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Abstract. The acceptance of cryptocurrency as a significant global financial element 

brings multiple assessment risks that testing experts need to overcome. Cryptocurrencies 

gained popularity which introduced dangers that include uses for money laundering 

operations and potential negative impacts on financial institutions. The pursuit of 

financial oversight by anti-money laundering agencies together with banks and risk 

management experts and compliance officers produces ongoing interactions with complex 

cryptocurrency transaction structures. The hierarchical risks from these transactions 

stem from users who seek to hide illegal financial activities because these cases require 

specialized evaluation. Different risks associated with cryptocurrencies need to be 

assessed using an effective reporting method so organizations can understand how 

frequently these risks emerge. The possibility of unauthorized access to private keys 

determines the majority of cryptocurrency risk decisions since security is at stake. The 

engagement of qualified personnel in charge of cryptocurrency operations creates 

substantial risk reduction. Where hierarchical risk management achieves harmony, it 

results in superior risk outcomes as well as strengthened overall risk management 

techniques. The research(”estimates demonstrate that the suggested model maintains its 

stability alongside its capability to compute accurate correlation between different 

variables regardless of the analysis period. 
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1 Introduction 

The difficulty of the subject in the financial markets lies in the fact that they are not 

standardized, and thus there is no “one size fits all” measure. The structure of their internal 

system is complex and thus modelling and the construction of a coherent portfolio are difficult 

tasks. We need to shed some light on how different assets interact inside of these markets. An 

important problem in this context is the use of weak correlation matrices, that makes the 

management of large covariance matrices in financial applications a challenging problem. 

The exponential growth in digital assets has added another layer to these complexities. Now, 

with over 2,500 types of cryptocurrencies circulating worldwide, the variety and volume of 

transactions passing between wallets and accounts has surged beyond what anyone could have 

imagined. There is a global trade volume of hundreds of trillion, which shows the great increase 

of the demand and transaction of virtual currency. But all growth comes with an increase in 
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risks, be it high ups & down in prices or due to market and consumer beyond control behavior. 

In turn, the regulators have implemented measures to protect investors, curtail speculative 

trading and curb money laundering. 

Building on these developments, novel risk management policies catered to the peculiarities of 

cryptocurrency markets have been put forward. Methods of reducing risks are under a constant 

state of development and include methods based on diversified investment, hierarchical 

portfolio optimization, and more sophisticated statistical models to better understand the risks. 

Trading patterns are studied and portfolio stability is enhanced by various methods including 

optimization frameworks, wavelet-based analyses, and behavior-driven models. Yet, the 

threats of security breaches and financial fraud have not gone away and continue to pose a 

challenge, focusing attention on the imperative for resilient financial risk management 

strategies that could take advantage of intelligent computing technologies including machine 

learning. 

2 Literature Review 

The explosive rise of cryptocurrencies has created opportunities and risks for investors, 

exchange operators and regulators alike. It is become an important topic for researchers to 

focus on the risk management issues in cryptocurrency markets due to the highly speculative 

and unpredictable characteristics of cryptocurrency markets. 

Initial studies emphasized the need to establish regulations to reduce threats in crypto 

exchanges as well as dynamics of investors. Kim and Lee [1] presented models for controlling 

a risk of bankruptcy due to fraudulent trading, with considerations of a proactive rule for the 

stability of the market. Similarly, Haq et al. [2] has conducted a systematic review on economic 

policy uncertainty and their effects on cryptocurrency markets and have characterized 

cryptocurrencies as a means of hedging crypto risk during times of macroeconomic turmoil. 

Digital assets security has also been a major research anthema. Gold and Palley [3] considered 

techniques for safeguarding cryptocurrency investments in face of technological as well as 

regulatory risks. Meanwhile, Barkai et al. [4] examined the risk-return relationship of 

cryptocurrencies for bullish and bearish market regimes, which served us to understand how 

the market behaves throughout various financial periods. 

Optimizing the funds using portfolios in cryptocurrency markets has also been widely 

researched, however in practice, cryptocurrencies are known for experienced short-term, high-

volatility spikes, therefore, taking into consideration historical price data is a key component 

in making an informed investment decision in this market. Boiko et al. [5] proposed 

optimization methods to combine the trade-off between risk and return in cryptocurrency 

investment. Kurosaki and Kim [8] further developed this methodology by utilizing multivariate 

normal tempered stable processes with foster-hart risk measures, providing up-to-date 

statistical techniques in portfolio selection. 

Machine learning and financial modeling applications in cryptocurrency risk management has 

been a topic of growing interest. Köchling [6] analyzed the investor and fund manager behavior 

in cryptocurrency markets, and suggest to employ smart hedging mechanisms for hedging 

positions in this market. Umar et al. [7] risk factors that can spread among different markets. 



Moreover, Masharsky and Skvortsov [9] analyzed the evolution of the cryptocurrency market 

in Latvia as well as in Baltic state as such and offered the regional perspective of the 

cryptocurrency market development and the related risks. 

Finally, cases studies including that of Bhattacharya and Rana [10] brought to light the 

speculative euphoria experienced during 2020–21 which attended to the cascading nature of 

herd behavior and overconfidence as contributors to systemic risk in the cryptocurrency 

markets. These findings highlight the importance of the use of advanced risk management 

applications, specifically by combining these with machine learning models in order to account 

for non-linear dependencies, spot anomalies and facilitate better financial decisions. 

3 Existing System 

Today’s financial risk management markets operating on cryptographic systems are primarily 

based on a traditional approach to asset allocation. The portfolio optimization approaches are 

hierarchical risk parity (HRP), as well as inverse volatility (IV) minimal variance (MV) and 

maximum diversification (MD) portfolios. 

Those risk management strategies do help, but are not able to manage both the market volatility 

and the multi-environmental effect on cryptocurrency market outcomes. 

The absence of an appropriate correlation matrix remains the most crucial system deficiency 

because it creates obstacles for risk modeling of hierarchical structures. A weak regulatory 

infrastructure within cryptocurrency exchanges results in financial criminal activities including 

money laundering alongside unauthorized transactions. Multiple security vulnerabilities exist 

in the present system due to lost private keys and wall pockets exposure as well as processing 

difficulties stemming from blockchain anonymity. Our current systems encounter such 

obstacles which create problems for maintaining economic safety together with investor trust. 

Current portfolio management methods lack integration of external risk factors that include 

research mood alongside messaging events and regulatory updates which makes them unable 

to react dynamically to real-time market changes. The current systems do not incorporate 

automation and adaptability features which makes the process of lowering cryptocurrency 

financial risks ineffective. 

Additionally, current systems rely greatly on statistical models that assume that market 

environment is not going to change during the duration of the forecast, which is far from true 

for cryptocurrencies. Of course, the high volatility, speculative character of digital assets 

entails a permanent change of risk factors, and therefore, traditional approach to predict already 

– and in a timely manner – the occurrence of unexpected market coincidences and price storms, 

is – as such – insufficient. In addition, most of the risk management strategies rely on past data 

analysis without charting on macroeconomic data and that features significance about peer 

reality as we are living in – real-time market mood, networking with people via social media 

trends, cryptography price buzz. 

 

4 Proposed Methodology 



 

The proposed system is provided with earnest solution by introducing a more advanced method 

of machine learning to boost financial risk speculation in the cryptocurrency market. Different 

to the traditional risk assessment technology, the system combines hierarchical risk parity 

(HRP) and RL technology (reinforcement learning) for dynamically adjusting risk levels and 

optimal allocation of the portfolio. The platform employs unmanned machine learning to learn 

patterns of behavior in the market, and learning-based trade strategies enhance your trading 

decisions by learning off from the dynamics of trading markets. As well, in real-time data 

analysis type such as social network mood, blockchain transaction monitoring and 

macroeconomic indicators are added in order to do more precise risk assessments.  

4.1 Architecture 

In this section, we will go into the details of the proposed method to predict exchange rates. 

Source: The concept of HRP is based on a graph-based theory with machine learning 

technology and primarily unfolds in three stages. At first, the method is used to group assets 

into basic clusters with a hierarchical tree clustering algorithm. Given the correlation matrix 

examining the relation between two assets x and y, as well as Equation 1 defining a correlation 

distance matrix. 

The next action shows how we examine each one of these methods with the Euclidean Distance 

Method in pairs. This in turn eliminates the enhancement matrix, as illustrated by Equation 2 

below. 

The cluster is represented using the following method which we will call a recursive approach 

based on Equation 2. The cluster groups are given by c, where the first cluster AS (x y) is 

calculated using Equation 3. 

To elaborate more, The proximity matrix applies a single-valued process for all the resources 

c[1] through the same Clustering link whereas the distance matrix adds up an evaluation 

procedure for each one of them. As a result, for each asset x in the Cluster, we measured the 

distance of the new cluster as shown in Equation 4. 

𝐴(𝑥, 𝑦) = √0.5 × (1 − 𝜌(𝑥, 𝑦))          (1) 

The next step demonstrates how we evaluate each of these methods in pairs, using the Euclidean 

Distance Method. This process results in the elimination of the enhancement matrix, as shown 

in Equation 2 below: 

𝐴ˆ(𝑥, 𝑦)  = (𝐴(𝑚, 𝑥)  −  𝐴(𝑚, 𝑦))2     (2) 

Summed over all m, ie.,  𝑚 = 1 

A recursive method based on Equation 2 is used to represent the created cluster. The cluster 

groups are denoted as c, with the initial cluster AS (x y) being assessed according to Equation 

3. 

𝐶[1]  =  𝑎𝑟𝑔 𝑚𝑖𝑛 𝐴ˆ(𝑥, 𝑦)      (3) 



Building on this, the distance matrix adjusts a valuation process for all assets, denoted as c[1], 

through a single Clustering link. Consequently, for every asset x within the Cluster, we 

assessed the distance of the new cluster as illustrated in Equation 4.  

𝐴ˆ(𝑥, 𝐶[1])  =  𝑚𝑖𝑛(𝐴ˆ(𝑥, 𝑥 ∗), 𝐴ˆ(𝑥, 𝑗 ∗))    (4) 

Fig 1 provides a comprehensive overview of the pro- posed risk management system. The 

initial segment displays details about the cryptocurrency network, highlighting transaction 

requirements in a peer-to-peer (P2P) environment. Once the miners verify trading 

requirements, the total transaction moves to Data Blocks, culminating in the addition of a new 

block to the blockchain, thereby completing the transaction. There are two primary components 

in a decentralized cryptocurrency network that work to mitigate regulatory financial crimes 

and shield against risks posed by financial institutions. Four crucial elements stand out in this 

procedure: the emphasis on preventing corruption, such as money laundering; the need to fund 

banks and counteract terrorist activities. Damage arising from these actions can lead to a 

breakdown of customer trust, ultimately impacting interest rates and compliance programs. 

Money laundering involves four main processes: revenue sources, placement, layering, and 

integration; all of which stem from illicit income. To tackle these issues, I incorporated 

reinforcement learning technology for effective risk management in digital coin transactions 

and money laundering prevention. 

4.2 Reinforcement Learning-based Risk Management 

 

 

 

 

 

 

 

 

 

 
Fig. 1. Overview of the proposed risk management system. 

Reinforcement learning is a Machine Learning algorithm that aims at learning from feedback, 

such that systems can grow in performance after correct inputs come in. The risk management 

process using RL is shown in Fig. 2. The aim is to fig out and shun the keen risks associated 

with the proposed system, and evaluate and rank these risks properly. It is demonstrated in 

Figure 1 that the RL based trading system addresses the challenges of portfolio management 

by considering several risks. The suggested risk management system and this figure are 

summarized. Within the RL framework, system agents formulate a trading strategy about 

portfolio management problem under current market conditions. In this environment, all 

information regarding transaction on assets are associated between themselves. The 



performance of the agent is evaluated on the basis of its potential rewards, and the agent’s 

decision on the trading strategies evolves. Finally, Fig 1 shows that the overview of the 

proposed risk management system, individuals in surveillance footage are detected with 

boundary boxes drawn around them. 

4.3 Experimental Result 

4.3.1 Dataset 

For this research, the data sourced comes from daily cryptocurrency prices collected from the 

Coin Market Cap website over the years 2017 to 2020. The data contains many of the 

cryptocurrencies that would constitute what is required for risk management analysis. In the 

case where preferences are to be made, previous reliable observations were preferred to obtain 

consistency and reliability. Preprocessing in this way also prevented data integrity from being 

compromised and prevented distortion to analysis. 

 

Fig. 2. Reinforcement learning-based risk management architecture. 

The data records comprise more than 10,000 data records with 61 inspected different 

cryptocurrencies. For development and validation of the proposed risk managing model, 80% 

data records is assigned to training data and 20% is assigned to test data. The chosen 

cryptocurrencies encompass a diverse array of assets. This embrace advanced digital currencies 

much as Bitcoin (BTC), Ethereum (ETH), Ripple (XRP), Litecoin (LTC), and Monero (XMR). 

Selecting these assets were rounded up in the size of market capitalization and contributory in 

history in the insistence of cryptocurrency. Fig 2 shows the Reinforcement learning-based risk 

management architecture. 

4.3.2 Performance Metrics This research investigates how the proposed risk management 

model performs by analyzing of three typical risk based asset allocation strategies: as a example 

of risk parity inverse volatility (IV), minimum variance (MV) and maximum variance (MD). 

This model applied roll window analysis at intervals of 350, 600, and 850 days. The 

Hierarchical Risk Parity Approach (HRP) was compared with these methods in order to 

evaluate their performance. Reported in this study: 

 



a) Annualized Volatility & Return: HRP showed a volatility of 0.7718 and a return of 1.7802 

on a 350-day window. 

b) Risk & Return Trade-off: The balance risk and return of the HRP approach is superior to 

traditional methods, making it more effective than risk-oriented investment strategies. 

c) Portfolio Comparison: The Risk min portfolio, which includes Ethereum, showed that it 

has a higher skill to reduce risk compared to other portfolios in cryptocurrency. 

4.3.3 Result 

Results of this study has shown that novel model (RL) for reinforcement learning showed a 

notable increase especially in the context of risk management on cryptocurrency investment. 

The trading agent in the RL-based system was nearly 1.15 (MaxDD) stability, but the MDD of 

the hold was 49% and the random approach was 64% This suggests that the suggested system 

is advertising in the market. Metrics of VAR (AT- AT AT Risk) and ES (expected fraud) 

have revealed that the model outperforms its traditional portfolio of risk reduction, with 

Monero completing the title for highest VAR reduction and Ethereum providing most stable 

degradation protection. Fig 3 shows the Performance metrics of cryptocurrency risk models. 

 

 

Fig. 3. Performance metrics of cryptocurrency risk models. 



 

 

Fig. 4. Cryptocurrency closing price of Bitcoin. 

Apart from that, risk index from 2018 to 2020, showed that uncertain regulations cause much 

of the high volatility in the crypto market. In contrast to traditional methods of asset allocation 

like inverse variability (IV), minimal variance (MV), and maximum diversification (MD), the 

hierarchical risk parity approach (HRP) has achieved the compromise point for risk retirement 

compromise, and made the making for cryptocurrency investment optimization effective. In 

general, the HRP model, coupled with RL technology, yielded an excellent risk management 

performance with an increasing portfolio stability, optimized assets distribution and making 

smart financial decisions in volatile cryptocurrency market. Fig 4 shows the Cryptocurrency 

closing price of Bitcoin. 

5 Conclusion 

The contribution of this research is in the application of reinforcement learning (RL) to 

hierarchical risk parity (HRP) specifically, for cryptocurrency portfolios, while considering 

risk management issue in cryptocurrency networks. This method is refined significantly 

improving performance metrics compared to other machine learning techniques used for this 

field. The primary merit of RL is in its orientation to learning, so that the system produces high 

accuracy information about the network. The results were analyzed by several estimations like 

window methods and balance over a set time period. The framework helps the migration 

support agent make decision based on data through migration support armed with better risk 

management and reward process. Future studies will look into the proposed technology further 

towards assessing performance beyond that original sample. In addition, optimization 

techniques utilized to improve performance with respect to risk management will be 

investigated for a wider set of assets and classes. Fig 5 shows the Cryptocurrency closing price 

of Ripple. 



 

Fig. 5. Cryptocurrency closing price of Ripple. 

6 Future Work 

For this research, we investigated three key risk based assets from the traditional allocation 

perspective and seek a correlation with HPR Minimum Variance (MV), Inverse Volatility 

(IV) and Maximum Diversity (MD). For the analysis, a rolling window method was employed, 

using 350, 600, and 850 days window. Results show the ability of the HPR portfolio to perform 

beyond training, especially for 350 day CO diversification. On risk performance outcomes the 

portfolio and the risk assessment analysis are discussed in order to proceed to system 

improvements. Our study then concentrates on the three main functions such as reference 

portfolios, risks, and specific portfolios for comparisons of VE cryptocurrency assets. First, 

the risk level of the portfolio is compared to benchmark portfolios, then this risk level is 

compared to the diversification to determine an initial step for each portfolio. 
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