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ABSTRACT 
Deep Kernel Learning (DKL) has emerged as a powerful framework for Bayesian Optimization (BO), 
via combining expressive representation learning models with typical Gaussian Processes (GPs) 
surrogate models. However, conventional DKL typically relies on weight-based feature extractors 
(e.g., multilayer perceptrons (MLPs)), which often lack interpretability and may suffer from over-
fitting under data scarcity or training instability, potentially leading to a degraded uncertainty 
quantification in GP models. Grounded in the Kolmogorov-Arnold representation theorem, this pa-
per proposes a novel DKL-KAN framework that employs Kolmogorov-Arnold Networks (KANs) as 
adaptive feature extractors, formulating a DKL-KAN surrogate model. Unlike MLPs, the KANs learn 
data-driven univariate functions, yielding more sample-efficient and stable representations for re-
gression under limited data regimes. Followed by the GP, the DKL-KAN facilitates end-to-end 
learning of expressive latent representations while maintaining robust uncertainty quantification. 
The proposed DKL-KAN framework is further validated with the Williams-Otto (W-O) process 
benchmarks. Compared to classical GPs and DKL-MLPs, the DKL-KANs consistently exhibit supe-
rior predictive accuracy and uncertainty calibration even under high-dimensional and scarce da-
taset. The results show that the KANs generate more structured and informative latent embed-
dings, thus enhancing the ability to capture complex physical nonlinearities in sparsely sampled 
edge regions of the design space where traditional models often falter. Moreover, the DKL-KAN is 
embedded into the BO and yields the efficient optimization performance on the W–O process 
benchmark, achieving faster early-stage improvement and converging to higher objective values. 
These results demonstrate the potential of DKL-KAN surrogates for accelerating BO in chemical 
engineering processes. 
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1. INTRODUCTION 
Black-box optimization (BBO) has been a funda-

mental problem in many scientific and industrial applica-
tions, including process optimization[1], experimental de-
sign[2], drug discovery[3] and model hyperparameter 
tuning[4], where the objective function is expensive to 
evaluate and lacks accessible analytical expressions or 
gradient information. In the past decades, Bayesian Op-
timization (BO) has emerged as a premier framework in 
BBO, renowned for its ability to search global optima by 
balancing exploration and exploitation[5].  

In BO, the crucial step is to develop a surrogate 
model to offer not only the mean predictions but also the 
uncertainty quantification for evaluating the acquisition 
function. Therefore, the Gaussian Process (GP) has been 
widely used in BO owing to its principled probabilistic for-
mulation and kernel-based covariance structure. How-
ever, when applied to high-dimensional datasets, the 
GPs often suffer from significant computational costs for 
constructing the kernel matrix and kernel degeneracy, 
which may degrade the model performance. To resolve 
these limitations, Deep Kernel Learning (DKL) has been 
proposed to automatically learn the low-dimensional 
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latent embeddings and then feeding them to the GP mod-
els[6–8]. In practice, the MLPs are commonly used in 
most existing DKL approaches for their ability to learn 
flexible nonlinear feature representations from high-di-
mensional inputs. Singh et al.[9] proposed MLP-based 
DKL surrogate to convert multiple molecular representa-
tions to the latent space embedding and achieve accu-
rate reaction yield predictions. Andrea et al.[10] devel-
oped a closed-loop DKL-based BO framework for porous 
lithium-ion cathode microstructure design, where a Gen-
erative Adversarial Network(GAN) generator is used to 
define the latent design space. Nevertheless, the limited 
interpretability, susceptibility to overfitting under scarce 
data, and poor training stability of MLPs often restrict 
their applicability in complex process optimization prob-
lems. Furthermore, according to prior studies, an inap-
propriate and over-parameterized feature extractor in 
DKL can lead to unreliable uncertainty estimation in 
BO[7]. 

Inspired by the Kolmogorov–Arnold representation 
theorem, Kolmogorov–Arnold Networks (KANs)[11], have 
recently emerged as a promising alternative approach to 
traditional MLPs. Unlike MLPs that rely on predefined ac-
tivation functions to capture the nonlinearity, KANs em-
ploy learnable univariate functions as adaptive activa-
tions, enabling them to capture complex nonlinear rela-
tionships with enhanced interpretability and data 

efficiency. Numerous studies have demonstrated the 
great potential of KANs in modeling fluid dynamics, as 
well as in executing time-series classification and differ-
ential equation solvers[12, 13]. By providing more inter-
pretable functional representations, KANs have shown 
more attraction for scientific discovery and mechanism-
oriented analysis compared to MLPs[14]. 

Motivated by these observations, this work pro-
poses a DKL-KAN model, in which a KAN serves as the 
feature extractor and is followed by a GP model within 
the DKL framework. The DKL-KAN model simultaneously 
learns the expressive latent representations and quantify 
the uncertainty, revealing good capture of data distribu-
tion and accurate predictions. The proposed DKL-KAN 
model is further integrated into the BO framework and 
applied to the benchmark Williams–Otto (W-O) process 
optimization problem. Compared to standard GPs (std-
GPs) and DKL-MLP, the DKL-KAN model demonstrates a 
competitive performance, maintaining superior predictive 
accuracy, uncertainty calibration, and optimization effi-
ciency even under high-dimensional and data-scarce re-
gimes. Moreover, the DKL-KAN framework highlights im-
proved interpretability and structural insight into the un-
derlying process. The proposed DKL-KAN model offers 
new insights for addressing complex chemical process 
optimization problems. 

  
Figure 1. Schematic illustration of DKL-KAN framework for BO.

2. METHODLOGY 

2.1 Optimization framework 
In this work, a complex process optimization prob-

lem is considered to obtain the optimal operations under 
limited evaluation budget, which can be formulated as 

follows: 
max  y = f(x) (1) 

𝑠𝑠. 𝑡𝑡.𝑥𝑥𝑙𝑙𝑙𝑙  ≤  𝑥𝑥 ≤ 𝑥𝑥�� 
𝑥𝑥 ⊆  𝑅𝑅� 

Where y denotes a scalar metric to be optimized, such as 
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annual profit or process yields. 𝑥𝑥 represents continuous 
decision variables, such as temperature, flow rate, and 
pressure. To solve the problems, the overall optimization 
framework which combines DKL-KAN and BO can be il-
lustrated in Figure 1. The framework is structured as fol-
lows: 

1. A small-batch dataset is generated with Sobol’ se-
quence[15] from the design space and evaluated to get 
the scaler metric via process simulations. 

2.With the existing dataset, the DKL-KAN surrogate 
model is developed by combining a KAN model as a fea-
ture extractor and a GP model which maps the normal-
ized latent embeddings to predictive means and covari-
ances in an end-to-end training manner. 

3.Using the DKL–KAN surrogate, the expected im-
provement (EI) values, also known as the acquisition 
function, are evaluated over the candidate set. A next 
batch of sampling points are determined by maximizing 
the EI. 

4.The suggested candidates from EI are subse-
quently evaluated in the simulation environment or re-
trieved from the dataset to obtain new observations, 
which are appended to the training set for updating the 
surrogate model in the next iteration. 

5.The procedure terminates when the maximum 
number of validation iterations is reached, and the opti-
mal solution identified so far is reported; otherwise, the 
workflow returns to Step 2 to update the surrogate model 
and continues iteratively. 

2.2  Kolmogorov-Arnold Networks  
KANs are theoretically grounded in the Kolmogorov-

Arnold representation theorem[11] which asserts that any 
multivariate continuous function 𝑓𝑓: [0, 1]� →  ℝ can be de-
composed as a combination of univariate functions: 

𝑓𝑓(𝐱𝐱) = 𝑓𝑓(𝑥𝑥1, … , 𝑥𝑥�) =  � 𝜙𝜙� �� 𝜑𝜑�,��𝑥𝑥��
�

� = 1
�

2�+1

�=1
(2) 

where 𝜑𝜑�,�  and 𝜙𝜙�  denote univariate continuous func-
tions. While the classical theorem restricts the architec-
ture to a fixed depth, modern KANs generalize this into a 
deep stacked structure. For a network with |𝐿𝐿| layers, the 
forward pass is represented as a composition of func-
tional layers: 

KAN(𝐱𝐱) =  �𝜙𝜙|�|−1 ∘ 𝜙𝜙|�|−2 ∘ … ∘ 𝜙𝜙1�𝐱𝐱 (3) 

where 𝐿𝐿  refers the set of layers and each layer 𝜙𝜙�  con-
sists of a set of trainable 1-D activation functions {𝜑𝜑�,�}. In 
practice, each univariate activation 𝜑𝜑�,�(𝑥𝑥)  is parameter-
ized as a combination of basis function 𝑏𝑏�,�(𝑥𝑥)  and a B-
spline function: 

𝜑𝜑�,�(𝑥𝑥) = 𝜔𝜔�,� �𝑏𝑏�,�(𝑥𝑥) +  �𝑐𝑐�,�,�𝐵𝐵�,�,�(𝑥𝑥)
�

� ∀𝑙𝑙 ∈ 𝐿𝐿, 𝑗𝑗 ∈ 𝐽𝐽� (4) 

Where 𝑚𝑚 = 1, … ,𝑀𝑀  indexs B-spline basis functions, and 
𝐵𝐵�,�,�(𝑥𝑥)  denotes the 𝑚𝑚�ℎ  B-spline basis defined on the 
corresponding grid. The spline coefficients 𝑐𝑐�,�,� and grid 
configurations in KANs are fully learnable, allowing the 
network to adaptively refine its function approximation 
capabilities. 

2.3 DKL-KAN Surrogate Model  
The DKL-KAN surrogate model for BO is formulated 

with KAN and GP where the GP converts the latent em-
beddings to predictive means and uncertainty quantifica-
tion. Generally, the GP regression is defined as follows to 
obtain the black-box function 𝑓𝑓(𝐱𝐱)[16]: 

𝑓𝑓(𝐱𝐱) ~ 𝒢𝒢𝒢𝒢 �𝑚𝑚(𝐱𝐱),𝑘𝑘(𝐱𝐱,𝐱𝐱′)� (5) 

where 𝑚𝑚(𝐱𝐱)  and 𝑘𝑘(𝐱𝐱, 𝐱𝐱′)  denote the mean function 
and kernel function. Given observations 𝒟𝒟 = {(𝐱𝐱�, 𝑦𝑦�)}� = 1

� , 
GP posterior yields a predictive distribution at any candi-
date 𝐱𝐱�, whose posterior mean 𝜂𝜂(x|𝒟𝒟) serves as the pre-
diction and posterior variance 𝜎𝜎2(x|𝒟𝒟)  quantifies epis-
temic uncertainty. This probabilistic output is directly lev-
eraged by acquisition functions to guide sampling in BO. 

Besides, conventional GP surrogates can be limited 
in practical applications. Exact GP inference scales cubi-
cally with the number of evaluations due to kernel matrix 
computation. Moreover, the representational capacity of 
GP is strongly determined by the choice of kernel, stand-
ard stationary kernels may struggle to capture complex 
nonstationarity, sharp local variations, or high-dimen-
sional structure without substantial kernel engineering. 
DKL mitigates these drawbacks by learning a task-adap-
tive representation prior to GP modeling. Given a KAN 
feature map 𝑔𝑔(𝐱𝐱|𝛽𝛽)arameterized by β, and 𝑘𝑘(𝐱𝐱,𝐱𝐱′|𝛼𝛼) repre-
senting the standard kernel parameterized by α, the ker-
nel function can be formulated as follows[17]: 

𝑘𝑘���−���(𝐱𝐱,𝐱𝐱′) =  𝑘𝑘����(𝑔𝑔(𝐱𝐱�;𝛽𝛽), 𝑔𝑔(𝐱𝐱�′,𝛽𝛽)|𝛼𝛼, 𝛽𝛽) (6) 

This construction preserves GP-style uncertainty quanti-
fication while improving expressiveness through data-
driven feature learning, enhancing the model capacity for 
real world applications.  

Following the DKL-KAN formulation introduced 
above, the surrogate is trained by jointly learning 𝛽𝛽 and 𝛼𝛼 
via maximizing the log marginal likelihood ℒ [18]. Let 𝐲𝐲 ∈
ℝ� denote the observations at inputs 𝐗𝐗 = {𝐱𝐱�}�=1

� , and let 
𝐊𝐊 ∈ ℝ�×�  be the covariance matrix with entries [𝐊𝐊]�� =
𝑘𝑘DKL−KAN(𝐱𝐱�,𝐱𝐱�). Assuming Gaussian noise with variance 
𝜎𝜎�2, the ℒ is given by: 

ℒ(𝛼𝛼, 𝛽𝛽) = − 1
2 𝐲𝐲

⊤(𝐊𝐊+ 𝜎𝜎�2𝐈𝐈)
−1𝐲𝐲 − 1

2 log|𝐊𝐊+ 𝜎𝜎�2𝐈𝐈| −
𝑛𝑛
2 lo g(2𝜋𝜋) (7) 

Then the surrogate model is obtained via minimizing the 
negative log marginal likelihood (NLL): 
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𝛼𝛼⋆,𝛽𝛽⋆ = arg𝑚𝑚𝑚𝑚𝑚𝑚
�,�

 − ℒ (8) 

Compared to the commonly used DKL-MLP surro-
gate which is usually an opaque, black-box feature ex-
tractor, the proposed DKL-KAN provides a more struc-
tured and inspectable embedding with improved data ef-
ficiency and uncertainty calibration, particularly for high-
dimensional, data-scarce chemical process optimization. 

2.4 Acquisition Function  
A variety of acquisition functions have been pro-

posed for BO, including probability of improvement (PI), 
EI, and upper confidence bound (UCB), which differ in 
how to trade off exploration and exploitation[19]. Among 
them, EI is particularly attractive because it directly quan-
tifies the expected gain over the current best observa-
tion[20]. Given the surrogate predictive distribution 
𝑦𝑦 ~ 𝒩𝒩(μ(𝐱𝐱),𝜎𝜎2(𝐱𝐱)) , EI at a new point 𝐱𝐱  can be written in 
closed-form as: 

EI(𝐱𝐱) =  �𝜇𝜇(𝐱𝐱)− 𝑓𝑓(𝐱𝐱∗)�Φ(𝑍𝑍) +  𝜎𝜎(𝐱𝐱)𝜙𝜙(𝑍𝑍) (9) 

where 𝑓𝑓(𝐱𝐱∗)  denotes the best objective value observed 
so far, Φ and 𝜙𝜙 denote the cumulative distribution func-
tion (CDF) and the probability density function (PDF) of 
the standard normal distribution, respectively. 𝑍𝑍 is a ran-
dom variable defined as: 

𝑍𝑍(𝐱𝐱)  =  𝜇𝜇(𝐱𝐱)− 𝑓𝑓(𝐱𝐱∗)
𝜎𝜎(𝐱𝐱) (10) 

In the proposed framework, 𝜇𝜇(𝐱𝐱)  and 𝜎𝜎(𝐱𝐱) are pro-
vided from the DKL-KAN. At each iteration, EI is evalu-
ated over the possible candidate set and a batch of the 
six points with the largest EI values is selected for query-
ing. The resulting objective evaluations are then added to 
the training set to update the surrogate, and the proce-
dure is repeated until the maximum iterations is reached. 

3.CASE STUDY 

3.1 Problem description 
The proposed method is then applied to the W-O 

process optimization problem as case study. For a brief 
introduction, the W-O process is consist of a continu-
ously stirred tank reactor (CSTR), a decanter, a distilla-
tion column (separator) and a splitter[21], as shown in 
Figure 2. The decision variables and respective bounds 
for W-O process can be defined in Table 1. 𝐹𝐹A and 𝐹𝐹B de-
note the feed flow rates of reactants A and B, 𝑇𝑇 is the 
operating temperature of reactor, 𝜇𝜇 represents the total 
mass flow rate of the reactor effluent, and 𝜂𝜂 specifies the 
split fraction. 

 Under a series of reactions, the objective for W-O 
process is to maximize the Return On Investment (ROI) as 
follows:  

𝑅𝑅𝑅𝑅𝑅𝑅 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑁𝑁𝑁𝑁𝑁𝑁 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 (11) 

For the details of W-O process, including reaction 
system, mass balance constraints and reaction kinetic 
equations, the readers are referred to the relevant litera-
ture[21]. 

All computations are conducted on a workstation 
equipped with an Intel(R) Core(TM) i9-14900KF CPU 
(3.20 GHz) and 64 GB RAM. The W-O is simulated via Py-
thon and the KAN is constructed using the pykan, while 
GP is constructed with GPyTorch. 

 
Table  Decision variable bounds of the optimization 
process 

Variables Unit Bounds 
𝐹𝐹� klb/h [ ] 
𝐹𝐹� klb/h [ ] 
𝑇𝑇 K [ ] 
𝜇𝜇 klb/h [ ] 
𝜂𝜂 - [ ] 

 
Figure 2. Schematic illustration of W-O process. 

3.2 Performance of DKL-KAN 
To assess the predictive capability of the proposed 

DKL–KAN surrogate, multiple datasets with different 
sample sizes are generated. For each dataset, samples 
were randomly split into training and test sets with an 8:2 
ratio. Five models are developed for comparison, namely, 
std-GP, DKL–MLP, DKL–KAN, std-MLP, and std-KAN, 
where std denotes the standard model. Hyperparameter 
tuning is conducted by Optuna[22] to ensure a fair com-
parison under consistent hyperparameter optimization. 
The network architectures are eventually fixed as KAN: 
[5×4×2] and MLP: [5×64×32×2].  

The R-squared (𝑅𝑅2) values with the dataset of 500 
points are summarized in Figure 3 (a). Obviously, DKL-
based surrogates improve generalization over std-GP, 
and DKL–KAN delivers superior performance. Worse still, 
std-GP is highly kernel-sensitive with 𝑅𝑅2  ranging from 
0.609±0.083(linear) to 0.794±0.068 (Radial Basis Func-
tion, RBF), indicating that the kernels cannot adequately 
capture the complex underlying feature structure. DKL–
KAN maintains high 𝑅𝑅2 across different kernels and data 
sizes, showing consistent performance from 0.919±
0.045, 0.935±0.036 and 0.916±0.056 for linear, RBF and 
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Matérn-2.5 kernels, respectively. This indicates that in-
troducing KAN for DKL can significantly improve the 
model capacity regardless the kernels. In contrast, the 
baselines (std-GP, std-MLP and std-KAN) exhibit larger 
performance gaps and variability, whereas std-KAN at-
tains relatively high 𝑅𝑅2  with 0.926±0.105, but lacks the 
predictive uncertainty required. This superiority is further 
reflected in the root mean squared error (RMSE) metrics 
trends across dataset sizes (Figure 3 (b)), DKL–KAN 
yields the lowest test RMSE, with its advantage being 
most evident in the low-data regime and persisting as the 
training set grows. This enhanced performance is at-
tributed to the integration of the KANs within the deep 
kernel architecture, which enables more expressive non-
linear feature mapping and superior uncertainty quantifi-
cation compared to fixed-basis surrogates. 

 
Figure 3. (a) 𝑅𝑅2values at dataset of 500 points. (b) Test 
set RMSEs on different sample sizes. 

3.3 Latent space embedding analysis 
To gain deeper insights into the behavior of the 

models, the latent space embeddings of DKL–KAN model 
is analyzed and compared with the DKL–MLP and std-GP 
models. For the DKL-driven models, the two-dimensional 
embeddings from the final feature mapping layer are di-
rectly extracted, while for the std-GP, UMAP dimension-
ality reduction is applied[23]. Subsequently, k-means 
clustering[24] is performed to obtain four distinct clus-
ters. As shown in Figure 4, the introduction of DKL signif-
icantly enhances the distribution of the latent space 

compared to the std-GP baseline, with clusters becoming 
more compact and well-separated[9]. The ROI color map 
reveals a clearer spatial distribution, indicating improve-
ment by introducing DKL-driven surrogates. A closer ex-
amination of the cluster characteristics, the highest-ROI 
cluster is associated with higher reactor temperatures, 
larger outlet flow rates, and smaller split fractions, while 
lower-ROI clusters correspond to different combinations 
of these decision variables. 

 
Figure 4. Analysis of the latent space of the (a) std-GP, 
(b) DKL-MLP and (c) DKL-KAN. The colors represent 
different clusters identified using k-means clustering. 
The distribution of ROI in each cluster formed from the (d) 
std-GP, (e) DKL-MLP and (f) DKL-KAN. 
 

 
Figure 5. Comparison of ROI Prediction Consistency 
Across Clusters for DKL–MLP, DKL–KAN. 

Figure 5 further illustrates the model predictions 
within each cluster. DKL–KAN demonstrates consistent 
ROI predictions across all clusters, performing well even 
in both high- and low-ROI regions, thus highlighting its 
ability to handle complex nonlinearities effectively. In 
contrast, DKL-MLP shows more significant fluctuations in 
ROI predictions across clusters, alternating between 
overestimations and underestimations, especially in the 
data-sparse, high-nonlinearity extreme regions, reflect-
ing a fundamental limitation. While the integration of GP 
priors offers uncertainty quantification, the MLP feature 
extractor struggles to capture the highly nonlinear, multi-
modal nature of complex objective functions. The inher-
ent smoothness of the MLP architecture, combined with 
its inability to adapt to sharp variations or multiple peaks, 
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leads to suboptimal performance, especially in data-
scarce regions with high-dimensional nonlinearity. These 
results underscore the ability of DKL–KAN to effectively 
capture the underlying structure of the W–O process, en-
hancing both the separability of the learned feature em-
beddings and the accuracy of the predictions. 

3.4 Optimisation performance 
The DKL-KAN is further integrated with BO as the 

surrogate model for W-O process to validate the optimi-
zation efficiency[25]. The total optimization iteration is 
set to 20, with performance reported as the mean and 
standard deviation across five independent trials with 
randomized initializations, illustrated in Figure 6. Compu-
tational results from std-GP and DKL-MLP are also pro-
vided for comparison. Both DKL‑MLP and DKL-KAN sur-
rogates outperform the std‑GP in terms of optimization 
efficiency, consistent with prior work showing that deep 
kernel learning can improve surrogate accuracy and thus 
accelerate BO convergence by capturing informative fea-
ture representations than shallow kernels alone. Notably, 
the proposed DKL–KAN model exhibits the most efficient 
performance, achieving faster improvement in the early 
iterations and converging to higher objective values. This 
superior performance is primarily attributable to the DKL–
KAN surrogate, whose KAN feature extractor learns more 
structrued latent embeddings than MLPs and thus the GP 
kernel can better distinguish the datapoints and captures 
the highly nonlinearity. Overall, these results demon-
strate that the proposed DKL–KAN model provides both 
excellent predictive accuracy and reliable uncertainty 
quantification, making it a promising alternative method 
for process optimization tasks where high-dimensional, 
nonlinear relationships are prevalent. 

 
Figure 6. Comparison of optimization performance under 
EI acquisition function with std-GP, DKL-MLP and DKL-
KAN surrogate models. 

4. CONCLUSIONS AND FUTURE WORK  
This work develops a novel DKL surrogate model 

leveraging the KAN as an adaptive feature extractor. 

Systematically validated on the W–O process benchmark, 
the proposed DKL-KAN model demonstrates superior 
predictive performance and more reliable uncertainty 
quantification compared to standard GPs and conven-
tional DKL-MLP. Latent space analysis further elucidates 
that the KAN facilitates a more structured embedding 
distribution, maintaining high generalization and accurate 
uncertainty characterization even in sparse boundary re-
gions of the sample space. When integrated with BO, the 
approach identifies superior optimum with significantly 
accelerated convergence in early iterations. This can be 
attributed to the more informative embeddings from KAN 
which better represent the highly nonlinear and strongly 
coupled W–O response surface. These findings under-
score the significant potential of DKL-KAN surrogates as 
a promising method for complex chemical engineering 
process optimization. Future work can be done to incor-
porate advanced algorithms within the latent space to 
enhance the robustness and efficiency for global optimi-
zation exploration. 
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