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ABSTRACT 
Large Quantitative Models (LQMs) are a class of 
generative AI models designed for quantitative 
analysis in finance. This whitepaper explores the 
unique risks LQMs pose to financial markets, 
focusing on vulnerabilities to data poisoning 
attacks. These attacks can manipulate model 
outputs, leading to flawed economic forecasts and 
market instability. The whitepaper also addresses 
systemic risks like herding behavior and the 
potential for cascading failures due to the 
interconnectedness of financial institutions. 
Effective mitigation strategies, including robust 
data validation, adversarial training, real-time 
monitoring, and secure model development 
lifecycles, are discussed. The analysis emphasizes 
the need for proactive cybersecurity measures and 
regulatory frameworks to ensure the responsible 
and secure deployment of LQMs, maintaining the 
stability and integrity of financial markets. 
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Introduction 
The Transformative Potential and Emerging Risks of Large Quantitative Models in Finance 

The financial sector has witnessed a significant integration of artificial intelligence (AI) and 
machine learning technologies in recent years. Traditional AI models have found applications in 
diverse areas, ranging from the detection of fraudulent activities to the automation of trading 
strategies. This technological evolution has been further propelled by the emergence of 
generative AI. While Large Language Models (LLMs) have garnered considerable attention and 
scrutiny across various industries, another distinct category of generative AI, known as Large 
Quantitative Models (LQMs), is quietly reshaping the landscape of financial modelling, 
forecasting, and risk assessment. These AI engines are increasingly responsible for driving critical 
functions within financial markets, influencing economic forecasts, and shaping risk 
assessments. 

Unlike LLMs, which primarily focus on the processing and generation of textual data, LQMs are 
specifically designed for numerical and statistical analysis. They operate by applying 
mathematical, statistical, and even physics-based methods to structured numerical data, 
generating predictions and insights about intricate systems. This fundamental difference in their 
operational domain suggests that the application of AI in finance is undergoing a significant shift, 
one that brings forth a unique set of opportunities and, more importantly, distinct risk profiles 
that warrant careful examination. 

At the forefront of this technological frontier is FinanceGPT, a framework that leverages a novel 
Variational AutoEncoder Generative Adversarial Network (VAE-GAN) architecture. This innovative 
approach aims to overcome the inherent limitations of both LLMs and traditional predictive AI 
models when applied to the complexities of financial forecasting and stock price prediction. We 
envision a future where this LQM framework democratizes access to sophisticated financial 
analysis solutions, empowering a wider range of professionals and investors. Our pioneering 
work provides a tangible example of the advancements in LQMs and underscores the practical 
implications and potential risks associated with this rapidly evolving technology. 

Despite the increasing reliance on LQMs in critical financial functions, their vulnerabilities, 
particularly in the realm of cybersecurity, have not received the same level of public discourse 
and scrutiny as those associated with LLMs. While concerns surrounding plagiarism and the 
misuse of LLMs are frequently discussed, the potential for LQMs, which directly influence the 
flow of capital and the formulation of monetary policy, to be compromised remains a 
comparatively silent threat. A significant cybersecurity risk stems from the fact that LQMs often 
depend on upstream data flows that are frequently unaudited, assumed to be accurate, and thus 
highly susceptible to exploitation. Consequently, a single instance of poisoned input, subtly 
introduced yet strategically placed, has the potential to cascade through an LQM, leading to 
systemic financial misjudgements. These misjudgements may not manifest as easily detectable 
errors like hallucinated sources or references, but rather as disruptive events such as flash 
crashes, mispriced bonds, or flawed inflation forecasts. This disparity between the public 
attention given to LLM risks and the relative obscurity of LQM risks suggests a potential blind spot 
in our collective understanding of the profound impact that generative AI is having on financial 
stability. The capacity for LQMs to trigger substantial financial events through a single point of 
failure, such as data poisoning, underscores the urgent need for a comprehensive investigation 
into these often-overlooked risks.  
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Defining and Characterizing Large Quantitative Models 
(LQMs) in Finance 
Large Quantitative Models (LQMs) are a novel class of pre-trained generative AI models 
specifically engineered for applications within the domain of quantitative finance. These 
sophisticated models are meticulously designed to capture the intricate nuances of quantitative 
relationships that exist within financial data and to extract meaningful insights from complex 
datasets. We define LQMs as a generative AI-driven approach intended to overcome the inherent 
limitations of traditional predictive AI methodologies and the more recent challenges posed by 
LLMs in the specific context of stock price prediction and broader financial forecasting. The core 
emphasis on deciphering "quantitative relationships" and processing "complex financial data" 
serves as a fundamental differentiator between LQMs and LLMs, which are primarily oriented 
towards the interpretation and generation of textual information. Furthermore, this focus also 
distinguishes LQMs from more conventional quantitative models, which, while effective for 
specific analytical tasks, may not possess the same level of generative capabilities that allow 
LQMs to synthesize new data and insights. 

LQMs exhibit several key characteristics that define their functionality and potential impact 
within the financial sector. Primarily, they maintain a strong focus on numerical data, 
demonstrating a particular aptitude for statistical analyses and mathematical forecasting. Their 
operational mechanism involves the application of established mathematical, statistical, and 
even principles drawn from physics to structured numerical datasets, thereby enabling the 
generation of predictions or the extraction of insights regarding complex systems. In terms of 
scale and complexity, LQMs share similarities with LLMs, typically being large and intricate 
models that demand significant computational resources for both their training and subsequent 
deployment. A defining feature of LQMs is their generative capability, which allows them to 
produce synthetic financial data that closely mirrors the statistical properties and dynamic 
behaviors observed in real-world markets. This synthetic data proves invaluable for a range of 
applications, including sophisticated risk modelling, comprehensive scenario analysis, and 
rigorous stress testing of financial systems. FinanceGPT's LQMs are built upon specialized 
architectures, most notably the VAE-GAN framework. This architecture strategically combines 
the strengths of Variational Autoencoders (VAEs) and Generative Adversarial Networks (GANs), 
often augmented with other advanced machine learning techniques such as reinforcement 
learning, unsupervised learning, and transfer learning to enhance their analytical and generative 
power. Moreover, LQMs are pre-trained on a vast and comprehensive corpus of historical 
financial data. This pre-training enables them to learn the intricate dynamics and underlying 
patterns that characterize financial markets, equipping them with a deep understanding of 
market behaviors. The unique combination of these generative capabilities and a dedicated focus 
on numerical data empowers LQMs to learn and subsequently replicate the complex patterns 
inherent in financial markets. While this makes them exceptionally powerful tools for analysis 
and prediction, it also introduces a potential susceptibility to manipulations that could exploit 
these very learned patterns for malicious purposes. 

When comparing LQMs to LLMs and traditional quantitative models, distinct differences in their 
capabilities and limitations become apparent. LLMs, while highly proficient in tasks involving 
natural language processing, face limitations when applied to quantitative finance due to their 
fundamental textual nature and a lack of specialized training in the analysis of financial data. 
Their ability to perform complex financial calculations with reliable numerical accuracy is also 
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questionable. Traditional quantitative models, on the other hand, have proven effective for 
specific analytical tasks within finance. However, they often struggle to adequately address the 
inherent volatility, the limited availability of comprehensive historical data, and the intricate non-
linear relationships that are characteristic of financial markets. LQMs are specifically designed 
to overcome these challenges by leveraging the unique capabilities of generative AI techniques. 
Therefore, LQMs represent a significant step forward in the evolution of AI applications in finance, 
offering enhanced abilities to handle the complexities of financial data compared to both LLMs 
and traditional quantitative methods. However, this advancement also implies that LQMs may 
inherit certain vulnerabilities from both these domains while simultaneously introducing new 
vulnerabilities that are specific to their unique architecture and training methodologies. 
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The Vulnerability Landscape  
Data Poisoning Attacks on LQMs 

Data poisoning represents a significant threat to the integrity and reliability of AI models, 
including LQMs. This type of attack involves the deliberate injection of false, biased, or malicious 
data into a model's training or operational pipeline. The primary objective of such an attack is to 
manipulate the outputs of the AI or machine learning model, causing it to generate biased or even 
dangerous results during the inference phase. Unlike attacks that might aim to directly crash a 
system, data poisoning operates more subtly, gradually influencing the model's underlying logic 
and decision-making processes. This stealthy nature makes data poisoning particularly 
challenging to detect, as its goal is to alter the model's behavior over an extended period rather 
than causing immediate and obvious system failures. 

LQMs face unique challenges regarding data poisoning due to their inherent reliance on vast 
quantities of financial time-series data, which are often sourced from external, third-party 
providers. This dependence on data that may be unaudited and assumed to be accurate creates 
a significant vulnerability, making LQMs particularly susceptible to data poisoning attacks within 
their training or operational pipelines. Furthermore, the intrinsic complexity of financial data, 
characterized by its inherent volatility, the presence of noise, and the existence of non-linear 
relationships between various factors, can make it considerably more difficult to identify data 
points that have been maliciously poisoned. This amplifies the "garbage in, garbage out" 
principle, where the quality of the output is directly dependent on the quality of the input data. 
For LQMs, the sheer volume and intricate nature of the financial data they process make robust 
data validation and meticulous provenance tracking essential to mitigate the risk of data 
poisoning. The interconnectedness of data sources within the financial ecosystem further 
exacerbates this issue, as a successful compromise of one upstream data provider could 
potentially affect numerous LQMs across various financial institutions. 

The potential consequences of successful data poisoning attacks on LQMs are far-reaching and 
could have significant implications for financial markets and the broader economy. A poisoned 
LQM could lead to market mispricing by misclassifying risk, misallocating capital, or triggering 
unexpected trading activities, ultimately resulting in the inaccurate valuation of assets. Moreover, 
the manipulation of critical financial data, such as Consumer Price Index (CPI) figures or market 
sentiment feeds, could quietly recalibrate billions of dollars in asset allocation and lead to flawed 
economic forecasts, including inaccurate inflation predictions and other key economic 
indicators. In a more severe scenario, a single instance of poisoned input has the potential to 
cascade through an LQM, triggering systemic financial misjudgements that could manifest as 
disruptive events like flash crashes or other forms of market instability. Unlike the hallucinations 
sometimes observed in LLMs, where the model might generate nonsensical or factually incorrect 
text, errors resulting from data poisoning in LQMs become deeply ingrained in the model's 
"beliefs" about the financial world, making their correction a much slower and more arduous 
process. The long-term impact of such attacks could lead to a significant erosion of institutional 
trust within the financial sector, potentially affecting global financial systems, central bank policy 
decisions, lending rates, and overall public confidence in the stability of the economy. 
Specifically, in the realm of algorithmic trading, data poisoning can induce false triggers for buy 
or sell orders, directly leading to market manipulation and substantial financial losses for both 
institutions and individual investors. The potential for data poisoning in LQMs to not only impact 
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individual financial institutions but also to destabilize entire markets and erode fundamental 
trust in the financial system underscores the systemic nature of this critical risk. 
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Systemic Risks Amplified by LQMs in Financial Markets 
The financial system is inherently characterized by a complex web of interconnections among 
various institutions. These interdependencies, while fostering efficiency, also create pathways 
for contagion, where the failure or distress of one entity can rapidly spread throughout the 
system, leading to systemic risks. The increasing adoption of similar LQMs across a wide range 
of financial institutions has the potential to amplify these systemic risks. If these models share 
common vulnerabilities or are susceptible to the same data poisoning attacks, the likelihood of 
correlated failures across the financial landscape increases significantly. This 
interconnectedness can manifest through various channels, including interbank lending 
activities, cross-sector exposures involving different types of financial entities, and a shared 
reliance on common technological infrastructure or the same data providers. Consequently, if 
multiple financial institutions depend on LQMs that have been trained using the same potentially 
poisoned datasets or that operate based on similar flawed logic, a shock originating in one 
institution could rapidly propagate to others, thereby increasing the overall fragility of the 
financial system. The concentration of AI models, the underlying datasets used for their training, 
and the computational resources required to operate them within a limited number of large 
technology companies could further exacerbate these risks associated with interconnectedness. 

A significant concern arising from the widespread use of LQMs is the potential for cascading 
failures and the destabilization of financial markets. If a poisoned LQM within one institution 
triggers unexpected trading activities or generates inaccurate risk assessments, and if other 
models within the system, perhaps due to similar training or inherent biases, mimic these 
actions, it can create dangerous feedback loops that ultimately destabilize entire markets. 
Historical events, such as the 2010 Flash Crash, serve as stark reminders of the velocity with 
which automated misperceptions can propagate through financial markets, leading to dramatic 
and often inexplicable price swings. Furthermore, past incidents involving errors in algorithmic 
trading systems have already demonstrated the potential for automated systems to cause 
significant disruptions and financial losses, underscoring the inherent risks associated with 
complex algorithms operating at high speeds. The speed and automation that are integral to LQM-
driven financial activities have the potential to amplify the impact of any errors or malicious 
manipulations, leading to market destabilization that could be both rapid and severe. The 
absence of real-time human judgment in the decision-making processes of algorithmic trading 
systems, a characteristic likely shared by many LQMs, can further compound the risk of such 
cascading failures. 

Another critical systemic risk associated with LQMs is the potential for herding behavior and a 
concentration of risk within financial markets. AI-driven trading strategies, including those 
powered by LQMs, could inadvertently lead to a situation where multiple systems converge on 
remarkably similar trading strategies. This lack of diversity in approach can artificially inflate 
asset prices, potentially fuelling asset bubbles, or exacerbate market downturns, leading to or 
amplifying market crashes. This risk is further heightened by the possibility of a concentration of 
risk, where a single dominant AI model or a small number of influential data providers effectively 
dictate trading strategies for a substantial portion of the market. Such a scenario significantly 
diminishes the diversity of opinions among market participants, a crucial element for maintaining 
price stability, and instead increases the likelihood of correlated trading activities. These 
synchronized actions can amplify systemic risks and make the market more vulnerable to sudden 
shocks. The inherent opacity of some AI models can also hinder the ability of regulators and even 
the models' developers to fully comprehend their decision-making processes. This lack of 
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transparency makes it exceptionally challenging to detect and prevent instances of herding 
behavior or unintended market manipulation that might arise from the widespread use of LQMs. 
The documented potential for AI agents to develop emergent behaviors that closely resemble 
collusion, even without being explicitly programmed to do so, presents a particularly concerning 
risk for market manipulation scenarios involving LQMs. 

  



Whitepaper: Risks of LQMs in Financial Markets  FinanceGPT Labs © 2024 

9 
 

Cybersecurity Challenges Unique to Large Quantitative 
Models 
Large Quantitative Models (LQMs), while sharing some general cybersecurity concerns with other 
AI systems, also present a unique set of challenges due to their specific focus on mathematical 
and statistical analysis within the financial domain. Unlike Large Language Models (LLMs), which 
are primarily susceptible to prompt injection attacks that exploit their text-based nature, LQMs 
are more vulnerable to manipulations that target their underlying mathematical and statistical 
foundations. This can be achieved through the introduction of carefully crafted data designed to 
exploit the model's algorithms and parameters. Subtle alterations within the training data can 
lead to skewed statistical outcomes or biased predictions without necessarily triggering 
traditional anomaly detection systems, which are often designed to identify irregularities in 
textual data or overall system performance.  

Attackers with a deep understanding of the specific algorithms and parameters used in LQMs 
could potentially induce desired misbehavior by strategically manipulating the data the model 
learns from or operates on. This focus on numerical accuracy in LQMs implies that vulnerabilities 
might stem from inherent flaws within the mathematical models themselves or in the 
methodologies used to train and validate these models using quantitative financial data. 
Consequently, traditional cybersecurity measures that are effective against threats targeting 
textual data or system infrastructure may not be sufficient to adequately protect LQMs, 
necessitating the development of specialized security approaches that consider the nuances of 
quantitative modelling and statistical analysis. 

One of the most significant cybersecurity challenges associated with LQMs is the inherent 
difficulty in detecting subtle data poisoning attacks. These attacks can be meticulously designed 
to be exceptionally subtle, making their identification through conventional data validation 
techniques a formidable task. Attackers may employ strategies that involve introducing small 
amounts of poisoned data into the model's training pipeline over an extended period. This gradual 
infiltration can subtly shift the model's behavior in the desired direction without causing any 
immediate or obvious drops in performance that would typically raise red flags. Furthermore, the 
intrinsic complexity of LQMs, coupled with the high dimensionality of the financial data they 
process, can further obscure the presence of even carefully crafted malicious data points within 
the vast datasets. Effectively detecting data poisoning in LQMs therefore requires the 
implementation of advanced anomaly detection algorithms, the establishment of real-time 
forensic auditing capabilities, and the potential deployment of adversarial training techniques 
that are specifically tailored to the characteristics of quantitative financial data and the unique 
architectures of these models. The core challenge lies in the ability to accurately distinguish 
between normal fluctuations and patterns within the complex financial data and those 
anomalies that are indicative of malicious data poisoning attempts. 

Another unique cybersecurity concern for LQMs is the potential for model mimicry and 
subsequent contagion across the financial system. If multiple financial institutions rely on LQMs 
that have been trained using similar datasets or that adhere to comparable methodological 
frameworks, a successful data poisoning attack on one model could potentially spread its 
influence on others through a process of model mimicry or the inadvertent sharing of flawed 
insights derived from the compromised model. The interconnected nature of financial models 
and the observed tendency for institutions to closely monitor and react to each other's trading 
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activities could further amplify the spread of errors or manipulations that originate from an 
initially poisoned LQM. This potential for "contagion" at the model level, where flawed analytical 
logic or poisoned "beliefs" about market dynamics propagate throughout the financial system, 
represents a distinct and significant systemic risk specifically associated with the widespread 
adoption and use of LQMs. This risk is often compounded by the lack of complete transparency 
in the internal workings of some AI models, making it exceedingly difficult to discern why different 
models might be exhibiting similar patterns of unusual or unexpected behavior across various 
institutions. 
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Illustrative Examples and Case Studies 
Examining historical incidents of financial data breaches and instances of market manipulation, 
while not always directly involving LQMs, can provide valuable context for understanding the 
potential threats and impacts that could arise from successful attacks on LQM-driven systems. 
Significant data breaches at major financial institutions like Equifax, Capital One, and JPMorgan 
Chase underscore the persistent vulnerability of sensitive financial data to cyberattacks. These 
events, though not specifically targeting AI models, demonstrate the ability of malicious actors 
to gain access to and potentially manipulate large financial datasets, which are the very 
foundation upon which LQMs are built and trained.  

Furthermore, documented examples of attempts to manipulate economic forecasts, such as 
efforts to distort predictions related to climate change or to influence market prices through the 
dissemination of misinformation, highlight the underlying motives and the various methods that 
could be employed to manipulate the data that feeds into financial models, including LQMs. The 
GameStop short squeeze event, while primarily driven by social media sentiment and 
coordinated retail investor activity, serves as a contemporary example of how concerted actions 
can create artificial volatility within financial markets, a phenomenon that could potentially be 
inadvertently amplified by LQMs reacting to data that has been manipulated or misinterpreted. 
These historical precedents collectively illustrate the importance of implementing robust 
security measures to protect the integrity of financial data and the potential for substantial 
financial and reputational damage that can result from data breaches and market manipulation, 
even in the absence of sophisticated AI-driven attacks. 

Instances of errors in algorithmic trading systems also provide crucial insights into the potential 
consequences of flaws or manipulations within the complex algorithms that underpin modern 
financial markets, which are increasingly relevant to understanding the risks associated with 
LQMs. The 2012 algorithmic trading mishap at Knight Capital, which resulted in a staggering loss 
of $460 million in just 45 minutes due to a dormant code error, vividly demonstrates the speed 
and scale at which automated trading systems can generate erroneous orders and significantly 
impact market stability. Similarly, the 2010 Flash Crash, where the rapid and extreme plunge and 
subsequent rebound of major U.S. equity indices were significantly amplified by high-frequency 
algorithmic trading, highlights the inherent potential for automated systems to exacerbate 
market instability and volatility. While these specific events were attributed to errors in code or 
market dynamics rather than deliberate malicious attacks like data poisoning, they nonetheless 
underscore the fragility of financial markets that rely heavily on complex algorithms operating at 
high speeds. This fragility is directly relevant to the potential for errors or manipulations within 
LQMs to have profound and widespread consequences across the financial ecosystem. These 
cases emphasize the critical need for rigorous testing, continuous monitoring, and robust fail-
safe mechanisms for any automated system operating within financial markets, including the 
increasingly sophisticated Large Quantitative Models. 
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Mitigating the Risks 
Cybersecurity Controls and Best Practices for LQMs 

Addressing the emerging risks associated with Large Quantitative Models (LQMs) in finance 
necessitates the implementation of robust cybersecurity controls and adherence to best 
practices across the entire lifecycle of these sophisticated AI systems. A foundational element of 
risk mitigation is the establishment of stringent data validation protocols aimed at ensuring the 
integrity and authenticity of both the training data used to develop LQMs and the operational data 
they process. This includes rigorous checks for data accuracy, consistency across sources, and 
the absence of any malicious manipulation. Furthermore, meticulous tracking of data 
provenance, which involves maintaining a comprehensive history of the data's origins and all 
subsequent transformations it undergoes, is crucial for identifying potential points of 
compromise or contamination. Tools and frameworks like OWASP CycloneDX or ML-BOM can 
provide valuable assistance in establishing and maintaining this data lineage. Verifying the 
legitimacy of data at every stage of the model development process and conducting thorough 
vetting of all data vendors are also essential components of a robust data security strategy. 
Establishing a clear "chain of custody" for all data utilized by LQMs, from its initial source to its 
integration within the model, is paramount for effectively detecting and preventing data poisoning 
attacks. This requires not only the deployment of appropriate technological solutions but also the 
implementation of strong governance frameworks and the clear assignment of responsibilities 
for maintaining data quality and security. 

Another critical mitigation strategy involves the use of adversarial training techniques and the 
adoption of robust learning methodologies. Adversarial training entails intentionally exposing 
LQMs to carefully crafted, misleading inputs during the training phase. This process helps the 
models learn to recognize and effectively disregard such malicious inputs, thereby significantly 
enhancing their resilience against real-world data poisoning attacks. Additionally, the utilization 
of robust learning techniques, such as employing trimmed mean squared error loss functions or 
median-of-means tournaments, can help to reduce the undue influence of outliers, which may 
include poisoned data points, on the model's learning process. Developers can improve the 
models' ability to distinguish between legitimate and malicious data patterns, making it 
considerably more difficult for actual attacks to succeed in compromising their integrity by 
actively challenging LQMs with poisoned data scenarios during their development. 

Implementing real-time monitoring and establishing robust forensic auditing capabilities are also 
vital for mitigating the risks associated with LQMs. Continuous monitoring of the models' inputs, 
outputs, and internal operational states can facilitate the early detection of anomalies or 
unexpected behaviors that might indicate a data poisoning attack or a broader compromise of 
the model. Developing the capacity for real-time forensic auditing allows for the immediate 
investigation of any suspicious activities and the ability to trace errors or manipulations back to 
their original source. Furthermore, the deployment of sophisticated anomaly detection 
techniques, including both statistical analysis methods and machine learning-based 
approaches, can aid in the filtering out of adversarial data before it can significantly impact the 
LQM's performance or decision-making processes. The ability to detect data poisoning attempts 
in their early stages is crucial for preventing widespread negative consequences, necessitating 
the use of advanced monitoring and analysis tools that are specifically tailored to the unique 
characteristics of LQMs and the complex nature of financial data. This requires establishing clear 
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baselines for normal LQM behavior and developing sensitive metrics for identifying deviations 
that exceed acceptable thresholds. 

Adopting a secure model development lifecycle that integrates security considerations at every 
stage, from the initial acquisition of data to the final deployment and ongoing maintenance of the 
LQM, is essential. This includes implementing strict access controls to limit the individuals and 
systems that have the authority to view and modify the training data, the model's underlying 
parameters, and the environments in which the model is deployed. Such controls significantly 
reduce the risk of both insider threats and unauthorized external access. The principle of least 
privilege should be rigorously applied, ensuring that only those individuals and processes that 
absolutely require access to specific data or functionalities are granted those permissions. 
Regularly conducting security audits and performing penetration testing on the LQM 
infrastructure and deployment environment can help to proactively identify potential 
vulnerabilities that could be exploited by malicious actors. A comprehensive and holistic 
approach to security, one that encompasses the entire lifecycle of the LQM, is necessary to 
effectively address the multitude of potential attack vectors that could be exploited. This includes 
not only the implementation of technical security controls but also the establishment of robust 
organizational policies, clearly defined procedures, and comprehensive training programs for all 
personnel involved in the development, deployment, and utilization of LQMs. 

Finally, the establishment of clear regulatory frameworks and the adoption of relevant industry 
standards are crucial for ensuring the responsible and secure development and deployment of 
LQMs within the financial sector. Regulatory bodies, such as the New York State Department of 
Financial Services (NYDFS), are beginning to issue specific guidance on the cybersecurity risks 
associated with the use of AI by financial institutions, emphasizing the need to incorporate AI-
related risks into existing risk assessment processes and to implement appropriate security 
controls. Adhering to established industry standards and best practices for both traditional 
cybersecurity and the emerging field of AI security, such as the NIST AI Risk Management 
Framework, can provide a structured and formalized approach to effectively governing, mapping, 
measuring, and managing the risks associated with LQMs.  

Furthermore, fostering collaboration and facilitating information sharing among various 
organizations, governmental bodies, and research institutions that are grappling with similar AI-
related risks can help to ensure that all stakeholders remain informed about emerging threats, 
evolving trends in attack methodologies, and valuable lessons learned from incidents and 
research. A well-defined and adaptive regulatory framework is ultimately necessary to strike a 
balance between fostering innovation in the financial sector using LQMs and ensuring the 
stability and integrity of financial markets by effectively mitigating the associated cybersecurity 
risks. Such a framework should address critical issues such as data quality standards, the need 
for model transparency and explainability, the clear allocation of accountability for the outputs 
and decisions generated by LQMs, and the establishment of effective incident response 
protocols for AI-related security events. 
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Conclusion 
Navigating the Risks of Large Quantitative Models in Finance 

Large Quantitative Models (LQMs) represent a transformative force in the financial sector, 
offering unprecedented capabilities in analysis, forecasting, and risk management. However, as 
this report has detailed, their increasing adoption also introduces significant cybersecurity and 
systemic risks. The potential for data poisoning attacks to subtly compromise these models, 
leading to market mispricing, flawed economic forecasts, and even systemic financial 
misjudgements, poses a silent yet substantial threat to the stability and integrity of financial 
markets. The interconnectedness of financial institutions and the potential for model mimicry 
further amplify these risks, creating pathways for localized vulnerabilities to cascade into 
widespread market instability. The unique mathematical and statistical foundations of LQMs, 
coupled with the difficulty in detecting subtle data manipulations, necessitate a paradigm shift 
in cybersecurity approaches within the financial domain. 

Addressing these evolving threats requires proactive and multifaceted measures. Robust data 
validation and provenance tracking are essential to ensure the integrity of the data that LQMs rely 
upon. The implementation of adversarial training and robust learning techniques can enhance 
the resilience of these models against malicious inputs. Real-time monitoring and forensic 
auditing capabilities are crucial for the early detection and mitigation of attacks. Furthermore, a 
secure model development lifecycle, coupled with stringent access controls, is necessary to 
protect LQMs throughout their entire existence. Finally, clear regulatory frameworks and the 
adoption of industry best practices will provide the necessary guidance and standards for the 
responsible and secure deployment of LQMs in finance. 

The immense potential of LQMs to enhance financial analysis and decision-making cannot be 
understated. However, realizing this potential while safeguarding the stability and integrity of 
financial markets in the age of generative AI demands a strong and unwavering commitment to 
security and risk management. Ongoing research into the vulnerabilities and defenses of LQMs, 
coupled with the proactive implementation of robust cybersecurity controls, will be critical in 
navigating the complex landscape of AI in finance and ensuring a resilient and trustworthy 
financial ecosystem for the future. 
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Tables 
Table 1: Comparison of LLMs, Traditional Quantitative Models, and LQMs in Finance 

Feature Large Language 
Models (LLMs) 

Traditional 
Quantitative Models 

Large Quantitative Models 
(LQMs) 

Data Type 
Processed 

Primarily textual data 
(natural language) 

Primarily structured 
numerical data 

Primarily structured numerical 
data, with generative capabilities 
for synthetic numerical data 

Primary 
Applications in 
Finance 

Text analysis 
(sentiment, news), 
chatbots, document 
processing 

Statistical analysis, 
risk modelling, 
algorithmic trading 
(rule-based) 

Financial forecasting, stock price 
prediction, risk assessment, 
algorithmic trading (AI-driven), 
synthetic data generation 

Strengths Natural language 
understanding and 
generation, 
summarization 

Established 
methodologies, 
interpretability for 
simpler models 

Captures complex quantitative 
relationships, insights from 
complex data, handles volatility, 
generative capabilities 

Limitations Limited numerical 
accuracy, not 
specialized for 
financial data 

May struggle with 
non-linear 
relationships and 
dynamic markets 

Potential for subtle data 
poisoning, systemic risks from 
interconnectedness, complexity 
in detection 

Typical 
Vulnerabilities 

Prompt injection, 
sensitive information 
leakage 

Model brittleness, 
overfitting 

Data poisoning, exploitation of 
mathematical foundations, 
model mimicry 

 

Table 2: Recommended Cybersecurity Controls for Large Quantitative Models 

Mitigation 
Strategy 

Specific Actions/Technologies Benefits 

Robust Data 
Validation 

Implement data integrity checks, 
anomaly detection on input data, 
validation against trusted sources, data 
cleansing pipelines 

Ensures data quality, detects 
malicious or erroneous data before 
it affects the model, reduces the risk 
of training on poisoned data 

Data Provenance 
Tracking 

Utilize tools like ML-BOM, maintain logs 
of data sources and transformations, 
implement access controls on data 
repositories 

Provides an audit trail for data, helps 
identify the source of potential 
contamination, enhances 
accountability 

Adversarial 
Training 

Generate and inject synthetic poisoned 
data during training, fine-tune model to 
identify and resist adversarial examples 

Improves model robustness against 
data poisoning attacks, increases 
resilience to subtle manipulations 
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Robust Learning 
Techniques 

Employ loss functions less sensitive to 
outliers (e.g., trimmed mean), use 
ensemble methods 

Reduces the impact of individual 
poisoned data points on the overall 
model learning, improves model 
stability 

Real-Time 
Monitoring 

Monitor input and output data for 
statistical anomalies, track model 
performance metrics, set alerts for 
unusual behavior 

Enables early detection of data 
poisoning or model compromise, 
facilitates rapid response and 
mitigation 

Forensic 
Auditing 

Implement logging of model activities, 
maintain records of data access and 
modifications, develop tools for 
investigating anomalies 

Allows for post-incident analysis to 
understand the nature and source of 
attacks, aids in recovery and 
prevention of future incidents 

Secure Model 
Development 
Lifecycle 

Integrate security checks at each stage, 
from data acquisition to deployment 
and maintenance, follow secure coding 
practices 

Builds security into the model from 
the ground up, reduces the 
likelihood of vulnerabilities being 
introduced during development 

Strict Access 
Controls 

Implement principle of least privilege, 
use multi-factor authentication, 
regularly review and update access 
permissions 

Limits the potential for unauthorized 
access to sensitive data and model 
components, reduces the risk of 
insider threats 

Regular Security 
Audits & Testing 

Conduct penetration testing, 
vulnerability assessments, red team 
exercises 

Proactively identifies weaknesses in 
the LQM infrastructure and 
deployment, allows for remediation 
before exploitation by attackers 

Regulatory 
Compliance 

Adhere to relevant guidelines (e.g., 
NYDFS), implement industry standards 
(e.g., NIST AI RMF), participate in 
information sharing 

Ensures compliance with legal and 
regulatory requirements, leverages 
established best practices for AI 
security, stays informed of emerging 
threats 
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