulation for KAN. We represent 
the zeroth-order basis functions 𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,0 as binary varia-
bles. To ensure they are only activated for the case as 
described in Equation (8), we introduce the following lin-
ear constraints (Equations (10) and (11)) into the formula-
tion: 

(𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔 −  𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,0)𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,0 + 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,0  ≤  𝑥𝑥𝑙𝑙,𝑖𝑖 ,𝑔𝑔 = 0, . . ,𝐺𝐺 +
2𝑘𝑘 − 1  

(11) 

(𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔+1 −  𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝐺𝐺+2𝑘𝑘)𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,0 + 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,0 ≥ 𝑥𝑥𝑙𝑙,𝑖𝑖 ,𝑔𝑔 =
0, . . ,𝐺𝐺 + 2𝑘𝑘 − 1  

(12) 

To determine the higher-order spline basis functions 
(𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,𝑑𝑑) for 𝑑𝑑 = 1, . . . , 𝑘𝑘, we include the quadratic Equa-
tion (9) for all 𝑔𝑔 = 0, . . ,𝐺𝐺 + 2𝑘𝑘 − 1 − 𝑑𝑑. Finally, we also in-
clude the partition of unity cuts [14] in our formulation as, 

∑ 𝐵𝐵𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔,𝑑𝑑 = 1,𝑑𝑑 = 0, . . . , 𝑘𝑘𝐺𝐺+2𝑘𝑘−1−𝑑𝑑
𝑔𝑔=0        (13) 

Equations (10) – (13) allow for the calculation of 𝑘𝑘th-order 
spline basis functions required to characterise the spline 
function (𝑠𝑠) in Equation (8), which is also included in the 
formulation. The base activation function (𝑏𝑏) is formu-
lated as described in Equation (7). Finally, the overall ac-
tivation is formulated as described in Equation (5). To 
model the connections in the network as shown in Figure 
1, Equation (14) is added to the formulation. 

𝑥𝑥𝑙𝑙+1,𝑗𝑗 =  �∑ 𝜙𝜙𝑙𝑙,𝑗𝑗,𝑖𝑖�𝑥𝑥𝑙𝑙,𝑖𝑖�
𝑛𝑛𝑙𝑙
𝑖𝑖=1 � + 𝑎𝑎𝑙𝑙,𝑗𝑗 , 𝑖𝑖 = 1, . . ., 𝑛𝑛𝑙𝑙 , 𝑗𝑗 =

1, . . . ,𝑛𝑛𝑙𝑙+1, and 𝑙𝑙 = 0, . . . , 𝐿𝐿 − 1      (14) 
The presence of the term 𝑎𝑎𝑙𝑙,𝑗𝑗 distinguishes Equation 

(14) from Equation (1). While not necessary for a KAN, 
bias term 𝑎𝑎𝑙𝑙,𝑗𝑗 is included in the implementation for 

sparsity regularization and improved training perfor-
mance [10]. 

Therefore, the MINLP formulation of a KAN pre-
sented here consists of Equations (6) – (8), (10) – (14). 
For a trained KAN embedded into an optimization formu-
lation 𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖

𝑏𝑏 , 𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖
𝑠𝑠 , 𝑐𝑐𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔, and 𝑎𝑎𝑙𝑙,𝑗𝑗 are fixed parameters. 

Hereafter, the overall formulation is denoted as 𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓. We 
would like to remind readers that all equations in the for-
mulation are linear or quadratic except for Equation (7). 
Using the SiLU function as the base activation intro-
duces the nonlinearity into the formulation. 

Case Study 
 We consider the case study of optimizing an au-

tothermal reforming process used in the documentation 
of OMLT [15] and in a recent review article on optimiza-
tion formulations for trained machine learning models 
[12]. The dataset comprises two inputs: Bypass fraction 
(𝛼𝛼) and natural gas steam ratio (𝑆𝑆𝑆𝑆). The bounds for 𝛼𝛼  
and 𝑆𝑆𝑆𝑆 are [0.1, 0.8] and [0.8, 1.2] respectively. There are 
12 outputs in the dataset: the steam flowrate, the re-
former duty, and the composition of the outlet stream. 
Outlet stream comprises 10 components. The reader is 
referred to [15] for additional details about the case 
study. For the optimization problem formulation, only two 
outputs are of interest: the concentration of hydrogen in 
the outlet stream (𝑐𝑐𝐻𝐻) and the concentration of nitrogen 
in the outlet stream (𝑐𝑐𝑁𝑁). The objective of the problem is 
to maximize 𝑐𝑐𝐻𝐻 while constraining 𝑐𝑐𝑁𝑁 to be lower than 
0.34. Hence, the optimization problem with KAN embed-
ded is as follows: 

max
𝛼𝛼,𝑆𝑆𝑆𝑆

𝑐𝑐𝐻𝐻
𝑠𝑠. 𝑡𝑡. 𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓(𝛼𝛼, 𝑆𝑆𝑆𝑆) = 0

𝑐𝑐𝑁𝑁 ≤ 0.34
       (15) 

Similarly, the optimization problem with MLP embedded 
is: 

max
𝛼𝛼,𝑆𝑆𝑆𝑆

𝑐𝑐𝐻𝐻
𝑠𝑠. 𝑡𝑡. 𝐌𝐌𝐌𝐌𝐌𝐌(𝛼𝛼, 𝑆𝑆𝑆𝑆) = 0

𝑐𝑐𝑁𝑁 ≤ 0.34
       (16) 

Two different network architectures are considered: one 
considering the two outputs present in the optimization 
formulation as the two outputs from the network and an-
other with all twelve outputs in the dataset as the outputs 
from the network. 

Implementation 
The proposed MINLP formulation has been imple-

mented using the Pyomo optimization framework [16]. 
Object-oriented programming framework is leveraged to 
create separate classes for an activation and a layer, en-
abling a simple definition of a KAN using a Pyomo block. 
For importing all the necessary parameters: 𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖

𝑏𝑏 , 𝑤𝑤𝑙𝑙,𝑗𝑗,𝑖𝑖
𝑠𝑠 , 

𝑐𝑐𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔, 𝑡𝑡𝑙𝑙,𝑗𝑗,𝑖𝑖,𝑔𝑔, and 𝑎𝑎𝑙𝑙,𝑗𝑗, a method is written to export all 
these parameters to a JSON file on reading a trained KAN 
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model object. All KANs are trained using the pykan re-
pository (v0.0.2) [10]. For comparing the effectiveness of 
a KAN with MLPs, MLPs with ReLU activation are trained 
using  Tensorflow (v2.17.0) and imported into Pyomo us-
ing OMLT (v1.2.1) [15]. We consider MLPs with one, two 
and three layers, each with 20 neurons for comparison. 
We only consider the BigM formulation of ReLU MLPs for 
investigation. For all instances, a time limit of 300 sec-
onds is imposed. Relative termination tolerance of 1.0𝐸𝐸 −
4 is used for all instances. All the instances are solved via 
Pyomo/GAMS (v48.6) using SCIP (v9.2) on a Dell Latitude 
7440 laptop with 13th generation Intel Core i7-1365U pro-
cessor @1.80 GHz with 16 GB of RAM running Windows 
10. 

RESULTS AND DISCUSSION 
This section presents the results related to training 

different networks and solving the optimization models 
with the trained network embedded.  

Training results 
All networks are trained by splitting the dataset into 

training and testing subsets in the proportion of 0.75 : 
0.25 (train : test). Detailed discussions in relation to train-
ing times of different networks are not provided because 
KANs require significantly more computational effort to 
train relative to MLPs [10]. A similar observation is also 
made in this study. 

Both KANs are trained with one hidden layer com-
prising two neurons with six grid points (𝐺𝐺 = 6) using 125 
training steps. For MLPs, the number of hidden layers 
ranging from one to three, each with 20 neurons, is con-
sidered. Hundred epochs with default learning rate and 
batch size are used to train all MLPs. Mean squared error 
(MSE) on the training and test sets and the number of 
parameters in the network are reported in Table 1.  

In Table 1 for both cases of two and twelve outputs, 
we observe the parameter efficiency of KANs over MLPs. 
The KAN with 12 outputs (KAN12) has a training MSE of 
5.11E-5, which is approximately half of the deepest ReLU 
MLP. Similarly, for the case with two outputs, KAN2 ex-
hibits orders of magnitude lower train MSE than any of 
the ReLU MLPs trained. While we observe that the MSE 
on the test set is comparable for all the networks trained, 
the lower MSE on training sets indicates that KANs are 
more accurate than MLPs though inconclusive. Finally, it 
is important to point out that KANs have approximately 
the same number of parameters as MLPs with one hidden 
layer for both the cases of two and twelve outputs; they 
exhibit significantly lower MSE values on the training set 
than for any MLPs. 

 
 

Table 1. Details of training for different networks. The 
network name is defined using the type of network (KAN 
or MLP) followed by the number of outputs (2 or 12) from 
the network. For MLPs, the number of hidden layers is 
shown in parentheses. For example, the network with the 
name ‘ReLU12(2)’ corresponds to a ReLU MLP with twelve 
outputs and two hidden layers. 

Network Train MSE Test MSE # of 
param 

ReLU() E- E-  
ReLU() E- E-  
ReLU() E- E-  
KAN E- E-  
ReLU() E- E-  
ReLU() E- E-  
ReLU() E- E-  
KAN E- E-  

Optimization results 
All trained networks are solved to global optimality 

at the specified tolerance. For all the networks, the value 
of the objective, i.e., the concentration of hydrogen in the 
outlet stream (𝑐𝑐𝐻𝐻) is found to be approximately ≈ 0.33. 
The actual value of the global maximum is not known or 
reported. Hence, the ability of a network to accurately 
describe the global solution cannot be further evaluated. 
We repeat the global optimization of all networks using 
SCIP five times. The average wall time elapsed to achieve 
convergence to global optimality over the five runs is re-
ported in Figure 2. Repeated runs are carried out to en-
sure higher confidence in the results since the wall time 
needed to achieve global optimality is low ( < 10 seconds 
for most cases). 
 On comparing the results between the two cases of 
twelve outputs and two outputs in Figure 2, we observe 
that reducing the number of outputs for MLPs has a minor 
effect on the computational effort to prove global opti-
mality. For ReLU(2) and ReLU(3), there is a slight reduc-
tion in the average time taken to achieve convergence. 
Whereas, for ReLU(1), this increases slightly by reducing 
the number of outputs, albeit for both cases, the runtime 
is still less than 1 second. On the other hand, for the KAN, 
the runtime reduces by an order of magnitude. This ob-
servation can be explained by considering the nature of 
a KAN. For a KAN, the activation lies on the edge con-
necting two neurons in the network. On reducing the 
number of outputs from 12 to 2, the total number of acti-
vations in the network reduces from 28 to 8. Moreover, 
considering each activation comprises the spline func-
tion, which introduces 𝐺𝐺 + 2𝑘𝑘 binary variables (c.f. Equa-
tions (11) and (12)), reducing the number of activations in 
the networks significantly reduces the computational ef-
fort required to optimize the trained KAN to global opti-
mality. We do not see the same for MLPs because, for an 
MLP, the activation lies in the neuron itself. 
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Comparing KANs and MLPs, we observe that for the 
case of 12 outputs, KAN requires an order of magnitude 
higher computational effort to be solved to global opti-
mality using SCIP relative to MLPs. Hence, it is not com-
petitive with MLPs. However, when reducing the number 
of outputs, the computational effort required for KAN is 
comparable to that of MLPs with three hidden layers. 
However, it requires more computational effort than 
MLPs with one or two hidden layers. This behavior is ex-
plained by the fact that for a KAN, we solve an MINLP, 
but for a ReLU modeled using the BigM formulation, a 
Mixed-Integer Linear Programming (MILP) formulation is 
solved. MILPs are relatively easier to solve than MINLPs. 
Additionally, the algorithms to solve MILPs are more ad-
vanced than MINLPs.  

For the case study considered, the MSE on the test 
set are comparable for both MLPs and KANs. However, 
KANs are expected to offer better generalization capa-
bilities compared to MLPs [10]. Considering that the com-
putational effort required to optimize KANs is comparable 
to MLPs with three layers,  a comprehensive evaluation 
should be conducted with multiple other case studies to 
thoroughly evaluate the potential of KANs as surrogate 
models.  

CONCLUSIONS 
In this study, we presented a Mixed-Integer Nonlin-

ear Programming formulation for embedding Kolmogorov 
Arnold Networks into optimization formulations. Using an 
autothermal process optimization case study, we 

investigated the potential of using Kolmogorov Arnold 
Networks as surrogate models for process optimization. 
We observed that they are a promising alternative as sur-
rogate models, particularly when a low number of inputs 
or outputs are involved.  

For applications requiring a high number of inputs or 
outputs, stronger formulations for KAN need to be devel-
oped to improve their computational tractability for de-
terministic global optimization. Alternatively, activation 
functions such as ReLU should be investigated as base 
activation functions instead of SiLU. Doing so would po-
tentially avoid the solution of an MINLP and a more trac-
table MIQCP would be solved instead. Finally, more ex-
tensive testing of the formulation with different case 
studies to comprehensively evaluate the effectiveness of 
KANs. 
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