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In complex financial markets, controlling risks while achieving high returns is a challenge for 

investors. Faced with market uncertainty and complexity, traditional investment strategies often 

struggle to meet the needs of modern investors. To address this issue, a new investment portfolio 

strategy was proposed by integrating the multifactor model with the upper confidence bound. 

Meanwhile, genetic algorithm was used to optimize and improve the weight allocation of the 

investment portfolio based on the upper confidence bound. These results confirmed that the cumulative 

return of GA-UCB was 187.4%, which was 68.3% higher than the cumulative return of 119.1% on the 

Shanghai and Shenzhen 300 Index, respectively. The maximum drawdown rate of the GA-UCB model 

was the lowest at 13.5%, which was reduced by 5.0%, 0.7%, and 4.8% compared to UCB, Equal 

weight combination, and Shanghai Shenzhen 300, respectively. The model backtesting result of the 

GA-UCB algorithm was 163.5%, which was 57.9% higher than the cumulative return of 105.6% on the 

Shanghai Stock Exchange 50 Index. The penalty coefficient ranged from 0.3 to 0.1, with cumulative 

returns and annualized returns increasing by 13.9% and 21.7%, respectively. In summary, the research 

on financial investment optimization by integrating multifactors and GA improved UCB effectively 

improves returns while controlling risks, providing a new perspective and tool for financial market 

investors. 

Povzetek: Predlagan je model za optimizacijo trajnostne gradbene zmogljivosti, ki temelji na 

občutljivem večciljnem odločanju. Uporaba inteligentnih algoritmov izboljša natančnost in 

učinkovitost zasnove ter zmanjša število potrebnih sprememb.

1 Introduction 

With the deepening development of economic 

globalization, the volatility and uncertainty of financial 

markets are increasingly intensifying. This makes score 

diversification investment the preferred investment 

strategy for the vast majority of investors [1]. The 

selection of investment portfolios in the field of financial 

investment is a fundamental research question. This 

mainly involves how to scientifically allocate funds and 

investment ratios between different assets [2]. With the 

continuous development of network technology, applying 

online learning algorithms to financial investment 

portfolio selection becomes an important research method. 

Multi-armed Bandit (MAB) was proposed and applied by 

international scholars in the early 1990s in the selection 

of financial portfolios. Therefore, MAB becomes a 

widely used online learning algorithm [3]. Although 

China starts relatively late, domestic scholars have also 

made significant achievements in this field. For example, 

the method of optimizing weight allocation in investment 

portfolios using passive attack algorithms and predicting 

stock returns achieves relatively high cumulative returns 

[4]. He et al. designed an online investment portfolio 

strategy by integrating the views of active experts using 

weak ensemble algorithms, which had significant 

competitive performance [5]. With the advancement of 

market integration and financial globalization, processing 

and analyzing massive amounts of financial data becomes 

a challenge in formulating effective financial investment 

portfolio strategies. As a key online learning algorithm, 

MAB can provide feedback learning from each decision 

and apply this information to subsequent decisions, 

thereby finding the optimal strategy through continuous 

trial and error [6]. The multifactor model can predict the 

future returns and risks of a stock company by analyzing 

its various characteristics, providing a reliable method for 

estimating the reward function for MAB [7]. Therefore, 

this study innovatively combines multifactor models with 

MAB to construct a financial investment portfolio model. 

On the basis of MAB, GA is used to improve the Upper 

Confidence Bound (UCB) to achieve better investment 

decision performance. 

As an important branch of online learning 

algorithms, MAB is widely applied in online 

recommendation systems. Numerous experts and scholars 

have conducted research on MAB and achieved 

significant results. Morijiri et al. used numerical research 

methods to analyze gambling machine decision-making 
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to solve large-scale MAB problems. The gambling 

machine decision was adjusted by controlling the chaotic 

time waveform generated by the semiconductor laser to 

generate bias control. This method achieved a scaling 

index of 97%, demonstrating its feasibility [8]. Takeuchi 

et al. used MAB combined with chaotic oscillation 

time-series of semiconductor lasers to improve 

communication quality and improve decision-making 

efficiency. The channel selection effect was verified 

through adaptive dynamic channels. This method 

significantly improved the quality and efficiency of 

channel selection [9]. Hasegawa et al. proposed an 

efficient channel allocation method combining MAB and 

large-scale heterogeneous Internet of Things to solve 

internet network congestion. This method had a higher 

frame success rate compared to conventional methods 

[10]. Li et al. proposed a wireless network-based 

spectrum scheduling algorithm based on MAB to allocate 

resources reasonably in frequency bands. This algorithm 

fully utilized uncertain resources for wireless spectrum 

scheduling modeling, confirming the effectiveness of this 

method [11]. Yang et al. proposed a maritime network 

architecture that combined MAB selection edge services 

to reduce energy consumption and latency in the ship's 

Internet of Things. Reward and cost constraint networks 

were introduced into its network architecture. This 

method significantly reduced energy consumption costs 

and latency [12]. 

The multifactor model, as a quantitative investment 

model for predicting stock returns and risks, plays an 

important role in financial investment optimization 

research. De Nard et al. proposed adding a factor model 

to the covariance matrix to solve difficult modeling under 

time-varying conditions. Meanwhile, a new covariance 

estimator was combined with the time-varying condition 

of high-dimensional residuals. This method was tested in 

the detection of cross-sectional anomalies in stock returns, 

confirming its effectiveness [13]. Ta et al. proposed using 

recurrent neural network for sequence prediction to make 

accurate stock predictions. The investment portfolio was 

constructed by combining factor models and long 

short-term memory network. Multiple portfolio 

optimization techniques such as weight modeling and 

mean variation optimization modeling were used to 

improve portfolio performance. The return on investment 

of this method was significantly improved [14]. Hao et al. 

proposed a model for predicting stock price index trends 

by combining factor models and multi-time scale feature 

learning on the basis of end-to-end mixed neural 

networks. Then, the prediction trend of stock price series 

could be improved in the stock market. This model 

utilized convolutional neural network to extract features 

at different time scales and was validated on a dataset, 

confirming its effectiveness [15]. Chung et al. proposed 

using factor models combined with multi-channel 

convolutional neural network to improve the stock market 

forecasting accuracy for predicting stock index volatility. 

On the basis of multi-channel convolutional neural 

network, network topology optimization was carried out 

to improve this model’s performance. This method 

effectively improved the prediction accuracy of stock 

market indices [16]. Chen et al. proposed using factor 

models for portfolio optimization to allocate funds 

reasonably and achieved excess returns while controlling 

risks. This model used mean to improve the maximum 

rollback rate. Meanwhile, the multi-stage constrained 

multi-objective evolutionary algorithm using orthogonal 

learning was used to solve the complex multi-constraints 

in a prediction model. This method has a competitive 

advantage [17]. The summary of related works is shown 

in Table 1. 

 
Table 1: Summary of related works 

Author Method Result 

Morijiri et al. Numerical study using semiconductor lasers 97% scaling index is achieved. 

Takeuchi et al. 
Multi-armed Bandit combined with semiconductor 

laser 

The quality and efficiency of channel 

selection are significantly improved. 

Hasegawa et al. 

An efficient channel allocation method for combining 

multi-armed bandit with large scale heterogeneous 

Internet of Things networks 

Compared to conventional methods, 

the method has a higher frame success 

rate. 

Li et al. 
Multi-armed Bandit spectrum scheduling algorithm 

based on wireless network 

Uncertain resources can be fully 

utilized for wireless spectrum 

scheduling modeling. 

Yang et al. 
A maritime network architecture method combining 

multi-armed bandit  

Energy costs and latency are 

significantly reduced 

De Nard et al. 
A method of combining factor models with a new 

covariance matrix estimator 

Cross-sectional anomalies in stock 

returns are effectively detected. 

Ta et al. 

A method for constructing investment portfolios using 

recurrent neural networks combined with factor models 

and long short-term memory networks 

Portfolio performance and return on 

investment are improved. 

Hao et al. 
A predictive model combining factor models and 

multi-time scale feature learning 

The method has effectiveness in 

predicting stock price index trends. 

Chung et al. A stock index volatility prediction method using factor The prediction accuracy of stock 
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models combined with multi-channel convolutional 

neural networks 

market indices are effectively 

improved. 

Chen Y et al. 
A multi-objective evolutionary algorithm combining 

factor models with multi-stage constraints 

Competitive advantage in achieving 

excess returns and maximum 

drawdown rates. 

 

In summary, both MAB and multifactor models 

have strong application potential and research value in 

their respective fields, providing new ideas and methods 

for financial investment. Therefore, this study 

innovatively combines these two, integrating multifactors 

and GA to improve the financial investment optimization 

of UCB to achieve better investment decision-making 

performance. 

 

2 A Financial investment 

optimization model integrating 

multifactors and improved UCB 
This study combines multifactor models with UCB in 

MAB to construct a financial investment portfolio model 

that integrates multifactors with UCB. On this basis, 

Genetic Algorithm (GA) is used for improvement to 

optimize parameter configuration. 

 

 

 

 

2.1 Construction of a financial investment 

portfolio model that integrates multifactors 

and UCB 
The core issue of financial investment lies in how to 

optimize the allocation of financial assets to achieve 

optimal returns. As a key method of online learning, 

MAB provides a unique solution. The inspiration for 

MAB comes from a slot machine with multiple rocker 

arms. Each rocker arm has a certain chance of generating 

returns when pulled [18]. UCB is an effective 

decision-making method in MAB. When facing multiple 

combinations of choices, the probability and return of 

each choice are unknown. UCB can achieve maximum 

overall return while minimizing regret [19]. As a 

quantitative investment model, the multifactor model can 

predict the returns and risks of stocks, providing a 

scientific basis for investment decisions [20]. Therefore, 

this study combines multifactor models and MAB to 

optimize financial investment portfolios to achieve better 

investment decision-making performance in the financial 

market. Figure 1 shows the financial investment portfolio 

process based on the fusion of multifactors and UCB. 

Determine 

candidate factors

Factor IC 

analysis

Factor return 

analysis

Multifactorial 

model

Predicting 

portfolio returns

Return 

covariance matrix

Investment portfolio 

to be selected

Calculate 

Sharpe ratio

UCB algorithm
Portfolio 

weight vector

 

Figure 1: Financial investment portfolio process based on fusion of multifactors and UCB algorithm 

 

In Figure 1, the financial investment portfolio based 

on the fusion of multifactors and UCB starts with 

identifying candidate factors. Potential investment 

portfolios and their corresponding Sharpe ratios can be 

identified by selecting factor models. This process 

transforms the portfolio selection problem into a MAB 

problem. The Sharpe ratio is used as the expected reward 

function to guide selection. On this basis, UCB is used to 
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allocate weights to different stock portfolios, while 

further optimizing and improving UCB through GA to 

refine the weight allocation of investment portfolios. The 

final process can export the weight vector of the financial 

investment portfolio to achieve the maximum expected 

return of the investment portfolio. In a multifactor model, 

factors refer to key variables that can predict changes in 

stock returns. A comprehensive factor pool is constructed 

to comprehensively capture market dynamics and 

potential investment opportunities. Figure 2 shows the 

overall factor pool. 

Factor pool

Fundamental 

factor

Quantity and 

price factors

Technical factors

Momentum reversal factor

Statistical indicator factors

Disk type factor

Liquidity factor

Volatile factors

Valuation factors

Tibetan debt capacity factor

Financial risk factors

Operational efficiency factor

Liquidity factor

Profitability factor

 

Figure 2: Overall factor pool 

 

In Figure 2, the factors that affect the performance 

of financial investment portfolios are mainly divided into 

two categories: quantity and price and fundamental 

factors. Quantity and price factors are mainly based on 

historical prices, trading volume, and other available 

market data. Its core advantage is that quantity and price 

factor can reflect market changes in real-time [21]. 

Fundamental factors focus on the financial health of a 

company. Typical fundamental factors include various 

financial ratios extracted from the company's income 

statement, balance sheet, and cash flow statement [22]. 

To select effective candidate factors and determine the 

research object, it is necessary to analyze the 

effectiveness of each factor through Information 

Coefficient (IC). IC is initially defined as the correlation 

coefficient between the predicted yield and the actual 

yield [23]. However, in current practice, IC analysis relies 

more on the correlation calculation between factor 

exposure and actual returns. The IC analysis factor value 

is represented by equation (1). 

( ), 1,i i t tIC Corr x ret +=        (1) 

In equation (1), iIC  represents the IC value of the 

i th factor. ,i tx  represents the factor value of the i th 

factor during period t . Corr  represents a correlation 

coefficient. 1tret +  represents the yield vector of the next 

period of stocks. There are two calculation methods for 

the correlation coefficient in equation (1). The Spearman 

correlation coefficient is used for calculation and analysis, 

represented by equation (2). 

( )
( )

2

1

2

6

, 1
1

n

j

j

S

d

Corr x y
n n

=
= −

−


        (2) 

In equation (2), ( ),SCorr x y  represents the 

Spearman correlation coefficient for calculating the 

factors x  and y . n  represents the length of the 

sequence. jd  represents the difference between the j th 

sequence. The IC value of a factor belongs to a single 

period indicator and cannot be directly used to measure 

its ability to predict returns [24]. Therefore, when 

conducting factor validity analysis, it is also necessary to 

refer to measurement indicators such as the average and 

standard deviation of IC to comprehensively evaluate the 

stability and predictive value of factors. Figure 3 shows 

the average IC of the testing factors for the Shanghai and 

Shenzhen 300 (HS300) industries. 
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Figure 3: The average IC value of 300 factors in Shanghai and Shenzhen 

 

The core objective of a multifactor model is to 

identify technical and fundamental factors closely related 

to stock returns and apply these factors to predict stock 

returns. The multifactor model is represented by equation 

(3). 

1

K

i ij j i

j

r x f 
=

= +           (3) 

 

In equation (3), 
ir  represents the yield of the i th 

financial asset. K  represents the total factor. 
ijx  

represents the degree of exposure of asset i  to factor j . 

i  represents the characteristic return rate of an asset. 

The return-on-investment portfolio is represented by 

equation (4). 

1

N

I i i

i

R r
=

=           (4) 

 

In equation (4), 
IR  represents the return rate of the 

investment portfolio. N  represents the quantity of 

stocks in the investment portfolio.   represents the 

weight of stock. The actual return of an investment 

portfolio can be expressed as the weighted average of the 

returns of K  factors. The actual return of the 

investment portfolio is represented by equation (5). 

 

1 1

K N

I ij j i i

j i

R x f  
= =

 = +         (5) 

The covariance matrix of factor returns is 

represented by equation (6). 

( ) ( ) ( )
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 
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 
 
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 

(6) 

 

In equation (6), F  represents the covariance 

matrix of factor returns. Kf  represents the yield vector 

of K  factors. UCB is a classic method for solving MAB 

problems. UCB estimates the potential value of each 

choice by setting an optimistic expected reward upper 

limit for each option, i.e., calculating its average reward 

UCB. UCB is represented by equation (7). 

( )
2ln

i m i

i

m
UCB t

m
= +        (7) 

In equation (7), iUCB  represents UCB of the i th 

arm. m  represents the times the rocker arm is operated. 

i  represents the average reward for the i th arm. The 

principle followed by UCB is to consider the arm with 

the highest confidence upper bound of the expected 

reward in each round of selection as the current optimal 

choice [26]. The UCB of the optimal arm is represented 

by equation (8). 
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( )argmax
mt i mi UCB t=       (8) 

In the construction of financial investment portfolio 

strategy models, the average reward of each arm needs to 

be measured by the normalized Sharpe ratio to balance 

the returns and risks of the investment portfolio. The 

normalized Sharpe ratio is represented by equation (9). 

( )
 K

K

i

S i
r t

K
=           (9) 

In equation (9), ( )Kr t  represents the normalized 

Sharpe ratio. S  represents the Sharpe index. The Sharpe 

ratio is a risk adjusted return indicator designed to 

simultaneously consider the potential returns and risks of 

an investment portfolio. The Sharpe ratio can effectively 

identify the optimal investment portfolio, which assumes 

the lowest risk under predetermined expected return 

conditions. 

 

 

2.2 Design of investment portfolio model 

based on ga improved UCB 
This study combines a multifactor model with UCB to 

achieve an effective balance between returns and risks in 

investment portfolios. However, in practical situations, 

UCB still has certain limitations when dealing with 

problems. For example, UCB may present the same 

investment strategy when selecting investment portfolio 

strategies for different investors. This occurs when 

utilizing environmental change information and 

considering factors such as individual investor 

preferences and purchasing power. However, different 

investors have varying levels of risk tolerance, 

investment preferences, and acceptance of the same 

investment portfolio in different market environments. 

Therefore, this study utilizes GA to improve UCB based 

on its foundation. The pseudocode of GA is shown in 

Figure 4. 

 

 

Procedure GA

Begin

   t=0;

   initialize P(t);

   evaluate P(t);

   while not finished do

   begin

       t=t+1;

       select P(t) form P(t-1);

       reproduce pairs in P(t);

       evaluate P(t);

       end

End 

 

Figure 4: Pseudocode of GA 

 

GA is a powerful optimization tool specifically 

designed to solve complex combinatorial optimization 

problems. GA can adjust and optimize the parameters of 

investment portfolio models by simulating the processes 

of natural selection and genetics. This can ensure that the 

optimal parameters for different investors are selected 

based on their investment preferences [27]. Figure 5 is 

the GA flowchart. 
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Figure 5: GA flowchart 

 

In Figure 5, the search space for parameter 

optimization is first defined in GA. The encoding method 

is chosen to generate the initial population. Then, 

individual performance is evaluated by calculating their 

fitness values. After completing the fitness assessment, a 

new generation of chromosomes is generated through 

genetic operations such as selection, crossover, and 

variation [28]. Finally, if the termination condition is met, 

the algorithm ends and outputs the current optimal 

chromosome, which is the optimal parameter 

configuration. If the termination condition is not met, this 

algorithm returns to calculating the fitness value and 

proceeds to the next iteration. The selection operation of 

GA is represented by equation (11). 

( )

( )
1

i

n

j

j

f y
K

f y
=

=


         (10) 

In equation (10), K  represents the selection 

operation. ( )if y  represents the fitness value of 

individual i . The crossover operation is represented by 

equation (11). 

( )2

3

R r
H

R

+
=        (11) 

In equation (11), H  represents the crossover. R  

represents the total iterations. r  represents the iteration. 

The probability of individual selection is represented by 

equation (12). 

( )
( )* if y

i

e
P y

K



=          (12) 

In equation (13), P  represents the probability of 

selection.   is a strength control parameter. The larger 

the parameter value, the higher the fitness, and the higher 

the probability of selection. Individual similarity is 

represented by equation (13). 

( )1

1

1
A

H y
=

+
         (13) 

In equation (13), A  represents individual similarity. 

The utility function of the investment portfolio model 

based on GA improved UCB is represented by equation 

(14). 

2

, , , ,, , ,t t t tU U R       =       (14) 

In equation (13), U  represents the utility function 

of the investment portfolio model.   represents the 

investment portfolio. ,tR   and 
2

,t   represent the 

returns and variances of the   investment portfolio at 

time t , respectively.   represents the weight. In the 

utility evaluation of investment portfolios, the shortest 

time frame necessary to construct an effective investment 

portfolio is the Minimum Formation Period (MFP). The 

time length within this cycle is represented by n . The 

time length in stock utility ,t mD −  is represented by m  

and set as m n  [29]. The loss function of the 

investment portfolio model is represented by equation 

(15). 

( )
1

, , , , ,

T T

t t m t m t m tL D D D U    
−

− − −= + (15) 

In equation (15), ,tL   represents the loss function, 

,t mD −  represents the stock utility, and   represents a 

penalty coefficient. When GA improves UCB, the 

confidence upper bound parameters and penalty 

coefficients in UCB are used as chromosome encoding 

for fitness calculation. By comparing the fitness of each 

individual in the overall environment, the best 

preservation method is used to select the next generation 

of individuals to enter the genetic operation stage [30]. 

Figure 6 shows the operation of the investment portfolio 

model based on GA improved UCB. 
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Figure 6: Running process of investment portfolio model based on GA improved UCB algorithm 

 

In Figure 6, in the investment portfolio model 

process based on GA improved UCB, each investment 

time is divided into multiple MFPs. An estimate of the 

current investment portfolio needs to be made based on 

historical data during each MFP period. When the 

strategy model runs from time t m−  to t , the time m  

it experiences is represented as the Minimum Testing 

Period (MTP). During the MTP, the investment portfolio 

model utilizes the optimal parameters obtained from GA 

for simulation back testing [31]. Based on the optimal 

parameters, the weights for the next period and the 

optimal investment portfolio for the next MTP back 

testing can be calculated. By following this loop until the 

code terminates, the optimal investment portfolio strategy 

can be obtained. 

 

3 Validation of a financial 

investment optimization model 

integrating multifactors and 

improved UCB 
Firstly, this study selected and processed experimental 

data. Further analysis was conducted on the model results 

of different risk preferences and the applicability of 

integrating multifactors with the improved UCB 

investment portfolio model. 

 

3.1 Data Selection and processing 
The sample data used cover the stock market and 

financial data of the constituent stocks of the Shanghai 

Stock Exchange 50 (SZ50) Index and HS300 Index from 

December 2017 to December 2021. The stock market 

data cover daily and minute frequency opening prices, 

highest prices, lowest prices, and closing prices. The 

financial data include three major financial statements 

released every quarter. The data processing is divided 

into three stages: handling missing values, handling 

outliers, and standardizing data. For missing stock market 

data, this study chose to directly exclude the relevant 

stock data. For missing financial data, the previous 

period's report data were used to fill in. The data obtained 

from stock market data suppliers may have outliers. For 

abnormal data research, median methods based on 

absolute deviation and box plot methods were used for 

identification and processing. To conduct comparative 

analysis of subsequent factors, it is necessary to first 

standardize the factor data. Considering that factor data 

have a certain mean and variance on the cross-section, 

this study used the z-score method to standardize it to 

ensure that the processed data had a mean of 0 and a 

standard deviation of 1. 

 

3.2 Analysis of the results of integrating 

multifactors and improved UCB investment 

portfolio model 
This study conducted strategy back testing on data from 

the HS300 stock pools to validate the fusion of 

multifactors and improved UCB investment portfolio 

models. This model was compared and analyzed with the 

strategy back testing results based on the original UCB 

investment portfolio model and the back testing results of 

the HS300 Index and equal weight portfolios. Figure 7 

shows the back testing results of the investment portfolio 

model for the HS300 stock pools. As of December 2021, 

the back testing results of GA-UCB, UCB, and Equal 

weight combination for cumulative returns were 187.4%, 

153.6%, and 128.9%, respectively. This was an increase 

of 68.3%, 34.5%, and 9.8%, respectively, compared to 

the cumulative return of 119.1% on the HS300 Index. In 

summary, integrating multifactors and improving the 

UCB investment portfolio model can improve the 

cumulative return of investment portfolios. 
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Figure 7: Analysis of return testing results of investment portfolio models for the CSI 300 stock pool 

 

A comparative analysis was conducted on the 

evaluation indicators of the HS300 stock pools to observe 

the investment portfolio model’s effectiveness more 

clearly in Table 2. The evaluation indicators of GA-UCB 

were superior to other models. The cumulative return of 

GA-UCB was 187.4%, which was 33.8%, 58.5%, and 

68.3% higher than UCB, equity portfolio, and HS300, 

respectively. In terms of annualized returns, GA-UCB 

increased by 12.4%, 25.7%, and 30.5% compared to UCB, 

equity portfolio, and HS300, respectively. The Sharpe 

ratio of GA-UCB was 1.78, which was 0.58, 1.07, and 

1.34 higher than the other three methods, respectively. 

The maximum drawdown rate of GA-UCB was the 

lowest at 13.5%, which was reduced by 5.0%, 0.7%, and 

4.8% compared to the other three methods, respectively. 

In summary, GA-UCB performs excellently in terms of 

returns and risk control. 

 

 
Table 2: Comparison of evaluation indicators for the Shanghai and Shenzhen 300 stock pools 

Model 

Evaluating indicator 

Cumulative 

income % 

Annualized rate of 

return % 

Sharpe 

ratio 

Maximum withdrawal 

rate % 

GA-UCB 187.4 42.2 1.78 13.5 

UCB 153.6 29.8 1.20 18.5 

Equal weight combination 128.9 16.5 0.71 14.2 

HS300 119.1 11.7 0.44 18.3 

 

To further validate the fusion of multifactors and the 

improved UCB investment portfolio model, a strategy 

back testing was conducted on the SZ50 stock pool. 

Figure 8 shows the back testing results of the investment 

portfolio model for the SZ50 stock pool. As of December 

2021, the back testing results of GA-UCB, UCB, and 

Equal weight combinations for cumulative returns were 

163.5%, 145.8%, and 115.0%, respectively. This was an 

increase of 57.9%, 40.2%, and 9.4%, respectively, 

compared to the cumulative return of 105.6% on the 

SZ50 Index. In summary, the GA improved UCB model 

still has a strong ability to generate returns within the 

SZ50 50 stock pool. 
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Figure 8: Analysis of back testing results of the investment portfolio model for the Shanghai stock exchange 50 stock 

pool 

 

To observe the investment portfolio model more 

clearly, a comparative analysis was conducted on the 

evaluation indicators of the SZ50 stock pool in Table 3. 

The performance indicators of GA-UCB were still 

optimal in the SZ50 stock pool. The cumulative return of 

this model was 163.5%, which was 17.7%, 48.5%, and 

57.9% higher than UCB, Equal weight combination, and 

HS300, respectively. The annualized yield of GA-UCB 

was 31.9%, which increased by 8.4%, 22.8%, and 26.7% 

compared to the other three methods, respectively. The 

Sharpe ratio of GA-UCB was 1.35, which increased by 

0.31, 1.02, and 1.23, respectively. From the perspective 

of maximum drawdown rate, the maximum drawdown 

rate of this model was 14.3%, which decreased by 1.1%, 

1.8%, and 9.1%, respectively. In summary, GA-UCB 

brings more returns while stabilizing risks. 

 
Table 3: Comparison of evaluation indicators for the Shanghai Stock Exchange 50 stock pool 

Model 

Evaluating indicator 

Cumulative income% 
Annualized rate of 

return% 
Sharpe ratio 

Maximum return 

rate% 

GA-UCB 163.5 31.9 1.35 14.3 

UCB 145.8 23.5 1.04 15.4 

Equal weight combination 115.0 9.1 0.33 16.1 

HS300 105.6 5.2 0.12 23.4 

 

3.3 Analysis of model results for different 

risk preferences 
Different investors had their own risk preferences when 

choosing investment portfolio strategies. This experiment 

validated the performance of a financial investment 

optimization model that integrated multifactors and 

improved UCB under strong volatility, targeting different 

risk preferences. This study expanded the sample interval 

to June 2017 to June 2021. The penalty coefficient values 

in the model parameters were set to 0.1, 0.2, and 0.3. 

MFP and MTP were set to 14 and 10, respectively. 

Therefore, the model could record the investment 

portfolio for 14 trading days. Figure 9 shows the 

investment strategy results under different penalty 

coefficients. As the penalty coefficient decreased, the 

cumulative returns of different investment strategies 

gradually increased. The cumulative returns obtained 

from investment strategies with different penalty 

coefficients were higher than the actual cumulative 

returns of HS300. These indicated that the results of the 

back testing of this model were consistent with the actual 

investment logic. The smaller the investor's aversion to 

risk, the greater the risk that the investor can bear. 

Therefore, the cumulative returns obtained are relatively 

high. In summary, the financial investment optimization 

model that integrates multifactors and improves UCB can 

recommend different investment strategies for investors 

with different risk preferences, and all returns are 

improved. 
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Figure 9: Comparison chart of investment strategy results under different penalty coefficients 

 

To observe the evaluation indicators of investment 

strategy results under different penalty coefficients more 

clearly, the strategy models for each penalty coefficient 

were run five times and their mean values were recorded. 

Table 4 shows the evaluation indicators of investment 

strategy results under different penalty coefficients. The 

penalty coefficient ranged from 0.3 to 0.1, with 

cumulative returns and annualized returns increasing by 

13.9% and 21.7%, respectively. Although the growth 

between different penalty coefficients was not significant, 

the cumulative returns of the investment strategy back 

testing of this model have increased by at least 57.2% 

compared to the actual cumulative returns of HS300. For 

the maximum drawdown rate, the penalty coefficient 

values from 0.3 to 0.1 were reduced by 4.2%, 1.6%, and 

8% compared to HS300, respectively. In summary, in 

financial markets with strong volatility, this model can 

provide targeted investment strategy portfolios for 

investors with different risk preferences, which can 

steadily improve returns while controlling risks. 

 

 
Table 4: Comparison of evaluation indicators for investment strategy results under different penalty coefficients 

Investment strategy  

Evaluating indicator 

Cumulative 

income% 

Annualized rate of 

return% 
Sharpe ratio 

Maximum return 

rate% 

Penalty coefficient 0.1 126.4 35.9 0.76 24.6 

Penalty coefficient 0.2 118.6 28.6 0.66 31.0 

Penalty coefficient 0.3 112.5 27.8 0.64 28.4 

HS300 55.3 14.2 0.37 32.6 

 

To further validate the investment portfolio model, 

the selected investment portfolio with a penalty 

coefficient of 0.1 and the actual optimal investment 

portfolio was compared and analyzed for the highest 

return obtained from this model. Figure 10 is a histogram 

of the actual optimal investment portfolio and the model 

selected investment portfolio. More than half of the 

investment portfolio chosen by the model had the same 

direction of return as the actual optimal investment 

portfolio. The gap between the return after June 2019 and 

the actual optimal investment portfolio gradually 

decreased. This indicated that after a period of learning, 

the model was better able to make decisions on excellent 

investment portfolios. 
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Figure 10: Comparison of histograms of actual optimal investment portfolio and model selected investment portfolio 

 

3.4 Applicability analysis of integrating 

multifactors and improved UCB investment 

portfolio model 
To verify the applicability of this model in other financial 

markets, this study compared the back testing results of 

different styles of funds as control groups with the 

investment portfolio of this model. Table 5 shows the 

details of funds with different styles. As a control group, 

the fund covers various styles such as stock, exponential, 

bond, and mixed type to verify the model’s generalization 

performance in the financial market. 

 
Table 5: Fund detail tables with different styles 

Fund style Fund name Fund code Fund ranking 

Stock type Credit Suisse Reform Dividend 000592 29/316 

Exponential type 
Enhanced research on the Shanghai and Shenzhen 300 

Index 
000176 9/44 

Bond type Minsheng Bank Convertible Bond Selection A 000067 327/625 

Mixed type Mixed vitality of emerging Chinese businesses 001933 105/1683 

 

Figure 11 shows the back testing results of funds 

with different styles. The trend of the back testing results 

of the fusion of multifactors and the improved UCB 

investment portfolio model in the fund field was 

consistent with the return trends of the other four funds. 

For the rate of return, the cumulative return of this model 

was improved on the basis of stock funds, proving the 

applicability of this model in other financial markets. 
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Figure 11: Comparison of back testing results for different style funds 
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Table 6 compares the evaluation indicators of 

investment strategy results for different style funds. The 

performance of the investment portfolio strategy that 

integrated multifactors and improves the UCB investment 

portfolio model was superior to the other four funds. For 

cumulative returns, GA-UCB increased returns by 61.9%, 

95.5%, 161%, and 84.7% compared to stock, exponential, 

bond, and mixed type, respectively. For the maximum 

drawdown rate, GA-UCB decreased by 12.3%, 2.2%, and 

6.6%, respectively, compared to stock, exponential, and 

mixed type, and increased by 17.2% compared to bond 

funds. In summary, integrating multifactors and 

improving the UCB investment portfolio model has 

applicability in different financial fields. 

 
Table 6: Comparison of evaluation indicators for investment strategy results of funds with different styles 

Fund style 

Evaluating indicator 

Cumulative 

income% 

Annualized rate of 

return% 
Sharpe ratio 

Maximum withdrawal 

rate% 

Stock type 125.2 40.2 0.87 38.8 

Exponential type 91.6 24.3 68.4 28.7 

Bond type 26.1 8.0 20.2 9.3 

Mixed type 102.4 26.5 65.1 33.1 

GA-UCB 187.1 44.3 1.02 26.5 

 

Back testing experiments were conducted on various 

investment portfolio models in bear market, bull market, 

and oscillation interval datasets to verify the robustness 

of the investment portfolio model. The cumulative return 

results of different investment portfolio models in 

different datasets are compared in Table 7. In the bear 

market dataset, the cumulative return of the studied 

GA-UCB investment portfolio model still maintained a 

relatively high return of 18.6%, which was 3.2%, 45.0%, 

and 36.5% higher than models such as UCB, Equal 

weight combination, and HS300, respectively. The 

cumulative return of the GA-UCB investment portfolio 

model in the oscillation interval dataset was 30.1%, 

which was 19.9%, 32.2%, and 29.7% higher than the 

other three investment portfolio models, respectively. In 

the bull market dataset, the cumulative return of the 

GA-UCB investment portfolio model reached 113.2%, 

which increased by 36.8%, 58.6%, and 81.2% compared 

to the other three models, respectively. Overall, the 

GA-UCB investment portfolio model studied has 

achieved high cumulative returns in bear, bull, and 

oscillation interval datasets, indicating that the model has 

strong robustness. 

 
Table 7: Comparison of cumulative return results of different investment portfolio models in different datasets 

Model 
Cumulative return rate/% 

Bull market/% Bear market/% Oscillation interval/% 

GA-UCB 113.2 18.6 30.1 
UCB 76.4 15.4 10.2 

Equal weight combination 54.6 -26.4 -2.1 

HS300 32.0 -17.9 0.4 

 

4 Discussion 

This study combines the multifactor model with the 

confidence upper bound algorithm in MAB to construct a 

financial investment portfolio model that integrates 

multiple factors with the UCB algorithm. Then, the 

optimal return investment portfolio strategy model is 

designed in complex financial markets. Based on this, 

GA is used to improve the configuration of parameters. In 

previous studies, Morijiri et al. used numerical research 

methods to analyze the decision-making of large-scale 

MAB and achieved a scaling index of 97%. The results 

demonstrated the feasibility of the MAB problem in their 

field. In this regard, this study also used MAB for 

large-scale data analysis. The results showed that the 

cumulative return was 187.4%, significantly higher than 

the 119.1% of the HS300 Index, an increase of 68.3%. 

This indicated that the GA-UCB algorithm had a more 

prominent ability to optimize returns in the financial 

market. Hasegawa et al.'s method demonstrated high 

frame success rates in large-scale heterogeneous Internet 

of Things networks. The GA-UCB model studied also 

demonstrated efficiency and stability in predicting 

financial market volatility and optimizing investment 

portfolios, with a back testing result of 163.5%, 

significantly higher than the 105.6% of the SZ50 Index. 

The advantage of the model in this study was more 

significant in terms of stability. In addition, the MAB 

spectrum scheduling algorithm studied by Li et al. fully 

utilized uncertain resources. The UCB algorithm 

improved by GA in this study showed excellent 

performance in handling uncertain market resources, with 

cumulative return and annualized return increasing by 

13.9% and 21.7%, respectively. The performance of this 

study was better when dealing with uncertain data. 

Meanwhile, the maritime network architecture method 
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studied by Yang et al. significantly reduced energy costs 

and latency. The GA-UCB algorithm in this study had 

better efficiency in computing resources and time costs, 

which maintained high returns in different market 

environments, especially demonstrating robustness in bull, 

bear, and oscillation interval datasets. The factor model 

studied by De Nard et al. was effective in detecting 

cross-sectional anomalies in stock returns. However, the 

model used in this study not only had effectiveness in 

detecting the cross-section of stock returns, but also had 

advantages in predicting market trends and optimizing 

investment returns. The results indicated that the 

applicability of the model in this study was broader. In 

summary, previous research has only improved the 

performance of its research field or a certain aspect. 

However, the model used in this study not only performs 

well in portfolio returns and stability, but also in 

predicting market volatility. This model has a wider 

applicability and can meet diverse market 

decision-making needs. Therefore, compared to previous 

research results, this research model is more adaptable to 

complex financial stock markets. 

5 Conclusion 

In the complex and ever-changing financial environment, 

portfolio optimization becomes the key to improving 

returns and managing risks. To balance investment risks 

and increase returns, this study combines a multifactor 

model with UCB and utilizes GA to improve and 

optimize it. These results confirmed that the cumulative 

return of GA-UCB was 187.4%, which was 68.3% higher 

than the cumulative return of 119.1% on the HS300 Index, 

respectively. The maximum drawdown rate of GA-UCB 

was the lowest at 13.5%, which was reduced by 5.0%, 

0.7%, and 4.8% compared to UCB, Equal weight 

combination, and HS300, respectively. The back testing 

result of the GA-UCB model was 163.5%, which was 

57.9% higher than the cumulative return of 105.6% on 

the SZ50 Index. The penalty coefficient ranged from 0.3 

to 0.1, with cumulative returns and annualized returns 

increasing by 13.9% and 21.7%, respectively. For the 

maximum drawdown rate, the penalty coefficient values 

from 0.3 to 0.1 were reduced by 4.2%, 1.6%, and 8% 

compared to HS300, respectively. For cumulative returns, 

GA-UCB increased returns by 61.9%, 95.5%, 161%, and 

84.7% compared to stock, exponential, bond, and mixed 

type, respectively. For the maximum drawdown rate, 

GA-UCB decreased by 12.3%, 2.2%, and 6.6% compared 

to stock, exponential, and mixed type, respectively. 

Compared to bond funds, it increased by 17.2%. In 

summary, the financial investment optimization method 

that integrates multifactors and GA improved UCB 

effectively improves returns while controlling investment 

risks. The financial market is complex and ever-changing, 

and research has not conducted adaptive verification for 

different market environments. Therefore, these research 

results are not comprehensive enough. Research can 

further explore the adaptability of models in different 

market environments, thereby better providing investors 

with more diverse market decision-making needs. 
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