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Abstract: With the continuous development of artificial intelligence and various new intelligent algorithm technologies, the business contacts between various institutions within financial enterprises are gradually increasing, and traditional financial risk management can no longer adapt to the current status quo in the era of big data. The lack of information sharing among institutions can reduce the efficiency of financial management and adversely affect the operation of enterprises. At present, financial credit risk mainly includes credit risk, market risk and operational risk. Credit risk relates to the possibility that a borrower will not be able to repay loans or debts on time, market risk covers potential losses caused by market volatility, price changes and adverse events, while operational risk includes risks such as internal operational errors, technical failures and fraud, which may adversely affect the normal operations and financial condition of a financial institution. These risk factors need to be integrated and managed in the financial sector to ensure financial stability and customer trust. Therefore, this paper aims to establish a KMV financial credit risk model, continuously strengthen the internal risk management of enterprises, achieve management modeling and a good KMV algorithm mechanism, and realize the cooperation and stickiness between customers and enterprises, so as to avoid unnecessary financial risks.
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1. INTRODUCTION

With the advent of the era of artificial intelligence, the traditional financial model has been impacted, and the application of traditional financial risk management model in enterprises will reduce the operation efficiency of enterprises. Therefore, enterprises should actively use big data technology to adjust management strategies. Deep learning and new intelligent technologies can provide enterprises with more comprehensive data information, so that they can effectively respond to a variety of risk issues[1-3]. In the era of big data, corporate financial risk management can obtain a comprehensive and in-depth understanding of the production and operation status of enterprises through the collection of production, sales, financial and other information data of enterprises. At the same time, through the analysis of corporate financial data, possible or existing financial risks can be found in time and countermeasures can be formulated[4]. 
In recent years, the combination of the financial industry and artificial intelligence has brought many significant benefits. First, AI technology can accelerate the financial decision-making process, enabling financial institutions to assess credit risk, market volatility, and investment opportunities more quickly. Second, AI can improve the accuracy of financial models by analyzing large amounts of unstructured and real-time data to more accurately identify potential risks[5-7]. In addition, automation and machine learning can reduce operational risk, reducing the risk of erroneous transactions and fraudulent activities. Most importantly, financial institutions can enhance customer service through AI, providing personalized recommendations and solutions that enhance customer satisfaction. Traditional methods often rely on historical data and statistical models, which are difficult to deal with non-linear and complex market conditions[8]. AI can process large-scale data, including unstructured data, to better capture the dynamics of the market. In addition, traditional models may ignore potential non-traditional risk factors, while the KMV model algorithm combined with artificial intelligence can consider various risk factors more comprehensively. Overall, the combination of finance and AI provides institutions with stronger, more precise, and faster risk management tools that promise to reduce potential 
2. RELATED WORK

Almost all the business of finance is dealing with risk, and the lenders who bring you money must want you to be a good person who keeps his word[9]. Therefore, when you apply for personal credit cards or small loans, you need to fill in some personal information, such as age, job, income, education, etc. Banks and lending institutions will review this information, and then decide whether to release the loan. However, if it is only a small amount, such as less than 10,000 yuan, then the cost of one audit is definitely rising, so there is a need for a set of automated decision-making tools to determine who are good people and who are bad people, then the credit score card model will come in handy, so in the process of dealing with financial enterprises, credit score is an indispensable part[5]. A credit score is a quantitative measure of how creditworthy you are. Does that sound like a mouthful? To put it simply, it is a score, calculated from your personal information and some third-party data, such as Alipay's Sesame Credit[10-12], Tencent's Tencent Credit, and the FICO score in the United States. These scores determine your credit rating, allowing lenders to decide whether or not to lend.
In order to better realize the management of financial enterprises and the prevention of financial risks, it is necessary to use some artificial intelligence algorithm models in the process of establishing credit models, the industry often says that there are A card, B card, C card, A card is to apply for score cards. When you apply, you will stand up and decide not to lend money, B card, that is, the behavior score card in the loan, monitors your credit status, decides not to give you a line, or does not interrupt your loan, C card is the score card after the loan, there are generally three kinds of: aging transfer model, repayment rate model and lost contact warning model.
1. Lost contact early warning model: for banks and loan companies, sometimes they are not afraid that you do not pay back the money, if you are overdue, you can also make a profit by means of penalty interest, etc., but they are more afraid of losing contact with customers and completely disappearing, so they need to establish a lost contact early warning to see if you may lose contact in the future[13-15].
2.KMV model：From the perspective of credit risk management methods, the current foreign research on credit risk and related credit risks
The theory is relatively complete and has been widely used in the financial industry. Some pioneering research results have greatly promoted the development of the field of credit risk, and have certain reference significance for promoting the development of this field in our country. [16]The study of credit risk and the measurement of default probability by KMV model can help investors and enterprises to deal with adverse selection and moral hazard caused by asymmetric credit rationing information in the financial market. It will help the financial industry reduce costs, enhance stability and industrial optimization and upgrading, and achieve effective allocation of credit resources.
2.1 Loss paradigm risk model

There are two basic ways to measure credit portfolio losses. The first is the defaul mode. This model recognizes losses only when the debtor has already defaulted on its obligations during the term of the debt. This model is useful in situations where market value is not available or the term is short. [17]The second is the mark-to-market paradigm, which recognizes any gain or loss caused by a change in the debtor's credit quality during the period being measured. 
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Figure 1: The structure of DNN with auxiliary losses

The market value of the debt is obtained by discounting cash flows based on the debtor's credit curve. In the mark-to-market model, there are two methods of estimating cash flow, which also correspond to methods of measuring credit quality. The first is to use discrete measures of credit quality, such as the credit ratings of Standard & Poor's or Moody's[18-21]. The second is to use the debtor's default probability as a continuous measure of credit quality. Using a valuation model when looking at the calculation of the ending debt value, among them, default probability, time to maturity and estimated recovery value givendefault under the condition of default are the inputs of the model.
2.2 KMV and Bayesian model 
There are three methods to estimate the default ratio: Merton model, actuarial model and measurement method.
(1) Merton model:
The calculation of default probability is based on the company's capital structure and the rate of asset change. This model treats the equity of the company as a call option based on the assets of the company. [22]KMV's method for estimating default rates relies on an options valuation framework and equity market information.
The asset value is the product of the face value of the bond and the default recovery rate; In the non-default scenario, the predicted value of the credit asset when it is converted to a credit rating n after some time in the future:
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In formula (1), Vn is the value of the credit asset with a credit rating of n after one year, N is the remaining term of the credit asset, Di is the interest generated by the credit asset in year i, F is the par amount of the credit asset, rn and i are the return on investment required by the credit asset with a credit rating of n in year.
KMV model and credit metrics model are the two most popular credit risk management models in the international financial community. [23]Both of them can be used by banks and other financial institutions to measure the credit status of the credit recipients, analyze the credit risks they face, prevent centralized credit granting, and then provide a quantitative and more scientific basis for investment diversification and specific credit granting decisions, and provide a good compensation for the traditional credit analysis methods characterized by subjectivity and artistry.
(2) Actuarial model
The modeling process of credit model is a kind of rate calculation process for insurance companies to determine the future premium according to the past risk occurrence, which plays an important role in the determination of experience rate[24-26]. According to the application of empirical data in the rate determination process, the credit model is divided into limited fluctuation credit model and maximum precision credit model This approach, like that of credit-rating firms, assigns a rating to each credit based on qualitative and quantitative data in a simulation of the Estimated Default Frequency. These levels form a matrix that determines the probability that the debtor's rating will change over a certain period of time. Commonly known as transition probability matrix. Credit Risk+ takes this approach.
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Bayesian model and KMV (Korpus Miller-Varshavsky) model can be combined to form a more comprehensive approach to financial credit risk management. Generally, using Bayesian statistical methods, credit scoring models can be continuously updated and improved to more accurately estimate the credit risk of individuals or companies. Bayesian models can combine historical data with the latest information to dynamically adjust credit scores to better reflect changes in risk. [27]Secondly, the establishment of risk modeling KMV model is usually used to estimate the probability of default and risk loss. Combined with a Bayesian approach, additional data sources such as market data, macroeconomic indicators, and industry trends can be brought in to more fully assess potential credit risks. [28]In everyday credit risk, Bayesian methods can be used to improve anti-fraud systems and detect unusual behavior and fraud patterns. 
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Figure 2: Bayes Systematic and Unsystematic Risk

The KMV model can be integrated with these systems to provide more comprehensive risk alerts. [29]In general, combining Bayesian model and KMV model can improve the accuracy and real-time of financial credit risk management. This combination allows financial institutions to better understand and respond to evolving credit risks and better meet regulatory requirements. In practical applications, however, it is necessary to determine how best to combine the two approaches depending on the specific situation and data availability.

3. METHODOLOGY

KMV model is mainly developed based on BSM model and Merton's pricing model, with strong foresight, which can realize the purpose of monitoring the company's credit risk. KMV model is highly dynamic, integrating the company's long-term and short-term liabilities, stock price, stock price volatility and other data, and then modeling to calculate the default distance[30-33]. It can better quantify the level of risk, which is one of the most commonly used methods to measure credit risk at present.
3.1 Risk models assume predictions
The KMV model needs to satisfy the following assumptions
The KMV model needs to meet the basic assumptions in the BS formula. The stock price of the enterprise satisfies the wandering of random process and occurs frictionless in the transaction. Meanwhile, the equity value and asset value of the enterprise meet the geometric Brownian motion within the range of change.
Securities can be short sold in the financial market, and there is no possibility of risk-free arbitrage; The underlying securities may be divided indefinitely and continuously without paying interest on the shares;
The risk-free rate does not change with the maturity before maturity;
The application principle of KMV[34] model can be regarded as a call option, the subject matter of the call option is the asset value of the company, and the strike price is the book debt value of the company. When the value of the subject matter of the call option is greater than the strike price, the company has a good repayment ability, not only will there be no default, but also the shareholders of the company can get benefits; When the value of the subject matter of the call option is less than the strike price, the company will face insolvency, which will lead to default. In the actual operation process of KMV model, the core is to use [35]MATLAB software programming to realize the calculation of the company's asset volatility and asset value.
According to the above analysis, the Black-Scholes-Merton option pricing formula can be obtained:
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Where VE represents the market value of equity, D represents the book value of liabilities, a represents the market value of enterprise assets, t represents the time range, r represents the risk-free interest rate, and N represents the cumulative normal distribution function. In the equation:
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According to the fact that equity value VE is a function of asset value VA and time t, and the movement trajectory of asset value VA is similar to Brownian motion, it can be seen that the movement trajectory of equity value e is also the trajectory of Brownian motion, that is to say, the credit risk model can be predicted by realizing asset value and time function[13].
3.2 Data setting and calculation
①D Equity value VE, before China's share reform, the equity value can be obtained by converting the stock price of tradable shares and the value of restricted shares. However, on May 9, 2005, China launched the reform of non-tradable shares. After the completion of the annual share reform of non-tradable shares, the calculation of equity value is relatively simple, only the value of tradable shares can be calculated. Therefore, when calculating the equity value of listed companies in the financial industry, the formula VE= number of outstanding shares * annual closing price of outstanding shares is selected[36-37].
② Closing price Volatility of equity value δE, the daily volatility of the stock is calculated based on the logarithmic return rate, and then the annualized standard deviation is calculated as the volatility of equity value.
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The daily volatility of stock returns of companies in the financial industry is:
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Where: n is the number of trading days in the whole year, and the annual volatility of stock returns is:
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When calculating the number of trading days in the whole year, we do not use the common n-250, but calculate the volatility of equity value according to the value of the actual trading days of the stock in these five years, and the data is more accurate.
(3) Time period t and debt term are important parameters in the credit risk assessment model. The data in this paper are selected and brought into the model, and the unit is '1 'when the sample is processed.
(4) Risk-free interest rate r, as the official website of the People's Bank of China found that the one-year time deposit interest rate has remained at 1.5% since October 2015, and has not changed so far. Therefore, this paper selects the Shanghai Interbank offered Rate (SHIBOR) for measurement in one year, and the KMV model generally annualizes this interest rate because continuous compound interest is generally measured, so it is transformed into continuous compound interest rate as a risk-free interest rate.
4. CONCLUSION

Generally speaking, from the analysis of the capital market system, the KMV model mainly evaluates the credit risk of the financial market based on the mature default risk database. Only when the above conditions are guaranteed, can the model give better play to its advantages. At present, listed companies are not transparent enough in the disclosure of financial information, and there are some phenomena such as financial whitewashing and untimely information disclosure. Meanwhile, the scale and efficiency of margin financing and short selling in China's capital market are relatively low, and the market effectiveness is not high [38-39]. Therefore, the CSRC needs to make careful planning plans. In view of the existing phenomena such as the improvement of market effectiveness and the imperfect enterprise information disclosure system, the corresponding system is proposed to improve, and the development of the capital market is established to provide favorable realistic conditions for the measurement of modern credit risk measurement models.
Finally, combining AI with the KMV (Korpus-Miller-Varshavsky) model to look into the future of financial credit risk management allows for more accurate, real-time and comprehensive risk assessment. Ai's big data analytics and machine learning capabilities will enable financial institutions to better predict default risk, while the flexibility of Bayesian statistical methods can help continuously optimize models to better reflect market changes [40]. This combination is expected to improve the efficiency of credit decisions, reduce credit losses, and provide a more accurate measure of risk, helping the financial industry respond more soundly to future credit challenges.
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