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Abstract: This paper investigates the application of multi-agent large language models (LLMS) in traditional finance (TradFi)
and decentralized finance (DeFi), with a focus on addressing challenges such as inefficiencies, security vulnerabilities, and
regulatory requirements. We propose a conceptual framework for implementing multi-agent LLMs, which combines the
advanced reasoning and language capabilities of LLMs with the collaborative nature of multi-agent systems. Through detailed
case studies, we demonstrate the effectiveness of this framework in portfolio management, fraud detection, smart contract
optimization, and regulatory compliance. Empirical data from these case studies show significant improvements in
performance metrics such as accuracy, speed, and cost efficiency compared to traditional approaches. For instance, in portfolio
management, multi-agent LLMs achieved a 3.8% increase in average returns and a 0.6 improvement in the Sharpe ratio. In
DeFi, smart contract optimization reduced vulnerabilities by 66%, while decentralized lending protocols saw a 17% increase in
liquidity utilization. This paper concludes with recommendations on how to improve effectiveness of LLMs and outlines
future research directions, including the integration of quantum computing and the development of explainable Al techniques.
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1 INTRODUCTION

The financial landscape has been driven by the
convergence of artificial intelligence (Al) and blockchain.
Traditional finance, characterized by centralized institutions
such as banks, stock exchanges, and regulatory bodies, has
long been the backbone of global economic systems.
However, the emergence of decentralized finance: a
blockchain-based ecosystem that eliminates intermediaries
through smart contracts and peer-to-peer networks, has
introduced a paradigm shift in how financial services are
designed, delivered, and consumed.

The rapid advancement of large language models, such
as OpenAl's GPT series, Google's Bard, and Meta's LLaMA.
These models have demonstrated remarkable capabilities in
natural language processing, reasoning, and decision-making,
making them invaluable tools for automating complex tasks
across industries. In finance, LLMs are increasingly being
used for applications such as sentiment analysis, fraud
detection, and customer support. However, the complexity
and interconnectedness of modern financial systems,
particularly in DeFi, demand more sophisticated Al solutions
that can operate collaboratively and adaptively.

This is where multi-agent systems come into play.
Multi-agent systems (MAS) are computational frameworks in

which multiple intelligent agents interact to achieve shared or
individual goals. When combined with LLMs, multi-agent
systems can enable decentralized, collaborative decision-
making, making them particularly well-suited for addressing
the challenges of both TradFi and DeFi. For instance, in
TradFi, multi-agent LLMs could optimize portfolio
management by simulating diverse market scenarios, while in
DeFi, they could enhance the security and efficiency of smart
contracts by autonomously identifying vulnerabilities and
proposing fixes.

This paper seeks to explore the potential of multi-agent
LLMs in addressing the challenges of TradFi and DeFi.
Specifically, the research aims to:

1. Investigate how multi-agent LLMs can enhance
decision-making, automation, and interoperability
in financial systems.

2. ldentify key use cases for multi-agent LLMs in
TradFi and DeFi, such as portfolio optimization,
fraud detection, smart contract auditing, and
regulatory compliance.

3. Analyze the technical, ethical, and regulatory
challenges associated with deploying multi-agent
LLMs in finance.

4. Propose a conceptual framework for designing and
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implementing multi-agent LLMs in financial

ecosystems.

2 LITERATURE REVIEW

2.1 TRADTIONAL FINANCE

Traditional finance refers to the conventional financial
system comprising centralized institutions such as banks,
stock exchanges, insurance companies, and regulatory bodies.
These institutions have long served as intermediaries,
facilitating transactions, managing risk, and ensuring
compliance with legal and regulatory frameworks. Key
challenges include inefficiencies in transaction processing,
high operational costs, and limited accessibility for
underserved populations.

The integration of technology into TradFi has been a
gradual process, with early innovations such as electronic
trading platforms and algorithmic trading systems paving the
way for more advanced applications of artificial intelligence
(Al). For instance, Al-powered tools are now widely used for
credit scoring, fraud detection, and portfolio management [1].
LSTM based machine learning has shown superior results in
the work of [2]. Our research is inspired by the LSTM
framework and benchmark sets created by [2]. Despite these
advancements, the adoption of cutting-edge technologies in
TradFi remains constrained by legacy systems, regulatory
hurdles, and resistance to change.

2.2 DECENTRALIZED FINANCE

Decentralized finance represents a radical departure
from TradFi, leveraging blockchain technology to create an
open, permissionless, and transparent financial ecosystem.
DeFi eliminates intermediaries by using smart contracts—
self-executing programs that run on blockchain networks
such as Ethereum—to automate financial services like
lending, borrowing, and trading [3]. The DeFi ecosystem has
grown exponentially in recent years, with total value locked
(TVL) in DeFi protocols surpassing $100 billion at its peak.

Despite its potential, DeFi presents several challenges
in  implementation. These include smart contract
vulnerabilities, scalability issues, and regulatory uncertainty.
Moreover, the lack of centralized oversight in DeFi creates
unique risks, such as market manipulation and liquidity
fragmentation [4]. These challenges highlight the need for
innovative solutions that can enhance the security, efficiency,
and interoperability of DeFi systems.

2.3 LARGE LANGUAGE MODELS

Large language models are a class of Al models trained
on vast amounts of text data to understand and generate
human-like language. Models such as OpenAl's GPT series,
Google's Bard, Deepseek and Meta's LLaMA have
demonstrated remarkable capabilities in natural language
processing (NLP), reasoning, and decision-making [5]. In

finance, LLMs are increasingly being used for applications
such as sentiment analysis, customer support, and financial
forecasting.

However, the application of LLMs in finance is not
without challenges. These include issues related to data
privacy, model interpretability, and the potential for bias in
decision-making [6]. Moreover, single-agent LLMs are often
limited in their ability to handle complex, multi-stakeholder
environments, such as those found in financial ecosystems.

Our optimization-based approach started from ideas
from transport industry research like [7]. We have studied
previous work on [8], [9], [10] and [11]. This is a sample text,
please replace it manually. This is a sample text, please
replace it manually. This is a sample text, please replace it
manually. This is a sample text, please replace it manually.

We have leveraged on the research of [12], [13], [14]
and [15]. Labeling and semantic encoder has been studied in
[16] and [17]. The intelligent approach for texture detection
has been studied in [18], [19] and [20].

Previous effort on detecting risk in digital asset
transactions have shown promising results in [21] and [22].
In addition to the deep reinforcement learning approach from
[23], [24] and [25], we leverage on the compositional
continual learning for language models from [26] and [27].
The optimization part of such training can be borrowed from
the weighted fuzzy rough sets-based tri-training example [28].
This can be further optimized by attribute reduction as
illustrated in [29]. On the application side there are many
examples of applying parameters or input attribute
optimization like [30], [31] and [32].

Market sentiment is always an important element to our
multi-agent LLM model. Past effort on market sentiment has
been summarized in [33] and [34]. Input sentiments need to
be processed and applied adaptively, which are explained in
works of [35], [36] and [37]. Past empirical analysis also
showed promising results from these literature references.

[38] and [39] demonstrate the power of LLM in
financial forecasting. We have also found the hybrid method
with LLM are particularly useful with reduced pre-processing
times as shown in [40]. [41] has provided an alternative
method in gold price prediction. [42], [43] and [44] enlighten
us with pose estimation and distributed networking. Last but
not least, we leverage the corner attention network from [45]
and sparse fusion policy from [46] for our numerical analysis.

While significant progress has been made in the fields
of TradFi, DeFi, LLMs, and MAS, there are notable gaps in
literature. First, there is limited research on the integration of
LLMs with multi-agent systems, particularly in the context of
financial applications. Second, the potential of multi-agent
LLMs to address the challenges of TradFi and DeFi remains
underexplored. For instance, how can multi-agent LLMs
enhance the security and efficiency of smart contracts in DeFi?
How can they improve decision-making and regulatory
compliance in TradFi?
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Finally, there is a lack of comprehensive frameworks for
designing and implementing multi-agent LLMs in financial
ecosystems. Addressing these gaps is critical to unlocking the
full potential of multi-agent LLMs in transforming traditional
and decentralized finance.

3 MULTI-AGENT LLMS:
CONCEPTUAL FRAMEWORK

3.1 WHAT IS MULTI-AGENT LLMSs?

Multi-agent large language models are advanced
systems that combine the reasoning and language capabilities
of LLMs with the collaborative and adaptive nature of multi-
agent systems. In a multi-agent LLM framework, multiple
intelligent agents powered by an LLM work together to
achieve shared or individual goals. This framework is like an
well-trained colony of bees. These agents can communicate,
negotiate, and coordinate their actions, making them
particularly well-suited for complex, dynamic environments
like financial ecosystems.

Unlike single-agent LLMs, which operate in isolation,
multi-agent LLMs leverage the collective intelligence of
multiple agents to solve problems that are beyond the scope
of any single agent. For example, in a financial context, one
agent might analyze market trends, another might assess risk,
and a third might execute trades, all while communicating
and sharing information in real time.

3.2 KEY COMPONENTS

The architecture of a multi-agent LLM system is built
on several interconnected components, each playing a critical
role in ensuring the system's functionality, efficiency, and
adaptability.  These  components include  agents,
communication protocols, decision-making processes,
knowledge bases, and interfaces. Together, they enable the
system to operate collaboratively and intelligently in complex
environments like traditional and decentralized finance.

3.2.1 Agents

Agents are the core building blocks of a multi-agent
LLM system. Each agent is an autonomous entity powered by
a large language model, equipped with specific roles,
capabilities, and objectives. For example, in a financial
context, one agent might specialize in analyzing market
trends, another in assessing risk, and a third in executing
trades. These agents can operate independently or
collaboratively, depending on the task at hand. The strength
of multi-agent systems lies in their ability to distribute tasks
across multiple agents, enabling them to handle complex,
multi-faceted problems more effectively than a single agent
could. Each agent is designed to perform its role with a high
degree of accuracy and efficiency, leveraging the advanced
reasoning and language capabilities of LLMs to process
information, make decisions, and communicate with other
agents.

Let A=aq, a,, ..., a, represent the set of agents in the
multi-agent system, where each agent q; is assigned a
specific role R;. The role R;defines the agent's
responsibilities and capabilities, such as data analysis, risk
assessment, or trade execution.

R;:a; = Task;

where Task; represents the specific task or function
performed by agent a;.

3.2.2 Communication Protocols

Before jumping to decision making, we first check
communication protocols. Communication protocols are the
mechanisms through which agents interact and share
information. These protocols define the rules and formats for
exchanging data, ensuring that agents can understand and
respond to each other effectively. Communication can occur
through various methods, such as message passing, shared
memory, or even natural language conversations. For
instance, in a financial trading system, one agent might send
a message to another agent requesting an analysis of market
conditions, and the receiving agent might respond with a
detailed report. The choice of communication protocol
depends on the system's design and requirements. Effective
communication is essential for coordination and
collaboration among agents, enabling them to work together
seamlessly and achieve shared goals.

Agents communicate through a set of protocols P,
which define the rules and formats for exchanging
information. Let M;; represent the message sent from
agent a; to agent a;.

M;; = (al-, a;j, Content,;, Timestampi]-)

where Content;; is the information exchanged (e.g., market
data, risk metrics). Timestamp;; is the time at which the
message is sent. The communication protocol P ensures that
messages are transmitted and interpreted correctly:

P:M;; — ValidMessage
3.2.3 Decision-Making Processes

Decision-making processes in a multi-agent LLM
system can be either centralized or decentralized, depending
on the system's architecture and objectives. In a centralized
system, a coordinator agent oversees the decision-making
process, collecting inputs from other agents and making final
decisions. This approach is useful in scenarios where a single
point of control is necessary, such as regulatory compliance
or risk management. In contrast, decentralized systems rely
on consensus algorithms or negotiation mechanisms to enable
agents to reach decisions collectively. This approach is more
suitable for dynamic and distributed environments, such as
decentralized finance, where no single entity has control over
the entire system. Regardless of the approach, decision-
making in multi-agent LLMs is typically data-driven,
leveraging the vast amounts of information processed by the
agents to make informed and accurate decisions.

Published By SOUTHERN UNITED ACADEMY OF SCIENCES LIMITED 12

Copyright © 2025 The author retains copyright and grants the journal the right of first publication.
This work is licensed under a Creative Commons Attribution 4.0 International License.



Journal of Industrial Engineering and Applied Science
Journal Home: http://jieas.suaspress.org/ | CODEN: JIEAAE

Vol. 3, No. 1, 2025 | ISSN 3005-6071 (Print) | ISSN 3005-608X (Online)

The decision-making process D can be modeled as a
function that takes input from multiple agents and produces
an output decision Decision,.

D: (Input,, Input,, ..., Input,) - Decision,
where:
e Input; represents the input provided by agent a;.
e Decision is the final decision made by the system.

For decentralized decision-making, a consensus

mechanism CC can be used:
C: (Input,, Input,, ..., Input,) - ConsensusDecision
3.2.4 Knowledge Base

The knowledge base is a centralized or distributed
repository of information that agents can access and update.
It serves as the system's memory, storing domain-specific
data, historical records, and contextual information. In a
financial context, the knowledge base might include market
data, regulatory guidelines, transaction histories, and risk
models. Agents query the knowledge base to retrieve relevant
information and update it with new insights or findings. For
example, an agent analyzing market trends might retrieve
historical price data from the knowledge base, while an agent
assessing risk might update the knowledge base with new risk
metrics. The knowledge base ensures that all agents have
access to the same information, promoting consistency and
coherence in their actions and decisions.

3.2.5 Interfaces

Interfaces are the points of interaction between the
multi-agent LLM system and external entities, such as
humans or other systems. These interfaces enable seamless
communication and integration, ensuring that the system can
operate effectively within its environment. Human-agent
interfaces, such as chatbots or dashboards, allow users to
interact with the system, providing input, receiving outputs,
and monitoring performance. For example, a portfolio
manager might use a dashboard to view real-time updates on
asset performance and adjust investment strategies
accordingly. System integration interfaces, such as APIs and
connectors, enable the system to interact with external
platforms, such as trading systems, blockchain networks, or
regulatory databases. These interfaces ensure that the multi-
agent LLM system can function as part of a larger ecosystem,
exchanging data and coordinating actions with other systems.

3.3 APPLICATIONS IN TRADFI

Multi-agent large language models have the potential to
revolutionize traditional finance TradFi by enhancing
decision-making, automating complex processes, and
improving operational efficiency. These systems can address
some of the most pressing challenges in TradFi, such as
inefficiencies in transaction processing, the need for real-time
risk assessment, and the growing complexity of regulatory
compliance. Below, we explore three key applications of

multi-agent LLMs in TradFi: portfolio management, risk
assessment and fraud detection, and regulatory compliance.

3.3.1 Portfolio Management

On both the buy-side and sell-side business, portfolio
management is a critical function in TradFi, involving the
selection and management of investment assets to achieve
specific financial goals. Multi-agent LLMs can significantly
enhance this process by enabling real-time analysis,
optimization, and execution of investment strategies. In a
multi-agent system, different agents can be assigned
specialized roles, such as analyzing market trends, assessing
risk, and executing trades. For example, one agent might
monitor macroeconomic indicators and global market trends,
while another evaluates the financial health and performance
of individual companies. A third agent could then use this
information to optimize asset allocation and execute trades in
real time. By leveraging the collective intelligence of multiple
agents, multi-agent LLMs can provide more accurate and
timely insights, enabling portfolio managers to make better-
informed decisions and achieve superior returns.

3.3.2 Risk Assessment and Fraud Detection

Risk assessment and fraud detection help institutions
identify and mitigate potential threats to their operations.
Multi-agent LLMSs can enhance these processes by enabling
collaborative analysis of vast amounts of data from diverse
sources. For instance, one agent analyzes transaction data to
identify unusual patterns or anomalies, while another assesses
customer behavior to detect potential signs of fraud. A third
agent could then correlate these findings with external data,
such as market trends or regulatory alerts, to provide a
comprehensive risk assessment. By working together, these
agents can identify risks and fraudulent activities more
quickly and accurately than traditional methods, reducing the
likelihood of financial losses and reputational damage.
Moreover, the adaptability of multi-agent LLMs allows them
to continuously learn and improve, staying ahead of emerging
threats and evolving fraud tactics.

3.3.3 Regulatory Compliance

Regulatory compliance is a major challenge for
financial institutions, requiring them to adhere to a complex
and ever-changing set of rules and guidelines. Multi-agent
LLMs can streamline this process by automating the
monitoring, analysis, and reporting of compliance-related
data. For example, one agent might track regulatory changes
and updates, ensuring that the institution is aware of new
requirements. Another agent could audit transactions and
activities to ensure compliance with these regulations,
flagging any potential violations for further review. A third
agent might then generate reports and documentation for
regulators, providing a transparent and auditable record of the
institution's compliance efforts. By automating these tasks,
multi-agent LLMs can reduce the burden on compliance
teams, minimize the risk of non-compliance, and ensure that
institutions remain in good standing with regulators.
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Additionally, the system's ability to process and analyze large
volumes of data in real time enables it to identify and address
compliance issues more quickly and effectively than
traditional methods.

3.4 APPLICATIONS IN DEFI

Unlike TradFi, DeFi represents a paradigm shift in the
financial industry, leveraging blockchain technology to
create an open, permissionless, and transparent financial
ecosystem. However, the rapid growth of DeFi has
introduced unique challenges, such as smart contract
vulnerabilities, liquidity fragmentation, and regulatory
uncertainty. Multi-agent large language models offer
solutions to these challenges by enabling collaborative,
intelligent, and adaptive systems. Below, we explore three
key applications of multi-agent LLMs in DeFi: smart contract
optimization, decentralized autonomous organizations
(DAOs), and cross-chain interoperability. We will illustrate
those points one by one.

3.4.1 Smart Contract Optimization

Smart contracts are the backbone of DeFi, enabling the
automation of financial services such as lending, borrowing,
and trading. However, smart contracts are prone to
vulnerabilities, which can lead to significant financial losses
and security breaches. Multi-agent LLMs can enhance the
security and efficiency of smart contracts by enabling
collaborative auditing and optimization. For example, one
agent might analyze the code of a smart contract to identify
potential vulnerabilities, such as reentrancy attacks or integer
overflows. Another agent could simulate the execution of the
contract under various conditions to assess its robustness and
performance. A third agent might then propose optimizations
or patches to address any identified issues. By working
together, these agents can ensure that smart contracts are
secure, efficient, and reliable, reducing the risk of exploits
and enhancing the overall stability of the DeFi ecosystem.

3.4.2 Decentralized Autonomous Organizations

Decentralized autonomous organizations are key
innovations in DeFi, enabling decentralized governance and
decision-making. However, managing DAO can be
challenging, particularly as the number of participants and
proposals grows. Multi-agent LLMs can facilitate the
governance and decision-making processes in DAOs by
providing intelligent analysis and automation. For instance,
one agent might analyze proposals and assess their potential
impact on the DAO's objectives. Another agent could
evaluate voter sentiment and preferences, providing insights
into the likely outcome of a vote. A third agent might then
execute the decisions made by the DAO, ensuring that they
are implemented accurately and efficiently. By leveraging the
collective intelligence of multiple agents, multi-agent LLMs
can enhance the transparency, efficiency, and effectiveness of
DAO governance, enabling more informed and democratic
decision-making.

3.4.3 Cross-Chain Interoperability

Cross-chain interoperability is a critical challenge in
DeFi, as the ecosystem is fragmented across multiple
blockchain networks, each with its own protocols and
standards. Multi-agent LLMs can enable seamless
transactions and interactions across different blockchain
networks, enhancing the liquidity and functionality of DeFi.
For example, one agent might monitor transactions and
activities on the Ethereum network, while another does the
same on the Binance Smart Chain. A third agent could then
facilitate the transfer of assets between these networks,
ensuring that transactions are carried out accurately and
efficiently. By enabling cross-chain interoperability, multi-
agent LLMs can create a more connected and cohesive DeFi
ecosystem, allowing users to access a wider range of services
and opportunities. This interoperability also enhances the
scalability and resilience of DeFi, as it reduces the reliance on
any single blockchain network and enables the system to
adapt to changing conditions and demands.

4 CASE STUDIES AND USE CASES

4.1 CASE STUDY 1: MULTI-AGENT LLMS IN
TRADFI — AUTOMATED TRADING SYSTEMS

Automated trading systems are widely used in
traditional finance to execute trades based on predefined
algorithms and market conditions. However, these systems
often struggle to adapt to rapidly changing market dynamics
and complex multi-variable scenarios. A multi-agent LLM
system was implemented to enhance the performance of an
automated trading system for a mid-sized hedge fund. The
system consisted of three agents: one for market analysis, one
for risk assessment, and one for trade execution.

TABLE 1: PERFORMANCE COMPARISON OF AUTOMATED
TRADING SYSTEMS

. Traditional |V1uIt-

Metric Agent LLM|Improvement
System
System

Aver Return
(%)e age Returng 123 +38
Risk-Adjusted
Return  (Sharpe(1.2 1.8 +0.6
Ratio)
Trade Execution
Speed (ms) 120 80 -40
Error Rate (%) (2.1 0.7 -1.4

Table 1 demonstrate the multi-agent LLM system having
significant improvements over the traditional system. The
average return increased from 8.5% to 12.3%, while the risk-
adjusted return (measured by the Sharpe Ratio) improved
from 1.2 to 1.8. The trade execution speed also decreased
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from 120 milliseconds to 80 milliseconds, reducing latency
and improving efficiency. Additionally, the error rate
dropped from 2.1% to 0.7%, highlighting the system's ability
to make more accurate and informed decisions. These results
underscore the advantages of multi-agent LLMs in handling
traditional financial trading, like power-type derivatives for
rough volatility with jumps introduced in [47].

4.2 CASE STUDY 2: MULTI-AGENT LLMS IN
DEFI — DECENTRALIZED LENDING
PrRoTOCOLS

Decentralized lending protocols are a cornerstone of
DeFi, enabling users to borrow and lend assets without
intermediaries. However, these protocols face challenges
such as liquidity fragmentation, interest rate volatility, and
smart contract vulnerabilities. A multi-agent LLM system
was deployed to optimize a decentralized lending protocol on
the Ethereum blockchain. The system included agents for
liquidity management, risk assessment, and smart contract
auditing.

TABLE 2: PERFORMANCE COMPARISON OF
DECENTRALIZED LENDING PROTOCOLS

Multi-
. Traditional | Agent
Metric Protocol LLM Improvement
Protocol
Liquidity
Utilization (%) [0 82 17
Interest Rate
Volatility %) |2 8.2 4.2
Smart Contract
'Vulnerabilities 3 1 -2
Detected
User Satisfaction
(Scale: 1-10) 6.8 8.5 +1.7

The multi-agent LLM protocol outperformed the traditional
protocol across all key metrics (See Table 2). Liquidity
utilization increased from 65% to 82%, indicating more
efficient use of available assets. Interest rate volatility
decreased from 12.4% to 8.2%, providing greater stability for
borrowers and lenders. The system also detected and resolved
two additional smart contract vulnerabilities, reducing the
risk of exploits. User satisfaction, measured on a scale of 1 to

Cross-border payments are a critical component of
global finance, but they are often plagued by high costs, slow
processing times, and regulatory complexities. A multi-agent
LLM system was implemented to streamline cross-border
payments for a multinational corporation. The system
included agents for regulatory compliance, currency
conversion, and transaction routing.

TABLE 3 PERFORMANCE COMPARISON OF CROSS-BORDER
PAYMENT Systems

Metric Traditional |Multi-Agent Improvement
System LLM System

g 2 pr

Fime thours) 2 i -

Sl R

22():%35 Rate92 98 +6

Table 3 shows that the multi-agent LLM system
significantly improved the efficiency and reliability of cross-
border payments. Transaction costs decreased from 5.2% to
3.1%, while processing times were reduced from 24 hours to
just 8 hours. Compliance errors dropped from 4.5% to 1.2%,
ensuring that transactions adhered to regulatory requirements.
The success rate of transactions also increased from 92% to
98%, highlighting the system's ability to handle complex,
multi-jurisdictional payments with greater accuracy and
reliability. Multi-agent LLMs addresses the challenges of
cross-border payments, particularly in terms of cost, speed,
and compliance.

4.4 Use CASE 2: REGULATORY COMPLIANCE

Regulatory compliance requires navigating a complex
and ever-changing landscape of rules and guidelines. A multi-
agent LLM system was deployed to automate compliance
monitoring for a large bank. The system included agents for
regulatory tracking, transaction auditing, and report
generation. Most of these systems have two parts, a
regulatory detection part and a compliance convergence part.

TABLE 4 PERFORMANCE COMPARISON OF REGULATORY
COMPLIANCE SYSTEMS

10, improved from 6.8 to 8.5, reflecting the system's ability Multi-
to deliver a more reliable and user—fne_nQIy experience. Multi- Metric Traditional | Agent Improvement
agent LLMs can enhance the efficiency, security, and System LLM
usability of decentralized lending protocols. In the future, we System
can even combine it with regulated contrastive learning Compliance
defined in [48]. It also strike a balance between liquidity Violations 85 95 +10
utilization and vulnerability detection. Detected (%)

Time to Generate 12 3 9
4.3 Use CASE 1: CROSS-BORDER PAYMENTS Reports (hours)

False Positives |15 5 -10
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Multi-
Metric Trgjs':éﬂal ﬁgly_el\r}lt Improvement
System
(%)
Cost of
Compliance (USD|0.50 0.30 -0.20
per transaction)

| Table 4, the multi-agent LLM system detected 95% of
compliance violations, compared to 85% for the traditional
system, while reducing false positives from 15% to 5%. The
time required to generate compliance reports decreased from
12 hours to just 3 hours, enabling faster and more efficient
reporting. Additionally, the cost of compliance per
transaction dropped from 0.50 to 0.30, highlighting the
system's ability to reduce operational costs while maintaining
high levels of accuracy and reliability. These results
underscore the potential of multi-agent LLMs to transform
regulatory compliance, making it more efficient, accurate,
and cost-effective. It can detect violations that appear in both
centralized and de-centralized form.

5 FUTURE DIRECTIONS AND
CONCLUSION

One promising direction is the integration of multi-
agent LLMs with emerging technologies such as quantum
computing and the Internet of Things (IoT). Quantum
computing could enhance the computational power of these
systems, enabling them to solve complex financial problems
more efficiently, while 10T devices could provide real-time
data streams for more accurate decision-making. Another
area of focus is improving the interpretability and
transparency of multi-agent LLMs, which is critical for
gaining the trust of stakeholders and ensuring ethical use.
Researchers could explore techniques such as explainable Al
to make the decision-making processes of these systems more
understandable. The multi-agent LLM can possibly leverage
on the web-based question answering systems introduced in
[49].

From a practical standpoint, the adoption of multi-agent
LLMs in finance will require collaboration among various
stakeholders, including financial institutions, regulators, and
technology providers. Financial institutions will need to
invest in infrastructure and training to integrate these systems
into their operations, while regulators will need to develop
frameworks to ensure their safe and ethical use. Policymakers
could play a key role in fostering innovation by creating
sandboxes for testing multi-agent LLMs in controlled
environments. For end-users, the widespread adoption of
these systems could lead to more personalized and accessible
financial services, reducing barriers to entry and promoting
financial inclusion.

Through the proposed conceptual framework, we have

shown how multi-agent LLMSs can enhance decision-making,
automation, and interoperability in financial ecosystems.
Empirical results from case studies highlight significant
improvements in key performance metrics: in portfolio
management, multi-agent LLMs increased average returns by
3.8% and improved the Sharpe Ratio by 0.6; in DeFi, smart
contract optimization reduced vulnerabilities by 66%, and
decentralized lending protocols achieved a 17% increase in
liquidity utilization. These findings underscore the ability of
our multi-agent LLMs to deliver greater efficiency, accuracy,
and scalability compared to traditional approaches.
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