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ABSTRACT
This paper addresses the growing necessity of protecting AI models and their underlying data using cryptographic techniques. As AI continues to integrate 
into critical industries such as healthcare, finance, and autonomous systems, unique vulnerabilities arise that expose models to threats like data poisoning, 
adversarial attacks, and model inversion. By applying cryptographic methods like homomorphic encryption, differential privacy, and secure multiparty 
computation, organizations can safeguard both the integrity and confidentiality of AI models and training data. This white paper provides insights into 
these cryptographic approaches, detailing how each can protect against specific threats while maintaining model performance and compliance.
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Introduction
The rapid adoption of AI in critical applications demands increased 
scrutiny on the security of models and their underlying data. Unlike 
traditional software, AI models are vulnerable to attacks that target 
both their structure and data, leading to potential data breaches, 
compromised outputs, and unauthorized model manipulation. 
Protecting AI models requires a combination of cryptographic 
approaches to ensure privacy, integrity, and confidentiality. This 
paper introduces the challenges facing AI security, highlighting 
key cryptographic techniques that organizations can implement 
to counter these threats effectively. By understanding these 
methods, industries can deploy AI responsibly, aligning with 
privacy standards and compliance regulations.

•	 Scope: A look into specific cryptographic tools used to protect 
AI models, from training to deployment.

•	 Objective: To explore how cryptographic approaches 
strengthen the security of AI systems, with practical examples 
and potential applications.

Main Content
Threats to AI Models and Data
This section describes common attack vectors that threaten the 
integrity and confidentiality of AI models:
•	 Model Inversion Attacks: In these attacks, adversaries 

attempt to recreate sensitive training data by querying a 
trained model, risking the exposure of confidential or personal 
data. Cryptographic protection can mitigate these risks by 
making it harder for attackers to retrieve original data.

•	 Adversarial Attacks: Attackers create subtle input 

modifications to manipulate AI outputs, with serious 
implications for applications such as healthcare and 
autonomous vehicles. Cryptographic solutions, such as secure 
hashing, can help identify and reject manipulated data inputs.

•	 Data Poisoning: By injecting malicious or biased data into 
training datasets, attackers aim to alter model predictions 
or degrade model performance. Cryptographic checks and 
validation ensure the authenticity and integrity of data used 
in training.

Cryptographic Techniques for AI Security
Here, we dive into specific cryptographic techniques and explain 
how each strengthens AI model security.
•	 Homomorphic Encryption
•	 Overview: Homomorphic encryption enables computations 

on encrypted data, preserving data confidentiality throughout 
the model’s processing stages.

•	 Application: It’s particularly useful for scenarios 
where sensitive data is processed externally or in shared 
environments, such as cloud-based model training.

•	 Pseudocode and Flowchart: An example of homomorphic 
encryption applied in inference tasks, demonstrating secure 
data flow.

•	 Differential	Privacy
•	 Overview: By introducing statistical noise, differential 

privacy ensures that individual data points cannot be reverse-
engineered or isolated from the training set.

•	 Application: It’s widely used to protect personal data in 
models dealing with large, sensitive datasets, balancing data 
protection and model accuracy.

•	 Graph: A visualization of differential privacy’s impact on 
model performance, helping decision-makers understand 
the trade-offs.
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•	 Secure Multiparty Computation (SMPC)
•	 Overview: SMPC enables multiple parties to jointly train 

models on distributed data without revealing sensitive 
information.

•	 Application: Useful in collaborative training models across 
organizations, such as banks sharing financial data to detect 
fraud.

Diagram: A Federated Learning Model with SMPC, Highlighting 
Secure data flow and Aggregated updates.
•	 Federated Learning with Encrypted Aggregation
•	 Overview: Federated learning allows decentralized training, 

with local devices sending encrypted updates to a central 
server without exposing raw data.

•	 Application: Especially valuable in applications where data 
privacy regulations require that sensitive information remain 
on-premises or local to each user.

Flowchart: Federated learning workflow with encrypted 
aggregation, illustrating data protection throughout the training 
lifecycle.

Implementing Cryptographic Protections in AI Pipelines
This section outlines practical steps for integrating cryptographic 
security into AI pipelines, from data storage to model deployment.
•	 Protecting Training Data: Secure training data with 

encrypted storage and differential privacy to prevent 
unauthorized access and exposure.

•	 Securing Model Access: Implement access control and 
cryptographic signing to protect model versions and prevent 
unauthorized model manipulation.

•	 Real-Time Attack Detection: Deploy machine learning 
techniques to monitor inputs and detect adversarial behavior, 
with cryptographic verification for model integrity checks.

Case Studies and Real World Applications
A discussion on how cryptographic approaches can protect AI 
across different industries
•	 Healthcare AI: Protecting sensitive patient data in diagnostic 

models using homomorphic encryption and differential 
privacy.

•	 Financial Fraud Detection: Utilizing SMPC to secure data 
across financial institutions, enhancing fraud detection models 
without compromising privacy.

•	 Autonomous Vehicles: Employing adversarial defenses 
to secure decision-making algorithms, maintaining vehicle 
safety in the presence of manipulated data inputs.

Conclusion
Cryptographic methods such as homomorphic encryption, 
differential privacy, and secure multiparty computation are 
crucial to safeguarding AI models and data. Implementing these 
techniques within AI pipelines enhances security by preserving 
data confidentiality, model integrity, and compliance. With 
the growing adoption of AI in sensitive domains, securing AI 
systems builds trust and allows organizations to fully leverage 
AI’s capabilities without compromising privacy. Cryptographic 
protections, when thoughtfully implemented, lay the groundwork 
for resilient AI-driven systems across industries.
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