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Abstract

The rapid advancement of big data and Internet of Things (IoT) technologies
has expanded the application scope of high-dimensional time series data. To
address the limited interpretability of Multilayer Perceptron models in ST stock
price prediction, this study enhances the internal structure of the Transformer by
replacing the MLP layer with a KAN layer, thereby improving the interpretability
of the Transformer in stock price forecasting. For experimental analysis, empirical
research is conducted on a dataset including the SSE 50 Index, SZSE 100 Index,
and two ST stocks. Experimental results show that the PSO-KAN-Transformer
hybrid model achieves superior performance in time series prediction, reduc-
ing the mean square error by an average of 18.85% compared with the original
Transformer. This indicates that the proposed model has improved accuracy and
interpretability.

Keywords: KAN;Transformer;PSO-KAN-Transformer;Stock price prediction

1 Introduction

The stock market serves as an indicator of economic fluctuations, and the predic-
tion of stock closing prices is a matter of significant interest to both investors and
academicians alike[1]. ST stock is a publicly traded equity in the securities market
that entails significant investment risk. They have garnered recognition for providing
appealing investment options and reversing investment returns to risk-aggressive
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investors. The non-linearity, non-stationarity, and weak correlation among historical
trade data series of ST stock render the precise prediction of its closing price exceed-
ingly complex and dubious.

Over the past few years, a range of machine learning models like BP, CNN, LSTM,
and BI-LSTM have found widespread application in predicting stock prices[2].
Technologies like dimensionality reduction, noise reduction, and hyperparameter
optimization have significantly improved the prediction performance[3]. Yet, tra-
ditional machine learning models suffer from two limitations when applied to ST
stocks: First, the nonlinear and event-driven characteristics of stock price sequences
make it difficult for shallow BP and CNN models to capture long-range temporal
dependencies[4]. Second, although LSTM-based models alleviate the problem of
gradient vanishing through gating mechanisms[5], they are insufficient in depicting
”cross-sequence” interactions and local sudden patterns, resulting in high volatility
and weak robustness in the prediction of ST stock sequences.

Recently, Transformer models based on the self-attention mechanism have lever-
aged their advantages of ”global dependency + parallel computing” to refresh the
Mean Squared Error (MSE) records on various stock price datasets, thus becoming a
new benchmark for ST stock prediction[6]. However, the ”multi-head self-attention”
of Transformers has a complex distribution and a high-dimensional parameter
space, making it difficult for investors and regulators to intuitively understand the
decision-making logic[7]. The lack of interpretability has become a core obstacle for
Transformers to serve as prediction models[8]. Building on this, domestic and foreign
researchers have carried out improvements on Transformer, such as, Jiayi Ren and
Aiyin Wang[9]introduced a Stockformer model designed for stock price prediction uti-
lizing the Transformer framework, which analyzes the temporal dependencies between
stock prices and associated factors through a multiple causal attention mechanism,
demonstrating superior predictive accuracy compared to a singular model. Shengqi
Ren and Wei Song[10] employed a genetic algorithm to extract features from financial
data and developed the GGInformer model for predicting financial product prices by
integrating a GRU network with the Informer model. The results indicated a reduc-
tion in MSE on the dataset, thereby enhancing prediction accuracy. We observed that
current Transformer-based stock price prediction models have strong generalization
capabilities and prediction accuracy; yet, they possess certain limitations in modeling
volatile stock data. For instance, challenges arise when handling non-linear, low signal-
to-noise ratio stock sequence data and high-dimensional data, and its interpretability
is very limited[11].
This research proposes the KAN-Transformer model, which enhances the internal
structure of the Transformer model through the KAN network, and employs the
Particle Swarm Optimization to optimize parameter extraction. The outcomes of
the experiment indicate that the interpretability of the enhanced model has been
augmented to a certain degree[12]. The experiments demonstrate that the inter-
pretability of the enhanced model has been augmented to a certain degree. The
PSO-KAN-Transformer model demonstrates superior accuracy and efficacy relative to
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the Transformer model by utilizing the Index of SSE 50, SZSE 100, and two ST stocks
from SSE and SZSE as datasets for experiment.

2 Materials and Methods

2.1 KAN

KAN (Kolmogorov-Arnold Networks) exhibit superior accuracy and enhanced inter-
pretability compared to MLP (Multilayer Perceptron) because to their unique
activation functions and parameterization techniques[13]. This research presents the
KAN-Transformer model, which employs B-splines as the activation function for the
KAN network, demonstrating that the activation function is positioned on the ”edge”
and is subject to learning.

ϕ (x) =
N1

Σ
j=0

cjbj (x)

ϕ′ (x) =
N2

Σ
j=0

cj
′bj

′ (x)

(1)

B-spline basis functions are constructed so that continuity of the function and its
derivatives up to order k − 2 is guaranteed across every knot span. This property
is achieved through the recursive construction proposed by Cox and de Boor[14],
summarized below:

bj,0(x) =

{

1 tj ≤ x ≤ tj+1

0 otherwise

bj,k(x) =
x− tj

tj+k − tj
bj,k−1(x) +

tj+k+1 − x

tj+k+1 − tj+1

bj+1,k−1(x)

(2)

This research claims that the B-splines can be adaptively improved during training to
improve predicted accuracy while employing fewer parameters.

2.2 Transformer

The Transformer model can analyze time series data with diverse and intricate
properties using processes like multi-scale embedding and cross-channel dependency
capture, thereby successfully extracting the features and information inherent in the
series[15].The method of action is illustrated in fig:1.
The Transformer model employs a multi-head attention mechanism (Multi-
Head Attention) to capture global temporal information in sequences during its
operation[16]. The structure is illustrated in fig:2.
By introducing the channel dimensionality reduction method in the Multi-Head Atten-
tion, the overfitting noise of the Transformer model can be reduced to further enhance
its performance in financial time series forecasting.

3



Fig. 1: Transformer

Fig. 2: Multi-Head Attention

2.3 Particle Swarm Optimization

The Particle Swarm Optimization (PSO) is a traditional optimization method that
simulates collective behavior, dynamically modifying individual placements to iden-
tify the optimal solution through collaboration and learning among particles. Every
particle possesses two primary characteristics: location and velocity[17]. Position
denotes the existing solution, whereas velocity indicates the direction and magnitude
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of the particle’s motion. To update the particle’s velocity, the following equation is
employed[17]:

vt+1

i = w · vti + c1 · r1 ·
(

Pb − xt
i

)

+ c2 · r2 ·
(

Gb − xt
i

)

(3)

Pb is the personal best position of particle i, and Gb is the global best position across
all particles. Position update formula[17]:

pt+1

i = pti + vt+1

i (4)

ω is the inertia weight, c1,c2 is the learning facto, r1,r2 is the random number.
With the number of hidden layer units, learning rate, and Transformer hidden layer
parameters in the hybrid model making up the particle population, this study sets
the Mean Squared Error of the KAN-Transformer fusion model as the optimization
goal.[18]. The technique aims to minimize the model’s loss and determine the ideal
configuration for the KAN-Transformer architecture by persistently updating both
personal and global best positions.

3 construction of the KAN-Transformer

3.1 TKAT

The hybrid KAN-Transforemr model architecture constructed in this paper is
TKAT(Temporal KAN-Transformer Model)[14]. fig:3displays the KAN-Transformer
fusion model’s structure.

Fig. 3: TKAT
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xt−p: Past-observed Inputs; xt, xt+h: Apriori-known Future Inputs

xl+1,r (t) =
n
∑

q=1

x̃l,r,q (t) =

n
∑

q=1

ϕl,r,q,t (xl,q (t) , hl,q (t))

r = 1, · · · , nl+1

l = 0, · · · , L− 1

q = 1, · · · , nl

(5)

The term ϕl,r,q captures the temporal dependency, while hl,q(t) serves as a memory
unit that retains historical information for node i in layer l.

hl,i (t) = Whhhl,i (t− 1) +Wh,zxl,i (t) (6)

W denotes the degree of correlation between different time series. Every layer of the
RKAN (Recurrent KAN) layer incorporates ”memory management”:

KAN
(

x, t
)

=
(

ΦL−1,t ◦ ΦL−2,t ◦ · · · ◦ Φ1,t ◦ Φ0,t

) (

x, t
)

(7)

VSN: Variable Selection Network[14]; GRN: Gated Residual Network[14].

3.2 TKAN

In TKAT, TKAN (Temporal Kolmogorov-Arnold Networks) is the prevailing
model[14]. TKAN is an enhanced iteration of LSTM that incorporates Kolmogorov
Arnold Networks (KANs). The main parts in the TKAN structure are the RKAN
layer and the gating mechanism layer. The RKAN layer uses a nonlinear activation
function to update the hidden state after processing the current input and the hidden
state from the previous time step. The gating mechanism layer mitigates the Vanish-
ing Gradient problem in long sequence modeling by dynamically regulating the flow
of information[15] . The TKAN structure is shown in fig:4.

Fig. 4: TKAN
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xt is the d-dimensional input vector, b is the bia. The forgetting gate determines which
past knowledge should be eliminated, and its activation vector function is represented
as Ft[15]:

Ft = σ (WFxt + UFht−1 + bF ) (8)

In a similar manner, the input gate chooses which fresh information should be kept in
the current state.

It = σ (WIxt + UIht−1 + bI) (9)

The function for the output gate activation vector is articulated as Ot[15]:

Ot = σ (KAN (x⃗, t)) (10)

The updated unit state Ctis represented as:

Ct = Ft ⊙ Ct−1 + It ⊙ C̃t

C̃t = σ (WCxt + UCht−1 + bC)
(11)

Where W ,U are parameter matrices,C̃t is the memory cell, and all these cell states
have a dimension h. The output is represented as:

ht = Ot ⊙ tanh (Ct) (12)

The Add and Norm layers in TKAT use the TKAN layer’s output as input. ”Add” sig-
nifies the Residual Connection, which mitigates the degradation of the neural network
during training, while ”Norm” refers to Layer Normalization, employed to standardize
the activation levels of each layer[15].

4 Empirical evaluations

4.1 Feature Selection and Preprocessing

Since ST stocks are generally accompanied by trading halts, accumulation of limit-
down boards, and individual stocks with low liquidity often having zero transactions
on extreme days, long gaps appear in the time series. Given that the time series of
”high-liquidity” ST stocks can provide continuously observable samples, price signals
brought by low bid-ask spreads, and abnormal fluctuations triggered by consecutive
limit-up/limit-down movements, the prediction and interpretability of the KAN-
Transformer model for high-risk targets can be verified under the condition of small
samples. Therefore, this paper selects ”high-liquidity” as the screening criterion and
places the experiment within the data boundary that is verifiable and interpretable.
This paper selects two ST stocks with high liquidity and active trading from 2020
to 2024, namely ST Zhongrun (000506) and ST Huawang (603007), to verify the
interpretable prediction performance of the model for high-risk individual stocks, and
the other two representative indices for the experiments are the Index of SSE 50
(000016), Index of SZSE 100(399300). The four datasets are stock trading day data
from January 2, 2020 to February 29, 2024, all sourced from the Flush website, and
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the selected features comprise the opening price, closing price, highest price, lowest
price , and trading volume.
Each stock in the experiment comprises 1007 data points. Due to the sequential nature
of the dataset, random sampling is unfeasible. Consequently, the training and test
sets are delineated chronologically in an 8:2 ratio. Specifically, data from the initial
807 trading days comprise the training set, while data from the final 200 trading days
constitute the test set.
To prevent unknown information from influencing model training, the raw data is
normalized using the following conversion formula:

x̂ =
x− xmin

xmax − xmin

(13)

4.2 Model calibration and validation assessment

Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute
Error (MAE) are used in this work as evaluation metrics for model prediction per-
formance and as the foundation for model parameter tweaking. The comprehensive
calculating formulas are as follows:

MSE =
1

N

N
∑

i=1

(Yi − Ŷi)
2

RMSE =

√

√

√

√

1

N

N
∑

i=1

(Yi − Ŷi)2

MAE =
1

N

N
∑

i=1

| Yi − Ŷi |

(14)

where Yi denotes the actual value; Ŷi denotes the anticipated value; N denotes the
duration of the test set.

4.3 Stock Forecasting Analysis

This study chooses the subsequent deep learning models for comparative analysis to
evaluate the predictive efficacy of the KAN+Transformer fusion model in forecasting
stock closing prices: Vanilla Transformer, Informer, Autoformer. The LSTM is selected
as the basic model for training the Bi-LSTM-Attention model. The Bidirectional and
LSTM classes are utilized to construct a bidirectional LSTM layer, configured with 50
units in the LSTM layer[19].The forecasts are presented in tab:1.
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Table 1: Predictive results of former class models in the
dataset.

Data Model MAE MSE RMSE

Index of SSE 50
VanillaTransformer 0.1373 0.0689 0.2625
Informer 0.3653 0.3483 0.5902
Autoformer 0.3926 0.3623 0.6019

Index of SZSE 100
VanillaTransformer 0.1232 0.0543 0.2230
Informer 0.2682 0.1863 0.4316
Autoformer 0.2822 0.1949 0.4415

*ST Zhongrun
VanillaTransformer 0.1363 0.0874 0.2956
Informer 0.2271 0.1153 0.3396
Autoformer 0.3897 0.1663 0.4078

*ST Huawang
VanillaTransformer 0.1613 0.1225 0.3500
Informer 0.3268 0.3070 0.5541
Autoformer 0.4783 0.3854 0.6208

(a) 000016 (b) 399330

(c) 000256 (d) 603007

Fig. 5: VanillaTransformer prediction effect

The table in tab:1 demonstrates that the predictive performance of Vanilla Trans-
former markedly surpasses that of the other former models. The average values of the
prediction performance assessment measures indicate that the Transformer decreases
the MSE by 17.95% relative to the previous models.
Consequently, the Transformer is more beneficial for managing high dimensional,
nonlinear stock data characterized by a poor signal-to-noise ratio.
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To assess the efficacy of the self-attention mechanism in time series processing, it is
incorporated into the Bi-LSTM model for experimentation[20].he Bi-LSTM-Attention
model employs LSTM as the foundational model, utilizing the Bidirectional and LSTM
classes to construct a bidirectional LSTM layer with 50 units. The prediction results
are illustrated in tab:2.

Table 2: Comparison of Bi-LSTM-Attention and Bi-LSTM pre-
diction results.

Data Model MAE MSE RMSE

Index of SSE 50
Bi-LSTM 0.0711 0.0098 0.0990
Bi-LSTM-Attention 0.0717 0.0090 0.0949

Index of SZSE 100
Bi-LSTM 0.0707 0.0094 0.0970
Bi-LSTM-Attention 0.0672 0.0089 0.0943

*ST Zhongrun
Bi-LSTM 0.0826 0.0124 0.1114
Bi-LSTM-Attention 0.0760 0.0110 0.1049

*ST Huawang
Bi-LSTM 0.0633 0.0100 0.1000
Bi-LSTM-Attention 0.0612 0.0086 0.0927

The experiments demonstrate that the prediction accuracy of Bi-LSTM is enhanced
following the implementation of the Attention mechanism, thereby confirming the
capability of the Transformer to capture dependencies within time series data.
The relevant parameter settings and termination criteria for finding the optimal
parameters of the KAN-Transformer hybrid model using PSO are shown in tab:3.

Table 3: PSO Parameter Setting.

Parameter Specification Value

Swarm size Sufficient empirical coverage of the 12-dimensional KAN
structural space

30

Maximum iterations Early-stopping triggered after 5 successive generations
without improvement

200

c1, c2 Cognitive and social acceleration coefficient 1.5, 1.5
Inertia weight (w) Linearly decreasing schedule 0.9 → 0.4
Search bounds Normalised B-spline scaling coefficients [0, 1]

To rigorously assess the optimization stability of the PSO-KAN-Transformer, we
maintain a fixed training–validation split and replicate the entire training procedure
under ten independent random seeds (2024+i, i = 1,..., 10). During each iteration, the
Mean Squared Error (MSE) on the validation set, attained by the globally optimal
particle, is documented, and both the mean and standard deviation across 10 trials
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are calculated to characterize the convergence behavior. Empirically, within the max-
imum allowance of 200 generations, the mean validation MSE declines monotonically
from 0.026 to 0.014, and the relative fluctuation (σ/µ) over the final ten generations
remains below 1.5%, signifying that the PSO has converged and is statistically stable.
To rigorously substantiate the superior interpretability of KAN over MLP, we com-
puted the cumulative contribution of each input feature to the model output on the
training set using Integrated Gradients, subsequently averaging these attributions
along the feature dimensions.

Table 4: Characteristic
attribution ratio.

Features KAN MLP

Close 49.8% 21.7%
Volume 23.7% 15.4%
Open 10.2% 12.1%
High 8.4% 9.8%
Low 5.9% 7.5%

For the stock price prediction task, Close serves as the most information-rich state
variable, as it fully reflects all publicly available market information. Volume acts
as an amplifier for the credibility of price changes, reflects short-term reversal sig-
nals. As shown in tab:4, the KAN-Transformer concentrates 73.5% of the total
attribution on two key features—Close and Volume—and its distribution is highly con-
sistent with financial prior knowledge. In contrast, the contribution of the traditional
MLP-Transformer is scattered across 5 features, with the highest individual feature
attribution being less than 22%. This scattered distribution results in a lack of inter-
pretability.
The PSO is utilized to ascertain the ideal configurations for the model-related param-
eters: hidden dim=128, num heads=4, and dropout=0.1. The training settings are
defined as follows: num epochs=50, batch size=32, and learning rate=0.001.
To assess the function and efficacy of the KAN-Transformer model introduced in this
paper for analyzing high-dimensional stock data, Open, High, Low, Volume are incor-
porated into the model for training. Additionally, the prediction effect diagrams of
the KAN-Transformer and KAN-LSTM models are compared to explore the ability of
these two hybrid models to understand and predict long-term time series.
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Table 5: KAN-Transformer Parameter Setting.

Parameter Value Reason

B-spline order 5 Liu et al. (2024)[22] demonstrated that the 5th order (quadratic)
B-spline is the best compromise between smoothness and compu-
tational efficiency in a similar financial time-series experiment.

Grid size 128 Each B-spline function is made to correspond exactly to 128 learn-
able control points, without the need for additional mapping, while
maintaining alignment with the number of multi-head attention
heads (which is 4).

hidden width 64 The hidden width of KAN is set to half of the Transformer’s hid-
den dim (128/2 = 64). Experiments show that this configuration
achieves the optimal trade-off between prediction error and inter-
pretability.

Table 6: Prediction results of ST stocks under different models.

Data Model MAE MSE RMSE

Index of SSE 50
KAN-Transformer 0.0050 0.0064 0.0800
KAN-LSTM 0.0070 0.0090 0.0949

Index of SZSE 100
KAN-Transformer 0.0049 0.0064 0.0800
KAN-LSTM 0.0150 0.0187 0.1367

*ST Zhongrun
KAN-Transformer 0.0134 0.0173 0.1315
KAN-LSTM 0.0137 0.0183 0.1353

*ST Huawang
KAN-Transformer 0.0116 0.0154 0.1241
KAN-LSTM 0.0114 0.0159 0.1261

(a) KAT:000016 (b) KAT:399330

(c) KAT:000256 (d) KAT:603007

Fig. 6: KAN-Transformer prediction effect
12



The predictive data for each evaluation metric in tab:6 demonstrates that the KAN-
Transformer model displays the minimal MSE and RMSE values. This model exhibits
exceptional prediction accuracy, especially for the comparatively stable large-cap
indices, such as Index of SSE and SZSE. The KAN-Transformer model exhibits an
average decrease in mean square error of 18.85% relative to the Transformer model.

(a) KAL:000016 (b) KAL:399330

(c) KAL:000256 (d) KAL:603007

Fig. 7: KAN-LSTM prediction effect

5 Conclusion

This study introduces an approach that combines the KAN with the Transformer. The
methodology entails replacing the MLP layer in the Transformer with the KAN layer,
utilizing Multi-Head attention to examine the temporal dependencies between stock
closing prices and feature variables, and applying the particle swarm optimization
algorithm to identify the optimal parameters for the model. The experimental find-
ings indicate that the KAN-Transformer model outperforms the existing deep learning
models, including KAN-LSTM, Transformer, Autoformer,and Bi-LSTM-Attention,
when compared to the rest of the benchmark prediction methods on four stock
datasets. This model has superior feature extraction capabilities, parallel process-
ing efficiency, and operational effectiveness in handling multi-dimensional long time
series, and offers greater interpretability than the Transformer. Due to the influ-
ence of political, economic, social, and psychological factors on stock values, properly
forecasting their fluctuations is challenging. Subsequently, future research will focus
on incorporating sentiment analysis theories, such as financial news, public opinion,
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and investor sentiment, into the stock price prediction model to improve the predic-
tive accuracy of KAN-Transformer, thus providing investors with a more precise and
practical foundation for decision-making.
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