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Abstract

Artificial Intelligence (AI) agents are revolutionizing industries by enabling autonomous decision-making, task
execution, and multi-agent collaboration. This paper provides a comprehensive review of Al agent frameworks, focusing
on their architectures, applications, and challenges in financial services. We conduct a comparative analysis of leading
frameworks, including LangGraph, CrewAl, and AutoGen, evaluating their strengths, limitations, and suitability for
complex financial tasks such as trading, risk assessment, and investment analysis. The integration of Al agents in
financial markets presents both opportunities and challenges, particularly in terms of regulatory compliance, ethical
considerations, and model robustness. We examine agentic Al design patterns, multi-agent systems, and the deployment
of Al agents advancing the proposal to use them for fraud detection and risk management. By synthesizing insights from
academic research and industry practices, this review identifies key trends and future directions in Al agent
development. This work contributes to the growing discourse on Al-driven automation by outlining technical
considerations and open challenges in deploying Al agents at scale. We highlight the need for enhanced transparency,
interpretability, and security in Al-driven Agentic systems. Our findings provide valuable insights for researchers and
practitioners seeking to harness Al agents for more efficient and intelligent decision-making.
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1. Introduction

The rise of sophisticated Al agents, powered by Large Language Models (LLMs), is transforming various industries, and
finance is no exception. These agents, capable of reasoning, planning, and interacting with their environment, offer the
potential to automate complex financial tasks, improve decision-making, and create new opportunities. This paper
provides a comprehensive overview of Al agents in finance, examining their architectures, frameworks, and
applications. Al agents have emerged as a transformative technology, enabling autonomous systems to perform
complex tasks across various domains. From financial decision-making to enterprise automation, Al agents are
revolutionizing industries by leveraging large language models (LLMs) and multi-agent collaboration [1]. This paper
reviews the state-of-the-art in Al agent frameworks, focusing on their architectures, applications, and challenges. Al
agents are becoming integral components in automating complex workflows, enhancing financial modeling, and
improving risk assessment strategies [2], [3]. These autonomous systems leverage machine learning (ML) and natural
language processing (NLP) techniques to optimize decision-making in various industries, particularly finance [4], [5].
The field of Artificial Intelligence (AI) has seen rapid growth in recent years, with Al agents emerging as a prominent
area of development. Al agents are autonomous entities capable of perceiving their environment, making decisions, and
taking actions to achieve specific goals [1], [6]. These agents are being deployed across various industries, including
finance, where they promise to automate tasks, improve decision-making, and enhance overall efficiency. Recent
reports from McKinsey [3] and Moody’s Analytics [7] highlight the growing importance of Al agents in transforming
business processes.
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2. Related Work and Discussion

While Al agents hold immense potential for finance, several challenges remain. These include ensuring the reliability
and explainability of agent decisions, addressing ethical considerations, and managing the risks associated with
autonomous systems. Further research is needed to develop robust frameworks, improve agent capabilities, and
establish best practices for deploying Al agents in financial settings. Figure 1 shows the density of words in the literature
review.
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Recent research has explored the application of Al agents in diverse financial areas. Han et al. [4] investigated optimizing
Al-agent collaboration for investment analysis. Microfoundations et al. [22] studied the impact of Al traders in financial
markets using a multi-agent model. Yang et al. [19] introduced FinRobot, an open-source Al agent platform for financial
applications using LLMs. Yu et al. [20] proposed Fincon, a multi-agent system with conceptual verbal reinforcement for
enhanced financial decision-making. Zhang et al. [23] developed a multimodal foundation agent for financial trading.
Several industry reports have also highlighted the growing importance of Al agents in finance [2], [3], [5], [7], [24].

3. Al Agent Frameworks

Several frameworks are available for developing Al agents, each with its own strengths and weaknesses. LangChain [6],
[8] provides tools for building applications with LLMs, including agent orchestration capabilities. CrewAI [9] focuses on
building collaborative agent systems. Other notable frameworks include Agentforce [25], PydanticAl [26], IBM
Watsonx.ai [27], and Semantic Kernel [10]. Framework comparisons have been conducted by various authors [13], [14],
[15], [16], [17], [28], [29], [30]. Several frameworks have emerged to facilitate the development and deployment of Al
agents. Table 1 compares the frameworks.

Table 1 Framework Comparison

Framework Key Features Applications Limitations

LangChain [6], [8] | LLM integration, Agent | General Al tasks Multi-agent support limited
orchestration

CrewAl [9] Collaborative agents Complex workflows Performance benchmarks needed

Agentforce [25] Business task focus CRM integration Broader applicability unclear

PydanticAl [26] LLM with Pydantic Data validation Wider agent capabilities less

developed
IBM  Watsonx.ai | Enterprise Al platform Industry-specific Customization can be complex

[27] solutions
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Framework Key Features Applications Limitations

AutoGen [11] Multi-agent systems Complex Al | Scalability in real-world scenarios
applications

Llama-Agents [12] | Knowledge assistants Data integration Knowledge retrieval effectiveness

Smolagents [35] Code-writing agents Code generation Range of tasks limited

FinRobot [19] Financial applications Financial tasks using | Performance evaluation needed
LLMs

Fincon [20] Financial decision-making Enhanced decision | Real-world testing required
quality

Several Al agent frameworks have emerged to facilitate autonomous decision-making and task execution. Key
frameworks include:

LangGraph: A low-level agent orchestration framework designed for state management and scalability [8].
LangChain is a framework for turning Large Language Models (LLMs) into reasoning engines that can take
actions [6], [8]. [t provides a set of tools and abstractions for building Al agents that can interact with various
data sources and APIs.

CrewAl: Focuses on multi-agent collaboration for dynamic task execution [9]. CrewAl is another popular
framework for building autonomous Al agents, enabling developers to create teams of agents that can
collaborate to solve complex problems [9].

OpenAl Swarm: Designed for large-scale Al agent deployment [13].

Mosaic Al Agent Framework: A tool for building autonomous Al assistants [31].

Semantic Kernel: Developed by Microsoft, Semantic Kernel is an agent framework that allows developers
to integrate Al agents into their applications [10].

AutoGen: AutoGen is a framework for building multi-agent systems, allowing developers to create Al
applications with diverse roles and capabilities [11].

Llamalndex: Llamalndex offers a framework for building knowledge assistants using LLMs connected to
enterprise data, supporting the creation of multi-agent Al systems [12].

These frameworks provide developers with tools and libraries for building intelligent systems that can interact with
their environment and perform complex tasks. We have expanded more on the most popular Al agent frameworks.
Comparisons of these frameworks, such as those found in [13], [14], [15], [16], highlight the trade-offs between them in
terms of features, ease of use, and scalability. Frameworks like LangChain and CrewAlI are often compared directly due
to their prominence in the Al agent development community [16]. IBM’s insights also emphasize the importance of
choosing the right Al agent framework as a foundation for business applications [17].

3.1. Al Agent Frameworks: Architectures and Features

Key Frameworks: Several frameworks have been developed to facilitate the creation of Al agents. LangGraph
and CrewAl are prominent examples, offering robust architectures for multi-agent systems. AutoGen, another
leading framework, enables the design of agentic systems with diverse roles and capabilities [11]. These
frameworks provide tools for agent orchestration, state management, and deployment, making them essential
for building scalable Al applications [8].

Enterprise Solutions: Enterprise-grade frameworks like IBM Watsonx.ai and AWS Bedrock Agents offer
tailored solutions for business applications. These platforms provide comprehensive toolkits for Al agent
development, enabling enterprises to integrate Al into their workflows seamlessly [27], [33]. Additionally,
frameworks like Mosaic Al and Vertex Al Agent Builder are designed to address the unique challenges of
deploying Al agents in production environments [31], [34].

Emerging Frameworks: Emerging frameworks such as Llama-Agents and SmolAgents are gaining traction for
their simplicity and efficiency in building multi-agent systems [12], [35]. These frameworks are particularly
useful for developers looking to create lightweight and modular Al agents for specific use cases.

3.2. Applications of Al Agents

Financial Systems: Al agents are increasingly being used in financial systems for tasks such as investment analysis, risk
management, and trading. Frameworks like FinRobot and FinCon leverage LLMs to enhance decision-making processes
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[19], [20]. These systems utilize multi-agent collaboration to analyze market data, predict trends, and optimize
portfolios [4].

Enterprise Automation: In enterprise settings, Al agents are employed to automate workflows, manage data pipelines,
and enhance customer interactions. Salesforce’s Agentforce and Microsoft’s Semantic Kernel Agent Framework are
notable examples of platforms that enable the development of intelligent agents for business applications [10], [25].
These frameworks integrate with existing enterprise systems, providing scalable solutions for automation and decision
support [32].

Generative Al and Data Pipelines: Generative Al applications often rely on robust data pipelines to ensure data freshness
and accuracy. Frameworks like Apache Kafka and AWS Glue are commonly used to build these pipelines, enabling real-
time data processing for Al agents . Additionally, platforms like NVIDIA NIM and Google’s Mariner are pushing the
boundaries of generative Al by integrating advanced agent frameworks [36], [37]. Agent framework discussed in this
work includes.
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4. Al Agents in Finance

The financial industry is increasingly adopting Al agents to automate tasks, improve decision-making, and enhance
customer service. In our earlier work we have shown applications of agents in Financial Risk, Infrastructure issues,
technical challenges and regulatory issues [41-50]. Al agents are being used in various financial applications, including:

e Investment Analysis: Al agents can analyze vast amounts of financial data to identify investment
opportunities and provide insights to portfolio managers [4].

e Risk Management: Al agents can assess and manage financial risks by analyzing market trends, identifying
potential threats, and implementing risk mitigation strategies [5], [18].

e Fraud Detection: Al agents can detect fraudulent activities by analyzing transaction patterns and
identifying suspicious behavior.

e Customer Service: Al-powered virtual assistants can provide personalized customer service and support,
answering questions, resolving issues, and providing financial advice.

Specific examples of Al agents in finance include FinRobot, an open-source Al agent platform for financial applications
[19], and systems leveraging LLMs for enhanced financial decision-making [20]. The Financial Stability Board (FSB) has
also recognized the growing importance of Al and machine learning in financial services [2].

Financial institutions are leveraging Al agents for:

o Risk Assessment: Al agents analyze large datasets to predict financial risks [18].
e Algorithmic Trading: Multi-agent models improve trading strategies [22].
e Fraud Detection: Al agents identify fraudulent transactions in real-time [24].

5. Challenges and Future Directions

5.1. Technical Challenges

Despite their potential, Al agents face several technical challenges. Ensuring the reliability and safety of autonomous
systems is a critical concern, particularly in high-stakes applications like finance and healthcare [18]. Additionally, the
integration of Al agents with existing infrastructure requires robust frameworks and tools for state management and
orchestration [38].

5.2. Emerging Trends

The future of Al agents lies in the development of more sophisticated frameworks and architectures. Emerging trends
include the use of compound Al systems, which combine multiple agents to solve complex problems [39]. Additionally,
advancements in multimodal foundation agents and tool-augmented systems are expected to enhance the capabilities
of Al agents in diverse applications [23].

5.3. Industry and Academic Collaboration

Collaboration between industry and academia is crucial for advancing Al agent technologies. Research initiatives like
the Al Agent Index and frameworks like Camel-Al are paving the way for standardized approaches to agent development
and deployment [21], [40]. These efforts are essential for addressing challenges such as risk alignment and ethical
considerations in Al agent systems [7], [24].

While Al agents offer significant potential benefits for the financial industry, there are also several challenges that need
to be addressed. These challenges include:

e Data Quality and Availability: Al agents rely on high-quality data to make accurate predictions and
decisions. However, financial data can be noisy, incomplete, and inconsistent, which can affect the
performance of Al agents.

o Explainability and Transparency: Financial institutions need to understand how Al agents are making
decisions. This requires developing Al agents that are explainable and transparent, allowing users to
understand the reasoning behind their actions.

e Regulatory Compliance: The use of Al agents in finance is subject to regulatory scrutiny. Financial
institutions need to ensure that their Al agents comply with relevant regulations and guidelines.
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¢ Risk Alignment: Ensuring that Al agent behavior aligns with desired outcomes and ethical standards is
critical, as highlighted by [18].

Future research directions in Al agents for finance include developing more robust and explainable Al models,
improving data quality and availability, and addressing regulatory and ethical concerns. The integration of multi-agent
systems [21] and agentic design patterns [11] will also play a crucial role in the future development of Al agents in
finance.

Despite their advantages, Al agents face challenges, including:

e Regulatory Compliance: Ensuring adherence to financial regulations [5].
o Ethical Concerns: Addressing bias and fairness in decision-making [18].
o Computational Efficiency: Optimizing Al agent models for real-time applications [32].

Future research should focus on improving interpretability, robustness, and collaborative Al agent frameworks.

6. Gap Analysis, Quantitative Findings, Tools, and Future Work

6.1. Gap Analysis

The development and deployment of Al agents have revealed several gaps in current frameworks and methodologies.
One significant gap is the lack of standardized approaches for integrating Al agents with enterprise systems, particularly
in industries like finance and healthcare [27], [33]. Additionally, there is a need for frameworks that address the
challenges of real-time data processing and scalability in multi-agent systems. The absence of robust tools for risk
alignment and ethical considerations in Al agent systems further highlights the need for comprehensive solutions [18],
[24]. Table 2 and 3 discusses the Gap Analysis in a generalized and technical manner.

Table 2 Gap Analysis

Gap Analysis Quantitative Findings | Tools and | Future Work
Implementation

Lack of robust | Improved market risk | TensorFlow, PyTorch | Enhancing explainability in synthetic
synthetic data | estimation using GANs | for deep learning | financial data generation
validation methods models

Need for better | Volatility reduction | Cloud-based Al services | Integrating LLM-based auditing

regulatory through  Al-enhanced | (AWS, GCP, Azure) frameworks for compliance
compliance in Al- | stress testing

driven risk

assessment

Limited Accuracy Monte Carlo | Developing  hybrid Al models
interpretability  of | improvements in | simulations, combining rule-based and learning-
Al-driven financial | anomaly detection | reinforcement learning | based approaches

decisions models

Scalability Efficiency gains using | Distributed computing | Implementing federated learning to

challenges in real- | parallelized training on | platforms (Spark, Ray) | enhance data privacy in financial Al
time Al-driven | GPU clusters
trading strategies
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Table 3 Gap Analysis

Gap Analysis Quantitative Findings Tools and Future Work

Lack of standardized approaches for | FinRobot and  FinCon | Standardize enterprise integration [27],
integrating Al agents with enterprise | improve financial decision- | [33].

systems [27], [33]. making by 30% [19], [20]. Develop tools for risk alignment [18], [24].
Challenges in real-time data processing | IBM Watsonx.ai and AWS Explore compound Al systems [23], [39].
and scalability Bedrock Agents reduce

Absence of robust tools for risk | operational costs by 25% Auto(.}en and Llama-Agents for modular
solutions [11], [12].

i i i i [27], [33].
E[lilgg]n r[r;e4rit and ethical  considerations NVIDIA NIM and Google’s Mariner for
’ ) generative Al

6.2. Quantitative Findings

Recent studies have demonstrated the effectiveness of Al agents in various applications. For instance, frameworks like
FinRobot and FinCon have shown significant improvements in financial decision-making processes, with reported
accuracy increases of up to 30% in portfolio optimization tasks [19], [20]. Similarly, enterprise-grade frameworks like
IBM Watsonx.ai and AWS Bedrock Agents have reduced operational costs by 25% through automation and intelligent
decision support [27], [33]. These quantitative findings underscore the potential of Al agents to transform industries.

6.3. Tools

Avariety of tools have been developed to support the creation and deployment of Al agents. Frameworks like LangGraph
and CrewAl provide robust architectures for multi-agent systems, enabling developers to build scalable and efficient Al
applications [9]. Tools such as AutoGen and Llama-Agents offer modular and lightweight solutions for specific use cases,
making them ideal for rapid prototyping and deployment [11], [12]. Additionally, platforms like NVIDIA NIM and
Google’s Mariner are pushing the boundaries of generative Al by integrating advanced agent frameworks [36], [37].

6.4. Future Work

Future research should focus on addressing the technical challenges and gaps identified in current Al agent frameworks.
Key areas for future work include:

Developing standardized approaches for integrating Al agents with enterprise systems [27], [33].
Enhancing real-time data processing and scalability in multi-agent systems.

Creating robust tools for risk alignment and ethical considerations in Al agent systems [18], [24].

Exploring the use of compound Al systems and multimodal foundation agents to solve complex problems
[23], [39].

Collaboration between industry and academia will be crucial for advancing Al agent technologies. Research initiatives
like the Al Agent Index and frameworks like Camel-Al are paving the way for standardized approaches to agent
development and deployment [21], [40]. These efforts will help address challenges such as risk alignment and ethical
considerations in Al agent systems [7], [24].

7. Pseudo-Code for Building and Deploying Al Agents

e Step 1: Define Agent Roles and Objectives References: [11],

e Step 2: Select an Al Agent Framework References: [8], [9], [11]

e Step 3: Integrate with Data Sources References

e Step 4: Implement Multi-Agent Collaboration References: [12], [21]
e Step 5: Train and Fine-Tune the Agent References: [19], [20]

e Step 6: Deploy the Agent References: [27], [33]

e Step 7: Monitor and Optimize References: [18], [24]

e  Step 8: Scale and Expand References: [23], [39]
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8. Conclusion

Al agent frameworks are transforming the field of artificial intelligence, enabling autonomous systems to perform
complex tasks across various domains. This review highlights the key architectures, applications, and challenges of Al
agents, providing a comprehensive overview of the state-of-the-art. Future research should focus on addressing
technical challenges and exploring emerging trends to unlock the full potential of Al agents. Al agents are revolutionizing
financial services by enhancing automation, decision-making, and risk management. While challenges remain, ongoing
advancements in Al agent frameworks will drive innovation in the financial sector. Al agents are poised to revolutionize
the financial industry. By automating complex tasks, improving decision-making, and creating new opportunities, they
offer significant benefits. However, realizing the full potential of Al agents requires addressing the challenges related to
reliability, explainability, ethics, and risk management. Future research should focus on developing robust frameworks,
enhancing agent capabilities, and establishing best practices for deployment. Al agents are transforming the financial
industry by automating tasks, improving decision-making, and enhancing customer service. A variety of frameworks
are available for building and deploying Al agents, each with its own strengths and weaknesses. While there are
challenges to address, the potential benefits of Al agents in finance are significant. Continued research and development
in this area will lead to even more innovative and impactful applications of Al agents in the years to come.
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