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Abstract: With the rapid development of natural language processing (NLP) and machine learning technology, applying 
large language models (LLMs) in the financial field shows a significant growth trend. This paper systematically reviews 
the development status, main applications, challenges, and future development direction of LLMs in the financial field. 
Financial Language models (FinLLMs) have been successfully applied to many scenarios, such as sentiment analysis, 
automated trading, risk assessment, etc., through deep learning architectures such as BERT, Llama, and domain data 
fine-tuning. However, issues such as data privacy, model interpretability, and ethical governance still pose constraints 
to their widespread application. Future research should focus on improving model performance, addressing bias issues, 
strengthening privacy protection, and establishing a sound regulatory framework to ensure the healthy development of 
LLMs in the financial sector.
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1. Introduction
In recent years, with the rapid development of natural language processing (NLP) and machine learning 
technologies, large language models (LLMs) have demonstrated powerful text understanding and generation 
capabilities in many fields. The rise of LLMs began with breakthroughs in the field of NLP, especially the 
introduction of transformer architecture. Transformer uses a self-attention mechanism to enable the model to 
process long text and capture contextual information efficiently. Since the introduction of OpenAI’s GPT series 
and Google’s BERT, the application of LLM has expanded rapidly in various fields, and finance is no exception. 
As a data-intensive industry, finance has become one of the important scenarios for LLMs applications due to its 
demand for efficient data processing and intelligent decision making. From early probabilistic statistical models to 
today’s deep neural network architectures, the capabilities of LLMs continue to grow, especially in text analysis, 
emotion recognition, and automated trading [1]. They have shown potential in stock price forecasting, automated 
document processing, research, information extraction, and customer service enhancement.

The diversity and complexity of the financial industry offer a wide range of applications for AI technologies. 
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Financial data comes from a wide range of sources, including market data, news reports, social media content, and 
company financial reports. However, implementing an LLM in the financial sector presents unique challenges, 
including the need for a domain-specific vocabulary and concerns about security and regulatory compliance [2]. 
LLMs, through their powerful natural language processing capabilities, can process this unstructured data 
efficiently, providing financial institutions with diverse support ranging from customer service to risk management. 
The advent of language models developed specifically for the financial sector, such as BloombergGPT and 
FinGPT [3], marks an important milestone in the application of LLMs in the financial industry. Through in-depth 
training and fine-tuning of financial professional data, these models can better understand financial language 
and specialized terminology, providing financial institutions with diverse support from customer service to risk 
management. However, with the wide application of LLMs, issues such as data privacy, model reliability, and 
ethical governance are emerging and need to be further studied and solved [4].

This paper aims to systematically review the development status of LLMs in the financial field, analyze its 
main application scenarios and challenges, and discuss the future development direction, to provide references for 
related research and practice.

2. The status quo of LLMs in the financial field
LLMs have made significant inroads in the financial sector, particularly through specialized Financial Language 
models (FinLLMs) [5]. These models are primarily built on open-source architectures such as BERT, Llama, and 
BLOOM, and are optimized for performance through the training of financial specialty datasets to meet the needs 
of specific financial scenarios [6]. For example, FinBERT has significantly improved the accuracy of sentiment 
analysis by fine-tuning financial news and market data, and BloombergGPT, which focuses on financial text 
generation and decision support, shows strong industry adaptability [3]. In addition, LLMs continue to grow in 
size and capability, with model parameters expanding from billions to hundreds of billions and training datasets 
expanding from general-purpose text to specialized financial datasets. This scale development allows LLMs to 
better capture complex semantic relationships in the financial sector, providing financial institutions with more 
accurate analysis and forecasting capabilities.

2.1. Model classification
General model:  These are traditional LLMS, trained on broad data sets and designed to enable general knowledge 
discovery. They are the basis for a wide variety of applications, including finance, but lack domain-specific 
optimizations. Examples include GPT and BERT models that can be fine-tuned for financial use cases such as text 
summaries, Q&A, or market sentiment analysis [6].

Domain-specific expert model: These models are tailored for specific fields, such as finance. They combine 
expertise and datasets to perform tasks such as financial risk forecasting and financial data classification.

Personal or adaptive models: These are smaller, privacy-focused models designed to adapt to the needs of 
individual users. They can integrate personal preferences or localize financial data while keeping the data secure. 
These models are designed to provide real-time responses and personalized insights on mobile devices or personal 
computers.

2.2. Main applications
LLMs have a wide range of applications in the financial sector, covering the following key scenarios:

(1) Sentiment analysis: Help institutions anticipate market volatility and develop investment strategies by 
interpreting financial news and market trends. For example, FinBERT excels in sentiment analysis tasks [7]. 
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The applications of sentiment analysis are not limited to the stock market but include several areas such as 
the bond market, the foreign exchange market, and the cryptocurrency market.

(2) Text summary: The automatic generation of summaries of financial reports and market analysis is an 
important function of LLM, which improves information processing efficiency. By analyzing large 
amounts of textual data, the LLM can extract key information and provide an overview, saving analysts’ 
time.

(3) Intelligent risk control: The LLM can analyze market data and news in real time, from which it can 
identify potential risks and provide early warning. This helps financial institutions take timely measures to 
guard against potential financial crises and losses.

(4) Trading strategy generation: Based on the real-time dynamics of the market, the LLM can provide traders 
with trading recommendations. These models can be combined with technical analysis, fundamental 
analysis, and market sentiment to help investors make more informed trading decisions.

(5) Knowledge graph construction: Through the analysis of large amounts of textual data, LLM can help build 
a financial knowledge graph, structuring information so that decision-makers can access key information. 
This process contributes to a deep understanding of the dynamics and interrelationships of financial 
markets.

(6) Customer service: AI-powered chatbots and virtual assistants have significantly enhanced the customer 
experience by providing personalized support while reducing labor costs [8]. For example, a major bank 
implemented 24/7 customer support services by deploying ChatGPT-based chatbots, significantly 
reducing customer wait times.

(7) Trading & portfolio management: Advanced LLMs optimize strategy execution and risk control in 
portfolio management by analyzing alternative datasets and historical data. For example, a hedge fund 
uses LLMs to analyze social media data to capture changes in market sentiment to optimize trading 
strategies.

(8) Compliance and regulation: LLMs can quickly parse complex regulatory texts and assist financial 
institutions in completing compliance checks and risk assessments [9,10]. For example, a financial 
institution has significantly improved its compliance efficiency and reduced the risk of violations by 
deploying compliance chatbots.

3. Challenges and limitations
LLM shows great promise in the financial sector, but its deployment also brings significant challenges and 
limitations. Here is an overview of the main challenges and limitations:

3.1. Data-related challenges
(1) Data quality and availability: Financial data is often fragmented, proprietary, or unstructured (e.g., earnings 

reports, news articles). Poor quality or incomplete data sets can result in poor model performance [11].
(2) Domain-specific training: General LLMs require a lot of fine-tuning using domain-specific data to be 

effective in finance. This process requires a lot of resources and may still fail to capture subtle financial 
concepts.

(3) Data bias: Financial data may contain inherent biases (for example, historical market conditions or the 
regulatory environment) that can lead to biases in the model’s predictions or decisions [12].
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3.2. Model complexity and scalability
(1) High computational costs: Training and deploying large models require a lot of computational resources, 

so scaling is expensive for real-time financial applications [13].
(2) Latency issues: In high-frequency trading or real-time risk assessment, the latency of large models can 

hinder their practical utility [1].
(3) Overfitting risk: LLMS trained on specific financial datasets may overfit historical patterns, limiting their 

ability to adapt to new market conditions or black Swan events.

3.3. Ethical and regulatory issues
Lack of transparency: LLMS are like “black boxes” that struggle to interpret their predictions or decisions - this is 
particularly problematic in regulated industries, such as finance, where accountability is paramount [12].

Bias and fairness: Models can inadvertently perpetuate or amplify biases present in training data, leading to 
unfair outcomes in areas such as credit scoring or investment advice [12].

3.4. Risk of abuse
Fraudulent activity: Advanced LLM may be exploited to generate convincing phishing scams, fraudulent 
documents, or market manipulation tactics.

Over-reliance on automation: Over-reliance on LLMS to make decisions without human supervision can lead 
to systemic risk if the model fails under abnormal conditions.

3.5. Consistency and adaptability issues
Value alignment: Aligning the LLM with human preferences, values, and specific financial goals remains an 
ongoing challenge. Inconsistent models may produce outputs that are not aligned with organizational goals or 
ethics [12].

Adapt to rapid change: Financial markets are highly dynamic. Without frequent retraining, LLMS may have 
difficulty adapting quickly to sudden changes such as geopolitical events or economic crises.

3.6. Security breaches
Adversarial attacks: Malicious actors can exploit vulnerabilities in LLM by providing adversarial inputs designed 
to manipulate the output, such as misleading sentiment analysis [7].

Data privacy risks: The use of LLMS to process sensitive financial data raises concerns about data breaches 
and compliance with privacy regulations such as GDPR or CCPA [10].

3.7. Future prospect
The application of LLM in the financial field shows great potential and a wide range of application scenarios. With 
the continuous advancement of technology, possible future development directions include the following aspects:

(1) Augmented learning and adaptive systems: Combined with reinforcement learning techniques, large 
language models can adjust themselves based on real-time market feedback. This approach can improve 
the model’s predictive accuracy, allowing financial institutions to better adapt to changes in the face of 
market volatility.

(2) Integrate across domains: The combination of large language models with other machine learning 
techniques will make financial data analysis and decision support more complex and efficient. For 
example, big language models can be used for text analysis and sentiment analysis, while machine 
learning algorithms can be combined to predict market trends. Such cross-domain integration helps to 
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elevate the level of personalization and intelligence of financial services, providing deep insight into the 
design and risk control of financial products through the integration of multiple data types.

(3) Policy and regulatory adaptability: As fintech evolves, the relevant policy and regulatory frameworks 
need to be constantly updated to accommodate the changes brought about by new technologies. In the 
process, regulatory mechanisms that are in line with the application of large language model technology 
can be established to ensure the safety and transparency of financial operations. For example, financial 
institutions need to strengthen compliance monitoring on the use of large language models to process 
customer data to avoid potential legal risks and data breach issues [13].

(4) Intelligent investment decision and risk management: Large language models can assist investment 
decision-making and risk management by analyzing historical data and market dynamics. This includes 
processing financial text data and market information, predicting possible risk events, and making 
intelligent investment recommendations based on specific market conditions.

(5) Personalized financial services: The application of large language models enables financial institutions to 
provide personalized customer service. By analyzing customers’ trading behavior and exit data, the model 
can recommend the most suitable financial products for each customer, thereby improving customer 
satisfaction and loyalty. This personalized service is not only limited to recommendations but also 
includes the development of an intelligent customer service system, which enables customers to obtain 
relevant information and support at any time, further enhancing the user experience.

(6) Technology infrastructure and data ecology construction: With the wide application of large language 
models, financial institutions need to build strong technical infrastructure, including high-performance 
computing capabilities, data storage and processing capabilities, and network transmission capabilities, to 
support large-scale data analysis and real-time decision-making.

(7) Address ethical and regulatory challenges: As the LLM evolves, the financial sector must navigate the 
complexity of ethical codes and regulatory standards. Ensuring the responsible use of AI is critical, 
especially as new applications emerge in areas such as asset finance. This commitment to ethical practices 
will foster trust between consumers and stakeholders, thereby facilitating a smoother transition to AI-
enhanced operations [14,15]. 

4. Conclusion
This paper comprehensively reviews the development, current situation and future trends of LLMs in the financial 
sector, emphasizing the need to prudently address its potential risks and challenges while making full use of the 
great opportunities brought by this technology. Future research should focus on improving model performance, 
enhancing explainability, strengthening data privacy protection, and establishing a sound ethical and regulatory 
framework to ensure the healthy and sustainable development of LLMs in the financial sector.
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