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Abstract. In recent years, the Large Language Models (LLMs) have developed 

continuously, providing new methods for the application of artificial intelligence 

(AI) in the financial field. This paper introduces the applications and limitations 

of LLMs and, based on this, proposes prospects for the application of LLMs in 

the financial field. This article primarily discusses the advantages of LLMs in 

investment advice, risk management, and processing unstructured data in the 

financial field. It also mentions that the "black box" nature of LLMs in dealing 

with regulations still needs further resolution in the future. Furthermore, it 

proposes that LLMs need to be more professional, transparent, and automated in 

the future to better adapt to the financial field and promote their deeper 

application in finance. This article aims to provide a summary of the latest 

developments in LLMs in the financial field for professionals in related 

industries, and to offer a reference for them. 
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1 Introduction 

With the continuous development and deepening of artificial intelligence (AI) 

technology in recent years, the development of Large Language Models (LLMs) has 

received much attention, especially in the financial field. In the context of globalization, 

datafication and informatization of the financial market, the application of LLMs in the 

financial field has received particular attention. Furthermore, in the financial sector, 

traditional methods are gradually showing their limitations in terms of timeliness and 

foresight, making it difficult for practitioners to achieve significant progress when using 

them. However, with the continuous development of LLMs, models like ChatGPT, 

such as GPT-3, can understand and generate natural language [1]. LLMs can also 

quickly understand and capture market reactions to government policies and public 

opinion, and make advanced predictions on stock prices, etc. It can also help 

practitioners train models at a lower cost and with fewer samples, enabling them to 

build better models for fields such as trading and risk control. The financial sector has 

high requirements for real-time performance, accuracy, interpretability, and 

compliance. LLMs can meet these requirements to a certain extent and are increasingly 

outperforming traditional methods in some aspects. However, LLMs still have certain 
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shortcomings in terms of reliability and ethics and need to be controlled at the review 

and regulatory levels. 

To date, studies have shown that LLMs have been applied in the five core financial 

fields of data analysis, investment research, trading, investment management, and risk 

management, demonstrating the breadth of application of LLMs in the financial field 

[2]. Meanwhile, professional financial LLMs such as FinGPT and XuanYuan are 

constantly being developed [3], providing a research foundation for exploring 

professional financial LLMs. However, LLMs also have problems such as privacy 

leakage and "black box". Existing articles point out that LLMs can remember personal 

privacy or private and institutional data, which leads to the leakage of personal or 

institutional privacy [4]. However, the interpretability required by regulations may 

further increase the risk of privacy leakage, resulting in the inability to solve privacy 

issues and interpretability at the same time. Moreover, LLMs may also produce 

illusions when generating content, leading to incorrect investment advice, etc [5]. 

Based on the advantages and disadvantages of LLMs mentioned above, this review 

summarizes and analyzes the applications of existing LLMs in the financial field. This 

paper summarize the advantages, disadvantage and future development of LLMs. In 

the part of the advantage of LLMs, it highlights the strengths of LLMs in core 

application areas such as investment trading and risk management. In the part of the 

disadvantage of LLMs, it identifies their shortcomings in areas including data privacy, 

model interpretability, and regulatory compliance. And in the part of the future 

development of LLMs, it proposes potential research directions and pathways for LLMs 

within the financial sector, providing a comprehensive reference for practitioners in the 

intersection of AI and finance to help with subsequent research. 

2 Basics of LLMs 

LLMs are statistical models that can be trained on large amounts of text and predict 

using probability distributions [6]. For a word sequence 𝑊 consisting of w1, w2, … , wn 

(where wi represents the 𝑖-th word in the sequence), its probability 𝑃(𝑊) can be 

calculated using the following probability formula [7]. 

P(W)=P(w1,w2,…,wn)=P(w1)P(w2|w1)P(w3|w1,w2)⋯P(wn|w1,w2,…,wn-1) (1) 

LLMs are trained on a large amount of text and have the ability to understand and 

generate natural language. They are pre-trained neural network models and typically 

have a parameter scale of hundreds of millions to hundreds of billions [8]. In 2017, after 

the transformer architecture was introduced, LLMs used the self-attention mechanism 

to model the associations between words in parallel, thus enabling efficient training on 

ultra-large-scale datasets and leading to the development of many LLMs [9].  

The GPT series is a representative of this, and GPT-3 is a milestone in the 

development of LLMs[1]. As shown in Table 1, the GPT series of models has many 

sub-models and a wide coverage. They can demonstrate great capabilities (such as 

chain thinking, contextual learning, etc.) by expanding the parameter scale and the 

amount of training data. The evolution of LLMs is mainly due to the improvement of 

computing power, the availability of large-scale datasets, and the development of new 
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neural network architectures. These models significantly enhance language 

understanding and generation capabilities, enabling their widespread application across 

various industries and fields. 

Table 1. GPT-3 series of large language models (GLLMs) from GPT-3 to the latest GPT-4 

GPT-3 
Ada Babbage Curie Davinci 

text-ada text-babage text-curie text-davinci 

GPT-3.5 code-davinci-002 text-davinci-002 text-davinci-003 

ChatGPT gpt-3.5-turbo gpt-3.5-turbo-16k 

GPT-4 gpt-4 gpt-4-32k 

3 Application of LLMs In the Financial Field 

LLMs have powerful learning and reasoning capabilities, and they have significant 

advantages in processing unstructured data such as news and media sentiment and 

cross-market correlation analysis[3]. Meanwhile, LLMs can integrate text, quantitative 

data and other methods to achieve excellent performance in risk control and fraud 

detection, which is better than traditional methods[10]. Moreover, LLMs can automate 

complex tasks such as text (e.g., financial reports, news), charts, predictions, and 

question answering, extract actionable trading signals from multimodal heterogeneous 

data, reduce human workload, and provide assistance to financial analysts and other 

professionals [11,12]. 

From a data perspective, as shown in Figure 1, the LLM achieves a profit direction 

prediction accuracy of 64.35% when reasoning based solely on purely numerical 
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financial statements, which is higher than the 58.37% accuracy of human analysts. 

Moreover, the complex model ranks highly in all three data points, which indicates that 

it has achieved a balance in the three data points and is more suitable for handling 

tasks[13].  

Fig. 1. Accuracy, recall, and F1 score of large language models (complex and simple models) 

compared to human analysts' predictions. 

F1 = 2 ∗
Precision∗Recall

Precision+Recall
          (2) 
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From the perspective of different LLMs, according to the data in Table 2 and Table 

3, after comparing GPT-4, Claude, and Gemini, it was found that Claude scored the 

highest in terms of analytical depth and reasoning, while Gemini performed well in 

terms of information coverage breadth, citing 2.3 times more unique sources than other 

models [14]. Horizontal comparisons can provide a reference for selecting different 

LLMs to complete different tasks in the financial field. 

Table 2. Comparison of the performance of different large language models in terms of 

information diversity, output length, and information density 

Model Name 
Information 

Diversity Score 

Avg. Output 

Character Count 

Information

Density 

GPT 4.1 37.20 5106.30 7.29 

Claude Sonnet 4 79.25 4628.90 17.12 

Gemini 2.5 Pro 

Preview 
366.08 6318.10 57.94 

Table 3. Comparison of scores of different models on multi-dimensional evaluation indicators 

Model 

Name 

Relevanc

e 

Accurac

y 

Reasonin

g 

Proble

m 

Solving 

Industry 

Relevanc

e 

Human

Opinio

n 

GPT 

4.1 
6.53 6.66 6.59 6.44 6.75 6.75 

Claude 

Sonnet 

4 

7.44 8.25 8.06 8.13 8.19 8.06 

Gemini 

2.5 Pro 

Previe

w 

6.00 6.31 6.25 4.88 6.00 5.44 

4 The Shortcomings of LLMs In the Financial Field 

The current problem of the LLM is that the path of decision-making is not transparent. 

When the LLM gives investment advice or risk judgment, it is often difficult to give a 

complete reasoning chain, but it only gives human practitioners an answer. This will 

often lead to obvious obstacles in subsequent requirements, such as the determination 

of responsibility, audit, and review of compliance[15]. LLMs may also appear when 

facing highly specialized financial issues, such as actively fabricating non-existent data, 

terms, or fictitious sources. This may lead human practitioners to mistakenly believe in 
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the LLM after using it for assistance, resulting in incorrect investment advice, 

reasonable violations, or customer losses, leading to serious problems like this[5]. 

After training LLMs using a general corpus, they may encounter problems such as 

insufficient understanding of financial terminology, regulatory rules, and regulations, 

which leads to a decline in performance[16]. Meanwhile, when using sensitive data 

containing private or institutional information during the training of LLMs, the model 

may inadvertently leak training content, leading to risks such as privacy leaks [4]. 

Based on the above two points, a new problem arises: high-quality financial corpora 

cannot be used to train LLMs due to privacy issues, while using ordinary corpora will 

lead to a decline in the capabilities of LLMs. This results in a scarcity of high-quality 

financial corpora when training LLMs. In addition, publicly available data is often 

insufficient to cover industry diversity and has historical biases, which will amplify 

historical errors after training, thus affecting the assessment of the reliability of LLMs 

[15,16]. 

5 The Future Development of LLMs In the Financial Field 

Based on the above-mentioned application and shortcomings of LLMs in the financial 

field, this paper believes that LLMs need to promote the development of professional 

financial LLMs in the future. Dedicated LLMs need to be designed specifically for 

financial models from the underlying architecture, and financial basic models (FFMs) 

should be built [17]. Professional terms, relevant regulations and other content should 

be deeply trained in the model so that LLMs can play a better role in the financial field. 

Meanwhile, it is necessary to strengthen the reliability and interpretability of the model, 

and also to develop tools that can conduct compliance audits on LLMs. In this way, the 

model can not only generate results, but also produce a compliant, complete and reliable 

reasoning chain, so that regulatory authorities and the company's internal risk 

assessment team can conduct compliance checks [17]. With the continuous 

development of technology, LLMs need to promote further automated integration, such 

as expanding the application of financial models in real-world scenarios and further 

deepening the automation of model business, making the help of LLMs more readily 

available to relevant practitioners. Related reports indicate that industry research and 

practical predictions suggest that the financial industry will accelerate the integration 

of LLMs into core business processes within the next two years[18]. 

6 Conclusion 

This paper researches the application of LLMs in the financial field. It introduces the 

concept of LLMs, their advantages and disadvantages in the financial field, and their 

future development. This paper reviews the clear advantages of LLMs in processing 

unstructured data, and points out LLMs need imporve in areas such as opaque pathways 

and difficulty in regulation. It also discusses the future development direction based on 

the advantages and disadvantages of LLMs. 
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In summary, the application of LLMs in the financial field breaks through the 

inherent pattern of traditional models, providing a new and efficient method for 

financial practitioners. Through its excellent corpus understanding and multimodal data 

processing capabilities, LLMs demonstrate the potential to exceed the capabilities of 

human analysts. However, the "black box" nature of the decision-making path within 

LLMs makes them difficult to regulate, and the results they provide may not reliable. 

Therefore, it is important to shift from general to specialized development, and to 

improve the LLMs by building underlying logic specific to the financial field, making 

it more suitable for the needs of the financial field. 

This paper believes that LLMs will become an necessary tool in the financial field 

in the future, driving the financial field to further progress and achieve better 

development. 
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