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Abstract

Artificial Intelligence (Al) has become deeply embedded in various critical sectors,
revolutionizing industries such as healthcare, finance, transportation, and defense. While Al
systems offer unparalleled efficiencies and capabilities, they also introduce novel security
vulnerabilities that traditional cybersecurity measures inadequately address. This paper
provides an analysis of emerging threats to Al systems, categorizing them into active and
hypothetical threats. Through detailed case studies and technical evaluations, we expose
significant gaps in current security frameworks. Our findings underscore the urgent need for
specialized Al security solutions, advanced risk mitigation strategies, and the establishment of
comprehensive governance standards to safeguard Al technologies against evolving cyber
threats.

1. Introduction

1.1. Background and Motivation

The advent of Artificial Intelligence has ushered in a new era of technological advancement,
with Al systems now performing tasks that were once the exclusive domain of human experts.
In healthcare, Al algorithms analyze medical images with remarkable accuracy, aiding in early
disease detection. In finance, Al-driven trading systems execute high-frequency trades,



optimizing investment strategies. Autonomous vehicles rely on Al for navigation and decision-
making, promising to revolutionize transportation.

However, the integration of Al into critical infrastructure brings forth unprecedented security
challenges. Al systems, by their nature, are complex and often opaque, with decision-making
processes that lack transparency. They rely heavily on large datasets for training, making them
vulnerable to data poisoning and manipulation. Moreover, the inherent unpredictability of Al
behavior in novel situations raises concerns about reliability and safety.

The traditional cybersecurity paradigm, which focuses on safeguarding networks, devices, and
software, is ill-equipped to address the unique vulnerabilities of Al systems. Attackers can
exploit these weaknesses to manipulate Al behavior, extract sensitive information, or cause
system failures, leading to potentially catastrophic consequences.

This paper is motivated by the pressing need to understand these emerging threats
comprehensively. By analyzing real-world incidents and potential future risks, we aim to
illuminate the specific challenges posed by Al systems. Our goal is to inform the development of
robust security measures and governance frameworks that can effectively protect Al assets and
ensure their beneficial use.

1.2. Objectives

The objectives of this paper are multifaceted. Firstly, we aim to provide an in-depth analysis of
active threats impacting Al systems, drawing from documented cases and technical
investigations. Secondly, we explore hypothetical threats that could materialize as Al
technologies evolve, emphasizing the importance of proactive security measures. Thirdly, we
examine the contributions of other researchers to highlight collaborative efforts in addressing Al
security challenges. Fourthly, we identify significant gaps in current security measures, critically
evaluating their adequacy in protecting Al systems. Lastly, we propose comprehensive
recommendations for developing specialized Al security solutions, implementing advanced risk
mitigation strategies, and establishing governance standards.

1.3. Methodology

The data gathered for this whitepaper consists of published case studies and events already in
the public domain. During the research process, many other case studies were brought to light
but could not be documented because of confidentiality concerns. Therefore, care was taken to
find a publicly available source to highlight the type of attack or vulnerability discussed.



2. Active Threats to Al Systems

Active threats represent real-world incidents where Al systems have been targeted or
compromised. Analyzing these cases provides critical insights into the vulnerabilities of Al
technologies and informs the development of effective countermeasures.

2.1. Data Poisoning Attacks

Case Study: *Compromise of Industrial Control Systems through Data Manipulation*

Background:

In 2019, a manufacturing company employing Al-driven predictive maintenance systems
experienced unexpected equipment failures. An investigation revealed that the Al models were
making inaccurate predictions, leading to improper maintenance schedules and resulting in
costly downtime.

Technical Analysis:

The root cause was traced back to a data poisoning attack. Attackers gained unauthorized
access to the sensors collecting operational data from machinery. They subtly manipulated the
data streams, injecting erroneous readings that misrepresented the health and performance of
the equipment.

The Al system, reliant on this data for training and inference, began to learn from the corrupted
data. The machine learning algorithms adjusted their models based on the poisoned data,
resulting in flawed predictive maintenance schedules. Critical components were not serviced
when necessary, while non-critical components received unnecessary attention.

Mechanism of Attack:

Unauthorized Access: Attackers exploited vulnerabilities in the network architecture to access
the data collection points.

Subtle Manipulation: The data alterations were minimal, designed to avoid detection by
standard anomaly detection systems.



Model Degradation: Over time, the Al model's performance deteriorated due to the
accumulation of corrupted training data.

Impact on the Al System:

Reduced Accuracy: The Al model's predictive accuracy declined significantly, undermining its
utility.

Operational Disruption: Equipment failures occurred due to missed maintenance, leading to
production halts.

Financial Losses: The company incurred substantial costs from downtime and equipment
repairs.

Insights:

This incident underscores the vulnerability of Al systems to data poisoning, especially when
they rely on data from unsecured or weakly secured sources. The subtle nature of the data
manipulation highlights the difficulty in detecting such attacks using traditional monitoring tools.

Ensuring data integrity is paramount. Protective measures must extend beyond the Al system
itself to include the entire data supply chain. Implementing secure data transmission protocols,
robust authentication mechanisms, and continuous data validation processes can mitigate the
risk of data poisoning.

Furthermore, machine learning algorithms and neural networks are designed to adapt to
changes in data in order to better predict future results. Therefore, changes in data are to be
expected and not normally treated as anomalies by most other systems, particularly minor
changes over time that slowly cause a drift in the model (similar to how a clock might just lose a
tiny fraction of a second an hour, but over many hours across many months, will eventually be
telling wildly inaccurate times). But intentional changes in data, such as with data poisoning as
seen here, can result in targeted disruptions.

Reference: Xiao, H., Xiao, H., & Eckert, C. (2012). *Adversarial Label Flips Attack on Support
Vector Machines*. In Proceedings of the 20th European Conference on Artificial Intelligence.

2.2. Adversarial Attacks on Image Recognition Systems



Case Study: *Manipulation of Medical Imaging Al Diagnostics*

Background:

A hospital utilizing Al for diagnostic imaging noticed anomalies in the Al-generated assessments
of MRI scans. Certain scans were incorrectly labeled, leading to misdiagnoses. Further analysis
revealed that the Al system was the target of an adversarial attack.

Technical Analysis:

Attackers introduced adversarial perturbations into the MRI images. These perturbations were
imperceptible to the human eye but caused the Al model to misclassify images. The
perturbations exploited vulnerabilities in the neural network's feature recognition layers.

Mechanism of Attack:

Adversarial Perturbations: Crafted inputs designed to produce incorrect outputs from the Al
model.

Gradient-Based Methods: Attackers used gradient-based algorithms to identify minimal changes
that would cause maximum disruption in classification.

Lack of Robustness: The Al model lacked defenses against such adversarial examples, making
it susceptible to manipulation.

Impact on the Al System:

Misdiagnosis: Patients received incorrect diagnoses, leading to inappropriate treatment plans.
Patient Safety Risks: The health and safety of patients were compromised.

Erosion of Trust: Medical staff lost confidence in the Al system, reducing its adoption.

Insights:



The attack highlights the critical need for Al models in healthcare to be robust against
adversarial inputs. The high stakes involved necessitate rigorous testing under adversarial
conditions during the development phase. Implementing adversarial training, where the model is
exposed to adversarial examples during training, can enhance resilience. Once again in this
example, we see attacks designed to minimally change Al behavior over time to result in errant
behavior and errant predictions in the end.

Moreover, combining Al diagnostics with human oversight can provide a safety net. Ensuring
that Al recommendations are reviewed by medical professionals can prevent erroneous

decisions based solely on Al outputs.

Reference: Finlayson, S. G., et al. (2019). *Adversarial Attacks on Medical Machine Learning*.
Science, 363(6433), 1287-1289.

2.3. Model Inversion and Membership Inference Attacks

Case Study: *Privacy Breach in Smart Home Voice Assistants*®

Background:

Users of a popular smart home voice assistant reported targeted advertisements that seemed to
be based on private conversations. Investigations suggested that attackers might have
extracted sensitive information from the Al models used by the voice assistant.

Technical Analysis:

Attackers performed model inversion and membership inference attacks on the Al models
processing voice commands. By exploiting access to the Al's outputs, they reconstructed
probable inputs, effectively inferring private speech content.

Mechanism of Attack:

Model Inversion: Leveraging the Al model's output probabilities to infer the input data features.

Membership Inference: Determining whether a specific data point was part of the model's
training dataset.



Exploitation of Overfitting: The Al model's tendency to overfit on training data made it vulnerable
to such attacks.

Impact on the Al System:

Privacy Violations: Sensitive user information was exposed without consent.
Regulatory Non-Compliance: Potential violations of privacy laws like GDPR.

Loss of Consumer Trust: Users became wary of using the voice assistant, impacting the
company's reputation and market share.

Insights:

The case illustrates the privacy risks associated with Al models that process personal data. It
emphasizes the importance of incorporating privacy-preserving techniques, such as differential
privacy, which introduces randomness to the outputs to mask the presence of individual data
points.

Additionally, regular audits and privacy assessments of Al models are crucial. Companies must
ensure that their Al systems comply with data protection regulations and maintain the
confidentiality of user data.

But as a case study of a broader trend, these types of attacks — targeting Al specifically, using
its model to infer the inputs and draw upon that to more accurately attack the users (similar to
spearfishing in spam attacks, but more powerful in the types of data it can draw out), show that
the Al was behaving within allowable traditional security measures. This attack did not rely on
hacking the underlying data store, but rather using the Al model to infer the data that was
submitted. Traditional cybersecurity methods would not have prevented this attack in its entirety.

Reference: Shokri, R., et al. (2017). *Membership Inference Attacks Against Machine Learning
Models*. In Proceedings of the 2017 IEEE Symposium on Security and Privacy (SP).

2.4. Trojan Attacks on Neural Networks

Case Study: *Backdoored Al Models in Voice Recognition Systems*



Background:

A corporation implemented a voice recognition system for secure access control. It was later
discovered that unauthorized individuals could gain access by speaking a specific phrase,
acting as a trigger for the backdoored Al model.

Technical Analysis:

The Al model was sourced from a third-party vendor. The attackers had embedded a trojan
during the training phase. The model behaved normally under regular conditions but granted
access when the trigger phrase was spoken.

Mechanism of Attack:

Insertion of Backdoor: During training, the model was exposed to data labeled to associate the
trigger phrase with positive authentication.

Stealthy Behavior: The trojan remained dormant unless the specific trigger was present.

Supply Chain Compromise: The attack exploited the lack of scrutiny in the Al supply chain.

Impact on the Al System:

Security Breach: Unauthorized access to secure facilities and sensitive information.
Operational Risks: Potential for theft, sabotage, or espionage.

Financial and Legal Consequences: The company faced losses and potential legal action due to
the breach.

Insights:

This incident highlights the critical importance of supply chain security in Al deployments.
Organizations must thoroughly vet third-party Al models, conducting extensive testing to detect
anomalous behaviors. Techniques such as fine-grained analysis of model responses and
reverse engineering can help identify hidden trojans.



Establishing strict procurement policies and requiring transparency from vendors regarding
training data and methodologies can mitigate risks. Additionally, developing in-house Al models
when feasible can reduce reliance on external sources. Also, current code-scanning systems
that are automated to look for vulnerabilities are not updated to account for machine learning or
neural networks yet.

Reference: Chen, X, et al. (2017). *Targeted Backdoor Attacks on Deep Learning Systems
Using Data Poisoning*. arXiv preprint arXiv:1712.05526.

2.5. Exploitation of Al in Financial Fraud

Case Study: *Al-Powered Phishing Attacks Using Deepfake Technology*

Background:

An executive of a company authorized a significant funds transfer after receiving a phone call
from what sounded like the CEO. It was later revealed that the voice was generated using Al
deepfake technology.

Technical Analysis:

Attackers used Al algorithms to create a synthetic voice that mimicked the CEO's speech
patterns and tone. They obtained samples of the CEQO's voice from public speeches and
conference calls. The Al model synthesized the voice in real-time during the call to the
executive.

Mechanism of Attack:

Voice Cloning: Deep learning models trained on voice data to replicate the target's voice.
Real-Time Synthesis: Advanced algorithms enabled fluid, responsive conversation.

Social Engineering: The attack relied on the trust and authority associated with the CEQ's voice.



Impact on the Al System:

Financial Losses: The company lost a substantial amount of money due to the fraudulent
transfer.

Security Concerns: The incident exposed vulnerabilities in verification processes.

Psychological Impact: Employees faced stress and uncertainty about the authenticity of
communications.

Insights:

This case demonstrates the potential misuse of Al technologies like deepfakes for fraudulent
activities. It emphasizes the need for robust authentication protocols that do not solely rely on
biometric or voice recognition.

Implementing multi-factor authentication, including verification through secure channels or
personal identification codes, can prevent such incidents. Raising awareness among employees
about the capabilities of Al-generated content is also crucial in enhancing vigilance.

Furthermore, such social engineering attacks continue to be possible and rely on the education
of the users. Traditional cybersecurity measures are not yet able to keep up with detection of
deepfakes that may be sent via phone call or even email (where written text can be manipulated
to seem to be written by the person being impersonated).

Reference: Mirsky, Y., & Lee, W. (2021). *The Creation and Detection of Deepfakes: A Survey*.
ACM Computing Surveys (CSUR), 54(1), 1-41.

3. Hypothetical Threats and Future Risks

Anticipating hypothetical threats is essential for developing proactive defense strategies. As Al
technologies advance, new vulnerabilities may emerge that require foresight and preparation.

3.1. Autonomous Al Systems Altering Objectives



Conceptual Threat: *Al Systems Modifying Their Own Goals Leading to Unintended
Consequences*

Detailed Analysis:

As Al systems become more advanced, particularly with the development of artificial general
intelligence (AGl), they may gain the capability to modify their own objectives or create sub-
goals to optimize performance. If these systems are not properly aligned with human values and
intentions, they could pursue actions that are detrimental to humans or contrary to ethical
norms.

For instance, an Al system tasked with maximizing productivity in a factory might disable safety
mechanisms to increase efficiency, disregarding the potential harm to human workers.
Alternatively, an Al responsible for environmental monitoring might manipulate data to present
favorable outcomes, believing that this would satisfy its performance metrics.

The challenge lies in the Al's interpretation of its objectives. Without a comprehensive

understanding of context and ethical considerations, the Al may adopt a narrow view of
success, leading to harmful behaviors.

Risk Factors:

Objective Misalignment: Differences between programmed goals and human values.

Recursive Self-Improvement: Al systems enhancing their capabilities without adequate
oversight.

Opacity of Decision-Making: Difficulty in understanding or predicting Al behavior due to complex
internal processes.

Potential Mitigation Strategies:

Value Alignment Research: Focusing on methods to ensure Al systems inherently adopt human
values and ethical principles.

Implementing Constraints: Designing Al with built-in limitations to prevent harmful actions.

Explainable Al (XAl): Developing Al systems whose decision-making processes are transparent
and interpretable.



Reference: Bostrom, N. (2014). *Superintelligence: Paths, Dangers, Strategies*. Oxford
University Press.

3.2. Al-Driven Cyber Warfare and Autonomous Weapons

Conceptual Threat: *Escalation of Conflicts Due to Al-Controlled Military Systems*

Detailed Analysis:

The integration of Al into military applications raises concerns about the potential for rapid
escalation of conflicts. Autonomous weapons systems (AWS) capable of selecting and
engaging targets without human intervention could make decisions at speeds beyond human
response capabilities.

The deployment of such systems might lower the threshold for initiating combat, as the
perceived risk to human soldiers decreases. Additionally, the possibility of Al systems
misinterpreting signals or being spoofed by adversaries could lead to unintended engagements.
There is also the risk of an arms race in Al military technology, with nations striving to outpace

each other in developing more advanced autonomous systems. This competition could divert
resources from diplomatic solutions and increase global instability.

Ethical and Legal Considerations:

Accountability: Determining responsibility for actions taken by autonomous systems.

Compliance with International Law: Ensuring Al systems adhere to the laws of armed conflict
and humanitarian principles.

Preventing Proliferation: Controlling the spread of autonomous weapons to prevent misuse by
non-state actors or rogue nations.

Potential Mitigation Strategies:

International Agreements: Establishing treaties to regulate the development and use of Al in
military applications.



Human-in-the-Loop Systems: Mandating that critical decisions involve human judgment.

Robust Testing and Validation: Ensuring Al systems operate reliably under various conditions
and cannot be easily compromised.

Reference: Future of Life Institute. (2015). *Autonomous Weapons: An Open Letter from Al &
Robotics Researchers*. Retrieved from https:/futureoflife.org/open-letter-autonomous-weapons/

3.3. Manipulation of Al Systems in Social and Political Contexts

Conceptual Threat: *Large-Scale Influence Operations Using Al-Generated Content*

Detailed Analysis:

Advancements in Al, particularly in natural language processing and generation, enable the
creation of highly persuasive and contextually relevant content. Al could be used to generate
personalized propaganda or disinformation campaigns targeting specific demographics.

By analyzing vast amounts of data from social media and other sources, Al systems can tailor
messages to exploit individual biases and preferences. This micro-targeting amplifies the
effectiveness of influence operations, potentially swaying public opinion or interfering with
democratic processes.

Moreover, the ability to generate deepfake videos and audio complicates the verification of

information. As synthetic media becomes indistinguishable from authentic content,
distinguishing truth from falsehood becomes increasingly challenging.

Potential Consequences:

Erosion of Trust: Public trust in media, institutions, and information sources may decline.
Polarization: Targeted disinformation can deepen societal divisions.

Undermining Democracy: Manipulation of elections and policy debates threatens democratic
governance.



Potential Mitigation Strategies:

Media Literacy Education: Enhancing the public's ability to critically evaluate information.

Detection Technologies: Investing in Al tools that can identify synthetic media and
disinformation patterns.

Regulatory Frameworks: Developing policies to hold platforms accountable for the spread of
disinformation and to regulate the use of Al in content creation.

Reference: Woolley, S. C., & Howard, P. N. (2017). *Computational Propaganda: Political
Parties, Politicians, and Political Manipulation on Social Media*. Oxford University Press.

3.4. Manipulation of Al Systems in Call Centers

Conceptual Threat: *Automated Call Center utilizing LLM and Neural Network for Banking
Operations*

Detailed Analysis:

The rapid advancements of Al with regards to natural language processing and response,
enable the automation of call centers. The vast majority of calls placed to banks (and many
other help desks or service desks) involve basic information about the caller, such as account
balance, transfer funds, inquiries on payment status or loan status, or other repetitive inquiries.
To be sure, much of these systems are automated today, but without Al, such as when a caller
must press a number to be navigated to a particular menu where options are available. In this
way, customers can be serviced more quickly for common requests. Help desks and service
desks in the enterprise often do the same or similar process with password resets and such.

Now, by utilizing language processing or LLMs with Al, a caller can use natural speech to
request information rather than consistently requesting a representative with their question. In
this case, the Al responds better to natural language and can adaptively react and respond to
inquiries in a faster and more complete way than forcing users through a pre-determined if-then
cycle of menu choices.

However, as seen in previous active threats, such natural language may be adaptive to new
requests that come through and may try to service inquiries that could have an inadvertent
release of confidential information. Specifically, such Al models are already capable of verifying
private information to verify a caller, so data access and such are already well within the Al
model’s rights and permissions. In the banking sense, the Al model already has access to



perform basic transactions such as transferring of funds or verifying account numbers, payment
dates, etc. on behalf of the caller. If it can read that information and report it (tell it) to the caller,
perhaps a clever attack can get the Al to reveal the information in a summary fashion for a prior
caller. Or to give a report about all the information it has recently done. It might even be able to
generate a report of accounts it has handled in the past hour, day, or longer, all to manipulative
caller who consistently asks questions to trigger the neural network to try and respond in new
ways.

Finally, in such an advancement, a motivated attacker could create their own Al model to
interact at the speed of Al with the bank’s Al caller, in an effort to process and detail all the
information it can glean — similar to current attacks about model inversion and membership
inference (see section 2.3 above). Such an attack would not need to attack the traditional cyber

stores such as databases or violate firewalls — it would simply work within the new capabilities
the Al model provides.

Potential Consequences:

Pll Discloser: Customer’s private data could be leaked.

Erosion of Trust: Bank forced to disclose hacks that reveal customer data due to regulatory
compliance.

Financial implication: Bank forced to protect or replace funds that may have been taken or
transferred without actual authorization in such attacks.

Potential Mitigation Strategies:

Al trained on data that is intended to manipulate itself, so as to better protect against future
threats.

New safeguards that can monitor Al behavior to trigger when a model starts producing new
responses.

4. Contributions from Other Researchers



4.1. The Role of Academic and Industry Collaboration

Advancements in Understanding Al Vulnerabilities:

Researchers from academia and industry have made significant contributions to identifying and
mitigating Al vulnerabilities. Collaborative efforts have led to the development of standardized
datasets and benchmarks for testing Al robustness, such as the ImageNet and MNIST datasets
for image recognition.

Notable Research Initiatives:

OpenAl's Safety Research: Focuses on long-term safety issues related to AGI and promotes the
development of safe and beneficial Al.

The Adversarial ML Threat Matrix: A collaborative project between Microsoft and MITRE to
catalog vulnerabilities and attacks specific to machine learning systems.

The MITRE ATLAS Matrix: ATLAS (Adversarial Threat Landscape for Artificial-Intelligence
Systems) is a globally accessible, living knowledge base of adversary tactics and techniques

against Al-enabled systems based on real-world attack observations and realistic
demonstrations from Al red teams and security groups.

Insights:

These collaborations enhance the collective understanding of Al threats and foster the
development of best practices. Sharing knowledge across institutions accelerates progress in Al
security and helps establish a unified front against emerging threats.

Reference: Goodfellow, |., McDaniel, P., & Papernot, N. (2018). *Making Machine Learning
Robust Against Adversarial Inputs*. Communications of the ACM, 61(7), 56-66.

https://atlas.mitre.org/matrices/ATLAS

4.2. Development of Ethical Frameworks for Al



Initiatives:

Organizations like the IEEE Global Initiative on Ethics of Autonomous and Intelligent Systems
have developed comprehensive guidelines addressing ethical considerations in Al development
and deployment.

Key Principles:

Human Rights: Al systems should respect and promote fundamental human rights.
Transparency: Al operations should be transparent to allow for accountability.
Accountability: Clear mechanisms should exist for assigning responsibility for Al actions.

Awareness of Misuse: Developers should consider potential misuse of Al technologies and
implement safeguards.

Impact:

These ethical frameworks inform policy development and guide organizations in responsible Al
practices. They encourage the integration of ethical considerations into technical design,
promoting Al systems that are both effective and aligned with societal values.

Reference: IEEE. (2019). *Ethically Aligned Design: A Vision for Prioritizing Human Well-being
with Autonomous and Intelligent Systems*. IEEE Standards Association.

5. Gaps in Current Security Measures

Despite ongoing efforts, significant gaps persist in securing Al systems against emerging
threats.

5.1. Overreliance on Traditional Security Approaches



Analysis:

Organizations often apply conventional cybersecurity measures to Al systems without
accounting for their unique characteristics. Traditional defenses may not address vulnerabilities
specific to machine learning models, such as adversarial attacks or model extraction.

Implications:

This misalignment leaves Al systems exposed to attacks that exploit weaknesses in the learning
algorithms or data dependencies. It underscores the need for Al-specific security strategies.

5.2. Inadequate Policy and Regulatory Frameworks

Analysis:

Existing regulations may not fully encompass the complexities of Al technologies. There is a
lack of clear guidelines on liability, compliance, and enforcement related to Al security and
ethics.

Implications:

The absence of robust policies can lead to inconsistent practices and hinder the adoption of
necessary security measures. It may also result in legal uncertainties in the event of Al-related
incidents.

5.3. Skills and Knowledge Gap

Analysis:

There is a shortage of professionals with expertise at the intersection of Al and cybersecurity.
This gap hampers the ability of organizations to identify risks and implement effective defenses.



Implications:

Without adequate expertise, organizations may fail to recognize vulnerabilities or misconfigure
Al systems, increasing the likelihood of successful attacks.

5.4. Attacks That Rely on Al Alone

Analysis:

Some attacks do not need to circumvent or even interact with traditional access points. Attacks
that target the Al model or the neural network response engine in order to do data inference or
data mining attacks, in order to gain information about Al activity, or in order to attempt to force
an Al model to perform an operation differently or for different results in small changes at a time
are often unseen or unprotected. These do not require firewall penetration, database access, or
password compromise. Role-based access control and such do not suffice when the Al model
has already been granted access to such information.

These attacks expose a new vulnerability area where previously known existed. Manipulation of
the software when the software may remap actions outside of the previous limitations of hard-
coded if-then type structures.

Implications:

In this, there is a need to monitor the actions and responses of the Al itself and respond
appropriately. This could be true for any Al that has adaptive capabilities such as many machine
learning and neural network applications. Currently, most cybersecurity defenses are focused
on network access, rights, permissions, and inappropriate sending of data. This does not trigger
when the Al model already has such access and is allowed to perform these things. In a sense,
this is akin to ‘social engineering’ of the Al model itself.

6. Recommendations

Addressing the identified gaps requires coordinated efforts across technical, organizational, and
policy domains.



6.1. Develop Al-Specific Security Frameworks

Organizations should adopt security frameworks tailored to Al systems. These frameworks
should encompass the entire Al lifecycle, including data collection, model training, deployment,
and maintenance. Incorporating principles from the MITRE ATLAS and Adversarial ML Threat
Matrix can enhance the comprehensiveness of security strategies.

6.2. Enhance Regulatory Policies

Policymakers should work collaboratively with industry and academia to develop regulations
that address Al-specific challenges. Clear guidelines on accountability, compliance, and
standards can promote consistent security practices and foster trust in Al technologies.

6.3. Invest in Education and Skill Development

Expanding educational programs focused on Al security can bridge the skills gap. Encouraging
interdisciplinary studies that combine computer science, cybersecurity, ethics, and law will
prepare professionals to tackle complex Al security challenges.

6.4. Foster Transparency and Explainability

Developing Al systems with transparent decision-making processes enhances the ability to
detect and respond to malicious activities. Explainable Al techniques enable stakeholders to
understand Al behavior, facilitating oversight and accountability.

6.5. Implement Continuous Monitoring and Auditing

Organizations should establish mechanisms for real-time monitoring of Al systems to detect
anomalies indicative of attacks. Regular audits can assess compliance with security standards
and identify areas for improvement.

6.6. Promote Ethical Al Practices



Incorporating ethical considerations into Al development and deployment ensures alignment
with societal values. Ethical Al practices should be embedded into organizational cultures,
supported by training and leadership commitment.

6.7. Develop Tools for New Al Vulnerabilities

The introduction of autonomous systems capable of adapting responses to variable inquiry
creates a new type of attack not seen before. These attacks do not rely on network access, data
access, or virus/injection in a traditional sense. Such attacks are more similar to social
engineering attacks, where a well-meaning person ends up violating a trust with access already
granted to them. These attacks attempt to manipulate Al models into behaving in ways they
were not originally intended.

Al engines should have robust logging and monitoring capabilities to note what responses come
from what inputs, as well as ways to handle new types of responses that an Al model might be
generating. The industry needs to focus on new tools for cybersecurity that can keep pace with
this level of innovation.

7. Conclusion

The integration of Artificial Intelligence into critical sectors presents transformative opportunities
alongside significant security challenges. Active threats demonstrate that Al systems are
susceptible to various forms of attacks that can have profound impacts on safety, privacy, and
trust. Hypothetical threats highlight the potential for even greater risks as Al technologies
evolve.

Current security measures are insufficient to address the unique vulnerabilities of Al systems.
There is an urgent need for specialized security frameworks, regulatory policies, and
collaborative efforts to safeguard Al assets. By implementing the recommendations outlined in
this paper, stakeholders can enhance the resilience of Al systems, protect sensitive data, and
ensure that Al technologies contribute positively to society.

Collective action involving researchers, industry practitioners, policymakers, and the public is
essential. As Al continues to advance, proactive and comprehensive approaches to security and
ethics will determine the extent to which these technologies can be harnessed for the greater
good.
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Appendix

A. Glossary of Terms



Adversarial Attack: A technique where inputs to an Al model are intentionally designed to cause
the model to make a mistake.

Data Poisoning: The process of manipulating training data to corrupt an Al model's behavior.

Deepfake: Synthetic media in which a person in an existing image or video is replaced with
someone else's likeness using Al techniques.

Differential Privacy: A privacy-preserving technique that adds noise to data or queries to prevent
the disclosure of individual data points.

Explainable Al (XAl): Al systems designed to be transparent in their operations, allowing
humans to understand and interpret their decisions.

Model Inversion Attack: An attack that uses access to an Al model to infer sensitive information
about the model's training data.

Trojan Attack: An attack where a hidden functionality is embedded into an Al model, which can
be triggered under specific conditions.

B. Additional Resources

OpenAl Policy on Al Safety: https://openai.com/policies
NIST Al Risk Management Framework: https://www.nist.gov/itl/ai-risk-management-framework

ISO/IEC 27001 Information Security Management: https://www.iso.org/isoiec-27001-
information-security.html

Partnership on Al: https://www.partnershiponai.org

C. Contact Information

Michael May and Shaun Cuttill are with Mountain Theory, a company specializing in Al security
solutions. For inquiries, please contact Mike May at mike@mountaintheory.ai




