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Abstract 

This research introduces a simulated AI trading system that functions as an Agentic AI for 

individuals, capable of understanding and learning while autonomously performing buying and 

selling of equities in the stock market. The design of this Agentic AI is based on four key pillars: 

real-time news analysis to assess market sentiment, chart pattern and technical indicator analysis 

to predict market trends, supply-demand dynamics evaluation to identify market imbalances, 

and risk management strategies, such as stop-loss mechanisms, to minimize potential losses. 

Each of these pillars is implemented as a separate Agentic AI model, integrated through a 

common communication channel. This channel facilitates message exchange between the 

pillars, enabling collaborative decision-making. Once consensus is achieved among the pillars, 

the system executes trades autonomously in the stock market. This research demonstrates how 

advanced AI technologies can be integrated into an Agentic AI system to create a fully 

autonomous trading bot capable of analyzing, deciding, and acting in real-time financial 

environments. 

Keywords: Agentic AI Trading, Multi-Agent Reinforcement Learning, Stock Market 

Prediction, Sentiment Analysis in Finance. 
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1. Introduction: 

The application of Agentic AI in financial markets has revolutionized stock trading by 

enabling autonomous decision-making through artificial intelligence. Traditional algorithmic 

trading relies on rule-based strategies, but recent advancements in multi-agent AI, reinforcement 

learning, and sentiment analysis have introduced more dynamic, self-learning trading systems 

These AI-driven systems analyze market trends, assess risk, and execute trades without 

human intervention, improving efficiency and adaptability. 

This research introduces an Agentic AI trading system designed to function 

autonomously by integrating real-time market sentiment analysis, technical indicator-based 

predictions, supply- demand evaluation, and risk management strategies. Studies such as 

FinVision[2] and StockAgent[6] demonstrate that large language models (LLMs) and multi-

agent frameworks enhance financial market prediction, particularly when combining news 

sentiment analysis with technical and fundamental indicators. Additionally, reinforcement 

learning models have been employed to optimize trading strategies by continuously adapting 

to market conditions 

Unlike conventional models that operate in isolation, this system employs a multi-agent 

architecture, where each component—news analysis, technical analysis, market imbalance 

detection, and risk assessment—functions as an independent AI agent. A shared 

communication channel facilitates collaborative decision-making, ensuring informed trade 

execution. 

The primary objective of this research is to explore the feasibility of such a system by 

creating a simulations model. By bridging the gap between multi-agent AI decision-making and 

financial market applications, this research aims to contribute to the growing field of 

autonomous AI trading and provide insights into the practical implementation of real-time AI- 

driven financial systems in stock markets. 

 

2. Literature Review 

The integration of Agentic AI in stock trading has gained significant attention, leveraging 

advancements in multi-agent reinforcement learning (MARL), sentiment analysis, and 

algorithmic trading strategies. The review examines current advancements, debates, and gaps in 

the field based on recent scholarly work. 

2.1 Real-Time News Analysis for Market Sentiment 

Financial sentiment analysis is a crucial aspect of market prediction, aided by AI systems. 

Large Language Models (LLMs) can extract contextual insights from financial news, but 

challenges persist in filtering misleading or delayed information. StockAgent proposes 

integrating multi-modal LLMs to improve accuracy in news-driven trading decisions. [2,6] 

2.2 Chart Pattern and Technical Indicator Analysis 

Technical analysis and price forecasting have been extensively studied, with ARIMA, 

LSTM, EMA, and XGBoost predicting short-term market movements based on historical price 

patterns. TradingAgents incorporates multi-agent decision-making, analyzing candlestick charts 

and trading signals before executing trades. However, these methods are susceptible to market 
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noise and overfitting, suggesting the need for hybrid approaches that combine technical and 

fundamental analysis.[4,5] 

2.3 Supply-Demand Dynamics Evaluation 

Understanding market liquidity and price imbalances is essential for informed trading 

decisions. Multi-agent AI frameworks like Optimized RL in Quantitative Markets explore 

reinforcement learning-based trading agents adapting to changing supply-demand conditions. 

However, real-world applications require high-frequency market data, which is often costly and 

computationally intensive. Order flow analysis and VWAP-based trading strategies may enhance 

AI-driven liquidity detection, but gaps remain in capturing hidden liquidity and order book 

dynamics. [2,3] 

2.4 Risk Management Strategies in AI Trading 

Effective risk management is essential for maintaining sustainable AI-driven trading 

performance. [Trada demonstrates that stop-loss mechanisms and dynamic position sizing can 

mitigate trading risks, but their effectiveness depends on market volatility]4. [TradingAgents 

implements agent-based risk management, where AI monitors trade exposure and adjusts 

position sizing dynamically]5. Despite these advancements, challenges persist in avoiding 

premature stop-loss triggers during temporary market fluctuations. The literature also debates 

the adaptability of AI models to black swan events, suggesting the need for probabilistic risk 

assessment frameworks that integrate historical crash data and extreme event modelling. 

  

3. Research Methodology 

The methods employed in this research are divided into four main components System 

Architecture, this shows the flow and working of system throughout the design architectural 

model. Risk Management, ensuring robust mechanisms to minimize potential losses and 

maintain consistent profit targets. News Extraction and Understanding, leveraging real-time and 

historical data to predict stock trends. Supply and Demand Analysis, evaluating stock volumes 

and market dynamics to inform decision-making. Chart Extraction and Flow Prediction 

analyzing chart patterns and technical indicators to forecast market behaviour. 

Each component is integral to the overall system architecture, which automates decision- 

making processes a Agentic AI and integrates the four pillars. 

3.1 System Architecture 

The proposed Agentic AI Trading System is designed as a multi-agent framework that 

autonomously analyses financial markets, predicts trends, and executes trades. The architecture 

integrates multiple AI-driven components, each specializing in a key aspect of trading: news 

sentiment analysis, technical pattern recognition, supply-demand evaluation, and risk 

management 

The system begins with the Data Collection and Processing Set, which aggregates real-

time financial news, market data, and order book details. The News Sentiment Analysis Engine 

utilizes natural language processing (NLP) models to extract relevant financial insights, 

following methodologies used in FinVision. Simultaneously, the Chart Pattern Recognition 

Model applies deep learning techniques, such as LSTM and XGBoost, to identify price trends. 
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The Supply-Demand Analysis Engine evaluates market liquidity and price imbalances by 

analyzing real-time trading volumes, mirroring approaches in reinforcement learning-driven 

market prediction. The Risk Management Engine implements stop-loss strategies and dynamic 

position sizing, adapting to volatility and mitigating financial exposure 

All components communicate through an AI Reasoning Environment, which consolidates 

data from all subsystems to make probabilistic trading decisions. Once a decision is reached, 

trades are simulated in a Trading Simulation & Execution module before being executed in the 

live market. The system is accessible through a User Dashboard and API Gateway, allowing 

users to monitor performance and trading reports. 

This architecture ensures an adaptive, data-driven approach to stock trading, integrating 

multi- agent AI decision-making to enhance autonomous financial operations. 

3.2 News Extraction and Analysis 

The News Sentiment Analysis Engine in the Agentic AI Trading System plays a critical role 

in extracting, processing, and interpreting financial news to assess market sentiment. [This 

component leverages Natural Language Processing (NLP) models to analyze real-time news 

articles, financial reports, and social media discussions, providing structured insights for trading 

decisions.] 2,6. 

The process begins with the Data Collection and Processing Set, which aggregates live 

financial news from multiple sources, including stock market APIs, RSS feeds, and social media 

sentiment trackers. [The News Analysis Engine utilizes large language models (LLMs) such as 

GPT-based AI to categorize market sentiment as bullish, bearish, or neutral.] 2. [Additionally, 

Named Entity Recognition (NER) is applied to extract key financial entities, such as company 

names, stock symbols, and economic indicators, improving the precision of sentiment 

interpretation] 5. 

To filter misleading or contradictory news, the system employs an ensemble learning 

approach, combining multiple sentiment classification models for increased reliability. [A 

Reinforcement Learning (RL) feedback loop further refines sentiment accuracy by correlating 

past news events with actual market movements]3 

Once processed, the sentiment data is sent to the AI Reasoning Environment, where it is 

integrated with technical and supply-demand analysis for final trading decisions. [This structured 

approach to news extraction ensures timely and data-driven trading insights, reducing reliance 

on human interpretation while improving market response efficiency]6 

3.3 Supply and Demand Analysis 

[The Supply-Demand Analysis Engine in the Agentic AI Trading System is designed to 

evaluate real-time market liquidity and price imbalances by analyzing trading volume, order 

book data, and asset flow dynamics] 5,3. Understanding supply and demand dynamics allows 

the system to detect potential price movements before they occur, improving trading accuracy. 

The process begins with the Live Supply and Demand Data Aggregator, which collects 

high- frequency data from market exchanges, including bid-ask spreads, trade volumes, and order 

book depth. [Inspired by multi-agent reinforcement learning (MARL) approaches, the engine 

applies reinforcement learning models to identify patterns in market activity]3. 



 
(ISSN: 2582-5526)  www.thevoiceofcreativeresearch.com 

The Voice of Creative Research 
Vol. 7 & Issue 2 (April 2025) 

 

207 

 

 

[To determine whether an asset is overbought or oversold, the system utilizes Volume 

Weighted Average Price (VWAP), Order Flow Imbalance (OFI), and liquidity heatmaps. These 

indicators help the AI predict short-term market shifts based on institutional order flows and large 

trader activity]2 . [Additionally, an anomaly detection mechanism flags unusual trading 

behaviours, such as sudden volume spikes or rapid bid-ask spread fluctuations, which may signal 

impending market moves] 5. 

The processed supply-demand insights are sent to the AI Reasoning Environment, where 

they are integrated with news sentiment and technical indicators for holistic decision-making. 

[This module ensures that trades are executed based on real-time market dynamics, optimizing 

entry and exit points to maximize profitability while managing risks]6. 

3.4 Chart Extraction and flow prediction 

The Chart Pattern Recognition Model in the Agentic AI Trading System is responsible for 

extracting financial chart data and predicting market flow based on historical price patterns and 

technical indicators. [This component leverages deep learning techniques and statistical models to 

identify key patterns that inform trading decisions.] 4,5 

The process begins with the Data Collection and Processing Set, which aggregates real-

time candlestick charts, historical stock prices, and technical indicators such as Moving Averages 

(MA), Relative Strength Index (RSI), Bollinger Bands, and MACD. [To enhance predictive 

capabilities, the system employs Long Short-Term Memory (LSTM) networks and XGBoost 

models, which have demonstrated success in time-series forecasting.]4. 

For real-time decision-making, the model applies pattern recognition techniques to detect 

bullish and bearish formations, including head-and-shoulders, double tops/bottoms, and trend 

reversals [3] Additionally, an anomaly detection layer flags sudden deviations from historical 

trends, such as price spikes or unusually high volatility, which may indicate market manipulation 

or institutional trading activity.[2] 

The extracted chart insights are then fed into the AI Reasoning Environment, where they 

are combined with news sentiment analysis and supply-demand evaluations to refine trade 

execution strategies. By integrating technical analysis with AI-driven predictive modelling, this 

module enhances the system’s ability to adapt to market fluctuations and optimize trading 

performance.[3] 

3.5 Risk Management 

The Risk Management Engine in the Agentic AI Trading System is designed to mitigate 

potential losses by implementing stop-loss mechanisms, dynamic position sizing, and volatility-

based trade adjustments. Risk management is critical in algorithmic trading, ensuring that the 

system operates within predefined financial safety parameters. [3,5] 

The engine begins by analyzing market volatility, historical price swings, and drawdown 

patterns using statistical models such as Conditional Value at Risk (CVaR) and Bollinger Bands. 

This enables the system to adjust trade sizes dynamically based on risk exposure [4] 

. Reinforcement learning techniques, as explored in Optimized RL in Quantitative 

Markets[3], are applied to refine stop-loss placements and optimize trade exit strategies. To prevent 
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excessive losses, the system enforces adaptive stop-loss levels, which adjust based on real-time 

price fluctuations and trading volume. Unlike traditional fixed stop-loss methods, this approach 

minimizes premature trade closures during temporary market pullbacks [2]. Additionally, a trailing 

stop mechanism ensures that profitable trades are protected against sudden reversals [5]. The Risk 

Management Engine continuously feeds risk metrics into the AI Reasoning Environment, allowing 

the system to balance profitability and capital preservation. In extreme conditions, such as flash 

crashes or unexpected economic events, the AI can trigger a circuit breaker, temporarily halting 

trading to avoid significant losses.[6] 

By integrating real-time risk assessment with AI-driven trading strategies, this module 

enhances system resilience and long-term sustainability, ensuring that trading decisions are both 

profitable and risk-aware. 

3.6 Dynamic Adaptability of the Multi-Agent System 

The architecture of the proposed multi-agent system is built to accommodate the rapidly 

changing and often unpredictable nature of financial markets. Each agent functions 

independently and updates its analysis in real time based on incoming data. For example, the 

News Sentiment Agent adjusts sentiment scores dynamically as new headlines are processed 

[4][5]. Similarly, the Technical Indicator Agent recalculates its signals with each market price 

movement, ensuring responsiveness to recent trends [4][5]. 

 Agents operate asynchronously within a shared reasoning environment, enabling adaptive 

collaboration. This coordination allows the system to revise its strategy instantly in response to 

shifting market conditions. Additionally, the central Reasoning Module evaluates the recent 

accuracy of each agent and recalibrates their influence on final decisions accordingly. This 

performance-based reweighting mechanism enhances the system's adaptability during periods of 

volatility or structural market changes [4][6].  

3.7 Dataset and Simulation Environment 

This research adopts a simulation-oriented methodology to conceptualize and examine the 

functionality of a multi-agent AI framework within the domain of financial trading. Rather than 

utilizing a specific real-world dataset, the model is built to replicate agent behaviors and decision-

making mechanisms under conditions that reflect typical market dynamics. Each agent is 

programmed to simulate plausible and context-aware actions, facilitating the theoretical 

assessment of the system’s architecture, coordination logic, and adaptability to evolving 

scenarios. This approach allows for controlled experimentation free from the limitations imposed 

by data availability, while also establishing a solid foundation for potential future deployment 

using empirical datasets. 

To maintain relevance and extendibility, the proposed architecture is designed to 

seamlessly integrate with standard financial data sources. In practical applications, the News 

Sentiment Agent could analyze real-time structured and unstructured content retrieved from 

financial APIs or social sentiment platforms. The Technical Indicator Agent would process 

historical and real-time price data available through services such as Yahoo Finance or Quandl 

[4][6]. Agents responsible for modeling supply-demand behavior might utilize synthetic order 

book simulations or Level 2 market data, while risk assessment components could be guided by 
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volatility measures and historical drawdown patterns [5]. 

 

 

Figure 1: Simulaion model process flow 

 

4. Conclusion 

This research presents an Agentic AI Trading System that integrates real-time news 

sentiment analysis, chart pattern recognition, supply-demand evaluation, and risk management 

to enable fully autonomous stock trading. By leveraging multi-agent decision-making and 

reinforcement learning, the system adapts dynamically to market fluctuations, optimizing trading 

strategies based on historical data and real-time conditions. The integration of natural language 

processing (NLP) for sentiment analysis, deep learning for technical indicators, and 

reinforcement learning for risk management makes this approach a significant advancement in 

AI-driven trading models. Through rigorous simulations model, this system demonstrates the 

feasibility of data-driven, automated financial decision-making. 
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The benefits of this system are substantial. Unlike traditional rule-based algorithmic 

trading, the Agentic AI framework allows for continuous learning, adapting to shifting market 

trends and news-driven volatility in ways that static models cannot. The modular architecture 

also ensures scalability, allowing additional AI agents to be integrated for enhanced 

predictive accuracy. Furthermore, the use of reinforcement learning for risk management 

ensures that trade execution remains balanced between profitability and capital preservation, 

reducing exposure to catastrophic losses. 

Several limitations remain that require further refinement. The computational cost of 

running multi-agent AI systems in real-time trading environments is significant, requiring 

high- performance infrastructure. Additionally, decision conflicts between AI agents—such 

as when sentiment analysis indicates a bullish trend but technical indicators suggest a sell 

signal— require further optimization in conflict resolution strategies. Another limitation is 

the inability to fully model institutional investor behaviours, which significantly influence 

stock movements beyond retail trading activities. 

The potential implications of this work extend beyond stock trading, with applications 

in automated portfolio management, AI-driven hedge fund strategies, and financial risk 

forecasting. The system’s multi-agent architecture can be adapted for cryptocurrency markets, 

commodities, and forex trading, and an AI trader colpilot/autopilot for everyone broadening 

its impact on financial automation. 

While challenges remain, the foundation laid by this research is strong, offering a 

scalable, adaptive AI trading framework. Future work should focus on improving real-time 

execution in Indian stock market, refining AI-agent collaboration, and expanding 

reinforcement learning techniques to further enhance decision-making in highly volatile 

markets. 
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