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a b s t r a c t

We present a novel approach to predicting the pressure and flow rate of flexible electrohydrodynamic
pumps using the Kolmogorov–Arnold Network. Inspired by the Kolmogorov–Arnold representation
theorem, KAN replaces fixed activation functions with learnable spline-based activation functions,
enabling it to approximate complex nonlinear functions more effectively than traditional models
like Multi-Layer Perceptron and Random Forest. We evaluated KAN on a dataset of flexible EHD
pump parameters and compared its performance against RF, and MLP models. KAN achieved superior
predictive accuracy, with Mean Squared Errors of 12.186 and 0.012 for pressure and flow rate predic-
tions, respectively. The symbolic formulas extracted from KAN provided insights into the nonlinear
relationships between input parameters and pump performance. These findings demonstrate that
KAN offers exceptional accuracy and interpretability, making it a promising alternative for predictive
modeling in electrohydrodynamic pumping.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The electrohydrodynamic (EHD) pumps are devices that har-
ess electrostatic forces to induce the movement of a dielec-
ric fluid, offering several advantages over traditional mechanical
umps, such as the absence of moving parts, high efficiency, and
ow noise [1]. These characteristics make EHD pumps ideal for
pplications in soft robotics [2] and biomedical devices [3]. How-
ver, predicting the performance of flexible EHD pumps remains
challenge due to the intricate interactions between electrical,
echanical, and fluidic fields. In previous study [4], two machine

earning models were employed—random forest (RF) and multi-
ayer perceptron (MLP) to predict the performance of flexible
HD pumps. This study demonstrated that MLP, a type of feed-
orward artificial neural network, outperformed other models in
redicting the pressure and flow rate of flexible EHD pumps.
owever, MLP typically rely on fixed activation functions at the
odes (or ‘‘neurons’’), which can constrain the model’s ability to
earn complex and nonlinear relationships efficiently. Moreover,
LP can require a substantial number of neurons and layers

o achieve high accuracy, leading to increased computational

∗ Corresponding author.
E-mail address: yhpeng@nagoya-u.jp (Y. Peng).
https://doi.org/10.1016/j.birob.2024.100184
2667-3797/© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong U
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
complexity. Kolmogorov–Arnold Networks (KAN) [5] was pro-
posed to promise alternatives for MLP. The KAN is a machine
learning model that uses learnable spline-based functions for
improved approximation of complex nonlinear relationships. In-
spired by the Kolmogorov–Arnold representation theorem, KAN
replace fixed activation functions with learnable activation func-
tions on the edges (‘‘weights’’). The KAN can incorporate learnable
spline functions at each weight, providing greater flexibility and
accuracy in learning nonlinear relationships.

This study introduced a novel application of KAN for predicting
the performance of flexible EHD pumps and providing insights
into the relations of input parameters in determining the output
performance of flexible EHD pumps.

2. Methodology

Kolmogorov–Arnold representation f (x) is expressed as a com-
position of inner and outer function matrices applied to input
vector x, represented as

f (x) = Φout ◦ Φ in ◦ x

Here, the ◦ represents the composition of functions. Φ in is a
matrix of univariate functions, denoted as
niversity. This is an open access article under the CC BY-NC-ND license
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Fig. 1. Parametrize splines in (a) pressure prediction and (b) flow rate prediction.
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in =

⎛⎜⎝ φ1,1(·), · · · , φ1,n(·)
...

...

φ2n+1,1(·), · · · , φ2n+1,n(·)

⎞⎟⎠ (1)

nd Φout is a row vector of univariate functions:

out =
(
Φ1(·), · · · , Φ2n+1(·)

)
(2)

These matrices illustrate a Kolmogorov–Arnold layer, which forms
the basis of the KAN by stacking such layers. A KAN is thus
constructed as

KAN(x) = ΦL−1 ◦ · · · ◦ Φ1 ◦ Φ0 ◦ x (3)

KAN builds on this theoretical foundation by replacing fixed
activation functions with learnable activation functions on the
weights. Each weight is represented as a learnable spline function.
This architectural innovation allows KAN to better capture com-
plex, nonlinear relationships by optimizing univariate functions
directly.

In this study, we employed three distinct machine learning
models—MLP, RF, and KAN—to predict the pressure and flow
rate of flexible EHD pumps. Each model presents unique advan-
tages and limitations, enabling a thorough comparative analysis.
The training strategies for MLP and RF are detailed in [4]. KAN
were deployed to enhance the predictive accuracy for flexible
EHD pumps by replacing the fixed activation functions in MLPs
with learnable univariate spline functions at each connection.
The dataset has 88 training samples and 10 testing samples.
The pressure prediction model featured two hidden layers and
utilized cubic splines (k = 3). Training was conducted using the
LBFGS optimizer [6], which is well-suited for smaller datasets.
Post-training, the model underwent pruning to streamline its
structure while retaining accuracy, followed by re-training for
further refinement (Following pruning, the model was re-trained
by continuing from the last state of weights, using the same
dataset to further refine its performance.). Pruning in the context
of the KAN refers to the removal of less significant weights or
connections within the network. This step is designed to stream-
line the model by eliminating unnecessary complexity, thereby
enhancing its ability to generalize without losing predictive ac-
curacy. Symbolic formula extraction was applied to approximate
the learned spline functions with mathematical expressions, en-
hancing model interpretability. A similar approach was adopted
for the flow rate prediction model, which also incorporated two
hidden layers and cubic splines (k = 4), followed by the same
teps of pruning, refinement, and symbolic formula extraction.
The critical geometric parameters of the flexible EHD pumps

ere varied systematically to obtain comprehensive data. These
arameters include:

• Channel Height: Three sizes were tested: 1 mm, 0.5 mm, and
0.15 mm.
2

• Overlap of Electrode Pairs: Three overlaps were studied:
8 mm, 4 mm, and 0 mm.

• Voltage: The voltage was set in the range of 0 to 11 kV.
• Gap between Electrodes: Four gaps were measured: 0.3 mm,

0.6 mm, 0.9 mm, and 1.2 mm.
• Apex Angle of Electrodes: Four angles were investigated: π ,

π /2, π /3, and π /6.

ach measurement was repeated three times to ensure accuracy,
nd the average values were used for further analysis.
The experiments generated a comprehensive dataset of 98

amples, each containing five input features and two output
eatures. The input features are channel height (mm), electrode
verlap (mm), voltage (V), electrode gap (mm) and apex angle
◦), while the output features comprise the maximum pressure
Pa) and maximum flow rate (ml/min) of the flexible EHD pumps.
hese features are represented as X = [X1, X2, X3, X4, X5]. The
utput vector Y is defined as Y = [Y1, Y2], where Y1 is the max-
mum pressure (Pa), and Y2 is the maximum flow rate (ml/min).
ean squared error (MSE), which quantifies the average squared
ifference between predicted and actual values, was used to
ompare the performance of different machine learning models.

. Result and discussion

After training and evaluating all models for both pressure and
low rate prediction, the results were compared comprehensively.
AN showed significant improvements in both predictive accu-
acy and interpretability due to its learnable activation functions
nd spline-based architecture.
Fig. 1(a) and (b) illustrate the basis functions (Bi(x)) used in

he KAN model for predicting pressure and flow rate, respec-
ively. Each function is parameterized as a B-spline, learning
daptively from input–output relationships. Fig. 2(a) and (b) de-
ict the model’s training and pruning stages. Initially, the KAN’s
tructure was established, followed by training with sparsity reg-
larization to streamline the model. Subsequent pruning reduced
he model’s size, with continued training for further refinement.
he process concluded with symbolic formula extraction, con-
erting the learned spline functions into mathematical expres-
ions, thus preserving interpretability while approximating com-
lex nonlinear functions effectively.
KAN achieved superior predictive accuracy for pressure and

low rate prediction are depicted in Table 1. The symbolic formula
xtracted from KAN provided further interpretability, allowing us
o understand the underlying relation between input features and
ressure. The formula is as follows:

1 =12.46 exp ( − 0.01(1 − 0.8x2)3 + 4.3(1 − 0.75x4)4

− 0.06 exp(3.03x1) + 3.18 tanh(0.18x3 − 0.55) (4)

+ 2.43 exp(−2.57x5)) − 1.87



Y. Peng, Y. Wang, F. Hu et al. Biomimetic Intelligence and Robotics 4 (2024) 100184

Y

w
p
R
m
m
a
t
p
i
r
i
u
e
l

4

K
p
w
T
p
f
s
a
p

Fig. 2. Training process in (a) pressure prediction (Supplementary video S1 first part) and (b) flow rate prediction (Supplementary video S1 second part). The process
includes: (1) Initialization of a KAN model with 5D inputs, 1D output, and hidden neurons using splines with grid intervals; (2) Initial plotting to visualize the
basis functions; (3) Training with the LBFGS optimizer and sparsity regularization; (4) Pruning to simplify the model; (5) Further training and refinement; and (6)

Extraction of symbolic formulas representing learned relationships.
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Table 1
MSE for pressure and flow rate predictions by different models.
Model Pressure MSE Flow rate MSE

KAN 12.186 0.012
Random Forest 1750.017 0.040
MLP 78.329 0.002

Similarly, the formula predicting the flow rate is as follows:

2 =1.7 − 1.59 tanh (22.4(0.9 − x4)4

− 3.33 sin(6.2x3 − 2.35) + 0.08 − 2.11 exp(−1.72x5)
+ 2.13 exp(−0.24x2) − 0.89 exp(−1.4 · x1))

(5)

The KAN model exhibited remarkable predictive accuracy,
ith MSE values of 12.186 and 0.012 for pressure and flow rate
redictions, respectively. These results significantly outperform
andom Forest, and MLP models (in pressure prediction). The
odel’s ability to accurately predict pressure with a low MSE
akes it particularly valuable for applications in soft robotics
nd biomedical devices, where precise pressure control is essen-
ial. While the MLP model achieves a lower MSE for flow rate
rediction, the KAN offers the distinct advantage of providing
nterpretable symbolic formulas that reveal the mathematical
elationships between input variables and output metrics, mak-
ng it particularly valuable for applications requiring a deep
nderstanding of these underlying relationships. This formula
xpression has the potential to control the EHD pump by large
anguage models in the future [7].

. Conclusion

In this study, we explored the predictive performance of the
AN in forecasting the pressure and flow rate of flexible EHD
umps. For pressure prediction, KAN achieved a MSE of 12.186,
hile in flow rate prediction, KAN obtained an MSE of 0.012.
he interpretability of KAN through symbolic formula extraction
rovides valuable insights into the relationships between input
eatures and output variables. The symbolic formulas reveal the
ignificant nonlinear influence of parameters of voltage, apex
ngle, and electrode gap on the pressure and flow rate of EHD

umps.
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