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A B S T R A C T

We study portfolio optimization through reinforcement learning, employing the contextual
LinUCB approach to build an investment portfolio with changing market conditions. Contextual
information enhances the LinUCB technique recommendation process, maximizing the efficacy
of the model and the cumulative return. The recommendation criteria are to achieve the
maximum level of confidence regarding the uncertainty surrounding the upward trend of asset
returns within the pool of assets. Employing stocks from the Chinese A-share market, Hong
Kong market, and US market as empirical tests, our findings demonstrate that the proposed
model consistently outperforms the benchmark indices in our backtesting process.

. Introduction

Modern portfolio theory suggests that investors should invest in a well-diversified portfolio using the mean–variance optimization
ramework (Markowits, 1952). Investors are, however, heterogeneous in their risk preferences and often make sub-optimal
nvestment decisions (Bucciol and Miniaci, 2015). For instance, conservative investors rely on observed data to avoid suboptimal
ecisions but impede the exploration of potentially superior decisions, known as the exploitation approach. In contrast, aggressive
nvestors prefer an exploratory approach, recognizing that existing data may be insufficient to determine the most advantageous
ecision, leading to suboptimal decisions. The risk preference of an investor may vary in different scenarios, even when considering
he same individual. Therefore, it is unlikely that a universally applicable strategy can be accepted by all investors. Instead, the
ptimal approach must recognize the irrationality exhibited by human investors, taking into account the evolving preferences of
nvestors and addressing both exploitation and exploratory challenges (Gomes et al., 2021).

This study aims to contribute to the field of cross-disciplinary finance and artificial intelligence by investigating the application
f reinforcement learning (RL) techniques to recommend assets for constructing profitable investment portfolios. The objective is to
ropose a LinUCB strategy for portfolio optimization that leverages an advanced reinforcement learning framework. A key challenge
ddressed is the development of a robust preference function capable of quantifying and incorporating uncertainty regarding the
uture performance of assets. Through an analysis of the alignment between algorithmic logic and portfolio selection processes,
e aim to contribute to the ongoing discourse surrounding the integration of machine learning techniques in finance. The prior

iterature suggests that two major benefits of machine learning for portfolio management are model flexibility and weight selection.
he reinformance learning further pushes the frontier of portfolio management by allowing the model automatically adjusts based
n pre-defined objective functions, i.e. minimizing risk or maximizing reward. A comprehensive literature review is provided in
ppendix A.
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To address the challenge of balancing exploration and exploitation that lead to suboptimal investment decision, we consider using
one of the multi-arm bandit algorithms, namely the contextual Linear Upper Confidence Bound (LinUCB) algorithm of Li et al. (2010).
The algorithm uses contextual information such as historical portfolio performance, investor risk preferences, and other relevant
information to improve decision-making. The outcome of the decision depends on the specific circumstances. Following Li et al.
(2010), we specify that the outcome of each arm can be represented linearly based on contextual information. In the empirical
tudies with stocks from the Chinese A-share market, Hong Kong market, and US market, we select stocks that exhibit optimal

historical performance, taking into consideration investors’ risk preferences. This involves considering stocks that have demonstrated
consistent profitability and stability over time (exploitation) and exploring stocks with substantial growth potential that are likely
to yield favorable performance in the future (exploration). To solve the exploration–exploitation dilemma, we estimate the expected
utility by the upper confidence bound at a given degree.1 We show that the performance of the recommended portfolio encompasses
the benchmark market indices or peer group averages and minimum regret.

We contribute to the literature as follows. Methodologically, we propose a portfolio optimization method based on reinforcement
earning with LinUCB, which extends the modern portfolio theory. The proposed framework benefits from using contextual
nformation such as historical price and investors’ individual characterizes to address exploitation and exploration, leading to
mproved portfolio efficiency. Empirically, we contribute to the growing literature on the applications of reinforcement learning
n portfolio optimization. We test the effectiveness of this method using stocks listed on multiple markets. Our research enhances
ur understanding of how reinforcement learning techniques can benefit ordinary investors who can achieve above-average returns
y using the LinUCB algorithm without investing in funds or seeking professional financial advice. Furthermore, our approach can
asily adapt to the bond and mutual fund markets.

2. Research design

2.1. Problem setting

Given a pool of assets 𝑎𝑘, 𝑘 ∈ 1, 2,… , 𝑁 with a known price history and potential investors with reasonable but varying risk
preferences, we aim to propose a pre-trained strategy utilizing a contextual bandit learning algorithm. Given the variability in the
dynamics of asset price movements, it is reasonable to assume that speculative investors might consider altering their positions
at regular intervals of 𝑇 days.2 The approach has the capability to provide recommendations for a series of assets once at a time

according to investors’ risk appetite. In the proposed bandit learning algorithm, we hereby define 𝑇 days as a unit length of a
earning loop during which the parameters used for the next recommendation will be updated, whilst the position of assets will not
e changed.

We consider generating a numerical preference for each asset 𝑎, which we denote 𝐻𝑡(𝑎) ∈ R. The larger the preference, the
more likely the asset will be taken/invested. Similarly, the investment probability on the asset 𝑎 can be determined according to a
soft-max distribution (i.e. Gibbs or Boltzmann distribution):

P𝑡(𝑎) ≐
𝑒𝐻𝑡(𝑎)

∑𝑁
𝑘=1 𝑒

𝐻𝑡(𝑘)
(1)

The formulation of a learning algorithm for soft-max action preferences can be reached through applying the concept of stochastic
gradient ascent. Following the selection of the asset 𝑎 and its subsequent return 𝑅𝑡, the preferences of the assets are subject to an
pdating process known as Stochastic Gradient Ascent.

𝐻𝑡+1(𝑎) = 𝐻𝑡(𝑎) + 𝛽
𝜕E

[

𝑅𝑡
]

𝜕 𝐻𝑡(𝑎)
= 𝐻𝑡(𝑎) + 𝛽

(

𝑅𝑡 − 𝑅̄𝑡
)

(1 − 𝑃𝑡(𝑎))
(2)

where 𝛽 > 0 is a pre-determined step size and 𝑅̄𝑡 ∈ R is the (accumulated) average of the return up to but not including 𝑡. If the
current return 𝑅𝑡 is higher than the average 𝑅̄𝑡, then the probability of taking the asset 𝑎 in the future increases, otherwise the
probability decreases.

Given that each asset, 𝑎𝑘, has a significantly longer historical record compared to the time interval 𝑇 in this study, it is imperative
to consider the contextual information derived from its prior performance while estimating the initial preference 𝐻𝜏 (𝑎𝑘)3 up to time
.

𝐻𝜏 (𝑎𝑘) ≐ 𝑄𝜏 (𝑎𝑘)
⏟⏟⏟

Expected return

+ 𝛾

(

𝑈 (𝑤𝑋 , 𝑋) +𝑤𝑐

√

ln 𝜏
𝑁𝜏 (𝑎𝑘)

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Uncertainty associate with future return

(3)

1 The LinUCB approach relies on the capacity to calculate upper confidence bound estimates for the anticipated returns based on the relevant information.
2 It refers to a time interval that an investor would adjust according to his/her risk exposure. For simplicity, we treat it as an independent input like the

isk preference.
3 The time stamp, denoted as 𝜏, is regularly updated following each time interval. Hence, in the context of a stock, 𝜏 represents the cumulative number of

days between an arbitrary base (starting) date and the commencement of a bandit learning process. It denotes the historical data accessible to offer contextual
knowledge.
2 
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where 𝑄𝜏 (𝑎𝑘) is a weighted average of the historical returns of the asset 𝑎𝑘, used as a representation of greedy actions or exploitation
components within the bandit algorithm. It serves as an initial reference point for the preference 𝐻𝜏 (𝑎𝑘). The other component of

𝜏 (𝑎𝑘) pertains to the uncertainty surrounding4 the precision of the return estimation. This refers to the exploration or non-greedy
actions that an investor may consider in order to attain optimal outcomes.

The upper confidence bound (UCB) action selection approach is based on the notion that the inclusion of the exploration term,
hown in Eq. (3), serves as an indicator of the level of uncertainty or variance in estimating future performance of the asset 𝑎𝑘. The

parameter 𝛾 serves as an indicator of the investor’s risk preference and measures the trade-off between exploitation and exploration.
represents the contextual information, while the variable 𝑤𝑋 denotes the corresponding weights, which will be elaborated on

n the next section. 𝑤𝑐 is a constant known for the Chernoff-Hoeffding bound. It can help derive exploration strategies that ensure
he chosen actions converge to the optimal ones while minimizing regret. 𝑁𝜏 (𝑎𝑘) represents the number of days that have taken
etween the date of the initial public offering (IPO) of the asset 𝑎𝑘 and the time 𝜏.

2.2. Contextual information

We consider both investor and asset features (contexts) that include investors’ risk preferences and historical return information
uch as realized volatility, associate skewness and kurtosis, and trading volume. In the LinUCB algorithm with 𝑁 arms (𝑁 assets),

each asset 𝑎𝑘 receives a return 𝑅𝑎𝑘 (𝑡) at each time step 𝑡 = 1, 2,…. We choose an optimal portfolio at a time, where optimality is
defined as the best achievable accumulated returns.5 The key is to identify the most suitable features and their associated weights
to construct contextual information that effectively forecasts the uncertainty of future movements in asset returns in Eq. (3).

Since our aim is to perform short-term predictions of stock returns, we do not consider using macro factors such as the market
environment, as suggested by Welch and Goyal (2008) and Christiansen et al. (2012) that the predictive power of macroeconomic
fundamentals in forecasting short-term future volatility is limited. Our attention is on internal features such as skewness, kurtosis,
trade volume, and institution holding. We utilize the subsequent selection criteria based on internal features.:

• Finance literature suggests that the skewness of risk premium is statistically and economically significant in short-term stock
return prediction. Bufalo et al. (2022) contribute to the field of financial modeling by introducing a skew-geometric Brownian
motion framework and offer a more accurate tool for predicting returns in portfolios with skewed assets. Indeed, many relevant
studies in the literature show evidence that extended mean–variance-skewness models, multi-objective decision approaches,
and neural network-based models all contribute to more robust portfolio optimization by accounting for the asymmetry in
return distributions (Orlando and Bufalo, 2021; Patton, 2004; Zhang et al., 2021; Wang et al., 2018).

• Higher kurtosis in financial return distributions indicates a higher likelihood of increased volatility and albeit infrequent but
severe consequences of significant fluctuations in the market, commonly known as tail events (Consigli, 2002; Van Oordt and
Zhou, 2016). Therefore, in measuring the uncertainty of assets that may impact their future performance, kurtosis is needed.

• Increased trading volume typically corresponds to greater liquidity, resulting in more pronounced fluctuations in prices. Indeed,
technical analyses view trading volume as a fundamental element in asset pricing (Lo and Wang, 2000; Amihud and Noh, 2021)

• The behavior of institutional investors has the capacity to impact market sentiment, interpreted as a valuable indicator to
mitigate the occurrence of significant price volatility and to enhance overall market liquidity (Edelen et al., 2016). We use
significant holdings of shares by institutional investors to account for the behavior of institutional investors.

To further quantify the uncertainty of stock performance, we employ the evaluation of both the volatility and risk inherent
in the price fluctuations of a certain stock. We consider various prevalent techniques and metrics, including historical volatility,
mplied volatility, Value at Risk, Average True Range (ATR), and VIX index, among others (Baillie and DeGennaro, 1990; Bekaert

and Hoerova, 2014). The uncertainty attributed to contextual information is estimated by a linear regression of the aforementioned
features:

𝑈 (𝑤𝑋 , 𝑋) = 𝛼(𝑋)
∑

𝑖=1,2,…
𝑤𝑋𝑖

𝑋𝑖 (4)

where 𝛼(𝑋) is a pre-trained adaptive parameter to calibrate the weights of contextual information. A threshold 𝜁 is defined according
to prior knowledge of the asset, when the volatility of the asset is larger than the threshold value, the 𝛼(𝑋) can depress the uncertainty
n order to avoid risky actions:

𝛼(𝑋) =
{

𝛼0, 𝑉𝑤𝑋𝑋 ≤ 𝜁
𝛼0 + 1 − exp (𝑉𝑤𝑋𝑋 − 𝜁 ), 𝑉𝑤𝑋𝑋 > 𝜁 (5)

4 The idea of uncertainty includes both the upper and lower bounds of the expected return. We focus exclusively on the upper limit due to the intrinsic
ggressiveness of the bandit learning-based method compared to the usual mean–variance investment methodology.

5 The metric can be replaced by any well-defined utility or measures such as Sharpe ratio.
3 
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Fig. 1. The log-return distribution (left) and the QQ plot of log-return (right) are depicted. Out of a total of 4788 stocks, a random sample of 500 stocks was
examined, revealing that the prospective stocks do not exhibit a normal distribution of log returns.

2.3. Roulette wheel selection

The criteria for selecting a portfolio is to prioritize assets with a better possibility of success, defined as those that have
demonstrated strong historical performance, hold favorable contextual information, and are more likely to outperform other assets.
In our study, we implemented a fundamental concept of natural selection known as roulette wheel selection, sometimes referred
as fitness proportionate selection. The algorithm mimics the concept of a roulette wheel, where an individual’s likelihood of being
chosen is decided by their fitness rating or investment probability in this research. This extensively utilized process in genetic
algorithms enables the identification of individuals that will be selected for reproduction.

Roulette wheel selection is executed by employing a metaphorical representation of a spinning wheel. The wheel is partitioned
into pieces that are proportional to the probability of investing. The higher the investment probability of an asset, the larger its
corresponding portion on the wheel. The selection of the asset for reproduction is determined by a random spin of the wheel.

Although the approach has components that involve randomness, its primary objective is to direct the selection procedure
according to the investment probability. The selection process is iterated 𝑀 times to create a portfolio consisting of 𝑀 distinct
assets.

3. Empirical study

This study utilizes 4788 stocks listed on the Chinese A-share market6 as the selected pool of assets due to the notable liquidity
of the Chinese stock market and the significant activity observed in initial public offerings (IPOs) in recent years. The daily closing
(adjusted) prices of the candidate stocks were gathered from the beginning of 2019 to June 2023, including both the bear and bull
markets.

We plot daily log returns in Fig. 1. It reveals the non-normal distribution, indicating the variance is not an appropriate metric
for quantifying uncertainty.

To account for the varying volatility of the return distribution, we employ Conditional Value at Risk (CVaR)7 rather than VaR
to proxy the uncertainty associated with contextual information. The regressor comprises the skewness and kurtosis of historical
returns, the trading volume, and the percentage of institutional investment.

𝑊 ∗
𝑐 = ar g min

𝑊𝑐
‖

1
1 − 𝛽 ∫

1

𝛽
VaR𝑢(𝑓 )𝑑 𝑓

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Conditional VaR

−[𝑋𝑠𝑘𝑒, 𝑋𝑘𝑢𝑟, 𝑋𝑣𝑜𝑙 , 𝑋𝑖𝑛𝑡] ⋅𝑊𝑐‖2 (6)

VaR𝑢(𝑓 ) denotes the Value at Risk at level 𝑢 = 0.7 of the loss distribution 𝑓 . 𝛽 = 0.95 is a frequently employed selection for a
95% confidence level. The Eq. (6) is utilized to estimate the ideal vector of weights, 𝑊𝑐 , of contextual information employing an

6 The Chinese A-share market is composed of a total of 4788 individual stocks. The Shanghai Stock Exchange currently comprises a total of 2080 stocks,
with 410 of them listed on the Science and Technology Innovation Board. The Shenzhen Stock Exchange accommodates 2618 stocks, out of which 1132 are
listed on the ChiNext Board. The newly established Beijing Stock Exchange currently houses 90 stocks.

7 The higher the level of instability in an investment, the more likely it is that VaR may not provide a comprehensive assessment of the associated risks, as
it is unconcerned with factors beyond its predetermined threshold. The CVaR model is designed to mitigate the limitations of the VaR concept. The utilization
of CVaR in contrast to VaR typically results in a more cautious strategy with regards to risk exposure.
4 
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Fig. 2. The color bars represent the significance of the parameters estimated by Eq. (4). For most stocks (i.e., each column represents an individual stock), the
parameters are significant(𝑝 < 0.05 or in blue), and the quality of regressions are acceptable (i.e., in terms of high 𝑅2 values shows in the lower part of the
figure).

Fig. 3. The distribution of preference that consists of ex-post return (dark blue) and uncertainty (deep & light blue).

ordinary least squares regression on CVaR. Fig. 2 shows that the weights in the regressors, 𝑊𝑐 , are significant in most stocks. This
finding suggests that we may rely on this collection of regressors to effectively assess the uncertainty associated with contextual
information, aligning with the literature discussed in Section 2.2.

The initial valuation of the preference 𝐻 for each stock 𝑎𝑘 is determined based on Eq. (1). Based on a randomly selected sample
of 30 stocks from three categories, Fig. 3 illustrates the visual representation of variable H and its contributing factors the ex-post
averaged return and the associated uncertainty due to contextual and mature information.

Evaluating the performance of the recommended portfolio encompasses benchmark comparison, which involves comparing it
against market indices or peer group averages and minimum regret.8 Fig. 4 shows that the performance of the proposed model can
consistently outperform CSI300.9

8 The concept of minimum regret is intricately connected to the idea of downside risk. Regret can be conceptualized as the quantifiable disparity between
the results and the ideal results an investor could have achieved with perfect foresight.

9 The CSI 300 Index (China Securities Index 300) is a major stock market index that tracks the performance of the top 300 A-share stocks listed on the
Shanghai Stock Exchange (SSE) and the Shenzhen Stock Exchange (SZSE). It is widely recognized as a key benchmark for the Chinese A-share market and is
used by investors.
5 
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Fig. 4. The performance (cash value) of the proposed portfolio (blue) against the CSI300 index (black line). The shadow area depicts around 70% (i.e., mean± 1𝜎)
of possible cash changes. Subfigures depict performance based on various options for the length of the adjustment period (3 days, 5 days, and 10 days) and
the testing periods (downward reverse trend, upward reverse trend, and downward trend). The performance of proposed portfolios can generally exceed the
benchmark index except in the period of sharp reverse (shown in the middle rows), as the blue areas are generally above the black line.

To demonstrate the robustness and consistency of the proposed strategy, we compare the performance of the proposed portfolio
ptimization algorithms with Hong Kong and US stock markets across different backtesting periods in Table 1. The results indicate

that the proposed algorithms outperform the benchmark in terms of average return, Sharpe ratio, maximum drawdown, and
information ratio, further validating our main results.

4. Conclusion and future work

In this paper, we propose a reinforcement learning framework for portfolio optimization by employing the contextual LinUCB
with changing market conditions. Contextual information such as historical price, volatility and trading volume improve recommen-
dation outcome, leading to maximized cumulative return. We set the recommendation criteria as the maximum level of confidence
regarding the uncertainty of asset upward returns within the pool of assets. Our primary contributions are twofold. Methodologically,
our work joins the growing literature on AI and finance, extending modern portfolio theory using state-of-art reinforcement learning
techniques. Empirically, we demonstrate that contextual LinUCB consistently outperforms the market when applied to stocks listed
on the Chinese A-share market, as well as those listed on the Hong Kong and US markets. This provides a challenging yet rewarding
environment for testing the effectiveness of portfolio optimization algorithms.

Despite the success attained by the presented method, several areas still need to be studied. The concept of uncertainty can
ary, and additional exogenous contextual information might improve the accuracy of estimating uncertainty. This study restricts
he scope of uncertainty to encompass only risk, considering that ambiguity may also be persuasive. Similarly, exploitation might
e predicated on richer content in addition to the accumulation of historical returns. Current research demonstrates the utility of
mplementing a prototype reinforcement learning algorithm in the context of portfolio management.
6 
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Table 1
Portfolio optimization algorithms with different stock markets.

Market Avg. Return% Sharpe R. Max. Draw.% Inf. R.

Port. Bench. Port. Bench. Port. Bench. Port.

CN

2006–2009 52.62 39.60 6.36 4.98 68.88 72.30 3.82
2010–2015 8.10 0.90 3.26 0.25 47.36 43.50 2.63
2016–2019 23.38 4.24 4.19 1.25 25.58 32.46 11.99
2020–2023 2.57 −4.66 0.06 −1.03 32.66 42.94 5.30

HK

2006–2009 29.15 9.99 4.36 3.65 73.39 65.13 5.59
2010–2015 1.70 0.07 1.02 −0.14 42.13 34.90 0.60
2016–2019 7.75 7.22 2.01 2.35 32.10 25.42 0.26
2020–2023 −8.94 −12.09 −1.25 −1.98 36.15 52.19 0.66

US

2006–2009 7.15 −3.18 1.54 0.56 49.92 56.78 5.08
2010–2015 10.66 10.33 1.02 0.65 25.63 19.39 0.73
2016–2019 25.96 12.56 2.89 1.98 22.77 19.78 7.85
2020–2023 23.25 10.00 2.95 2.08 23.17 25.30 8.28

Note: Applying proposed portfolios to the Chinese stock market, Hong Kong stocks, and US stocks across different backtesting
periods: 2006 to 2009, 2010 to 2015, 2016 to 2019 and 2020 to 2023. For each of these backtesting periods, conduct 30
backtests to calculate the average returns (%), Sharpe ratio, maximum drawdown rate (%) and information ratio, and compare
these metrics with the benchmark indices for each market, which are the CSI 300 Index, Hang Seng Index (HSI), and S&P 500
Index, respectively. In most experiments, it is evident that the proposed portfolio consistently outperforms the benchmark indices,
exhibiting higher average returns, greater Sharpe ratio, lower maximum drawdown, and positive & reasonable information ratio.
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