Journal of Computational Analysis and Applications VOL. 33,NO. 8, 2024

Generative Models with Privacy Guarantees: Enhancing Data
Utility while Minimizing Risk of Sensitive Data Exposure

Mohanarajesh Kommineni

Senior Data Engineer TEKsystems Global Services LLC Texas, USA, Email: mrkomminenil@gmail.com

Received: 13.07.2024 Revised: 14.08.2024 Accepted: 08.09.2024

ABSTRACT

The rapid advancement in generative models, including Generative Adversarial Networks (GANSs),
Variational Autoencoders (VAEs), and diffusion models, has significantly enhanced our ability to create
high-quality synthetic data. These models have been instrumental in various applications, ranging from
data augmentation and simulation to the development of privacy-preserving solutions. However, the
generation of synthetic data also raises critical privacy concerns, as there is potential for these models to
inadvertently reveal sensitive information about individuals in the original datasets. This paper delves
into the intersection of generative models and data privacy, focusing on the development of techniques
that safeguard privacy while ensuring the synthetic data produced remains meaningful and useful.

We provide a comprehensive review of privacy-preserving strategies employed in the context of
generative models. Key approaches discussed include differential privacy, which guarantees that the
inclusion or exclusion of any individual data point does not significantly alter the output of a function;
federated learning, which enables collaborative model training across decentralized data sources without
sharing raw data; and secure multi-party computation (MPC), which allows for computations on
encrypted data while preserving privacy. The paper evaluates these techniques in terms of their
effectiveness, trade-offs, and integration challenges.
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1. INTRODUCTION

The ability to generate synthetic data that closely resembles real-world data has transformed numerous
domains, from enhancing data privacy to augmenting training datasets in machine learning models.
Generative models, powered by advances in deep learning, have enabled the creation of synthetic data
that can be used for a wide array of applications, including training machine learning models, simulating
complex scenarios, and conducting research where access to real data might be restricted.

1.1 Significance of Generative Models

Generative models, such as Generative Adversarial Networks (GANs) [1], Variational Autoencoders (VAEs)
[2], and diffusion models [3], have become foundational in the field of artificial intelligence. These models
excel at learning complex distributions and generating new data samples that are statistically similar to
the training data. This capability is crucial in scenarios where data availability is limited or where data
needs to be anonymized for privacy reasons.

For instance, GANs have been utilized to generate realistic images, audio, and even textual data [1]. VAEs,
on the other hand, are often used for tasks requiring latent space manipulation, such as data interpolation
and generation [2]. Diffusion models, a newer approach, have demonstrated impressive results in
generating high-fidelity data by gradually denoising from random noise [3]. These models are increasingly
being adopted across various fields, including healthcare, finance, and entertainment, for their ability to
create synthetic data that mimics the statistical properties of real-world datasets.

1.2 Privacy Concerns with Synthetic Data

Despite the advancements in generative models, the generation of synthetic data raises significant privacy
concerns. The potential for synthetic data to reveal sensitive information about individuals in the original
dataset is a pressing issue. Privacy risks include:

e Membership Inference Attacks: An adversary could potentially infer whether a particular
individual’s data was part of the training set based on the synthetic data [4]. This type of attack can
be particularly concerning in sensitive domains such as healthcare, where the presence of personal
medical data in the training set could lead to breaches of confidentiality.
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e Attribute Inference Attacks: Attackers might use synthetic data to infer private attributes about
individuals. For example, if a generative model produces synthetic records that include attributes
such as income or health status, these records might inadvertently disclose sensitive information [5].

These privacy risks highlight the need for robust mechanisms to protect data while still leveraging the
benefits of synthetic data generation. Ensuring that synthetic data does not compromise individual
privacy is critical for maintaining trust and compliance with data protection regulations.

Synthetic Data Generation Methods

Statistical Distribution e Network Agent-based Modeling
Techniques

Variational Auto-Encoder (VAE) Generative Adversarial Network (GAN)

Fig 1: Synthetic data generation creates data that mimics real-world features.

1.3 Addressing Privacy through Privacy-Preserving Techniques
To mitigate privacy concerns, several privacy-preserving techniques have been developed. These include:

o Differential Privacy: Differential privacy provides a framework for quantifying privacy guarantees
by ensuring that the inclusion or exclusion of any single data point does not significantly affect the
outcome of any analysis [6]. By incorporating differential privacy into the training of generative
models, it is possible to generate synthetic data that meets rigorous privacy standards.

e Federated Learning: Federated learning allows models to be trained across decentralized data
sources without sharing raw data. This approach enhances privacy by keeping data localized while
aggregating model updates to improve the global model [10]. This method is particularly useful in
scenarios where data is distributed across multiple entities, such as in collaborative research or
multi-institutional studies.

e Secure Multi-Party Computation (MPC): Secure multi-party computation enables parties to jointly
compute a function over their inputs while keeping those inputs private. Techniques such as
homomorphic encryption and secret sharing can be used to train generative models on encrypted
data, preserving privacy while still allowing for effective data generation [13].

These techniques represent significant strides towards balancing the generation of meaningful synthetic
data with the imperative of protecting individual privacy. However, implementing these techniques poses
challenges related to computational efficiency, data utility, and the complexity of integration.

1.4 Objectives and Scope of the Paper

This paper aims to explore and analyse the various methods for developing generative models that
protect data privacy while still producing high-quality synthetic data. We will review existing privacy-
preserving techniques, including differential privacy, federated learning, and secure multi-party
computation, assessing their effectiveness and limitations. Additionally, we will discuss case studies that
illustrate the practical application of these techniques in real-world scenarios and examine the current
challenges and future directions in this research area.

By providing a comprehensive overview of these approaches, this paper seeks to contribute to the
ongoing efforts to enhance data privacy in the era of synthetic data generation, ensuring that the benefits
of advanced generative models can be realized without compromising individual privacy.

2. Background
2.1 Generative Models
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Generative models are designed to learn the underlying distribution of a dataset and generate new data
samples that are statistically similar to the original data. Key types of generative models include:

e Generative Adversarial Networks (GANs): Introduced by Goodfellow et al. [1], GANs consist of a
generator and a discriminator network that compete in a zero-sum game, resulting in the generation
of realistic data samples.

e Variational Autoencoders (VAEs): Proposed by Kingma and Welling [2], VAEs employ a
probabilistic framework to encode data into a latent space and decode it back, allowing for the
generation of new data samples.

o Diffusion Models: A newer class of generative models that iteratively denoise data starting from
random noise, leading to high-quality data generation [3].

Banl broagss N

Sl
SR URLUSE|

D

| R e inpil
k
T
L2
-~
-~
-
£ ey
FERINLAT)

Fig 2: GAN Structure

2.2 Privacy Concerns
Data privacy concerns have become more pronounced with the proliferation of generative models.
Synthetic data can inadvertently reveal sensitive information about individuals or entities present in the
training dataset. Key privacy risks include:
e Membership Inference Attacks: Attackers may determine whether a specific data point was part of
the training dataset [4].
e Attribute Inference Attacks: Attackers might infer sensitive attributes about individuals based on
the synthetic data [5].
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Fig 3:Privacy preserving Generative Adversarial Networks

3. Privacy-Preserving Techniques
3.1 Differential Privacy
Differential privacy aims to ensure that the output of a function is not significantly affected by the
presence or absence of any single data point in the dataset. It provides a formal guarantee that privacy is
preserved even if an adversary has auxiliary information. Key mechanisms include:
e Privacy Loss Parameter (€): Defines the privacy guarantee; a smaller € implies stronger privacy [6].
e Laplace Mechanism: Adds noise from the Laplace distribution to the outputs of a query [7].
e Gaussian Mechanism: Adds noise from the Gaussian distribution, often used in deep learning
models [8].
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In the context of generative models, differential privacy can be incorporated by adding noise to the
gradients during the training of GANs or VAEs [9].

3.2 Federated Learning

Federated learning is a decentralized approach that trains models across multiple devices without sharing

raw data. Instead, model updates are aggregated and averaged to update a global model. This approach

enhances privacy by keeping data local and only sharing model parameters [10]. Key aspects include:

e Model Aggregation: Aggregation methods such as Federated Averaging (FedAvg) [11].

e Secure Aggregation Protocols: Techniques to ensure that the aggregation process does not leak
individual data [12].

3.3 Secure Multi-Party Computation (MPC)

Secure multi-party computation allows multiple parties to jointly compute a function over their inputs

while keeping those inputs private. Techniques such as homomorphic encryption and secret sharing are

used to perform computations on encrypted data [13]. Applications in generative models include:

e Privacy-preserving GANs: Training GANs where data privacy is maintained through secure
computations [14].

e Encrypted Training: Using encrypted datasets to train models without exposing sensitive
information [15].

Table 1: Comparative Analysis of Privacy-Preserving Techniques

. . Impact on Data | Computational
Technique | Privacy Guarantees Quality Overhead
Differential Provides formal PrIVaSY | can degrade quality if

. guarantees with . e Low to moderate.
Privacy . . noise is high.
mathematical rigor.
, Generally, maintains
Privacy through | . -
Feder:clted decentralization; raw data high  quality, but Moderate to high.
Learning . depends on model
remains local. .
aggregation.

4. Case Studies

4.1 Differentially Private GANs

A study by Abadi et al. [16] introduced the concept of differential privacy to GANs, demonstrating that
privacy guarantees can be integrated into the training process. The approach involves adding noise to the
gradients of the discriminator and generator networks to achieve differential privacy.

4.2 Federated Learning for Synthetic Data Generation

McMahan et al. [17] explored the use of federated learning for training generative models across
decentralized data sources. Their work showed that federated learning can effectively produce high-
quality synthetic data while preserving data privacy.

4.3 Secure Multi-Party Computation in VAEs

A recent study by Zhang et al. [18] applied secure multi-party computation techniques to VAEs,
demonstrating that it is possible to train VAEs on encrypted data while ensuring that individual data
points remain confidential.

5. Challenges and Future Directions

5.1 Balancing Privacy and Utility

One of the primary challenges is balancing privacy guarantees with the utility of the generated data.
Stronger privacy guarantees often come at the cost of data utility, which can affect the quality of the
synthetic data [19]. Future research should focus on optimizing this trade-off to ensure that synthetic data
remains useful for various applications.

5.2 Scalability

Implementing privacy-preserving techniques can introduce computational overhead and complexity.
Ensuring that these methods scale efficiently with large datasets and complex models is a critical area for
future research [20].
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5.3 Privacy Risks in Emerging Models
As new generative models and techniques continue to emerge, understanding and mitigating privacy risks
associated with these advancements is crucial. Ongoing research should address privacy concerns in the

context of novel model architectures and training paradigms [21].

6. Results and Discussion

6.1 Effectiveness of Differential Privacy in Generative Models

VOL. 33, NO. 8, 2024

Differential privacy (DP) has been successfully integrated into generative models to provide formal
privacy guarantees. One notable implementation is the use of DP in GANs. The study by Abadi et al. [16]
demonstrates that by adding noise to the gradients during training, it is possible to achieve differential
privacy without significantly degrading the quality of the generated data. This approach ensures that the
synthetic data produced by the GAN does not reveal specific details about individual data points from the
training set.

Table 2: Summary of Differential Privacy Applied to Generative Models
Study Model Privacy Guarantee Impact on Data Quality
[16] GAN Differential Privacy (DP) | Munimal impact with  careful
tuning
[6] GAN Differential Privacy Quality loss due to noise
Results

Privacy Guarantees: Differentially private GANs offer strong privacy guarantees with formal e-
privacy bounds. The privacy loss parameter € can be adjusted to balance the trade-off between
privacy and data utility.
Data Quality: While differential privacy introduces noise to protect privacy, it has been observed
that with appropriate tuning of hyperparameters, the degradation in the quality of synthetic data can
be minimized. For example, the visual fidelity of generated images in differentially private GANs has
been shown to be comparable to non-private counterparts, though some fine details may be lost [16].

Discussion
The integration of differential privacy into generative models is effective in protecting individual privacy.
However, there is a trade-off between privacy and data utility. High privacy guarantees often necessitate
adding more noise, which can reduce the quality of the synthetic data. Future work could focus on
developing methods to optimize this trade-off and improve the utility of differentially private synthetic

data.

6.2 Performance of Federated Learning in Privacy-Preserving Synthetic Data Generation

Federated learning (FL) has been applied to synthetic data generation to enhance privacy by
decentralizing the training process. The research by McMahan et al. [17] illustrates the feasibility of
federated learning for training generative models across multiple decentralized data sources. This
approach ensures that raw data remains local, with only aggregated model updates being shared.

Table 3: Summary of Federated Learning in Privacy-Preserving Synthetic Data Generation

Study Application Privacy Enhancement Model Performance | Challenges
Communication
[17] Healthcare Datr?l never leaves local Compal.‘able to efficiency, data
devices centralized models .
heterogeneity
. . . Synchronization,
[10] General Aggregated model updates g;gt;;l-quallty synthetic communication
costs
Results

Privacy Enhancement: Federated learning ensures that sensitive data never leaves its source,
reducing the risk of data breaches. The aggregation of model updates rather than raw data
significantly enhances privacy.
Model Performance: Federated learning can produce high-quality synthetic data, with the
performance of generative models trained in a federated manner being comparable to those trained
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on centralized data. However, challenges such as communication efficiency and synchronization
between participating devices need to be addressed [17].

Discussion: Federated learning is a powerful technique for privacy-preserving synthetic data generation,
especially in scenarios where data is distributed across multiple entities. [t maintains data privacy while
still enabling effective model training. Nonetheless, challenges such as ensuring efficient communication
and handling heterogeneous data across devices remain areas for future research.

6.3 Impact of Secure Multi-Party Computation (MPC) on Privacy-Preserving Generative Models
Secure multi-party computation (MPC) techniques, including homomorphic encryption and secret
sharing, have been explored for training generative models on encrypted data. Zhang et al. [18]
demonstrated that MPC can be effectively used with Variational Autoencoders (VAEs) to preserve privacy
while generating synthetic data.

Results:

e Privacy Preservation: MPC techniques provide robust privacy guarantees by ensuring that data
remains encrypted during computations. This approach allows for training generative models
without exposing sensitive information [18].

e Computational Overhead: Implementing MPC introduces significant computational overhead. The
encryption and decryption processes, as well as the secure computation protocols, can increase the
training time and resource requirements.

Discussion: Secure multi-party computation is effective in preserving data privacy while generating

synthetic data. However, the computational complexity associated with MPC can be a limiting factor.

Future work should focus on optimizing MPC protocols to reduce overhead and improve scalability.

6.4 Comparative Analysis of Privacy-Preserving Techniques
A comparative analysis of differential privacy, federated learning, and secure multi-party computation

reveals distinct advantages and limitations of each approach in the context of generative models.

Table 4: Comparative Analysis of Privacy-Preserving Techniques

Technique | Strengths Weaknesses Applications

Formal privacy

Differential | guarantees, strong Data quality may degrade,

i i 1
trade-off between privacy Generative models,

Pri h ical . lysi
rivacy mat em.atlca and utility data analysis
foundation
Enhances privacy
through Requires efficient | Collaborative  model
Federated . L L
. decentralized communication, challenges | training, healthcare
Learning L . .
training, keeps | with data heterogeneity data

raw data local

Differential Privacy:
e Strengths: Provides formal privacy guarantees with a clear mathematical framework. Effective in
scenarios where data privacy is paramount.
o Weaknesses: The addition of noise can affect the quality of synthetic data, and the balance between
privacy and utility is often challenging.

Table 5: Differential Privacy Overview

Technique | Description Strengths Weaknesses
Adds  controlled
Differential | "¢ to data or Strong theoretical privacy Can. d.egrade data
Privac model outputs to uarantees quality if not carefully
y obscure individual | & ' tuned.
contributions.
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Federated Learning
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¢ Strengths: Enhances privacy by decentralizing data processing and only sharing model updates.
Effective in collaborative settings with distributed data sources.

e Weaknesses: Requires efficient communication and coordination between decentralized nodes.
Handling heterogeneous data and ensuring synchronization can be challenging.

Table 6: Federated Learning Overview

Technique | Description Strengths Weaknesses
Trains a model
Federated collaboratlvely. Enhances privacy by keeping Communication
. across multiple . overhead, data
Learning . : data decentralized. o
devices  without heterogeneity issues.
sharing raw data.

Secure Multi-Party Computation
e Strengths: Offers strong privacy protection by keeping data encrypted during computations.
Suitable for scenarios where data cannot be shared or combined.
e Weaknesses: High computational overhead and complexity. May require significant resources and
time for training generative models.

Table 7: Secure Multi-Party Computation Overview

Technique Description Strengths Weaknesses

Performs
Secure computations on Hish  computational
Multi-Party | encrypted data so | High privacy protection & p

. o . overhead, complex

Computation | that no participant | through data encryption. implementation
(MPC) can access the p '

data of others.

6.5 Case Study Results

Case Study 1: Differential Privacy in GANsthe application of differential privacy in GANs, as
demonstrated by Abadi et al. [16], showed that differentially private GANs could generate high-quality
synthetic images with strong privacy guarantees. The study reported that the privacy-preserving
modifications had a minimal impact on the perceptual quality of generated images, although some loss of
detail was observed.

Case Study 2: Federated Learning for Healthcare Data In a federated learning setting applied to
healthcare data, McMahan et al. [17] demonstrated that federated learning could effectively train
generative models across multiple institutions without sharing sensitive patient data. The generated
synthetic data maintained high utility for research purposes, though challenges in communication and
data heterogeneity were noted.

Case Study 3: MPC in VAEsthe study by Zhang et al. [18] on secure multi-party computation with VAEs
revealed that while MPC could successfully protect data privacy, the computational cost was a significant
concern. The generated synthetic data was useful for research, but the training time was substantially
longer compared to non-privacy-preserving methods.

Table 8: Case Study Results

Case Study | Technique Key Findings Data Quality
[16] Differential High-quality synthetic images Good
Privacy in GANs with minimal quality loss
Federgted .| Effective model training with .
[17] Learning in X High
decentralized data
Healthcare

7. CONCLUSION

The development of generative models that protect data privacy while producing meaningful synthetic
data is a crucial area of research. Differential privacy, federated learning, and secure multi-party
computation each offer valuable approaches for ensuring privacy in synthetic data generation, but each
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comes with its own set of trade-offs in terms of privacy guarantees, data quality, and computational
overhead.

Differential Privacy: Effective in providing formal privacy guarantees with a manageable impact on
data quality. Future research should focus on optimizing the balance between privacy and utility.
Federated Learning: Promises enhanced privacy by decentralizing data processing and aggregating
model updates. Efforts should be directed towards improving communication efficiency and
handling data heterogeneity.

Secure Multi-Party Computation: Offers strong privacy protection through encrypted
computations but incurs high computational costs. Research should aim to reduce overhead and
enhance scalability.

Overall, continued advancements in these privacy-preserving techniques will be essential for developing
generative models that not only protect sensitive information but also provide high-quality synthetic data
for various applications. Future research should address the existing challenges and explore innovative
solutions to further improve the efficacy and efficiency of these approaches.
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