
 

Zero-Trust AI: A Quantum-Resilient 
Framework for the Enterprise 
Welcome to AI Unraveled, your daily briefing on the real-world business 
impact of AI. 
 

Introduction: The Converging Storm of AI and 
Quantum Threats 
 
We stand at a pivotal moment in technological history. Artificial Intelligence is no longer a 
futuristic concept but a core enterprise asset, driving innovation in fields from drug discovery 
and financial modeling to logistics and aerospace.1 This new paradigm, however, introduces a 
new, highly sophisticated attack surface, fundamentally different from traditional software 
vulnerabilities.4 Simultaneously, the dawn of quantum computing promises to shatter the very 
foundations of our current digital security, rendering the cryptographic algorithms that 
protect our global economy obsolete.5 

This report dissects a dual-pronged, existential threat to enterprise AI. The first prong 
consists of intrinsic AI vulnerabilities—attacks that exploit the unique logic and lifecycle of 
machine learning models themselves, turning their greatest strengths into critical 
weaknesses.9 The second is the quantum decryption threat: the impending obsolescence of 
classical cryptography that protects AI models, their invaluable training data, and the 
communication channels they depend upon.5 

Legacy, perimeter-based security is fundamentally obsolete in this new era.14 The "trust but 
verify" model, where entities inside the network are implicitly trusted, is a catastrophic liability 
when faced with AI's distributed nature and the looming power of quantum decryption. To 
secure the future of AI, enterprises must architect a new security paradigm from the ground 
up: a Quantum-Resilient Zero-Trust AI framework. This framework is not a single product 
but a strategic approach built upon three foundational pillars: Zero-Trust MLOps, Verifiable 
Provenance, and Crypto-Agility & Quantum Resistance. 

 

Part 1: The New Attack Surface: AI in a Post-Quantum 
World 
 
This section establishes the complete threat landscape, moving from current, tangible risks to 



the more complex, future-facing dangers posed by the convergence of AI and quantum 
computing. 
 
Section 1.1: The Intrinsic Vulnerabilities of Enterprise AI 

 
Before an organization can protect its AI assets, it must first understand how they can be 
compromised. Unlike traditional software vulnerabilities such as buffer overflows or SQL 
injections, AI models possess a unique set of weaknesses intrinsically tied to their statistical 
nature and their profound reliance on data.4 These are not mere bugs in code; they are 
exploitable features of the machine learning process itself. 
 
Data Poisoning 

 
Data poisoning is an insidious attack that targets the very foundation of an AI model: its 
training data. 

●​ Mechanism: In a data poisoning attack, an adversary intentionally injects malicious, 
manipulated, or mislabeled data into a model's training dataset.9 This corruption can 
occur through various vectors, including insider attacks by malicious employees with 
legitimate data access, supply chain compromises where third-party data sources are 
tainted, or unauthorized access to data pipelines via phishing or lateral movement 
within a network.17 The attack occurs during the model's training phase, shaping how it 
learns from the very beginning.18 

●​ Impact: The consequences of a poisoned model can range from subtle to catastrophic. 
A successful attack can introduce systemic biases, degrade the model's overall 
accuracy, or create dangerous real-world misclassifications, such as causing an 
autonomous vehicle's model to mistake a stop sign for a yield sign.19 More alarmingly, 
data poisoning can be used to implant hidden backdoors—vulnerabilities that remain 
dormant during testing and only activate when presented with a specific, 
attacker-defined trigger post-deployment.18 The infamous case of Microsoft's Tay 
chatbot, which was trained on public Twitter data and quickly began generating 
offensive content after being targeted by trolls, serves as a stark real-world example of 
a model being poisoned by its data inputs.16 

 

Model Inversion and Inference Attacks 

 
These attacks exploit a trained model to leak sensitive information about the private data it 
was trained on, representing a severe breach of data confidentiality. 

●​ Mechanism: Adversaries with query access to a model can use its outputs to 
reverse-engineer and reconstruct sensitive information from the original training data.9 



This category includes several distinct attack types. Membership inference aims to 
determine if a specific individual's data was part of the training set.10 Attribute 
inference goes further, attempting to deduce sensitive attributes (e.g., medical 
conditions, financial status) about the data subjects.24 These attacks are particularly 
effective against "overfitting" models, which have essentially memorized portions of 
their training data rather than learning generalized patterns.23 

●​ Impact: A successful model inversion attack can lead to catastrophic privacy violations, 
exposing highly sensitive personal information such as medical records, financial 
transactions, or even facial images.23 This not only causes immense harm to individuals 
but also exposes the organization to severe regulatory penalties under frameworks like 
GDPR and other data protection laws.23 Furthermore, these attacks can be used to 
expose corporate trade secrets or copyrighted material that was inadvertently included 
in the training data.23 

 

Evasion Attacks (Adversarial Examples) 

 
Evasion attacks are designed to fool a fully trained and deployed model at the moment of 
inference, causing it to make a specific, incorrect prediction. 

●​ Mechanism: An attacker makes subtle, often human-imperceptible modifications to 
input data to cause the model to produce a wildly incorrect output.9 These crafted 
inputs are known as "adversarial examples." The perturbations can be as minor as 
changing a few pixels in an image or adding invisible noise to an audio file.10 These 
attacks can be targeted, designed to force a specific incorrect classification (e.g., 
misidentifying a specific person), or non-targeted, aiming to cause any incorrect 
output to degrade the model's reliability.10 

●​ Impact: In high-stakes, safety-critical systems, the consequences of evasion attacks 
can be dire. Researchers have famously demonstrated the ability to cause an AI system 
in a self-driving car to misclassify a stop sign as a speed limit sign by applying a few 
strategically placed stickers.9 Similar attacks could compromise facial recognition 
systems, medical diagnostic tools, or fraud detection models, leading to physical harm, 
financial loss, and a complete erosion of trust in AI-driven systems.10 

 

Model Theft and IP Leakage 

 
This attack vector targets the AI model itself as a valuable piece of intellectual property. 

●​ Mechanism: Also known as model extraction, this attack involves an adversary 
repeatedly querying a model's publicly accessible API to gather enough input-output 
pairs to train a functionally equivalent replica, or "clone," of the model.9 The attacker 
does not need access to the model's source code, architecture, or training data; they 



steal its learned functionality through black-box interaction.9 

●​ Impact: Model theft represents a direct and significant loss of competitive advantage 
and valuable intellectual property.9 A successfully stolen model can be 
reverse-engineered, analyzed for weaknesses, or incorporated into a competitor's 
product offering, undermining the massive investment required to develop and train 
enterprise-grade AI.4 

 

LLM-Specific Threats 

 
The rise of Large Language Models (LLMs) has introduced new, conversation-based attack 
vectors. 

●​ Prompt Injection: Malicious instructions are cleverly embedded within user prompts to 
bypass the LLM's safety controls and guardrails.4 A successful prompt injection can 
trick the model into revealing sensitive data, generating malicious content, or executing 
unauthorized actions on behalf of the user.9 

●​ Hallucination Abuse: Threat actors can exploit an LLM's tendency to "hallucinate" or 
generate plausible but false information. By registering domains, creating fake scholarly 
articles, or seeding the web with content that aligns with potential hallucinations, 
attackers can legitimize and amplify misinformation, poisoning the information 
ecosystem that both humans and future AIs rely on.4 

The following table provides a consolidated overview of these AI-specific attack vectors and 
their direct impact on the enterprise. 
 
Attack Vector Mechanism Target Stage 

(MLOps) 
Enterprise Impact 

Data Poisoning Injecting malicious or 
mislabeled data into 
the training set.9 

Data Collection & 
Training 

Compromised 
decision-making, 
systemic bias, hidden 
backdoors, 
reputational damage, 
regulatory fines.4 

Model Inversion & 
Inference 

Reverse-engineering 
model outputs to 
reconstruct sensitive 
training data.9 

Inference Catastrophic data 
breaches (PII, PHI), 
exposure of trade 
secrets, severe 
regulatory violations 
(GDPR), loss of 
customer trust.23 

Evasion Attacks Making subtle changes 
to input data to cause 
misclassification at 

Inference Physical safety hazards 
(autonomous systems), 
financial fraud, failed 



inference time.10 security 
authentication, 
compromised medical 
diagnoses.9 

Model Theft / IP 
Leakage 

Repeatedly querying a 
model's API to create a 
functional replica.9 

Deployment & 
Inference 

Direct loss of valuable 
intellectual property, 
erosion of competitive 
advantage, enabling 
competitor analysis of 
model weaknesses.4 

Prompt Injection Embedding malicious 
instructions in user 
prompts to bypass 
safety controls.9 

Inference Unauthorized data 
exfiltration, execution 
of malicious code, 
generation of harmful 
content, bypassing of 
safety protocols.4 

 

Section 1.2: The Quantum Decryption Threat: Shattering Classical 
Defenses 

 
The AI-specific vulnerabilities detailed above are often mitigated by a foundational layer of 
classical security controls, which themselves depend on the presumed strength of modern 
encryption. The advent of quantum computing poses a direct and existential threat to this 
foundation, threatening to neutralize the cryptographic protections that safeguard AI models, 
data, and communications.7 

 

The Arrival of "Q-Day" 

 
The day a quantum computer can break today's standard public-key encryption is often 
referred to as "Q-Day." This event is predicated on the practical implementation of a specific 
quantum algorithm. 

●​ Shor's Algorithm: In 1994, mathematician Peter Shor developed a quantum algorithm 
that, when executed on a sufficiently powerful quantum computer, can solve the two 
core mathematical problems that underpin virtually all modern public-key cryptography: 
integer factorization and the computation of discrete logarithms.5 This means that 
widely used asymmetric algorithms—including RSA, Elliptic Curve Cryptography (ECC), 
Diffie-Hellman (DH), ECDH, and ECDSA—will be rendered insecure.5 A calculation that 
would take the world's most powerful classical supercomputers billions of years to 
complete could be solved by a cryptographically relevant quantum computer (CRQC) in 



a matter of hours or days.6 

●​ Timeline: While a CRQC capable of running Shor's algorithm at scale does not exist 
today, the consensus among experts is that such a machine is no longer a distant 
theoretical possibility. Projections place its arrival within the next decade, with many 
estimates converging around the 2030-2035 timeframe.5 However, the threat is not 
defined by the date a CRQC is switched on; the danger is already present. 

 
"Harvest Now, Decrypt Later" (HNDL): The Immediate Danger 

 
The most critical and immediate quantum threat facing enterprises today is a strategy known 
as "Harvest Now, Decrypt Later" (HNDL). 

●​ Mechanism: This long-term attack strategy involves adversaries exfiltrating and storing 
large volumes of encrypted data today.13 These threat actors, often nation-states with 
significant resources, are not attempting to decrypt the data now. Instead, they are 
patiently stockpiling it, betting on the future arrival of a CRQC to unlock this harvested 
trove of information.37 

●​ Targeted AI Assets: For enterprises investing heavily in AI, the prime targets for HNDL 
attacks are high-value, long-lifecycle data assets whose confidentiality must be 
maintained for years or even decades. This includes: 

○​ Proprietary Training Data: The curated datasets that represent an organization's 
core data advantage. This could be sensitive customer personally identifiable 
information (PII), financial records, patient health information (PHI), or geological 
survey data.32 

○​ Trained Model Weights and Parameters: The final, trained model is the distilled 
intellectual property of the organization. Exposing these parameters would allow 
competitors to perfectly replicate a model that cost millions to develop. 

○​ Corporate Trade Secrets: Sensitive strategic documents, M&A plans, or 
proprietary research and development data that might be fed into an internal LLM 
for analysis are high-value targets.32 

○​ Secure Communications: Encrypted communications channels (using protocols 
like HTTPS and VPNs) that carry discussions about AI strategy, development 
progress, and vulnerability management are also targets for harvesting.7 

The HNDL threat model forces a fundamental paradigm shift in how organizations must 
approach data security. It introduces the concept that all encrypted data now has a potential 
"expiration date." The security of data can no longer be assessed solely by the strength of its 
current protection; it must be evaluated based on its required confidentiality lifetime versus 
the projected arrival of a CRQC. For an AI model trained on sensitive medical data that must 
remain confidential for 20 years to comply with regulations, protection via classical public-key 
cryptography is already insufficient. The security protecting that data has a "best before" date 
that may have already passed, creating an undeniable and immediate urgency to adopt 
quantum-resistant cryptography for all long-term, high-value AI assets. 



 
Section 1.3: The Quantum-AI Multiplier Effect 

 
The relationship between artificial intelligence and quantum computing is not one-sided. 
While quantum computing threatens the cryptographic foundation of AI security, the two 
technologies can also be combined to create more powerful and sophisticated attacks 
against AI models themselves.38 This convergence creates a multiplier effect, amplifying 
existing risks and introducing entirely new classes of threats. 
 
Quantum Machine Learning (QML) as an Offensive Tool 

 
The same properties that make quantum computing a powerful tool for scientific discovery 
can be co-opted by adversaries to enhance their attack capabilities. 

●​ Accelerated Malicious AI: Quantum computing's inherent ability to process vast, 
complex datasets and solve difficult optimization problems can be used to accelerate 
the training of malicious AI models.1 An attacker with access to quantum resources 
could potentially develop more effective malware, discover novel software vulnerabilities 
faster than defenders can patch them, or generate ultra-realistic deepfakes for 
advanced social engineering and disinformation campaigns with unprecedented speed 
and scale.40 

 

Quantum Adversarial Machine Learning (QAML): A New Class of Threat 

 
Quantum Adversarial Machine Learning (QAML) is a nascent but critical field of research that 
studies the vulnerabilities of quantum machine learning systems. Crucially, it also explores 
how quantum algorithms could be leveraged to conduct more effective attacks against 
classical machine learning models.46 

●​ Potential Mechanisms: While much of this research is still in the theoretical and early 
experimental stages, it suggests that quantum algorithms may be able to explore the 
high-dimensional, complex parameter spaces of neural networks more efficiently than 
classical methods.53 This could enable the generation of adversarial examples that are 
more subtle, more potent, or require far fewer queries to the target model, making them 
harder to detect and defend against. Early proof-of-concept studies have already 
demonstrated that quantum classifiers are vulnerable to adversarial examples, mirroring 
the same fundamental weaknesses found in their classical counterparts.47 

●​ Future Threat: This line of research implies a significant evolution in the threat 
landscape. Future AI defenses cannot be limited to robust cryptography alone; they 
must also anticipate that the very nature of adversarial attacks will become more 
sophisticated, potentially becoming quantum-enhanced. 



This convergence of AI and quantum computing creates a complex, self-reinforcing feedback 
loop. Attackers may one day use quantum computing to enhance AI-driven attacks (QAML), 
while defenders will look to leverage quantum-enhanced AI for more powerful threat 
detection and response.40 This dynamic elevates the cybersecurity arms race from the 
familiar domain of classical software to a new, quantum-physical level. Long-term security 
strategies must therefore account for an adversary who can not only decrypt classically 
protected data but also probe and manipulate model behavior with a level of sophistication 
previously unimaginable. This necessitates building defenses that are not only 
cryptographically agile but also algorithmically agile, capable of adapting to new and 
unforeseen attack vectors born from this powerful technological convergence. 

 

Part 2: The Three Pillars of Quantum-Resilient 
Zero-Trust AI 
 
In the face of the complex and converging threats outlined in Part 1, a new security paradigm 
is required. This section presents an actionable framework for defense, directly addressing 
the identified threats through a holistic strategy built on three essential and interdependent 
pillars. 
 
Pillar 1: Zero-Trust MLOps — Securing the AI Lifecycle 

 
The traditional "castle-and-moat" security model, which trusts entities once they are inside 
the network perimeter, is fundamentally broken and dangerously inadequate for modern IT 
environments.14 A Zero-Trust Architecture (ZTA) provides the necessary replacement, 
operating on the core principle of "never trust, always verify".14 It assumes no implicit trust 
and continuously validates every user, device, and application at every access request. 
Applying this rigorous philosophy to the entire Artificial Intelligence lifecycle—a practice 
known as MLOps (Machine Learning Operations)—is the first and most critical line of defense 
against both intrinsic AI vulnerabilities and external threats.64 This pillar focuses on securing 
the process and environment where AI is developed, trained, deployed, and maintained. 
 
Applying Core Zero-Trust Tenets to MLOps 

 
●​ Continuous Verification ("Never Trust, Always Verify"): In a Zero-Trust MLOps 

pipeline, every entity—whether a data scientist, an automated CI/CD service, a data 
pipeline, or an inference API—must be strictly and continuously authenticated and 
authorized for every single action it attempts to perform. Implicit trust based on network 
location is eliminated. 



○​ Implementation: This is achieved through the enforcement of strong, risk-based 
multi-factor authentication (MFA) for all human users and the use of workload 
identity federation for non-human services.4 For example, a CI/CD runner 
authenticates using a short-lived token to access a specific resource rather than 
using a static, long-lived secret key that could be compromised.69 

●​ Least-Privilege Access: This principle mandates that every entity is granted the 
absolute minimum level of permissions required to perform its specific, authorized 
task—and nothing more. 

○​ Implementation: Access controls must be granular and context-aware. A data 
labeling service should only have read-access to the raw, unprocessed data, not 
the trained model or the production environment. An inference server should have 
execute-only access to the model artifact, preventing it from modifying the 
model's weights.17 This is enforced through a combination of Role-Based Access 
Control (RBAC), which defines permissions based on job function, and 
Attribute-Based Access Control (ABAC), which allows for dynamic, 
context-sensitive policies (e.g., granting access based on time of day, device 
health, and geographic location).67 

●​ Micro-segmentation: This involves logically dividing the MLOps environment into small, 
isolated security zones to limit the "blast radius" of a potential breach. 

○​ Implementation: The data ingestion pipeline, the experimental sandbox for data 
scientists, the model training environment, the model registry, and the production 
deployment servers should all reside in separate, isolated network segments.59 If a 
vulnerability is exploited in an open-source library used during data 
preprocessing, micro-segmentation contains the breach to that specific segment, 
preventing the attacker from moving laterally to compromise the central model 
registry or exfiltrate sensitive production data.65 

●​ Assume Breach: This mindset shift requires architecting the entire system with the 
assumption that an attacker is already inside the network. Security focus moves from 
prevention alone to rapid detection and response. 

○​ Implementation: This necessitates comprehensive, real-time monitoring and 
logging of all activities across every segment of the MLOps pipeline.4 Advanced, 
AI-powered security analytics tools are used to establish baselines of normal 
behavior and automatically detect anomalies. For instance, such a system could 
flag a data scientist who suddenly attempts to download an entire training dataset 
at an unusual hour, or an inference API that is being queried with a high frequency 
of near-identical inputs—a pattern indicative of a model inversion or theft attack.59 

The implementation of a Zero-Trust framework is not merely a generic security best practice; 
it serves as a direct and powerful operational antidote to many of the specific AI 
vulnerabilities discussed previously. There is a clear causal relationship between the failures 
of traditional, perimeter-based security models and the success of these novel attacks. For 
instance, data poisoning attacks, which often rely on an attacker gaining access to modify 
training data, are directly mitigated by the principles of least-privilege access and 



micro-segmentation, which prevent a compromised component or user from accessing and 
writing to the core training dataset repository.17 Similarly, model theft via API querying is made 
significantly more difficult by continuous verification with strong identity controls and rate 
limiting, while the associated anomalous query patterns can be detected by a system built on 
the "assume breach" principle.14 By hardening the entire lifecycle, Zero-Trust MLOps provides 
a targeted, highly effective defense against the unique ways in which AI systems are attacked. 
 
Pillar 2: Verifiable Provenance — Building an Immutable Chain of Trust 

 
While Zero-Trust MLOps secures the environment and controls access, a critical question 
remains: how can the organization trust the artifacts themselves? The threats of data 
poisoning and surreptitious model tampering highlight the need for an unbreakable, 
cryptographically verifiable audit trail for every asset that moves through the AI pipeline. This 
is the essence of verifiable provenance—creating an immutable chain of trust for data and 
models. 
 
Blockchain-Enabled Audit Trails 

 
Blockchain technology, with its inherent properties of decentralization, immutability, and 
transparency, offers a powerful tool for establishing verifiable provenance in MLOps. 

●​ Mechanism: By leveraging a permissioned (private) blockchain, an organization can 
create a shared, tamper-evident ledger for its entire AI lifecycle.72 Every significant 
event—such as the ingestion of a new dataset, the completion of a preprocessing step, 
the successful training of a model, the creation of a new model version, and its 
deployment to production—is recorded as a transaction on the chain, complete with a 
secure timestamp.75 

●​ Implementation: Storing large datasets or model files directly on a blockchain is 
impractical. Instead, cryptographic hashes (unique digital fingerprints) of these assets 
are recorded on-chain.76 This provides an immutable record that can be used for 
integrity verification. At any point, an auditor or an automated system can re-calculate 
the hash of a deployed model and compare it to the hash stored on the blockchain for 
that version. A mismatch proves that the asset has been tampered with.72 Furthermore, 
smart contracts—self-executing code on the blockchain—can be used to automate 
compliance checks, such as verifying that a model was trained on an approved dataset 
before allowing it to be deployed.72 

 

Secure Multi-Party Computation (SMPC) for Privacy-Preserving AI 

 
In scenarios involving collaborative AI development or the use of sensitive data from multiple 



sources, SMPC provides a cryptographic method for computation without centralized trust. 
●​ Mechanism: SMPC is a subfield of cryptography that enables multiple parties to jointly 

compute a function over their combined private data without any of the parties having 
to reveal their individual inputs to one another.78 

●​ As a Zero-Trust Tool: SMPC is the technological embodiment of the "never trust, 
always verify" principle applied at the data level. It allows for collaboration in zero-trust 
environments. For example, a consortium of hospitals could collaboratively train a 
powerful cancer detection model on their collective patient data. Using SMPC, the 
model could learn from all the data without any single hospital—or any central 
server—ever gaining access to the sensitive, unencrypted patient records from the 
other institutions. While historically computationally expensive, recent advancements 
are making SMPC increasingly practical for complex AI models like Transformers and 
LLMs, enabling secure and private inference and training.79 

These advanced cryptographic technologies are the technological manifestation of Zero Trust 
for the assets themselves. While the principles of Zero Trust define how access should be 
controlled, blockchain and SMPC provide the cryptographic proof needed to verify the 
integrity and confidentiality of the data and models. The verification step in Zero Trust is thus 
extended from just the identity of the user or service to the very artifacts they are interacting 
with. Traditional audit logs can be altered or deleted by a privileged attacker, but a 
blockchain-based log is immutable, providing a single, non-repudiable source of truth for 
auditing and forensics.72 Similarly, SMPC enables collaboration without requiring trust in the 
other parties, using the cryptographic protocol itself to enforce the rules of engagement. 
These technologies are not mere add-ons; they are the enforcement mechanisms that 
transform Zero Trust for AI from a policy-based ideal into a cryptographically guaranteed 
reality. 
 
Pillar 3: Crypto-Agility & Quantum Resistance — Future-Proofing the 
Foundation 

 
The first two pillars, while powerful, are built upon a foundation of cryptography used for 
authentication, digital signatures, and data encryption. If that cryptographic foundation can 
be shattered by a quantum computer, the entire security structure collapses. This third pillar 
ensures that the bedrock of the Zero-Trust AI framework is quantum-resilient by design and 
agile enough to adapt to future threats. 
 
Mandating Post-Quantum Cryptography (PQC) 

 
The transition to quantum-resistant cryptography is no longer a theoretical exercise; it is an 
active, ongoing global initiative. 

●​ The NIST Standards: The U.S. National Institute of Standards and Technology (NIST) 



has completed its multi-year process to solicit and standardize a new generation of 
public-key cryptographic algorithms. In 2024, it published the first final standards: 
ML-KEM (formerly CRYSTALS-Kyber) for Key Encapsulation Mechanisms (general 
encryption), and ML-DSA (formerly CRYSTALS-Dilithium) and SLH-DSA (formerly 
SPHINCS+) for digital signatures.8 These algorithms are based on different families of 
mathematical problems, such as those found in lattice-based and hash-based 
cryptography, which are believed to be computationally difficult for both classical and 
quantum computers to solve.3 

●​ Implementation: A quantum-resilient framework mandates that all cryptographic 
operations within the MLOps pipeline and the broader enterprise must migrate to these 
NIST-approved PQC standards. This includes securing data in transit with PQC-enabled 
TLS, encrypting data at rest, digitally signing all software artifacts (code, containers, 
models), and authenticating users and services.82 

 

Crypto-Agility as a Core Principle 

 
Given that the field of post-quantum cryptography is still relatively new, it is crucial to build 
systems that can adapt if new vulnerabilities are discovered. 

●​ Concept: Crypto-agility is the technical and architectural capability of a system to 
switch out cryptographic algorithms, keys, and protocols quickly and efficiently without 
requiring a complete system redesign.33 The PQC landscape will continue to evolve. A 
crypto-agile architecture ensures that if a weakness is discovered in ML-KEM in five 
years, the organization can seamlessly transition to a new standard with minimal 
operational disruption. 

●​ Roadmaps: The urgency and feasibility of this transition are being demonstrated by 
major technology companies and government bodies. Microsoft, for example, has 
published a quantum-safe roadmap targeting full transition by 2033, with early adoption 
starting in 2029.97 NIST is also providing detailed transition guidance to help 
organizations plan their migration.100 

 

PQC-Adapted Hardware Security Modules (HSMs) 

 
HSMs are the physical root of trust for cryptographic keys, and their adaptation to the 
post-quantum era is critical. 

●​ Role of HSMs: HSMs are dedicated hardware devices that securely generate, manage, 
and store cryptographic keys, performing sensitive operations within a hardened, 
tamper-resistant boundary.96 

●​ PQC Challenges & Adaptations: PQC algorithms often have significantly larger key 
and signature sizes compared to their classical counterparts. This places new demands 
on the limited storage and computational resources of HSMs. To address this, modern 



PQC-ready HSMs are being designed with new strategies, such as storing a much 
smaller cryptographic "seed" and deriving the full private key on-demand within the 
secure boundary. This approach balances the need for security with performance and 
storage constraints.102 Utilizing PQC-adapted HSMs is essential for protecting the 
master private keys used for signing models, issuing certificates, and securing the entire 
Zero-Trust framework against both current and future threats.96 

Ultimately, the entire Zero-Trust model hinges on the ability to cryptographically verify 
identities, data integrity, and secure communications. The "verify" step is not a matter of 
policy or opinion; it is a concrete cryptographic operation, such as checking a digital signature 
or completing a TLS handshake. As established, the classical algorithms currently used for 
these operations are demonstrably vulnerable to a future quantum adversary. Therefore, 
building a security framework on classical cryptography is akin to building on a foundation 
that is known to be crumbling. One cannot truly "verify" with a broken tool. Post-Quantum 
Cryptography provides the resilient algorithms needed to ensure the long-term integrity of 
these verification processes. Integrating PQC into every authentication, signing, and 
encryption operation is not just an upgrade; it is an absolute prerequisite for a Zero-Trust 
model to have any lasting meaning or validity in the quantum era. It future-proofs the very act 
of verification itself. 

 

Conclusion: Building the Quantum-Ready AI 
Enterprise 
 
The technological landscape is being reshaped by two powerful and converging forces. 
Artificial Intelligence has become a primary driver of enterprise value, but it has also 
introduced a novel and complex attack surface. Simultaneously, the steady advance of 
quantum computing is placing the classical cryptographic systems that protect our digital 
world on an expiring timeline. The converged threat is clear: AI models are high-value targets 
with unique vulnerabilities, and the tools we use to protect them are becoming obsolete. 
In this new reality, incremental security updates and perimeter-based defenses are no longer 
sufficient. The only viable path forward is a proactive, multi-layered strategy that rebuilds 
security from the ground up on a foundation of explicit trust. This report has outlined such a 
strategy, built upon three essential and mutually reinforcing pillars: 

1.​ Zero-Trust MLOps: Securing the AI development and deployment lifecycle by enforcing 
continuous verification, least-privilege access, and micro-segmentation. 

2.​ Verifiable Provenance: Establishing an immutable, cryptographically-guaranteed chain 
of trust for all AI assets—from data to models—using technologies like blockchain and 
Secure Multi-Party Computation. 

3.​ Crypto-Agility & Quantum Resistance: Future-proofing the entire security foundation 
by migrating to NIST-standardized Post-Quantum Cryptography and building systems 
that can adapt to the threats of tomorrow. 



Adopting this framework is not merely a technical update; it is a fundamental business 
strategy. It is about protecting the crown jewels of the 21st-century enterprise: its data and its 
intelligence. Organizations that begin the journey to build this resilience now will not only 
secure themselves against the clear and present danger of "Harvest Now, Decrypt Later" 
attacks and the sophisticated AI threats of the future, but will also establish a foundation of 
trust that enables safer, more ambitious, and more powerful AI innovation.8 

The time to act is now. The threat is active, the standards are available, and industry leaders 
are already executing their transition roadmaps.97 The journey to a quantum-resilient, 
Zero-Trust posture for AI begins today with a comprehensive inventory of all cryptographic 
assets and AI systems, and a strategic commitment from leadership to embed these three 
pillars into the very fabric of the organization's technology stack and security culture. 
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