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Abstract 

 

This thesis examines the use of emerging neural networks to predict future financial asset price 

movements in a set of futures contracts. To help with our research, we compare ourselves to a simple 

set Feed Network. We do more research on different networks by considering the different functions 

that lose purpose and how they affect the performance of our networks. This discussion is expanded 

by considering the Mass Loss Network. The use of different law functions highlights the importance of 

feature selection. We learn about a set of simple and complex features and how they affect our model. 

This will enable us to take a closer look at the differences between our networks. Finally, we analyse 

our model gradients to provide more information about the features of our features. 

Our results show that repetitive networks offer higher specification performance than relay networks 

when considering sharpening ratings and accuracy. General features show better results when it 

comes to accuracy. While the goal of the network is to expand to shards, complex features are 

selected. Using high-loss networks is successful because we consider achieving high Sharp ratings as 

our main goal. Our results show better performance than the usual set of benchmarks. 
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1. Introduction 

Portfolio management is one of the essential parts of asset management which is supposed to be 

acted by the portfolio managers by means of the fulfilment of the tangible physical needs. In terms of 

land, property, and value, it is supposed to be an essential part of the finance management as a part 

of the allocation to the private clients (Jiang et al., 2017). In addition, the recurrent neural network is 

a type of artificial network that recognizes speech by means of the processing of natural languages. 

This recurrent neural network is imposed on the basis of the creation of features and the model 

training.  

 

1.1. Background Scope 

Artificial intelligence has the most potential studied area of the trading agent in an autonomous 

manner which is currently used as a valuable aspect of portfolio management in the current system. 

This process is associated with a high level of profit along with a low grade of risks related issues. By 

means of maximization of the returns, a deep reinforcement learning approach is supposed to be 

useful in this issue for the management of the task of the portfolio. A new target policy has been 

suggested in this aspect with respect to the preference of the low-risk actions along with a new target 

policy in terms of the trading agent.  

This new target policy has been reflected in terms of the adjustment of greediness by means of optimal 

action. In addition, the hyper parameters of the optimal actions must be selected. It acts as a 

verification tool for the management of the performance level in terms of the cryptocurrency market. 

In accordance with a study by Shin et al., 2019, the market of cryptocurrency has been found to be 

acted as one of the trading agents due to the excessive amount of the accumulated and gathered data 

in a minute way. Moreover, another cause behind this occurrence is the extreme amount of volatile 

nature of the cryptocurrency market. It has been treated as an experimental analysis and it has been 

found to be one of the less risky points of investment along with the market strategy in the existing 

portfolio management method. In this case, where the market volatility becomes extreme or the 

training periods become shorter, it can be easy to adjust a generalized performance along with the 

provision of a less risky investment policy (Huang, 2018).  

 

1.2. Research Objective 

The accurate prediction in the development of the stock market has led to the lucrative result that 

can be associated with the implication of the future behaviour of the stock that can be associated with 
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the accurate implication of the selection of methods of algorithm for the development of the financial 

stock analysis. However, the appropriate way of market analysis can help to develop the way of 

making an efficient market that can involve the utilization of artificial neural networking (ANN) that 

can help to develop the ability to analyse the accurate risk associated with the financial assets of the 

stock market27. Apart from that, the proper way of portfolio management has contained the high level 

of volatility in the stock association with the low level of volatility of developed stock that can 

recommend an action of development in the stocks association for the proper way of actual portfolio 

analysis. Along with this, the process of machine learning has helped the construction of the portfolios 

that can develop the ideas for generating the alpha factors in the designing process that can help to 

maintain the management of the financial portfolio with proper way of asset allocation. However, the 

application of the artificial intelligence has developed the growing implication of the trading of the 

management that can create the investment platform for the development in the real discussion of 

the investment in the financial aspect in the market. 

Historically, linear models such as AR, ARMA and ARIMA have been used to estimate stock returns 

introduced (Zhang 2003) or (Menon et al. 2016). The problem with these models is that they only work 

for one specific type of time series data (i.e., the established model may work well for one type of 

equity or index fund but not for another). To solve this problem, (Heaton et al. 2017) Deep learning 

models was applied to financial assessment. Deep neural networks (also known as artificial neural 

networks) are good at estimating because inputs can be highly complex and interrelated, but they can 

also predict the relationship between input data and predicted outputs. Over the past few decades, 

many researchers have implemented various in-depth learning algorithms. 

Estimates such as repetitive neural networks (RNNs) (Root et al. 2017), long-term memory (LSTMs) 

(Kim and Kim 2019; Nelson et al. 2017), and convolutional neural networks (CNNs) (Selwyn et al.). 

2017)). However, none of these policies specifically take into account macroeconomic factors. 

Learning algorithms to estimate stock returns. To the best of our knowledge very little work has been 

done to explicitly explore the relationship between hidden information and macroeconomic factors 

and financial asset returns. In this study, we intend to implement a set of well-known and important 

economic variables (see Appendix A for details) as the input layer and to create a feed forward neural 

network model with the hidden layer and the output layer. Proposal. Our goal is to create a predictive 

model that shows the relationship between the monthly log-percentage change of macroeconomic 

variables and the return on financial investment tools. To explore such relationships, we first divide 

the historical monthly log-percentage change for each macroeconomic variable and the return on 

investment assets into a training set and a test set. For a three-layer neural network, the training 
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model is attached to the training set and tested in the test set. The process involves tuning the 

hyperparameters and finding the exact number hidden neurons that reduce the mean squared error 

between the estimated value and the actual value. This artificial neural network mimics economic 

factors as inputs and generates investment asset returns as outputs. 

 

1.3. Research Questions 

Following questions will be answered by the end of thesis completion.  

1. Can a Recurrent neural network outperform a feed forward network given the same feature 

setup? 

2. What is the objective function of the neural network and how does it affect the feature 

selection? 

3. What characteristics are most important for the work of estimating future revenue and 

returns? 

 

1.4. State of art 

The concept of financial portfolio management has been associated with the process that can 

formulate the constant redistribution of different funds for the development of the financial 

products3. The research has developed to represent the free financial model that can develop the 

reinforcement of the learning framework for providing the solution of deep machine learning that can 

develop the management of portfolio accessibility. The framework also consists of PVM, CNN, LSTM, 

RNN, OSBL, EIIE and so on. Moreover, the decision-making process of portfolio management can 

continuously reallocate the exact funding for various financial investments that can maximize the 

return of the productivity. The introduction of different approaches of machine learning has 

developed the proper financial market trading that can predict the exact price movements in the 

process of Meta learning in the deep learning methods. It has been associated with the 

straightforward process of financial implementation that has developed the proper way of supervision 

in the neural networks4. 
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Figure 1: Deep Reinforcement Learning Frameworks 

(Source: www.semanticscholar.org, 2021) 

The application of RL frameworks has been designed by the use of IIE topology that has been 

associated as a neural network with potential growth aspects if the future development that can be 

associated with the automatic robot trending process for investment decision to reallocate the 

financial assets. Moreover, the application of transaction cost reduction has been associated with the 

proper way of development and the reinforcement of learning5. A policy has been developed with the 

application of deep learning that has been invented as the stochastic online learning as well as 

portfolio vector to maintain the minimization of transaction cost. Moreover, the application of the RL 

framework can solve the problem in the portfolio management for the financial reporting that can 

cope with the implication of multiple channels market input to direct output for the portfolio that has 

been associated with the maximum return with minimum transaction cost. 

 

1.5. Research Structure 

 

Chapter 1: This chapter depicts the introduction of the research analysis with research objective, 

research questions and the overall conclusion of the initial chapter. 

Chapter 2: This chapter basically depicts the literature review and state of the art along with various 

research papers and articles. The chapter consists of literature on the topic, literature on method, 

theoretical approach, literature gap and research layout. 

Chapter 3: This chapter depicts the methodology of the work analysis with research design, data 

analysis, exploratory data analysis, data pre-processing steps, data description. The chapter also 

consists of methodology diagram which describes the workflow step wise in brief manner. 
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Chapter 4: This chapter includes the result evaluation and analysis with different models with their 

evaluation metrics like accuracy score, precision score, recall value, F1-Score and model training time.  

Chapter 5: This chapter discusses research limitation, discussion and future scope of the research 

along with the reference list and the appendix with list of the models utilized in portfolio optimization 

using neural network approach. 
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2. Literature Review 

 

2.1. Related work 

The application of portfolio management has been associated with a process of series that can help 

to maximize the return whereas minimize the risk associated with the allocating asset. As per process 

of development in the concept of machine learning, the prediction base portfolio management has 

been introduced with development of some limitations1. The study has been developed as the 

accurate predictability for neglecting the portfolio of the construction. The proper way of prediction 

for the stock market has been associated with the upliftment of the implication of machine learning 

that can be associated with the Exchange Traded Fund which determines the different aspects of 

multiple assets. It has developed competitive advantages by developing the benefit of transparency, 

low cost transactions, tax efficiency, and low management fees and so on. Furthermore, the 

implementation of ML based method in the portfolio management has been associated with the 

statistical aspects of development through the appropriate estimation of the performance in the deep 

learning process implication and delivers the accurate estimation of the stock market.  

 

 

Figure 2: Portfolio Management via two stage deep learning 

(Source: www.semanticscholar.org, 2021) 

However, the application of machine learning models such as LSTM can be developed as a neural 

network that can deliver the accountability of the old as well as new data that helps to improve the 

design of the model and develop the two-layer structure2. It can develop the way of prediction that 

has associated the joint cost involvement which is the significant factors of determination for the 

development of the performance-based process for development of stock exchange. The application 
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of GEM has been designed to deliver the features regarding inter assets of the groups in the 

development of every stage for development to do prediction. Thus, the application of two stage 

framework of deep learning as well as the implication of joint cost functions has developed a proper 

model of portfolio management that can help to set the effective way of price setting by the 

adaptation of developmental aspects. 

 

2.2. Machine Learning models 

 

2.2.1. Portfolio formation with preselection using deep learning from long-term 

financial data 

The development of the portfolio theory is the most significant for development of the foundation for 

appropriate portfolio management that can be associated with the mixed method implication which 

consists of the long term as well as short term memory for networking process with proper implication 

of mean-variance model the can develop the formation of optimal portfolio in the process of 

preselection of assets that dependence of development of the long term time - series data6. It has 

formulated the constant rate of redistribution of various funds to develop the financial data through 

the application of support vector machines. Along with this, an appropriate way for prediction to 

develop the decision of the stock market has required an upliftment for the implication of an 

appropriate machine learning process that has been associated with financial accounting which can 

determine various aspects of multiple assets determination. 

 

Figure 3: Portfolio formulation 

(Source: www.semanticscholar.org, 2021) 
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The process has included the idea of portfolio optimization with the development of the theory for 

machine learning. The proper way of selection has been associated with the portfolio optimization 

process that can help to maximize the return in financial accounting with the development of the low 

cost association7. The development of the optimization of weight has been associated with the 

generating of the maximum values of business with limited resources. The proper way of optimization 

in the portfolio has helped the investors to take decision by the use of deep learning processes that 

can help to recognize the accurate prediction of the risk and return trade off that can help to develop 

the financial accounting in the business and can identify the risky assets for investment. Apart from 

that, the optimization of the portfolio management has aimed to develop the balance in the securities 

with the potential returns that can develop the acceptable level of risk association. 

 

2.2.2. Deep Reinforcement Learning for Optimizing Finance Portfolio Management 

The application of deep reinforcement learning process has been associated with the implication of 

artificial intelligence that can combine with the process of deep learning for the proper way of policy 

optimization as well as reinforcement learning for self-learning as well as goal orientation without any 

intervention of the process. The implication of RNN has developed the viability in the risk management 

process that can help to provide the expectation about the reward in the financial aspect8. Moreover, 

the development of the artificial intelligence has delivered the way of logic-based aspects to the 

proper way of computational aspects that can deliver the deductive way to reasoning and the way of 

learning orientation. DRL can be considered as the accurate algorithm of machine learning that can 

develop several cases of the real world which become successful by the application of the process. 

Moreover, it includes Alpha zero concepts, robotic planning motion and many more. 

 

Figure 4: Deep Reinforcement for learning 

(Source: www.semanticscholar.org, 2021) 
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Online research in portfolio selection has been the most significant from the viewpoint of the financial 

engineers which includes several aspects that can help to develop the optimization of portfolio 

management which increase the financial aspects of data modification. Moreover, a reward for the 

risk adjustment can deliver a makeover in the process of decision making that can be associated with 

the proper way of risk adjustment in the proper functioning of rewarding that can help to develop the 

financial policy and help to evaluate the associated risks that can fulfil the ultimate goals in the 

allocation process23. However, the proper integration of the different aspects of RL as well as DL 

algorithms can deliver their capacity to discover the maximization level of financial returns that can 

help to invest and make profit with proper allocation of assets. It also helps to interrogate the 

application of the different policies that have been associated with the financial planning program. 

 

2.2.3. Deep reinforcement learning for portfolio management of markets with a 

dynamic number of assets 

The method of portfolio management by using the DRL process of machine learning has developed a 

dynamic number of interfaces in the market of financial assets. It can also associate with the market 

of cryptocurrency that can associate with the minimization of the cost for transactions. An appropriate 

way of generating the profit in the financial aspects can be traded as the trending of the concept for 

cryptocurrencies can be a challenge for the erratic changes in pricing. The concept of cryptocurrency 

has decentralized in the proper way of financial assets that can be associated with the fiat currencies10. 

The development of the proper way of cryptocurrencies has developed a high level of volatility that 

can be formulated by the application of DRL technology to develop the minimization of the associated 

risk in the process of investment regarding the concept of cryptocurrencies. However, the applied 

algorithms have the ample action space as well as fixed state that can develop the investment decision 

regarding the crypto currencies and the development of the business regarding financial investment. 
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Figure 5: DRL for portfolio management 

(Source: www.semanticscholar.org, 2021) 

The implication of RNN in the process of the DRL algorithm has resulted in a proper way to manage 

the portfolio that can be associated with the financial market analysis and the low level of risk 

association. The proper way of formulating the system of trading has been developed by the different 

limitations in the market operations with a fixed amount of assets. The reliability in the market of 

cryptocurrency can be developed through the proper way of prediction through the process of 

development for direction in the future work association11. Along with this, the approaches of deep 

learning have been associated with the model free as well as model-based approaches that can include 

the involvement of DNN by the conventional process of human knowledge development with the 

application of computer trending.  

 

2.3. Model performance and Evaluation metrics 

 

2.3.1. Application of Deep Q-Network in Portfolio Management 

The strategy of the optimized level of stock trends can be associated with the process of decision 

making that is based on the optimization of the allocation in the capital requirements that can deliver 

the traditional way of optimized level of allocation of different capital that can increase the 

performance of the stock of capital in the stock market15. Traditionally, the concept has different 

aspects such as meta learning process, Follow the learning, Pattern matching, follow the loser and 

many more. The application of the proper machine learning algorithms has developed by managing 

the portfolio with proper deep Q facility that can help to develop the financial market determination 
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in the creation of maximization of profitable return with the minimization of the associated 

development of risks. Apart from that, the learning of the developed policies has provided more profit 

by the development of optimization of the accumulative future.  

 

 

Figure 6: Deep Q-Network 

Source: (Source: www.semanticscholar.org, 2021) 

The association of DRL algorithms is for development of the portfolio management on the basis of a 

space of action. Moreover, the algorithms of the deep Q networking process have combined with the 

proper way of introduction of designing the multi asset portfolio which has been developed as a 

trading strategy of the financial asset evaluation. The trending strategy of using machine learning, 

especially the development of the DQN can be associated with the proper financial environment that 

can help the condition of adaptation of the technology in the real analysis process for the investment 

in the financial market13. However, the implementation of the classical portfolio of the management 

is the purposeful financial assessment that can help to develop the policy of investment in association 

of MDP that involves the mathematical model for optimization of policy implication with development 

of action discretization. Thus, it has also helped in interrogating the application to various policies that 

can be associated with the planning of financial programs. 

 

2.3.2. Deep Reinforcement Learning-based Portfolio Management 

The concept of machine learning has been associated as the vital aspects in the recent life of the 

financial market that can help to analyse the proper way of asset evaluation that can develop the 

maximization of return of profit while developing the minimization technology that determines the 

risk in any ventures. The process of associated deep learning has been developing the determination 

of the performance level of the human being that can evaluate the actual formulation of the 

mathematical as well as machine learning algorithm formulation for developing the assessing risk17. 

The proper way of comparative analysis of the RL technology is developed for the financial 

assessment. Apart from that, the application of DRL technology with proper algorithms can be 
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developed as the subfield for the contribution of machine learning that has combined the process of 

learning in the problem of commutation process with development of many trials as well as errors. 

 

Figure 7: Portfolio Optimization 

(Source: www.semanticscholar.org, 2021) 

The implementation of the DRL technology has been developed as a categorical aspect of machine 

learning that can be associated with artificial intelligence. The machine intelligent can be learned 

through the development of the proper action in the way of human satisfaction that can be rewarded 

as well as penalized for the financial implementation of the various resources with the involvement of 

the high dimensional state in the process to able the proper way of learning in the association of the 

artificial intelligence25. Moreover, the implication of deep learning can develop the training set that 

can be applied in the new data set for the association of the dynamic way of learning to adjust the 

action based on the process of continuous feedback for the proper way of maximisation as a reward. 

Along with this, the study provides the supportive ability to the application of the model free RL 

methods for policy implication in the financial investment for the better way of market association. 

 

2.4. Conclusion 

At the end of this literature review, it can be concluded that financial trading in terms of the 

automated process can act as low risky environment for the financial support and investment in terms 

of the learning approach on the basis of deep reinforcement policy. Artificial intelligence has been 

found to be one of the key factors in order to solve the market portfolio problem. It is the principal 

way of getting maximized return on the basis of minimized risky environment 

(www.semanticscholar.org, 2021). In addition, machine learning has been supposed to be a critical 

issue in this aspect that helps portfolio management in terms of optimization with the development 

of the theoretical framework.  
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3. Methodology Analysis 

 

3.1. Dataset Description 

 

❖ Data was obtained from Quandl API.  

❖ Quandl API provides these attributes for each stock: Open, High, Low, Close, Volume, Ex-

Dividend, Split Ratio, Adj. Open, Adj. High, Adj. Low, Adj. Close, Adj. Volume.  

❖ Model was trained on Adj. Close attribute. 

 

 

Figure 8: Dataset Description for data attributes and data features 

(Source: Python code) 

Machine learning is also used in portfolio management as it has the excellent ability to capture 

samples from input data. Koyano and Ikada [14] used reading without overseeing posts on stock blogs 

to illustrate loose portfolio strategies. The purpose of this method is to assess Stock price through 

analysis of bullish or bearish sentiment blog posts to increase the expected return on portfolio. Al at 

Jing. [15] Transformed emotional information into market technology through flexible clustering 

collection and short-term memory (LSTM). These market knowledge ideas have also been 

incorporated into modern portfolio theory using the Bayesian approach. Malandri et al. [16] Proposed 

a strategic portfolio for use in financial portfolio analysis using three machine learning algorithms: 

LSTM, multilayer perceptron and random forest segment. The results showed that LSTM extracted 

sensory data from the market more effectively than other machine learning algorithms. The mean-

difference formula has a limited effect on performance due to measurement problems when used in 

virtual data. So, Bon et al. [17] Apply two machine learning concepts, introduction and contrast 

validation to use the portfolio. Brank et al. [18] The algorithm was used for a number of development 

purposes, including a key line algorithm to obtain a continuous Pareto front. Hachicha et al. [19] 

Unconventional learning and alternative evolutionary methods have been used to define the financial 

market to solve the problem of opaque portfolio selection. Macedo et al. [20] used a genetic algorithm 
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to select the portfolio and proposed the use and comparison of purchased technical analysis indicators 

to find higher returns below specific risk levels. 

However, these policies may not effectively address ongoing decision-making issues as a framework 

for end-to-end portfolio management. 

 

3.2. Data Pre-processing 

 

 

Figure 9: Saving the dataset into the data frame 

(Source: Python code) 

 

Figure 10: Data Cleaning and Correction with respect to dates 

(Source: Python code) 

 

Figure 11: Random seed selection with 10 company stocks 

(Source: Python code) 
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3.3. Exploratory Data Analysis 

 

 

Figure 12: Historical Adjacent closing price data visualisation 

(Source: Python code) 

Portfolio management implementation is a development problem: finding an effective solution for all 

possible solutions. In a typical portfolio management environment, increasing revenue while 

minimizing risk is a growth problem. 

Many studies have already explored how to make decisions based on the best portfolio. It began in 

1952 with Harry Markovitz's Modern Portfolio Theory (MPT). MPT Stone Markovitz Efficient Frontier, 

a visual portfolio tool for portfolios. 

According to Investopedia, "an important finding in this concept is the benefit of diversity as a result 

of the curvature of the active boundary." "The curve is important in revealing how diversification 

improves the risk / reward portfolio profile. It also indicates that there is a reduction in the risk of 

recurrence. The relationship is simpler. In other words, adding more risk to the portfolio helps." Not 

getting the same return. " 

A key aspect are the returns of each of the assets that compose the portfolio. We can see their 

distribution and behaviour in the graphs below: 
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Figure 13: Histogram for all the 10 company stocks 
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(Source: Python code) 

 

Figure 14: Adjacent closing price line plot for all 10 company stocks 

(Source: Python code) 
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“This relationship between economics variables and index funds is used to convert simulated log-

percentage change of financial variables into simulated return series. The simulation of the log-

percentage change of the economic variables is based on the pairing procedure discussed earlier. See 

Appendix B for a sample pair guard structure fitted using the log-percentage change of the economic 

variables. As an output of this approach, there are 5000 simulated log-percentage change data points 

generated from this model. The data is fed into a neural network model to generate 5000 simulated 

return data for six index funds. The simulated return series will be used as input for investment assets 

in Mean-CVAR optimization to find the optimal waiting of the portfolio for the next month. In 

optimization, we set CVAR's confidence level parameter 99 to 99% and the return parameter expected 

by the investor is µ0. 

The six investment assets are set at a minimum of 10% (annual return) and average return for the last 

60 months. The performance of the portfolio is recorded over a period of one month and the following 

month process is repeated using the data of the previous 60 months to create the optimal portfolio 

invested in the next month. Testing outside the sample stops when more data is not available to 

calculate portfolio performance using Optimal Waiting.” 

The relation between the returns and the market portfolio is also very important in the optimization 

process of portfolios. A visual way to see this relation is by plotting a scatter plot of the returns of each 

asset vs the returns of the market portfolio, plus the and its corresponding line that resulted from a 

linear regression. 
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Figure 15: Scatter plot between the returns and the market portfolio 

(Source: Python code) 

Since RL is the type of ML that offers the ML agent an increasing reward based on his actions, it 

benefits portfolio managers. RL models work in a predetermined manner and must be replaced by 

anything. In fact, according to Snow, RL is almost entirely designed for stock trading. 

"Will commodity prices rise tomorrow?" Compared to the supervised reading that answers the 

question; Reinforcement reading, 'Should I buy things today?' "Reinforcement learning algorithms are 

already integrated into the trading strategy," Snow said. 

However, RL is still not very popular with portfolio managers because the process requires large 

amounts of data (including SL) and is time consuming to train, costly to test and has great computing 

power. 

Instead of looking at and learning locally, as in RL, SL uses labelled or quoted data sets to train 

algorithms to evaluate results - usually in the case of portfolio management. To break data based on 

future value values - or Fed inputs. ML model. , Types of monitored reads include queues and 

subdivisions. 
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Although SL has evolved and is more widely used than RL for the reasons mentioned above, some 

experts predict a gradual integration of the two portfolio management practices. "At the same time, I 

expect to see significant improvements in the RL trading space so that the RL can use the SL trading 

methodology without sacrificing their strength," Snow said. "Mentally RL offers a kind of model 

flexibility where we cannot focus too much on predictive power, which is a practical task, but always 

goal-oriented improvement." 

 

Figure 16: Normalised company stock prices 

(Source: Python code) 

“We defined a model training period of 60 months with an interval of 60 months to determine the 

optimal weights of the six index funds and to test the data outside the sample. A strategy for capturing 

short-term momentum and relatively long-term average reversal effects. Therefore, data points are 

selected in training and sample external testing to balance meaningful data volume, capture such 

information and gather appropriate horizons to capture useful market signals. We tested different 

training periods from 36 months to 180 months and found that the 60-month horizon was a 

reasonable balance in capturing recent signals while mining significant historical data. Although there 

are only 60 data points for setting up the neural network and learning the model during the training 

period, data samples are displayed on a monthly cycle rather than on a daily basis. 

This process of 60 months of training and one month of sample testing is repeated daily from January 

2002 and continues until the final data point in the sample. For each training period, we begin by 

generalizing our training data set so that all data is within the normal range. For this purpose, we use 

the minimum-maximum normalization method for both the monthly log returns of six index funds and 
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the monthly log-percentage change of 11 macroeconomic variables. It accelerates the gradient decent 

algorithm in setting up neural networks based on generalizations (Ioffe and Szegedy 2015).” 

4. Result Evaluation and Analysis 

 

4.1. Data Features and Attribute analysis 

 

 

Figure 17: Data analysis for statistical calculation for stock assessment 

(Source: Python code) 

 

4.2. Machine learning models 

 

The next step is to make a model that forecasts the returns of each of the assets. This forecast will 

guide the positions the portfolio should have with respect to each asset, to maximize the Sharpe Ratio. 

Additionally, using the Financial Data we compute the technical factors, with a window of 20 days (an 

approximation of the number of trading days in a month): 

• Momentum: measures how much the prices of assets changed in a time window 

• Simple moving average (SMA) 

• Bollinger bands (BB) 
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Figure 18: Analysing data set shape for one batch of each sub dataset 

(Source: Python code) 

4.2.1. Recurrent Neural model 

 

 

Figure 19: Recurrent neural network model summary 
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(Source: Python code) 

The model starts with a 1-dimension convolutional layer, followed by two recurrent layers with Long 

Short-Term Memory cells, a normalization layer and ends with two dense layers, one with the a ReLU 

(Rectified Linear Unit) and the output layer, which returns the 10 prediction of returns. 

 

Figure 20: Model and RMSE loss for model with training and validation data subset 

(Source: Python code) 

 

Figure 21: Model evaluation with testing data subset 

(Source: Python code) 

 

Figure 22: Stock return analysis for company-1 
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(Source: Python code) 

 

Figure 23: Stock return analysis for company-2 

(Source: Python code) 

 

Figure 24: Stock return analysis for company-3 

(Source: Python code) 
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Figure 25: Stock return analysis for company-4 

(Source: Python code) 

 

Figure 26: Stock return analysis for company-5 

(Source: Python code) 
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Figure 27: Stock return analysis for company-6 

(Source: Python code) 

 

Figure 28: Stock return analysis for company-7 

(Source: Python code) 

 

Figure 29: Stock return analysis for company-8 

(Source: Python code) 
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Figure 30: Stock return analysis for company-9 

(Source: Python code) 

 

Figure 31: Stock return analysis for company-10 

(Source: Python code) 

The GARCH School of Models and Large Research Division focuses on the construction of conditional 

dependencies from Capulus. After Zondo et al. (Jondo and Rockinger 2006) proposed to estimate joint 

distribution by combining conditional dependencies from Kapulus in relation to GARCH, which many 

researchers have used in the areas of conditional asset allocation and risk assessment (Harman et al. 

2010). The study was conducted using the framework) In non-normal settings. Meanwhile, with the 

research and advancement of modeling and computing capabilities in Artificial Intelligence and 

Machine Learning, these methods have emerged as a potential tool in analyzing the financial market 

and optimizing investment strategy. Machine learning in this area mainly uses market trends ((César 
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et al. 2017) and (Trioano et al. 2018)), risk assessment ((Chen et al. 2016) and (Kirkos et al. 2007)). The 

focus is on assessment. , Portfolio management ((Agarwal & Agarwal 2017) and (Heaton et al. 2017)), 

and the price of exotics and cryptocurrencies. 

 In this paper, we propose a simulation-based approach to the portfolio optimization problem under 

the Mean-CVAR Framework. This paper proposes to integrate and blend two well-established 

technologies of the RNN framework and machine learning in the Asset Allocation application. We 

create neural networks to model the relationship between macroeconomic time range and 

investment asset returns, to minimize the imitation of investment returns to incorporate more market 

sentiment than the macroeconomics potential. The time series of financial variables is simulated using 

a framework to capture the effects of both time-changing volatility and dependency structure based 

on historical data. Translated by a simulated neural network model to find the final investment asset 

return series. Those return ranges are used to obtain the correct allocation through the Mean-CVAR 

optimization approach. 

The out-of-sample test result of this model surpassed all benchmarks created without the inclusion of 

macroeconomic information through neural networks. According to our proposed strategy, the 

portfolio will have no transaction costs and will use a "long-term only" strategy, with future research 

slipping and trading costs taken into account and reflecting real-world scenarios. To do so, one must 

probably follow short selling and leverage strategies. Furthermore, it is not advisable to use neural 

networks to generate decisive assessment models, as there may be a causal relationship between 

selected macroeconomic variables and index fund returns. Selected index funds may predict future 

researchers using the Bayesian modeling framework (e.g., the Black-Litterman model (Black & 

Litterman 1992) or a modified version of it (proposed by Andre and HSU 2018) with the Bayesian 

Framework. 

By incorporating uncertainty information related to economic factors into the model, this approach 

offers some advantages over the previous one. As a result, it leads to better asset allocation for the 

portfolio in a dynamic financial market environment. 
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Figure 32: Testing and validation losses for return prices analysis for top 10 company stock prices 

(Source: Python code) 

This continual change assumes the investor is willing to reallocate daily the assets in the portfolio. This 

gives a demonstration of how you could manage your portfolio by using Deep Learning to forecast 

returns, and based on those forecasts, manage the portfolio. 

With various deep neural networks and other machine-learning techniques specifically focusing on 

time series data such as RNNs and LSTMs, future research has the potential to expand the input layer 

of the macroeconomic universe and the output layer of investment assets. You can use such advanced 

techniques. Create a deep hidden layer to find more business opportunities for classes as well as a 

dynamically managed portfolio. 
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5. Discussion, Limitation and Future scope 

 

5.1. Discussion 

 

1) Can a Recurrent neural network outperform a feed forward network given the same feature 

setup? 

The basis for proper comparisons between relay networks and RNNs lie in the use of the same input 

data for model and testing in the same performance metric. The third set to be taken from account 

search hyperparameter. Through trial and error, the network settings selected in this thesis were 

considered because they initially provided very good performance. Hyperparameter searches were 

performed on these networks to further the positive tone. The Neural Networks field is relatively new 

and theater results regarding the correct network structure are few. Instead, modern results are 

obtained through intuition and extensive exploration of the hyperparameter space. We can never say 

that our results will be final, as we will never reach the world minimum of our lost work. Yet the 

combination of results and insight tells a coherent whole, both in existing research and financial 

market structures. This provides ample evidence of the validity of our results and opens up research 

questions that can further help confirm it. 

 

2) What is the objective function of the neural network and how does it affect the feature 

selection? 

The effect of the objective function was assessed by both lenses of single-loss networks and 

multidisciplinary networks. In the first step two different performance metrics were tested in both 

networks. The comparison however is not entirely accurate. When checking the Sharpe for a advanced 

model accuracy, predictions are measured in integers in set {- 1, 1}. So, positions are considered 

complete, either we buy or we sell. In the preparation of Sharpe, the output is a continuous variable 

in the width of [-1, 1]. This gives the model the freedom to adjust positions based on its reliability in 

prediction. Not surprisingly, the unrestricted model could reach the highest level of Sharpe. However, 

this is not entirely important in our study. Our comparisons still show the best results for all 

combinations of loss tasks and metrics. Relationships are considered as evidence of deep 

communication between policy activities. This relationship is then further investigated using high-loss 

networks. The issue regarding our configuration of multiple losses was discussed in our discussion. 
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When we prepare for Sharpe and combine the loss function that helps, we get improved points. Here 

we cannot come to the conclusion that this is a normal result or that networks share important 

features. Research that combines additional loss functions can be done that can shed more light on 

this issue. 

 

3) What characteristics are most important for the work of estimating future revenue and 

returns? 

Our simple and complex features are consistently compared in everything our test when the results 

paint a consistent image simple features to be chosen when preparing for accuracy and complex 

features better suited to the task of preparing the Sharpe scale. Definitions are provided when we 

highlight different aspects of features and give a sense of why certain features may be preferred for 

different functions and networks. We provide additional comparisons between features in our analysis 

of grade models. Here our assumptions are partially limited to the assumption that the most important 

aspects of an asset will emerge from those produced in a timely series of similar assets. Some 

limitations are evident when you question the stability of our models as well as the value of our 

gradients. There is no clear way to decide which feature. Like most electronic learning methods, the 

best practice is to test the whole combination. We present another way to make feature selection 

although further research is needed to confirm the validity of the method. 

 

5.2. Future work 

 

Equipped with our newly acquired understanding of Recurrent Networks, one the conclusion we can 

draw is that not all data sequences are past it is necessary to make accurate predictions. This opens 

the models there our input can be a fixed length sequence. Convolutional Networks is active by using 

a set of characters that measure dependence between neighboring inputs. Analyzing time series is 

therefore a natural use of this types of models as neighboring data points have a clear time-dependent 

relationship. Previous studies have shown that convolutional neural networks surpass LSTM in these 

types of functions, both in machine translation [7] and financial model [12]. 

 



40 
 

5.2.1. Transfer Learning 

The most popular machine learning area today is Transfer Learning and Domain Adaption in particular 

[5]. Given two data sets with similar characteristics, one can train a category in one database and 

expand it to apply to another set. A financial model application would be to train a model using a 

single asset class input and then expand it to operate in a different market. The process will illuminate 

the relationship between different markets and may increase the performance of models such as how 

our high-loss networks work. Another possibility is to investigate whether patterns from intraday level 

can also be applied to everyday data. Minimum data collected provides a larger amount of data than 

daily closing prices. We can therefore train a model that is better integrated into an intraday set and 

extend it to work on everyday data. 
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Appendix 

 

Figure 33: System overview for portfolio optimisation 

(Source: https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9437210) 

“There are two main components to RL: agent and environment. In the general portfolio optimization 

problem, the agent acts as an investor in the financial markets. The goal of the agent is to make reliable 

profits by setting a constant M asset portfolio weights for interaction with the financial market 

environment. An environment in which an agent receives information such as comments on the 

Internet, articles in the news media, or changes in stock prices. The information provided by the 

environment is called the "state". In particular, the agent can only obtain partial information because 

it may be difficult for the agent to access some information.  

In addition to informing investors, the state the agent also provides feedback on actions. This view, 

known as "reward", is used to adjust agent behaviour. The whole process is as follows: The portfolio 

weight is determined by looking at the agent information. After that, the environment may change as 

a result of the property allocation made by the agent. Changes can also get investor rewards. In a 

portfolio issue, the reward can be any performance indicator, both risk and profit. Therefore, we apply 

RL to generate the portfolio issue. The following sections describe the status, action and reward in 

detail.” 
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Figure 34: Design of Action 

(Source: https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9437210) 

“The agent's task in the portfolio framework is to determine the portfolio weight vector. The design 

of this action is shown in Figure 34. In our portfolio action space, we do not own small assets; We do 

not allow investors to borrow property and then give them back in the future. We use random 

approach to create action space. Action space can be divided into discrete action space and 

continuous action space. For discrete types, Softmax is often used to indicate the probability of each 

action. Some portfolio functions are also used a Discrete action area to identify portfolio vector.  

However, in this design, a specific portfolio configuration is defined, which the agent uses to make 

decisions. Therefore, there may not be all possible configurations in the isolated action space. If the 

action space design is continuous, the action is usually modeled from the Gaussian distribution. If a 

continuous value can be generated for each property, all continuous values can be converted into a 

portfolio waiting vector using the Softmax function. All fixed values that are output can be considered 

as a view matrix that predicts the potential growth of each asset in the future. Gaussian distribution 

can produce only one Constant value.  

Therefore, we follow the multilayer distribution to form several continuous values. We assume that 

each property is independent. Therefore, the network only outputs Mu and the diagonal sigma. For 

the output, we have adopted tanh as the activation function to control the value range from −1 to 1. 

For the output, we use SoftPlus as the activation function. In particular, the portfolio vector will not 

be used to update the network after it has been modified by Softmax. Instead, the portfolio vector is 

used to interact with the environment to generate portfolio returns. We have adopted the basic view 

metrics for updating the policy network in Figure 34.” 
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Figure 35: Sampling adjust schematic diagram 

(Source: https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9437210) 

“In this section, we describe our custom design strategy for choosing what type of portfolio the current 

agent should learn. As mentioned in the previous section, we aim to optimize the general rules of the 

business; Therefore, we only train for one portfolio. We sample multiple portfolios at once and allow 

the agent to explore those portfolios and gain knowledge from them. Under the current policy the 

agent works on these portfolios: some portfolios may work well and some may not. The purpose of 

the comparison function may be to benchmark any rule-based portfolio and, in our experiment, it is a 

continuously Rebalanced Portfolio (CRP) strategy. We use five stocks from the Dow Jones Industrial 

Average to create a portfolio. If each portfolio has its own sample weights, then millions of weights 

need to be updated. Due to limitations in computing power and memory issues, our system was 

unable to sample those portfolios simultaneously. Therefore, the adjusted sample weights are not the 

weights selected for each portfolio, but the weights assigned to each company. This approach leads 

to two situations. First, each company will have the same sample weights on different trading days 

and secondly each trading day will have its own sample weights, Figure 35. Adjusts the sample 

schematic diagram. Our design strategy is based on the Adaboost algorithm. AdaBoost is an improved 

boosting classification algorithm. It seeks to increase the weights of models indicating taxonomic 

errors and simply associates them with the first few classifiers; Therefore, every time a new classifier 

is trained, it focuses on training models that are difficult to classify. Each weak classifier uses a 

weighted polling mechanism instead of the average voting mechanism and uses only the most 

accurate weak classifiers. 
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Being overweight portfolio has many goals. If the portfolio is positive, each target can also be classified 

as favorable according to the large numbers rule. In the following two sections, two sample 

adjustments Strategies discussed: Using the same or different sample weights for each company on 

different business days.” 

 

 

Figure 36: Market representation network 

(Source: https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9437210) 

“The portfolio optimization process is divided into two stages. Estimating the future trend of each 

asset is the first step, and rebalancing each asset according to trend exemptions and current portfolio 

allocations is the second step. To enable the agent to quickly gain skills to predict potential risk and 

future trends, we use the Market Representation Network to model the relationship between current 

market price trends and future market price trends. First, we train the autoencoder network to 

identify the secret location of stock price streams. Autoencoder consists of two parts: the encoder 

layer and the decoder layer, and the purpose of the hidden space is to remove the important ones. 

Information on stock price relationships between different stocks and future price trends. Finally, we 

can calculate the VAR according to the future price. In this way, we train a network, the embedding 

layer, which allows the model to accurately estimate the hidden space and future price VAR based on 

future values. VAR is the maximum potential loss of financial property or portfolio value at a certain 

probability level over a period of time. After designing the embedded network, we connect our 

embedded network with our policy network. Due to the integration of the embedded network with 

the policy network, some changes are required. In the original design, each property was mounted 

directly on the policy network via a fully connected neural network. When the embedded network is 

integrated into our policy network, each asset will fit separately into the embedded network; 
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Therefore, the parameters of the embedded network are shared. The embedded network outputs the 

secret location of each property. In this way, we summarize the secret space of each property and use 

it to fit the policy network through a fully connected neural network. The above process is how our 

market representative network fits into our policy network. There should be two points Here are the 

considerations: Whether the parameters of the embedded network should be updated and when the 

policy network should be updated. The question of whether the parameters of the embedded network 

should be updated is similar to the problem encountered during the initial preparation of the policy 

network. If the parameters of the embedded network are constant, the lower parameters can be 

updated; Therefore, the ability to fit into the portfolio may be limited.” 

 

Figure 37: Reinforcement Learning process of Trading agent (Algorithm) 

(Source: https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9437210) 

“Following the above manipulations, we expect our agent to learn a simple business strategy during 

limited business hours. Therefore, the maximum trajectory is set to the maximum (τ) 1 million. The 

remaining parameters of our simulation are as follows: The amount of cash the investor must pay is 

100,000. We averaged the assets in each target at an early stage. The transaction cost is set at 25%. 

In subsequent experimental settings, comparisons were made based on these settings. Our cast 

practice rate is set to 0.000001 and batch size is set to 1024. Participated in the award ceremony 

Reduction factor, which is set to 0.99 captures our hyperparameter settings. 

Before starting the experiment, we will briefly explain the difference between training and testing. 

Since there are hundreds of opportunities in our portfolio, the agent may not explore all the options 
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with RL in the short term. If the agent performs excellently during the training break, we believe the 

agent will be empowered to handle any portfolio optimization issue regardless of the portfolio 

selected during the training period. So, our trial period the training period is the same.” 

 

 


