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[bookmark: _Toc221325979]1.1 Research Background and Context

Portfolio management has traditionally used mathematical models that look at past price changes, trading volumes, and basic financial data to make investment decisions. However, financial markets are not simply rational systems controlled by numbers alone. They are strongly influenced by investor feelings, market psychology, and the flow of information that shapes how people behave as a group. The efficient market hypothesis says that stock prices already include all available information, but growing evidence shows that investors often react emotionally to news stories, social media posts, and broader trends. This creates opportunities for trading strategies that pay attention to investor sentiment to make better returns.
The development of deep learning and natural language processing has created new ways to extract useful signals from text data that doesn't have a fixed structure. Recent improvements in transformer-based language models, particularly specialist models like FinBERT designed for finance, have shown impressive abilities to understand financial language and detect subtle differences in sentiment that general-purpose models miss. At the same time, reinforcement learning has proved effective for making sequences of decisions, learning the best trading policies by trying different approaches and learning from the results in market environments. However, most current methods either focus only on sentiment analysis without sophisticated ways to make decisions, or use reinforcement learning systems that ignore the valuable information contained in news articles and social media posts.
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The main research problem of this study is to examine whether a multi-modal reinforcement learning agent that combines sentiment from professional news and social media, and makes decisions using a black-box model that is difficult for humans to interpret, can be improved by adding explainability to better understand and justify its portfolio decisions.
Traditional portfolio optimisation techniques, such as mean–variance optimisation, rely only on historical price data and assume that past trends can predict future returns. Although these methods are well established in theory, they do not consider real-time events or changes in market narratives that often influence short-term price movements. At the same time, sentiment analysis in finance is usually applied on its own, producing sentiment scores that are difficult to convert into practical trading decisions. The key challenge is therefore to build a unified system that can process both market data and sentiment information from multiple sources, learn patterns over time, and use this information to make effective portfolio allocation decisions.
In addition, many existing sentiment-based trading systems treat all sentiment signals in the same way, without separating important news, such as earnings reports or regulatory actions, from less meaningful social media noise. This research aims to address this limitation by developing an intelligent fusion approach that assigns appropriate importance to different sentiment sources based on their likely impact on the market, and combines them with price-based features to form a more informative state representation for reinforcement learning.
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This research aims to answer the following key questions:
1. Can we combine sentiment analysis from financial news and social media with reinforcement learning to improve investment decisions?
2. Does using sentiment from both news and social media together work better than using it or no sentiment at all?
3. Can a reinforcement learning system learn to make smart trading decisions based on market sentiment whilst managing risk effectively?
4. How well does this sentiment-based investment approach perform during different market conditions, such as rising markets, falling markets?
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1. To conduct a thorough literature review on sentiment analysis in financial markets, reinforcement learning for portfolio management, and multi-modal data integration techniques. 

2. To design and implement a multi-modal sentiment-driven reinforcement learning architecture that integrates FinBERT-based news analysis, social media sentiment extraction, and PPO-based portfolio optimization. 

3. To evaluate the model's performance against traditional benchmarks and ablation baselines across different market conditions using statistical significance testing.
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To keep the study focused and practical, this research is limited to the following scope and boundaries.
Asset Universe:
This study focuses only on equity markets. It uses a selected group of publicly listed stocks that have enough financial news coverage and social media activity to produce meaningful and reliable sentiment data.
Time Horizon:
The reinforcement learning agent works on a daily basis. Portfolio decisions are made at the end of each trading day, using market data and sentiment information collected during that day.
Sentiment Sources:
Sentiment is obtained only from professional financial news platforms, using FinvizFinance and Kaggle datasets, and from social media platforms, specifically Reddit (via Pushshift) and Twitter/X (via RapidAPI). Other data sources, such as analyst reports, earnings call transcripts, and alternative data, are not included in this research.
Model Architecture:
The reinforcement learning framework is based on Proximal Policy Optimisation (PPO), with a continuous action space that represents portfolio weights. Other reinforcement learning algorithms, such as A3C, SAC, and TD3, are not considered in this initial study.
Performance Metrics:
Model performance is evaluated using risk-adjusted return measures, including the Sharpe ratio and Sortino ratio, as well as cumulative returns and maximum drawdown. Transaction costs and market impact are simplified or excluded in order to focus on the effect of sentiment signals on decision quality.
Market Conditions:
The evaluation is carried out using historical market data covering different market conditions. However, live trading or forward-looking validation is not included in this study.
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Modern portfolio management increasingly relies on merging diverse data streams to capture a complete picture of market behaviour. By combining professional news, which acts as a "recency modality" for factual updates, with social media mood, which serves as a "popularity modality" reflecting the immediate psychology of the public, these systems achieve a far more detailed understanding than those using a single source [1]. This approach directly supports an autonomous rebalancing framework, as demonstrated by models that fuse FinBERT sentiment with technical price data to reach prediction accuracies as high as 96.8% [2]. Integrating these "multi-modal" signals textual, numerical, and social enables a system to navigate volatile markets with much greater robustness [3].
Despite these high reported accuracies, current findings often fail to account for how differently individual stocks respond to these sentiment signals. While social media chatter can significantly drive volatility for some firms, it may have almost no effect on others with higher liquidity, meaning a "one-size-fits-all" autonomous model would likely fail in practice[4] . Most existing methods also rely on "late fusion," which simply averages different scores at the very end, rather than allowing the sources to interact dynamically through more sophisticated attention mechanisms [1]. Furthermore, while newer generative models show promise in creating complex strategies, they often lack the cost-efficiency and "explainability" required for a truly reliable, real-time autonomous system [5].
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Developing an integrated multi-source sentiment framework involves synthesising diverse data types to improve the precision of market forecasting. One critical approach is the use of coreference resolution to resolve ambiguous pronouns in financial texts, which ensures that sentiments are accurately attributed to specific companies [6]. This purification of the sentiment signal, when combined with domain-specific models like FinBERT, significantly enhances the accuracy of predictions by linking "soft" psychological signals directly to "hard" financial indicators [7]. Furthermore, the integration of distinct textual modalities, such as recency-driven news and popularity-driven social sentiment, through mechanisms like cross-modal attention allows for a much more holistic understanding of market dynamics than single-source methods [1]. Hybrid deep learning architectures that merge these sentiment features with technical price data using LSTMs and attention layers consistently outperform traditional models in capturing the non-linear dependencies of modern markets [8].
While these integrated frameworks demonstrate significant improvements in accuracy, they are often hindered by inherent design limitations that prevent real-world reliability. Many models rely on simplistic data fusion or "black-box" architectures that lack the transparency and "explainability" required for institutional decision-making [6], [7]. For instance, while multi-source pipelines show promise, they may not fully capture the complex, non-linear interactions between factual market updates and volatile retail sentiment because they often process these streams in parallel rather than as interacting forces [1]. Additionally, there is a recurring failure to address asset-specific sensitivities; a framework that applies a uniform weighting to all stocks ignores the reality that sentiment influences high-liquidity blue-chip firms differently than smaller, speculative assets [8]. Future advancements must therefore move beyond general integration to develop more cost-efficient, firm-sensitive models that can withstand the extreme noise and idiosyncratic volatility of real-world trading environments [1], [6].
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Developing an autonomous trading system requires a synthesis of advanced computational methods to navigate the complexities of financial markets. The application of Deep Reinforcement Learning (DRL) allows an autonomous agent to execute trades by interacting with environment data and receiving rewards based on risk-adjusted performance [9], [10]. These methods are increasingly designed to be "regime-aware," identifying hidden shifts in market conditions, such as moving from stability to high volatility, and reallocating capital in real time [11]. By incorporating adaptive-robust control, these strategies remain stable even when the underlying financial data is slightly inaccurate or missing, ensuring the portfolio is protected against unexpected shocks [12]. Furthermore, the addition of self-tuning methods through Bayesian optimisation enables the system to adjust its own internal settings automatically, ensuring that the model maintains peak performance without constant human intervention [13].
Sophisticated optimisation techniques frequently achieve impressive results in computer simulations, yet they encounter significant barriers when deployed in the chaotic environment of real-world trading. Many DRL models prioritise capital gains at the expense of explainability, making it difficult for an investor to understand the logic behind specific risky trades during a market crisis [10], [11]. There is also a notable absence of evidence regarding how these models withstand the psychological noise of modern markets, such as sudden social media-driven rallies that do not follow traditional mathematical rules [9], [13]. Consequently, a gap remains between high-level algorithmic theory and a truly cost-effective, transparent solution capable of handling the unpredictable, retail-influenced realities of today’s stock market [10], [12].
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Implementing an autonomous real-time trading system requires a shift from static planning to a continuous plan-predict-act cycle that mirrors industrial inventory management. Digital agents, such as TradingBots, enable this transition by managing diversified portfolios autonomously across various holding periods, often outperforming traditional actively managed funds through sheer speed and efficiency [14]. These systems can be further refined by adopting a "low-risk" objective that prioritises capital preservation, where deep reinforcement learning agents are trained to minimise maximum drawdowns rather than just chasing high returns [15]. To handle the complexity of asset relationships, hypergraph frameworks allow for the simultaneous selection and allocation of stocks by capturing intricate group associations that simple data models often miss [16]. Furthermore, the integration of self-learning agents into the "back-office" allows for real-time risk analytics and profit-and-loss decisioning, ensuring that the enterprise remains responsive to evolving market conditions and counterparty risks as they happen [17].
Current autonomous systems frequently achieve high performance in simulations, yet they often overlook the practical friction inherent in live financial environments. Many trading agents focus on mathematical optimisation in isolation, failing to account for "slippage" or the impact that their own large-scale transactions might have on market liquidity [14], [15]. There is also a significant reliance on historical patterns that may not hold true during extreme "black swan" events, as most agents are trained on past distributions that do not reflect future structural shifts in market behaviour [17]. Additionally, a lack of transparency in "black-box" decision-making remains a barrier, as these systems rarely provide the clear reasoning required for institutional risk compliance or human oversight during periods of intense market stress [14], [17].
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	Research Paper (Author, Year)
	Multi-Modal Sentiment Fusion
	LLM-Enhanced Impact Assessment
	Professional News + Social Media
	Reinforcement Learning (PPO)
	Time-Decay Weighting
	Asset-Specific Sensitivity
	Explainable AI
	Real-Time Autonomous Trading

	Liu & Yang (2025)
Cross-Modal Attention
	Yes
	No
	Yes
	No
	No
	No
	No
	No

	Dashtaki et al. (2025)
FinBERT + LSTM
	Yes
	No
	Yes
	No
	No
	No
	No
	No

	Kim-Hahm et al. (2025)
News vs Social Media
	No
	No
	Yes
	No
	No
	Yes
	No
	No

	Liu & Cambria (2025)
Coreference Resolution
	No
	No
	No
	No
	No
	No
	No
	No

	Nejatbakhsh & Aliasgari (2026)
LSTM + Transformer
	Yes
	No
	No
	No
	No
	No
	No
	No

	Sattar et al. (2025)
RMS-DRL
	No
	No
	No
	No
	No
	No
	No
	No

	Hu & Lin (2019)
Deep RL Portfolio
	No
	No
	No
	No
	No
	No
	No
	No

	Raj (2025)
Adaptive & Regime-Aware RL
	No
	No
	No
	No
	No
	No
	No
	Yes

	Schrettenbrunner (2023)
AI-Driven Management
	No
	No
	No
	No
	No
	No
	No
	Yes

	Kim et al. (2022)
Hypergraph Portfolio
	No
	No
	No
	No
	No
	No
	No
	Yes

	Proposed Research (2026)
Multi-Source Sentiment + PPO
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
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This research adopts a quantitative experimental design to evaluate the efficacy of multi-modal Reinforcement Learning (RL) in portfolio management. The study follows a "Plan-Predict-Act" cycle, where an autonomous agent is developed to process high-dimensional price and sentiment data to make daily asset allocation decisions. The primary objective is to test whether the integration of transformer-based sentiment signals can help in better portfolio management.
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Figure 1:Architectural diagram [LINK]	

Figure 1 shows my architectural diagram how the whole flow is going to work.
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The data pipeline is divided into three primary streams: financial market data, professional news, and social media discussions.

Table 1: Data streams
	Data Stream
	Content Type
	Source Platform
	Research Purpose

	Historical
	Financial News
	Kaggle: Massive Stock News [18]
	Initial NLP model training and long-term backtesting.

	Historical
	Public Discourse
	Pushshift Reddit Dataset [19]
	Capturing longitudinal retail investor sentiment trends.

	Real-time
	Live Financial News
	FinvizFinance [20]
	Validating model response to current market-moving events.

	Real-time
	Social Media Posts
	Twitter/X via RapidAPI [21]
	Evaluating immediate, high-velocity public reaction.



Whole data is going to be unstructured so in this project when we work on any dataset we are going to structured either CSV and JSON in runtime and then later on, we can push the dataset into PostgreSQL. All sentiment scores and market data are stored in a PostgreSQL database with separate tables for daily news sentiment (ticker, date, sentiment_score, article_count), daily social media sentiment (ticker, date, sentiment_score, post_count, engagement_metrics), and market data (ticker, date, OHLCV, technical_indicators). For each trading decision at time t, the system retrieves the past 15 days of pre-computed sentiment scores from the database and applies time-decay weighting using an exponential decay function with rate λ=0.05, where the current day receives maximum weight (w=1.0) and day t-15 receives weight w≈0.47. This approach allows the model to emphasize recent sentiment shifts while retaining contextual information from significant events in the recent past without requiring real-time text processing at inference time. The aggregated time-weighted sentiment scores for news and social media are then fused and combined with market features and portfolio state information to construct the complete state representation for the reinforcement learning agent.
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[bookmark: _Toc221325994]3.3.1 Transformer-Based Inference

To avoid the prohibitive computational costs and extensive time constraints associated with fine-tuning Large Language Models (LLMs) from scratch, this research leverages high-performance, pre-trained architectures designed for domain-specific tasks. By adopting this transfer learning approach, the project bypasses the need for massive hardware clusters and weeks of processing time, instead utilising models that have already mastered the underlying linguistic structures of complex data [5]. Specifically, FinBERT (bi-direction encoder) is integrated to process professional news streams, as its weights are pre-optimised on a vast financial corpus containing corporate reports and analyst communications. This allows the model to detect nuanced market signals such as the difference between "volatility" and "risk" with a level of precision that general-purpose models often fail to achieve, thereby providing a more reliable foundation for the subsequent optimisation stages of the project.
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The sentiment fusion process integrates news and social media data through an LLM-enhanced weighting mechanism that captures both sentiment polarity and impact magnitude. Each news article and tweet is processed through two stages: first, FinBERT extracts the sentiment polarity (positive, negative, or neutral), and second, a large language model (LLM) evaluates the potential market impact of the content. The LLM is prompted to assess how significantly each item might influence stock prices, assigning impact scores on a scale from 0 (negligible impact) to 1 (high impact) based on factors such as the severity of the news, company-specific relevance, and potential market-moving nature of the information. For example, a tweet about routine company operations receives a low impact score, whereas a news article announcing a major acquisition or regulatory investigation receives a high impact score. Within each modality, the final aggregated sentiment is computed as a weighted combination where each item's contribution is determined by both its recency (via time-decay weighting) and its LLM-assessed impact score. The aggregated news and social media sentiments are then combined using learned weights to produce the final sentiment signal. This approach ensures that high-impact negative news (such as earnings misses or fraud allegations) and high-impact positive news (such as breakthrough product launches) receive appropriate emphasis, while filtering out low-relevance noise that carries strong sentiment but minimal market significance.

[bookmark: _Toc221325996]3.4 Feature Engineering and State Space

The reinforcement learning agent makes trading decisions based on a complete picture of the current situation, which includes market conditions, sentiment from news and social media, and the current portfolio status. At each time point, the agent receives information organized into four categories. First, market features describe what is happening with stock prices, including how much prices have changed over different time periods (daily, weekly, monthly), technical indicators like RSI and MACD that show trends, how volatile prices are, and trading volume. All these numbers are standardized to the same scale for fair comparison. Second, sentiment features include the combined news and social media sentiment score from the fusion process, along with measurements of how sentiment is changing over time, how stable or unstable sentiment is, and whether sentiment changes match actual price movements. Third, portfolio features tell the agent what it currently owns, including how much money is invested in each stock, how much cash is available, whether positions are making or losing money, and how long each stock has been held. Fourth, temporal features capture recent trends by using an LSTM neural network to analyse the past n days of data, identifying patterns like whether prices have been steadily rising or sentiment has been gradually improving. All four types of information are combined into a single state vector that gives the agent everything it needs to make intelligent trading decisions that account for market trends, investor sentiment, current holdings, and recent patterns.

[bookmark: _Toc221325997]3.5 Reinforcement training    

The portfolio optimization problem is set up as a Markov Decision Process (MDP), which is a mathematical framework for making sequential decisions over time. In this framework, at each time point, the agent observes the current market situation (the state), decides how to allocate money across different stocks (the action), and receives feedback on whether that decision was profitable (the reward). The action space defines what choices the agent can make, specifically how to distribute investment capital across available stocks. Rather than making simple buy or sell decisions, the agent outputs a set of portfolio weights, numbers between 0 and 1 that represent what percentage of total capital should be invested in each stock, with all percentages adding up to 100%. For example, the agent might decide to put 40% in Stock A, 35% in Stock B, and 25% in Stock C. This continuous action approach allows flexible portfolio rebalancing and mirrors real-world investing where any fraction of capital can be allocated to each asset. The agent learns through Proximal Policy Optimization (PPO), a reinforcement learning algorithm chosen because it works well with continuous actions and learns efficiently from limited financial data. PPO prevents the agent from making drastic strategy changes too quickly during training, which is important when learning from historical stock data where mistakes can be costly. The algorithm gradually improves the agent's decision-making policy by maximising long-term profits while accounting for risk, enabling it to learn portfolio strategies that adapt to changing market conditions and sentiment signals over time.

[bookmark: _Toc221325998]3.6 Evaluation strategy     

The performance of the sentiment-driven reinforcement learning model is evaluated using historical stock market data divided into three parts: 70% for training, 15% for validation, and 15% for testing on unseen data. Performance is measured primarily using the Sharpe ratio, calculated as SR = (Rp - Rf) / σp, where Rp is the average portfolio return, Rf is the risk-free rate, and σp is the standard deviation of portfolio returns. The Sharpe ratio matters most because it captures risk-adjusted performance, showing how much excess return the agent earns per unit of risk taken, which is essential for evaluating whether the sentiment-enhanced strategy provides genuine value beyond simply taking more risk. A Sharpe ratio above 1 is considered good, above 2 is very good, and above 3 is excellent. Additional metrics include cumulative returns measuring total profit over time, maximum drawdown calculated as MDD = (Trough Value - Peak Value) / Peak Value showing the largest loss from peak to bottom, and the Sortino ratio SR = (Rp - Rf) / σd where σd represents downside deviation, penalizing only negative volatility. To demonstrate that sentiment information actually improves performance, the sentiment-driven reinforcement learning agent is compared against a baseline reinforcement learning agent trained without any sentiment features, using only market prices and portfolio state. Performance is also analysed across different market regimes including bull markets, bear markets, and high volatility periods to assess whether sentiment signals help the agent adapt to changing conditions.

[bookmark: _Toc221325999]4. Expected Results and Contributions

This research is expected to show that a reinforcement learning agent using both news and social media sentiment will perform better than traditional investment methods, with an estimated 15-25% improvement in risk-adjusted returns compared to using price data alone. The main contribution is showing how market price data and text information can work together through reinforcement learning to make better investment decisions. The study introduces a new way of combining sentiment from different sources by weighing information based on how much it might affect stock prices, rather than treating all news and posts the same. Additionally, the research will incorporate explainable AI techniques to help understand why the agent makes specific trading decisions, making the model more transparent and trustworthy for real-world use. This is important because investment managers need to understand and justify their decisions, not just rely on a "black box" system. Practically, this framework gives useful tools for portfolio managers who want to use alternative data sources in their strategies. The research recognises limitations including simplified costs, testing only on historical data rather than live trading, and making decisions once per day instead of throughout the day. Despite these limits, the study helps develop intelligent financial systems that can make decisions on their own, showing that reinforcement learning can successfully use sentiment information when properly designed and explained.
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