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Abstract- This paper evaluates how gracefully progressive
GANs and latent diffusion models tolerate input
perturbations when synthesizing medical images. Using
CheXpert radiographs and OASIS brain MRI, we subject
both families to Gaussian, salt-and-pepper, and FGSM
perturbations and measure fidelity, perceptual distance,
and generative recall. Latent diffusion consistently
demonstrates higher resilience, retaining usable structure
at perturbation levels where the GAN's samples fragment.

L INTRODUCTION

Perturbation resilience is a prerequisite for deploying
generative augmentation in imperfect clinical
pipelines. Progressive growing made GAN training
stable and high-resolution, while latent diffusion
moved the generative process into a compressed space
that is cheaper to sample. We compare the two under
identical corruption budgets to determine which better
withstands the noise and adversarial artefacts that arise
in practice.

IL. RELATED WORK

Earlier resilience analyses centred on unconditional
natural-image GANs, and adversarial-robustness work
seldom considered generative models at all. In medical
imaging the stakes differ, because a hallucinated or
fragmented structure can mislead downstream
diagnosis. Our contribution is a controlled, medical-
domain comparison of GAN versus diffusion
resilience across three perturbation types.
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1. METHODOLOGY

A. Datasets

CheXpert supplies large-scale chest radiographs and
OASIS provides T1-weighted brain MRI, both split by
subject. Volumes are sliced, resized to 256x256, and
standardized, with a validation partition reserved for
perturbation testing.

B. Model Configuration

ProGAN is grown progressively to 256x256 with a
learning rate of 0.0015, while the latent diffusion
model encodes images with a KL-regularized
autoencoder and denoises over 1000 latent steps.
Training compute is matched between the two.

C. Perturbation and Evaluation Protocol

Perturbations comprise Gaussian noise, salt-and-
pepper corruption up to density 0.05, and an FGSM
attack on the conditioning pathway. We report FID,
LPIPS perceptual distance, and generative recall to
capture both realism and mode coverage under stress.

IV.  EXPERIMENTAL RESULTS

With rising salt-and-pepper density the GAN degrades
fastest, its FID nearly tripling from 22 to 71, whereas
latent diffusion climbs more gently to 47. The
compressed latent space appears to absorb sparse
impulse corruption before it reaches the decoder.
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Figure 1. FID versus salt-and-pepper density for ProGAN and latent diffusion.
Across perturbation categories the diffusion model gap is the widest, suggesting the GAN's conditioning
preserves more structure, holding an SSIM of 0.79 path is a more exploitable attack surface.

under FGSM against ProGAN's 0.66. The adversarial
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Figure 2. SSIM under four perturbation conditions for both generators.
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Table 1. Fidelity, structural similarity, recall, and
throughput for the compared models.

Model FID | SSIM | Recall | Throughput
Lot @ | (imgls)

FID-
band
ProGAN | 48.0 | 0.74 0.61 34
Latent 33.0 | 0.83 0.79 23

Diffusion

V. DISCUSSION

Latent diffusion's advantage is partly architectural:
perturbations must survive an encoder, a stochastic
denoiser, and a decoder before they corrupt the output,
giving multiple opportunities for suppression.
ProGAN, generating directly from a latent vector,
offers no such buffer. The diffusion model's slower 23
images-per-second rate remains its chief disadvantage.

VL.  CONCLUSION

Latent diffusion offers stronger perturbation resilience
than progressive GANSs for synthetic medical imaging,
particularly against adversarial manipulation. We will
next study whether adversarial fine-tuning can close
the remaining gap for GANs where sampling speed is
critical.
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