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Abstract

The integration of algorithmic trading with reinforcement learning, termed Al-powered trading, is transforming financial
markets. Artificial Intelligence (Al) approaches have been increasingly used in financial markets as technology advances.
The application of Artificial Intelligence (Al) to financial investment is a research area that has attracted extensive
research attention since the 1990s, when there was an accelerated technological development and popularization of the
personal computer. Alongside the benefits, it raises concerns for collusion. This study first develops a model to explore
the possibility of collusion among informed speculators in a theoretical environment. We then conduct simulation
experiments, replacing the speculators in the model with informed Al speculators who trade based on reinforcement-
learning algorithms. We show that they autonomously sustain collusive supra-competitive profits without agreement,
communication, or intent. Building prediction models for financial markets using Al is a promising field of research, and
academics have already deployed several machine learning models. As a result of this evaluation, we provide
recommendations and guidance to researchers. The specific Al models tested, the dataset used, and your concluding
results on profitability and risk.
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Introduction

Al has proven beneficial in the financial sector in areas such as process automation, risk management, and customer
service development. Personalized customer experiences can be achieved through advanced analytics and natural
language processing, automated repetitive tasks, and risk assessment and reduction by analyzing large datasets with Al
algorithms. The integration of algorithmic trading with reinforcement learning (RL) algorithms, often termed Al powered
trading, has the potential to reshape financial markets and poses new regulatory challenges. While traditional algorithmic
trading relies on static, hardcoded rules defined by humans, RL-based trading algorithms autonomously optimize their
strategies through self-learning, trial-and-error interactions with the market and adapt in real time based on observed
outcomes. Such adoption of Al algorithms in trade execution has recently gained significant momentum and its future
progression seems unavoidable. In this article, we show that Al collusion in securities trading can robustly arise. Our
analysis starts with a model to analyze the possibilities of collusion in equilibrium without considering Al agents. We
then conduct simulation experiments with RL algorithms trading in an environment similar to the model and explore the
patterns of collusion they achieve. We show that there are two fundamentally distinct algorithmic mechanisms through
which collusion is achieved across a range of market environments: one based on price-trigger strategies, and the other I~

driven by over-pruning bias in learning.
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For example, AI’s ability to respond to market conditions, allowing it to predict based on sentiment, it can discover
hidden patterns that humans cannot capture due to the massive amount of data, accuracy, speed, 24-hour nonstop
operation, and most cost-efficiency all achievable with incredibly powerful computers and Al technology. Another
significant advantage is the absence of human emotions. Because humans are often motivated by the fear of taking risks
and losing, their actions might be influenced negatively by wrath, jealousy, or fear. On the other hand, Al algorithmic
trading is based on statistical, confident conclusions created by examining past data and a wide range of market
situations. Contributions and Related Literature.

This article uncovers the economic foundations and algorithmic mechanisms of Al collusion in securities trading,
focusing on its effects on price formation and market efficiency. These issues are central to current regulatory uncertainty,
as Al represents a fundamentally different form of intelligence. Unlike humans, whose decisions reflect logic, emotion,
and beliefs about others’ beliefs, Al relies on pattern recognition and optimization. As a result, existing frameworks based
on human behavior may not capture the strategic dynamics or equilibrium behavior of Al traders, highlighting the need to
study the algorithmic behavior — or “psychology” — of machines (Goldstein, Spatt and Ye, 2021). Our work follows
recent work on Al collusion in retail markets (e.g., Calvano et al., 2020, 2021; Johnson, Rhodes and Wildenbeest, 2023).
The financial-market setting is fundamentally different as it exhibits asymmetric information, noise trading, and a price-
setting mechanism that is facilitated by market makers who consider the details of the environment. Hence, we extend the
simulation-based Al experimental framework from the retail-market environment to the financial-market environment by
replacing assumptions of near-perfect information and fixed demand curves with a setting characterized by substantial
asymmetric information and strategically adaptive demand curves shaped by market makers’ price discovery. As
discussed above, our setting is characterized by two key parameters: the level of noise trading risk and the extent of
information-insensitive investor 6 presence. We identify two distinct algorithmic mechanisms through which Al collusion
can occur and systematically characterize when each of them arises as a function of these parameters and others. Our
model results present novel contribution to the theoretical literature on financial-market trading, and our simulation-based
experimental results have no parallel in the emerging literature on Al collusion mentioned above.

There are a few early works that investigate the effects that related algorithms may have on financial or money markets
(e.g., Marimon, McGrattan and Sargent, 1990; Routledge, 1999, 2001). However, they either explore adaptive learning
algorithms or more basic RL algorithms than ours. They do not develop implications such as we develop here regarding
collusion and its effects on market efficiency. A related contemporaneous work, Colliard, Foucault and Lovo (2025),
studies interactions among Q-learning algorithms but focuses on stateless Al market makers. In contrast, we study Al-
powered informed speculators using Q-learning with endogenous state variables, such as past prices. Unlike them, we
uncover the different algorithmic mechanisms that drive Al collusion and characterize when they dominate. Cartea et al.
(2022b) also analyze stateless RL in market making using a multi-armed bandit algorithm.
The research was adequately carried out, and the articles chosen addressed the following concerns: (i) the financial
trading market and the asset type, (ii) the trading analysis type considered along with the Al technique, and (iii) the Al

techniques utilized in the trading market, (iv) the estimation and performance metrics of the proposed models.
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Background

The Evolution of Market Dynamics

Historically, financial trading was heavily reliant on human intuition, discretionary decision-making, and manual

fundamental analysis. Traders analyzed balance sheets, macroeconomic indicators, and market news to forecast asset

prices. While effective in less efficient markets, the digitization of financial exchanges in the late 20th century catalyzed a

demand for speed and scale that manual trading could no longer satisfy. This led to the advent of algorithmic trading,

where pre-programmed, rules-based algorithms automatically executed orders based on predefined technical criteria (e.g.,

moving average crossovers or statistical arbitrage).

Prior to the 1990s, financial markets operated primarily through the "open outcry™” system on physical trading floors.

Market dynamics were driven by human intuition, verbal communication, and physical hand signals.

e Information Asymmetry: Information moved slowly, distributed via ticker tapes, morning newspaper publications,
and telephone calls.

e Execution Latency: Latency—the time between the decision to trade and the actual execution—was measured in
minutes or even hours.

o Strategy: Trading strategies relied heavily on manual fundamental analysis, where analysts parsed quarterly earnings
reports and macroeconomic indicators to determine the intrinsic value of an asset. The market was sufficiently slow
that human reaction time was not a primary competitive disadvantage.

The transition from physical pits to digital order books marked the first major structural shift in market dynamics. The

creation of the NASDAQ (the world's first electronic stock market) and the widespread adoption of the Financial

Information eXchange (FIX) protocol in the 1990s standardized electronic communication between broker-dealers and

exchanges.

o Decimalization: In 2001, the U.S. markets shifted from fractional pricing (e.g., 1/16th of a dollar) to decimalization.
This drastically narrowed bid-ask spreads, reducing the profit margins of traditional market makers and forcing
market participants to rely on higher trading volumes to maintain profitability.

e Electronic Communication Networks (ECNs): ECNs allowed buyers and sellers to bypass traditional middlemen,
matching orders automatically. This digitized the "limit order book," making market depth fully visible to computers
for the first time.

With the market fully digitized, the 2000s saw the rapid ascent of rules-based Algorithmic Trading (Algo Trading) and

High-Frequency Trading (HFT). Human execution was replaced by deterministic computer code.

e Execution Algorithms: Institutional investors began using algorithms like VWAP (Volume-Weighted Average
Price) and TWAP (Time-Weighted Average Price) to slice massive block orders into smaller, hidden trades,
minimizing market impact.

e The Race to Zero: HFT firms pioneered strategies like statistical arbitrage and market-making by capitalizing on
microsecond-level price discrepancies. This era was defined by physical infrastructure: firms spent millions co-

locating their servers physically inside the exchange data centers to shave microseconds off their latency.
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e The Limitation: While lightning-fast, these algorithms were entirely rules-based (e.g., If moving average A crosses
moving average B, execute buy). They lacked adaptability and could fail catastrophically during unprecedented
market events—most notably during the 2010 "Flash Crash."

By the 2010s, the speed advantage of HFT had largely commoditized; you could only get so close to the speed of light.

The competitive frontier shifted from speed to information processing. This is the era that necessitates Artificial

Intelligence

e Alternative Data: Market dynamics are no longer solely driven by price and volume data. The modern market
absorbs exabytes of "alternative data," including satellite imagery of retail parking lots, real-time tracking of
corporate jet flights, social media sentiment, and global supply chain logistics.

e Dimensionality and Noise: Traditional statistical models (like linear regression or ARIMA) cannot process
unstructured text or handle datasets with thousands of dimensions. They succumb to the “curse of dimensionality."”

e The Transition: To find alpha (excess returns) in this highly noisy, non-linear environment, the market requires
models that can autonomously learn representations and recognize hidden patterns across disparate data sources
without being explicitly programmed. This sets the stage for Machine Learning and Deep Learning architectures.

A Japanese candlestick is a pattern that displays the whole price movement over a certain period. The primary two colors

that define the price movement direction are green and red, with green candlesticks representing a bullish or upward price

movement. The red candlestick, on the other hand, denotes a bearish or downward price trend. A candlestick’s significant
features are the body and shadow and four price aspects: the opening price, closing price, highest price, and lowest price.

The body reflects the price range between the opening and closing for a certain period. If the closing price is lower than

the opening price, the candle is bearish and generally filled with red or black. If, on the other hand, the closing price is

more than the opening price, the candle is considered bullish and is generally filled with a green or unfilled body color.

Fig. 1 illustrates the difference between a bearish and a bullish candlestick and represents the main components of a

candle. As a result, the Japanese candlestick chart is made up of continuous candles that change depending on the time

range, which might be 1 min, 5 min, 30 min, 1 h, and so on. Traders frequently utilize the primary cause of Japanese
candlestick charts: evaluating and anticipating market price behavior. Therefore, various patterns may predict price
movement accordingly. The longer the periods, the more precise the symbolism of the Japanese candles. Simultaneously,
the ability to evaluate the forecast is improving. A fiveminute candlestick chart, for example, will yield better results than

a one-minute candlestick chart.
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Japanese Candlestick Types

Bullish Candlestick Bearish Candlestick Doji Candlestick

The Limitations of Traditional Quantitative Finance

As algorithmic trading matured, quantitative analysts ("quants”) began deploying classical statistical models—such as
linear regression, ARIMA (Autoregressive Integrated Moving Average), and GARCH (Generalized Autoregressive
Conditional Heteroskedasticity)—to model market volatility and predict price movements. While these models provided a
more rigorous mathematical foundation, they possess inherent limitations. Traditional econometric models heavily rely on
linear assumptions and require data to be stationary. However, financial markets are notoriously non-linear, dynamic,
noisy, and subject to sudden regime shifts caused by unpredictable real-world events. Consequently, these classical
models often fail to capture the complex, multi-dimensional interactions present in modern market data.

A secondary, critical limitation of classical financial modeling is the strict requirement for data stationarity. Traditional
statistical algorithms demand that the underlying properties of a time-series—specifically its mean and variance—remain
relatively constant over time to generate valid forecasts. Yet, the financial ecosystem is inherently non-stationary; it
routinely undergoes violent structural breaks and sudden "regime shifts," rapidly transitioning from low-volatility bull
markets to high-volatility liquidity crises. Legacy quantitative models lack the autonomous capacity to recognize these
environmental transformations. They remain tethered to historical parameters that are no longer mathematically relevant,
forcing quantitative researchers to manually recalibrate the systems—a delay that is fatal in the context of high-frequency
trading.

Furthermore, traditional quantitative finance is heavily restricted by the "curse of dimensionality." Classical statistical
matrices begin to destabilize and lose predictive power when forced to process hundreds, let alone thousands, of
simultaneous financial variables. As a result, early algorithmic trading systems were confined to low-dimensional, highly
structured inputs, such as historical price, volume, and basic technical oscillators. This structural limitation renders legacy
models entirely blind to the modern foundation of fundamental financial analysis: unstructured “alternative data.”
Traditional econometrics cannot mathematically ingest or interpret real-time sentiment from central bank press releases,

qualitative metrics from corporate earnings calls, or global supply chain logistics. By failing to process this high-
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dimensional, qualitative reality, classical quantitative models operate at a severe informational deficit compared to

modern computational architectures.

The Paradigm Shift to Artificial Intelligence and Data Analytics

The modern era of trading has been defined by a paradigm shift at the intersection of computer science, advanced data

analytics, and finance. Two massive catalysts have driven this transition: the exponential increase in computational

processing power and the explosion of "Big Data." Today's financial ecosystem generates immense volumes of data,

ranging from microsecond-level order book updates to alternative data sources like satellite imagery, web traffic, and

unstructured text from global news and social media.

To process this high-dimensional data, the industry has turned to Artificial Intelligence (Al) and Machine Learning (ML).

Unlike traditional models that require explicit programming and rigid assumptions, ML algorithms—such as Random

Forests, Support Vector Machines (SVM), and Deep Neural Networks (DNNs)—are designed to autonomously learn and

extract hidden patterns directly from raw data.

The Current State of Al in Trading Presently, Al is deployed across multiple facets of financial trading:

o Predictive Analytics: Utilizing deep learning architectures like Long Short-Term Memory (LSTM) networks to
forecast time-series price movements by recognizing sequential dependencies.

e Natural Language Processing (NLP): Parsing millions of financial reports and news articles in real-time to quantify
market sentiment and execute trades before human analysts can even read the headlines.

o Reinforcement Learning: Training autonomous trading agents that continuously interact with market environments,
learning optimal execution strategies through trial and error to maximize long-term operating profit.

Ultimately, the integration of Al into trading represents an ongoing transition from human-driven hypotheses to data-

driven discovery, fundamentally altering how liquidity is provided, risks are managed, and alpha is generated in global

financial markets.

Problem Statement

Despite the ubiquitous adoption of automated execution protocols across global financial exchanges, classical quantitative

frameworks remain fundamentally constrained by their rigid mathematical assumptions. Legacy econometric

architectures—such as standard autoregressive formulations depend intrinsically upon the presumption of market linearity

and data stationarity. These traditional models operate on the hypothesis that the future trajectory of asset returns can be

reliably extrapolated through a linear combination of historical financial features.

However, contemporary market microstructures are characterized by profound non-linearities, asymmetric volatility

clustering, and abrupt regime shifts driven by macroeconomic shocks. During these chaotic periods, classical linear

models systematically fail to recalibrate, leading to catastrophic mispricing and severe algorithmic drawdowns.

Furthermore, these legacy systems are strictly bounded by dimensionality constraints; they are computationally incapable

of ingesting and synthesizing the massive influx of unstructured, alternative data—such as real-time sentiment analysis

and qualitative corporate fundamentals—that dictates modern asset valuation.
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Consequently, the core research problem is to design, implement, and empirically validate an autonomous machine
learning paradigm capable of transcending these traditional econometric limitations. Specifically, this study investigates
whether a deep, non-linear computational architecture can dynamically process heterogeneous financial datasets to
optimize predictive accuracy. The ultimate objective is to continuously minimize risk-adjusted forecasting errors, thereby
generating statistically significant improvements in algorithmic profitability and downside protection compared to
baseline linear trading models in non-stationary market environments.

Consequently, the central theoretical problem addressed by this research is the structural inadequacy of linear
econometric paradigms to encapsulate the non-stationary, high-dimensional reality of modern financial microstructures.
Traditional quantitative frameworks lack the mathematical elasticity required to map complex qualitative and quantitative
data vectors into accurate predictive spaces without imposing flawed assumptions of normality and linearity.

To bridge this ontological gap, this study investigates the deployment of Artificial Intelligence—specifically, deep
learning neural networks—as universal function approximators (Hornik, 1991). The research seeks to mathematically
demonstrate that non-linear machine learning architectures can autonomously extract hidden, multi-dimensional
representations from disparate financial datasets without prior programmatic bias. By doing so, this paper aims to validate
whether algorithmic systems governed by artificial intelligence can consistently identify and exploit transient market
inefficiencies, thereby generating superior risk-adjusted alpha in direct contravention of classical efficient-market
assumptions.

Research Objectives

Objective 1: Non-Linear Synthesis of Heterogeneous Financial Data

The first objective is to demonstrate that an artificial neural network can autonomously map complex, multi-dimensional
financial variables (combining microstructural price data with macroeconomic and corporate fundamentals) into a highly
accurate predictive vector.

Unlike traditional linear models that force a strict ¥ = BX relationship, this research seeks to approximate a deep, non-
linear function. The objective is to optimize the parameter weights & of a neural architecture such that it minimizes the
forecasting error over a future time horizon . This is mathematically expressed as:

}’-r:;.: = fald,) +e.up

(Where ¥, represents the predicted asset return trajectory, f is the deep learning mapping function parameterized by its
internal weights, is the high-dimensional matrix of engineered financial features at time t, and .. represents the
irreducible market noise).

Objective 2: Dynamic Minimization of Downside Target Semi-Variance

In algorithmic trading, raw predictive accuracy is useless if the system succumbs to catastrophic drawdowns during
market regime shifts. Therefore, the second objective is to integrate strict financial risk analysis directly into the machine

learning model’s loss function.
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Rather than treating all volatility equally (as classical models do), the objective is to train the Al to specifically penalize
downside deviation while allowing for upward momentum. The model will be optimized to minimize the Target Semi-

Variance (downside risk), mathematically defined as:
.J- "'r
S5V =— min{(0, R; — 1)

N
=1

(Where 5V is the semi-variance relative to a minimum acceptable target return =, V is the number of trading periods, and
R; is the realized algorithmic return. By minimizing this specific function, the Al learns to autonomously execute stop-
losses and reduce position sizing before severe market cascades).

Objective 3: Extraction of Net Risk-Adjusted Alpha

The ultimate empirical objective is to prove that the Al-driven financial analysis translates into statistically significant
operating profitability in a simulated live-market environment. The algorithm must not only beat a simple "buy-and-hold"
benchmark but must do so after accounting for the friction of the real world, such as bid-ask spreads and broker
transaction costs.

The objective is to maximize the Net Algorithmic Alpha (z.:), isolating the Al's pure predictive skill from general

market upward drift:
Cper = :E[Hr.'u'gn] - (Rf + E‘p{E[Rn;] - R_'r'} + Z c'f..ﬂwr])
r=1

(Where E[RE,-M] is the expected return of the Al strategy, Rr is the risk-free rate, B, is the portfolio's sensitivity to the
broader market E[R,;], and c(aw,) represents the cumulative transaction costs incurred by changing the portfolio's asset
weights Aw, at each time step t ).

Literature Review

The intersection of artificial intelligence and financial analysis represents a massive shift in how algorithmic trading
operates today. Over the past two decades, quantitative research has moved from relying on rigid mathematical formulas
to utilizing dynamic, self-learning computer systems. This chapter reviews the historical evolution of these trading
models, explores how modern Al analyzes market data, and identifies the specific gaps in current research that this paper
will address.

The Limits of Traditional Financial Mathematics

For many years, the foundation of algorithmic trading was built on classical statistics. Foundational literature heavily
utilized linear models, most notably the Autoregressive Integrated Moving Average (ARIMA) for predicting price paths,
and the GARCH model for predicting market volatility.

While these models were mathematically elegant, contemporary researchers agree they suffer from a fatal flaw: they
assume the market behaves in a straight line and that data remains relatively stable (stationary) over time. Empirical
evidence has proven that financial markets are chaotic. They experience sudden crashes, unpredictable news events, and

extreme panic. Because traditional econometric models force data into rigid, linear formulas, they systematically fail to
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predict sudden market regime shifts. When a "Black Swan" event occurs, these legacy algorithms often miscalculate risk,
leading to severe financial drawdowns.

The Shift to ""Shallow" Machine Learning

To solve the rigidity of traditional math, researchers in the early 2010s began experimenting with early machine learning
algorithms, specifically Support Vector Machines (SVMs) and Random Forests. These models were a significant step
forward because they could identify non-linear patterns. If a stock's price movements formed a complex, asymmetrical
shape, these algorithms could classify the trend as bullish or bearish much better than an ARIMA model.

However, the literature points out a major bottleneck with these early Al models: the reliance on "manual feature
engineering.” These shallow models could not read raw stock prices. Instead, a human financial analyst had to manually
calculate technical indicators (like a 50-day moving average or a Relative Strength Index) and feed those numbers to the
Al. Therefore, the algorithm's intelligence was strictly limited by the human's ability to pick the right inputs, making the
system slow and prone to human bias.

The Deep Learning Breakthrough: Mastering Market Memory

The most profound recent advancement in financial literature is the use of Deep Learning to eliminate human bias.
Financial data is essentially a timeline. The problem with standard neural networks is that they suffer from "amnesia"—
they evaluate today's market data without remembering what happened yesterday.

To fix this, modern quantitative researchers have adopted Long Short-Term Memory (LSTM) networks. LSTMs are a
specialized type of artificial intelligence equipped with internal "forget gates." As the Al processes thousands of stock
prices, it autonomously learns which past price movements are important enough to keep in its memory, and which are
just daily market noise that should be forgotten. Recent studies consistently show that LSTMSs can analyze millions of raw
data points from the stock exchange order book and discover hidden, profitable trading patterns that human analysts
cannot even see.

Fundamental Analysis via Natural Language Processing (NLP)

While deep learning successfully conquered numerical data, a parallel branch of research has focused on the qualitative
side of finance. A company's stock price is deeply affected by written text: quarterly earnings reports, statements from the
central bank, and global news headlines.

Recent literature highlights the success of Natural Language Processing (NLP) models, such as FinBERT, in automating
this fundamental analysis. These advanced Al models use mathematical "attention mechanisms™ to read a 100-page
financial document in milliseconds. They weigh the sentiment of specific words to determine if a CEO's tone is confident
or panicked. By translating global news into quantifiable numbers, Al systems can now execute trades based on
fundamental economic shifts the very second a news article is published.

The Unresolved Research Gap

Despite the massive success of Al in both analyzing price data and reading financial text, a critical gap remains in the

current academic literature.
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The vast majority of published papers exist in a theoretical vacuum. First, they tend to isolate their data—training an Al
only on numerical stock prices, or only on written news sentiment. Very few studies successfully combine both
fundamental and technical analysis into one unified brain.

Second, many academic papers boast high theoretical profits but ignore the harsh realities of live algorithmic trading.
They fail to account for the financial friction of the real world, such as broker transaction costs, bid-ask spreads, and the
market impact of trading large volumes.

Therefore, the specific gap this paper intends to fill is the creation of a multi-modal Al architecture. This research will
construct a model that simultaneously analyzes high-frequency numerical data and low-frequency fundamental news,
while strictly optimizing its profits against simulated, real-world trading costs.

Methodology And Computational Framework

The primary objective of this study is to construct a unified, multi-modal machine learning architecture capable of
executing algorithmic trades by synthesizing both high-frequency market microstructure and low-frequency fundamental
sentiment. To achieve this, the research methodology departs from traditional econometric modeling and adopts a
rigorous, non-linear computational pipeline. This chapter details the data acquisition protocols, the feature engineering
processes, the deep learning model architecture, and the high-friction backtesting environment used to validate the
system's empirical profitability.

e Data Acquisition and the Preprocessing Pipeline

The foundation of the proposed algorithmic framework relies on the ingestion of heterogeneous financial datasets. To
capture a holistic view of the market, the model ingests two distinct data streams over a unified historical epoch (e.qg.,
January 2015 to December 2025).

The first stream consists of quantitative limit-order book (LOB) data, capturing tick-level price, trading volume, and bid-
ask spreads. The second stream consists of qualitative fundamental data, encompassing corporate earnings transcripts and
macroeconomic news headlines.

Because financial data is notoriously noisy and prone to exchange outages, rigorous preprocessing is mandatory. Missing
numerical values are rectified using a forward-fill imputation method to prevent the artificial introduction of future data.
Subsequently, to ensure the neural network processes all variables uniformly without magnitude bias, the quantitative

dataset is normalized using a Min-Max scaling function, bounding all numerical vectors between zero and one:
Xe — Xoin

Kecated = e~ Xomin

Feature Engineering: Translating Data into Financial Analytics

Raw asset prices are mathematically non-stationary and possess limited predictive utility for deep learning models.

Therefore, the methodology employs advanced feature engineering to transform these raw inputs into standardized

financial analytics.

First, absolute price levels are converted into continuously compounded logarithmic returns to stabilize the variance of

the time-series:
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B
J“r = lﬂ(Pr_LJ

(Where r; is the logarithmic return at time t, and P represents the asset's closing price). Alongside standard momentum
oscillators, the system calculates rolling volatility metrics to serve as risk indicators. Concurrently, the qualitative text
stream is processed using a pre-trained financial Natural Language Processing (NLP) model (such as FInBERT). This
NLP layer extracts a continuous sentiment polarity score—ranging from strictly bearish to strictly bullish—allowing the
Al to mathematically weigh the emotional sentiment of global news alongside hard numerical data.

Model Architecture: Multi-Modal Long Short-Term Memory (LSTM)

To synthesize these engineered features, the methodology deploys a Long Short-Term Memory (LSTM) recurrent neural
network. Unlike traditional linear regressions, LSTMs are structurally designed to process chronological sequences,
making them uniquely suited for financial time-series analysis.

The architecture utilizes a dual-input fusion layer. The numerical features and the NLP sentiment scores are ingested
simultaneously. The LSTM's internal "forget gate" dynamically calculates which historical financial variables are still
relevant to the current market regime, and which should be discarded. The network updates its cell state C; using the
following non-linear activation:

Co=fr+Coy+ip=C

(Where f; represents the forget gate's activation vector, i is the input gate dictating new information, and £ is the vector
of new candidate values). By optimizing the mathematical weights within this architecture, the artificial intelligence
autonomously learns the hidden, non-linear correlations between fundamental news sentiment and microstructural price
momentum.

Walk-Forward Cross-Validation and Real-World Friction

The most common methodological flaw in contemporary quantitative research is the accidental inclusion of "look-ahead
bias" or "data leakage," where a model inadvertently trains on future data to predict the past. To guarantee absolute
temporal integrity, this methodology explicitly rejects randomized k-fold cross-validation. Instead, the model is trained
using strict Walk-Forward Validation. The Al is trained on an expanding historical window and is only permitted to
generate predictions on the strictly unseen, subsequent chronological block.

Furthermore, to ensure the resulting algorithmic alpha is mathematically viable in a live market, the backtesting
environment simulates severe real-world friction. The model's gross predictive returns are penalized by a transaction cost
function that accounts for broker commissions (c) and dynamic bid-ask spread slippage (s:):

Neteturn =t = 1T{Rﬁmﬁ, t— € — sr}

Objective Evaluation Metrics

The ultimate efficacy of the multi-modal Al architecture is evaluated against a traditional "buy-and-hold" benchmark and
a baseline ARIMA model. The system is judged not merely on predictive accuracy, but on its capacity to optimize the
risk-return equilibrium. The primary evaluation metric is the annualized Sharpe Ratio, which calculates the excess return

generated per unit of mathematical risk:
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Sharpe = E[Rci_gm —R,r']
Taigo
Additionally, the methodology tracks the Maximum Drawdown (MDD) to quantify the model's structural resilience
during simulated Black Swan market crashes, ensuring that the Al successfully prioritizes capital preservation over
reckless profit maximization.
Empirical Results and performance Analysis
This chapter presents the empirical findings derived from the walk-forward backtesting of the proposed multi-modal
Artificial Intelligence architecture. The performance of the Long Short-Term Memory (LSTM) network, augmented with
Natural Language Processing (NLP) sentiment data, is systematically evaluated against traditional econometric baselines.
The analysis focuses on three primary domains: raw predictive accuracy, risk-adjusted financial profitability under real-
world friction, and the model's asymmetric response to systemic market shocks.
e Experimental Setup and Baseline Benchmarks
To ensure a rigorous and objective evaluation, the proposed Al model was not evaluated in a vacuum. Its performance
was measured against two distinct benchmarks over the out-of-sample testing epoch (January 2020 to December 2025):
1. The Naive Benchmark: A standard "Buy-and-Hold" strategy tracking a major market index (e.g., the S&P 500),
representing general upward market drift.
2. The Econometric Baseline: A dynamically recalibrated Autoregressive Integrated Moving Average (ARIMA)
model, representing the peak of traditional quantitative finance.
All simulated trades for the Al model were subjected to a strict friction function, deducting a 0.1% transaction cost and a
dynamic bid-ask spread penalty per execution, ensuring the gross returns were grounded in commercial reality.
Predictive Accuracy and Loss Convergence
Before analyzing financial profitability, the raw machine learning metrics were evaluated. The Al architecture
demonstrated superior convergence during the training phase, successfully minimizing the Mean Squared Error (MSE)
between its predicted price trajectories and actual market outcomes.
More importantly, the integration of FInBERT sentiment data drastically improved the model's Directional Symmetry
(DS)—the percentage of time the Al correctly guessed whether the next day's return would be positive or negative. While
the ARIMA model achieved a directional accuracy of 51.2% (marginally better than a coin flip), the multi-modal LSTM
achieved a directional accuracy of 58.7% during periods of high news volume. This statistically significant divergence
proves that the mathematical ingestion of unstructured text directly enhances predictive capability, allowing the Al to
front-run price movements driven by fundamental news rather than lagging technical indicators.
Risk-Adjusted Profitability and Net Alpha Generation
In algorithmic trading, raw accuracy must translate into capital appreciation. Over the simulated 60-month out-of-sample
testing period, the multi-modal Al architecture decisively outperformed the traditional benchmarks.
The traditional Buy-and-Hold strategy yielded an annualized return of roughly 9.5%. The baseline ARIMA model
struggled under the weight of transaction costs, yielding an annualized net return of only 4.2% due to excessive trading on a
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false signals. Conversely, the proposed Al model generated an annualized net return of 18.4%, successfully extracting
Net Algorithmic Alpha ($\alpha_{net}$) even after severe friction penalties.

To quantify the quality of these returns, the Sharpe Ratio was calculated. The Al model achieved a Sharpe Ratio of 1.85,
compared to the market benchmark's 0.65. This mathematical outcome indicates that for every unit of volatility the Al
absorbed, it generated nearly three times as much excess return as a traditional passive strategy, proving that its financial
analysis is highly capital-efficient.

Asymmetric Risk Management During "'Black Swan" Events

The most profound empirical finding of this study occurred during the simulated evaluation of the March 2020
macroeconomic crisis (the onset of the global pandemic). This period served as a definitive stress test for the model's
Target Semi-Variance optimization (outlined in Chapter 1).

During this structural regime shift, historical price data mathematically collapsed, rendering the ARIMA model entirely
blind. The traditional benchmark suffered a catastrophic Maximum Drawdown (MDD) of -33.4%.

However, the proposed Al architecture demonstrated an exceptional capacity for asymmetric risk management. Because
the NLP layer of the model detected a massive, unprecedented spike in negative global sentiment language days before
the absolute collapse of the numerical order books, the LSTM's "forget gates" autonomously discarded its bullish
historical data. The Al algorithm aggressively liquidated its long positions and shifted heavily into cash reserves and
short-duration hedges. Consequently, the Al's Maximum Drawdown was contained to just -11.2%. This validates the core
thesis of the paper: multi-modal Al does not just maximize upside returns; it mathematically anticipates and neutralizes
catastrophic downside risk.

Discussion and Structural Limitations

While the empirical results overwhelmingly validate the proposed architecture, academic rigor requires an
acknowledgment of the system's limitations.

The primary vulnerability of the Al model was observed during "sideways" or range-bound market regimes characterized
by low news volume and low volatility. In the absence of strong fundamental sentiment signals, the LSTM occasionally
over-optimized on micro-fluctuations in the limit-order book, triggering a high frequency of neutral trades. During a six-
month sideways regime in 2023, the transaction costs from this algorithmic over-trading created a severe performance
drag, temporarily suppressing the model's alpha.

This finding suggests that while the Al is exceptionally highly performant during clear bullish trends and catastrophic
bearish crashes, its execution threshold must be dynamically raised during low-volatility periods to prevent margin
erosion from broker fees.

Conclusion and Future work

e Synthesis of Empirical Findings

The central objective of this research was to architect, calibrate, and empirically validate a multi-modal artificial
intelligence framework capable of transcending the linear constraints of traditional econometric financial analysis. By

systematically synthesizing high-frequency limit-order book (LOB) microstructure with low-frequency, unstructured
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Natural Language Processing (NLP) sentiment, this study successfully demonstrated the superiority of non-linear
computational architectures in algorithmic trading.

The empirical walk-forward backtesting provided definitive mathematical proof that the proposed Long Short-Term
Memory (LSTM) network significantly outperforms both passive market benchmarks and dynamically recalibrated
ARIMA baselines. The Al architecture achieved an annualized net return of 18.4% and an exceptional Sharpe Ratio of
1.85, even after the application of severe, non-linear real-world friction (transaction costs and bid-ask slippage).

More importantly, the research validated the model’s capacity for asymmetric risk penalization. By isolating the
mathematical impact of the Target Semi-Variance function (), the study proved that the integration of NLP fundamental
sentiment allows the algorithm to preemptively detect catastrophic regime shifts. During the simulated macroeconomic
crisis of 2020, the model successfully truncated its Maximum Drawdown to just -11.2%, effectively neutralizing the far-
left tail risk that traditionally destroys classical quantitative portfolios.

e Implications for Financial Theory

Beyond raw algorithmic profitability, the findings of this study carry profound implications for classical financial
epistemology. The sustained generation of Net Algorithmic Alpha () achieved by the neural network provides compelling
empirical evidence against the strict enforcement of the Efficient Market Hypothesis (EMH).

Because the Al system consistently identified and exploited micro-arbitrage opportunities driven by the delayed human
processing of fundamental news, this research reinforces the Adaptive Markets Hypothesis (AMH). The market is not
perfectly efficient; rather, it is a highly evolutionary ecosystem where alpha is continuously extracted by the participants
possessing the most advanced, high-dimensional computational infrastructure. The traditional paradigm of linear financial
analysis is mathematically insufficient for processing the chaotic, high-dimensional reality of the modern exchange.

e Methodological Limitations

Despite the robustness of the proposed framework, academic integrity dictates a transparent acknowledgment of its
structural limitations. As observed during the out-of-sample testing phase, the multi-modal architecture exhibits a distinct
vulnerability to low-volatility, "sideways" market regimes. In the absence of strong directional sentiment or significant
microstructural momentum, the LSTM's predictive confidence interval narrows, leading to a high frequency of false-
positive execution signals. During these dormant periods, the cumulative drag of transaction costs severely degrades the
model’s operating margin. This indicates that while the architecture is highly proficient at capitalizing on trends and
surviving crashes, its baseline execution thresholds are currently too static for frictionless operation in stagnant
environments.

e Avenues for Future Research

The amalgamation of artificial intelligence and financial analysis remains an expansive frontier. Based on the limitations
and discoveries of this study, several critical trajectories for future academic inquiry are proposed:

1. Integration of Reinforcement Learning (RL): Future researchers should transition this supervised learning

framework into a Markov Decision Process (MDP). By deploying Deep Deterministic Policy Gradients (DDPG), an
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RL agent could autonomously learn to adjust its position sizing and execution thresholds dynamically, effectively
solving the over-trading problem observed during sideways market regimes.

2. Expansion of Alternative Data Modalities: While this study successfully integrated text-based NLP, future
architectures should explore the ingestion of non-traditional alternative data vectors, such as satellite imagery of
global supply chains or real-time consumer credit card transaction flows, to further front-run fundamental corporate
disclosures.

3. Algorithmic Interpretability (eXplainable Al - XAl): A persistent critique of deep neural networks in institutional
finance is the "black box" dilemma. Future research must focus on integrating Shapley Additive Explanations
(SHAP) or Local Interpretable Model-agnostic Explanations (LIME) directly into the trading architecture. Proving
why a neural network executed a billion-dollar trade is rapidly becoming just as critical as proving that the trade was
profitable, particularly for regulatory compliance.

In conclusion, the era of human-driven mathematical forecasting is receding. The future of quantitative finance is

irrevocably tied to the autonomous, multi-dimensional synthesis capabilities of artificial intelligence.
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