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Abstract

Accurate cancer diagnosis depends on identifying key cellular features, including mitotic figures, which have a major

influence on treatment decisions and patient outcomes. Histopathological evaluation remains the clinical gold standard

for detecting mitotic figures, but any manual evaluation is laborious and often hindered by large and unpredictable inter-

observer variability. The use of Generative Artificial Intelligence (GenAI) continues to gain traction as a viable means of

producing synthetic medical images for the purpose of creating data augmentations to feed model training and reduce

dependence on manually labelling images. However, the application of GenAI within histopathology has not been

thoroughly assessed. In this study, we assess two leading GenAI architectures, Denoising Diffusion Probabilistic Models

(DDPM) and StyleGAN3, on their ability to synthesise mitotic figures using the MIDOG++ dataset, which consists of

multiple tumour types from various species. Our results show that DDPM captures fine structural morphology very well,

and StyleGAN3's color reproduction was superior. Quantitative evaluation using Fréchet Inception Distance (FID),

Structural Similarity Index (SSIM), and expert-based Receiver Operating Characteristic analysis showed that DDPM

achieved lower FID and higher structural similarity, while both DDPM and StyleGAN3 produced synthetic images that

were largely indistinguishable from real samples by expert pathologists (area under the curve ≈ 0.5). Although diffusion

models exhibit improved structural fidelity relative to generative adversarial networks-based approaches, they introduce

higher computational demands and unresolved questions regarding generalisability across institutions and imaging

pipelines. This functional distinction illustrates complementary capabilities that can be judiciously utilised depending

upon the augmentation needs of the dataset. By incorporating these high-quality synthetic images into training

pipelines, researchers can reduce manual annotation burden, reduce observer variance, and improve the robustness of

mitosis detection models. In contrast to prior histopathology studies that have largely focused on GAN-based synthesis,

this work presents a systematic comparative evaluation of diffusion models (DDPM) and StyleGAN3 for mitotic figure

generation using the MIDOG++ dataset, clarifying their respective strengths and limitations for synthetic data

augmentation.
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directly correlating with tumour growth and aggressiveness [6,7]. However, current manual mitosis detection practices

are inherently subjective, labour-intensive, and susceptible to significant inter-observer variability, leading to inconsistent

diagnostic outcomes and potential delays in critical therapeutic decisions [8].

The quantification of mitotic activity in histopathological specimens constitutes a fundamental parameter in tumour

grading systems across numerous malignancies, including breast carcinoma, melanoma, and soft tissue sarcomas [9,10].

Conventional mitosis detection protocols require pathologists to manually identify and enumerate mitotic figures within

high-power fields (HPFs), typically examining 10-50 HPFs depending on the specific tumour type [11,12]. This process

presents several critical limitations including significant time expenditure, particularly in cases with extensive tissue

samples, substantial inter-observer variability, cognitive fatigue during prolonged microscopic examination, and

variability in tissue processing and staining protocols resulting in clinical consequences [13-15].

Recent advancements in Artificial Intelligence (AI) have provided new avenues to automate and enhance the accuracy of

mitosis detection, thereby addressing inherent limitations in manual methods [16-18]. AI-driven approaches, particularly

supervised machine learning models including convolutional neural networks (CNNs) and transformer-based

architectures, have demonstrated potential but remain heavily reliant on the availability of large, diverse, and high-

quality labelled datasets [19]. Multiple studies have reported detection accuracies exceeding 85% in controlled settings,

representing significant improvement over manual detection in terms of both speed and consistency [20-22].

Nevertheless, these supervised methodologies encounter substantial implementation barriers, primarily centred around

dataset requirements. The synthesis of comprehensive histopathological training datasets presents multifaceted

challenges: (1) acquisition of diverse tissue samples representing various tumour types, grades, and patient

demographics; (2) labour-intensive labelling by multiple expert pathologists to establish ground truth; (3) significant

ethical and regulatory considerations regarding patient consent and data privacy; and (4) technical variability across

different laboratory settings, imaging platforms, and staining protocols [23-27]. New strategies capable of synthesising

realistic, diverse, and privacy-preserving histopathological images are urgently required to overcome these limitations

and accelerate the clinical implementation of AI-assisted diagnostic systems.

Generative AI models, specifically Generative Adversarial Networks (GANs) and diffusion-based models, offer promising

solutions by enabling the synthesis of highly realistic histopathological images while preserving patient privacy and

facilitating dataset expansion. Among these, StyleGAN3 and Denoising Diffusion Probabilistic Models (DDPM) represent

cutting-edge generative techniques with complementary strengths [28,29]. StyleGAN3 excels in producing high-quality

images rapidly, characterised by realistic colour distribution, texture fidelity, and staining pattern representation, making

it suitable for histopathological applications that rely heavily on accurate colour interpretations and pattern recognition

[30]. For example, advances in these frameworks have been used for the discovery of new cancer stages [31]. Conversely,

DDPM is renowned for its structural realism, fine-grained detail preservation, and training stability, making it highly

suitable for synthesising images requiring precise anatomical and structural accuracy [32,33]. The iterative denoising

process inherent to DDPM facilitates exceptional detail resolution, particularly advantageous for representing the nuclear

morphology and chromatin patterns characteristic of mitotic figures [34].

Herein, we introduce a comprehensive evaluation of DDPM and StyleGAN3 models for generating synthetic

histopathological images containing mitotic figures. The study uses MIDOG++, which is a large multi-domain mitotic

figure dataset comprising 503 histological specimens across seven tumour types from human and canine tissue, with

11,937 expert-annotated mitotic figures, and is explicitly designed to capture severe domain shifts arising from

heterogeneous tumour morphology, slide preparation protocols, and whole-slide imaging scanners across multiple

laboratories [35]. The central challenge addressed in this work is the robustness of generative models to clinically relevant

domain shifts in mitotic figure appearance, which are underpinned by variability in tumour morphology, staining

protocols, slide preparation, and whole-slide imaging scanners across institutions and species. Such variability is known

to degrade the performance and generalisation of deep learning models, motivating a direct comparison of GAN-based

and diffusion-based architectures to assess their relative capacity to capture structural and appearance-level diversity

under these conditions. This multifaceted dataset enables rigorous assessment of generative model performance across

heterogeneous imaging conditions, closely approximating real-world clinical variability. Through systematic

experimental evaluation, we quantitatively assess the quality and clinical utility of synthetic images using established

metrics including Fréchet Inception Distance (FID), Structural Similarity Index (SSIM), and Mean Squared Error (MSE).
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Furthermore, qualitative assessment by expert pathologists utilising Receiver Operating Characteristic (ROC) analysis

provides critical insights regarding the clinical indistinguishability of synthetic images. Our research bridges a critical

knowledge gap, providing actionable insights for the optimal application and integration of generative AI models into

clinical diagnostics and training datasets. These findings will establish a new understanding for developing hybrid

generative strategies combining the strengths of multiple generative models, potentially transforming computational

pathology and cancer diagnostics.

Materials And Methods

Experimental setup 

Workflow

The study followed a five-stage experimental framework: (i) Data Preparation, (ii) Model Selection, (iii) Model Training and

Image Generation, (iv) Image Evaluation, and (v) Results Analysis. Figure 1 illustrates the full process. 

Experimental-framework-followed-throughout-this-manuscript.

FIGURE 1: Experimental framework followed throughout this manuscript.

Data Preparation

We used the MIDOG++ multi-domain mitotic-figure dataset comprising 503 whole-slide images spanning seven tumour

types across human and canine specimens, with ~12,000 expert-confirmed mitotic annotations. Slides were scanned at

40× equivalent resolution.

Hardware and Software

All models were trained on a single NVIDIA A100 GPU (40 GB HBM2e, 450 W TDP) housed in a SLURM-managed cluster.

Code was written in PyTorch 2.2 with CUDA 12.4; diffusion training used the Hugging Face-diffusers library, and GAN

training used the official StyleGAN3-T implementation.

Model selection

We implemented and evaluated two distinct approaches to synthetic mitotic figure generation in histopathology images:

StyleGAN3 and DDPM. These state-of-the-art generative models were selected based on their demonstrated capabilities

in producing high-quality, realistic images and their complementary architectural approaches to image synthesis [36,37].

StyleGAN3

We utilised the translation-equivariant generator variant of StyleGAN3 (StyleGAN-T) for its optimal balance between

generation quality and computational efficiency. This variant was selected due to its favourable performance

characteristics: generation time under 1 second per image and second-highest Zero-shot FID score among comparative

models. The translation equivariance property enhances the model's ability to generate consistent mitotic figures

regardless of their position within the image space, crucial for histopathological applications.

The model architecture follows the original StyleGAN3 configuration with specific adaptations for histopathological

image generation (Figure 2). A batch size of 8 was implemented to balance training stability and GPU memory

constraints. The adaptive discriminator augmentation (ADA) mechanism was configured with a strength parameter

(gamma) of 8.2, based on recommendations from the original StyleGAN3 paper [38]. This parameter plays a crucial role in

preventing overfitting and maintaining stability during the adversarial training process, particularly important when

working with limited datasets of specialised histopathological features.
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The-proposed-StyleGAN3-architecture-in-the-original-work-that-has-developed-it.-Overview-of-the-StyleGAN-T-architecture.-

(a)-Generator-architecture,-showing-the-StyleGAN2-based-synthesis-network-conditioned-on-CLIP-text-embeddings-and-

initialized-using-Fourier-features-instead-of-a-learned-constant.-(b)-Generator-block-details,-illustrating-residual-modulated-

convolution-layers,-skip-connections-via-ToRGB,-and-the-second-order-style-modulation-mechanism.-(c)-Discriminator-

architecture,-where-intermediate-token-representations-from-a-frozen-DINO-vision-transformer-are-processed-by-multiple-

identical-discriminator-heads-with-per-token-hinge-losses.-(d)-Text-encoding-and-conditioning-pathway,-in-which-CLIP-text-

embeddings-are-provided-to-both-generator-and-discriminator,-with-an-additional-CLIP-based-guidance-signal-applied-

during-training-to-improve-text–image-alignment.

FIGURE 2: The proposed StyleGAN3 architecture in the original work that has developed it. Overview of the StyleGAN-T

architecture. (a) Generator architecture, showing the StyleGAN2-based synthesis network conditioned on CLIP text

embeddings and initialized using Fourier features instead of a learned constant. (b) Generator block details, illustrating

residual modulated convolution layers, skip connections via ToRGB, and the second-order style modulation mechanism.

(c) Discriminator architecture, where intermediate token representations from a frozen DINO vision transformer are

processed by multiple identical discriminator heads with per-token hinge losses. (d) Text encoding and conditioning

pathway, in which CLIP text embeddings are provided to both generator and discriminator, with an additional CLIP-based

guidance signal applied during training to improve text–image alignment.

Denoising Diffusion Probabilistic Models

The DDPM implementation utilised a U-Net architecture, specifically configured for the denoising process critical to

diffusion models (Figure 3) The model was designed to process images at 256×256 pixel resolution with a batch size of 8.

The U-Net structure featured a symmetrical configuration of down-sampling and up-sampling blocks, with channel

counts increasing from 128 to 512, enabling the capture of both fine-grained details and broader contextual information

essential for realistic mitotic figure generation.

For optimisation, AdamW optimiser was used with weight decay for improved generalisation, coupled with a cosine

learning rate scheduler starting at 1e-4 and incorporating a 500-step warm-up period [39]. This adaptive learning rate

approach stabilised the early training stages and optimised convergence. The noise scheduling process utilised 1000

timesteps to ensure a fine-grained denoising process, enabling the model to learn the underlying structure of mitotic

figures at various scales of detail. The loss function was formulated as an MSE between predicted noise and applied noise,

enabling the model to learn the reverse process of gradually denoising images. Attention mechanisms were integrated in

both down-sampling and up-sampling layers, implementing spatial self-attention to improve the model's capability in

capturing long-range dependencies, crucial for maintaining global coherence of the generated mitotic figures within

their histological context. 

The-U-Net2D-Model-architecture-illustrating-input-and-output-image-size,-number-of-layers-in-each-U-Net-block,-the-

down-sampling,-and-up-sampling-values.

FIGURE 3: The U-Net2D Model architecture illustrating input and output image size, number of layers in each U-Net block,

the down-sampling, and up-sampling values.

Dataset

Dataset Characteristics

Our study utilised the MIDOG++ dataset, a comprehensive collection of histopathology images originally developed for

mitotic figure detection, as shown in Figure 4 [35]. The dataset contains 503 images representing seven different tumour

types from both human and canine cancer, with approximately 12,000 annotated mitotic figures. The diversity of this

dataset, encompassing multiple tumour types and species, provides an ideal foundation for training and evaluating

generative models in the context of synthesising mitotic figures in varied histopathological contexts [35].
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Samples-of-extracted-patches-from-real-images-in-the-MIDOG++-dataset.

FIGURE 4: Samples of extracted patches from real images in the MIDOG++ dataset.

Data Preprocessing

To prepare the dataset for model training, a patch-based extraction approach was implemented to isolate regions of

interest (ROI) containing mitotic figures from the original histopathological images. The selected patch size was set to 256

× 256 pixels, carefully determined to achieve an optimal trade-off between capturing the mitotic figures and excluding

irrelevant features. To ensure comprehensive coverage and prevent loss of important features near patch boundaries, an

overlapping extraction strategy with a stride of 128 pixels (50% overlap) was employed. This method increased the

likelihood of capturing mitotic figures near the edges of patches while providing diverse perspectives of the same mitotic

figure [40]. As a result, the extraction process generated 88,777 patches, each containing at least one mitotic figure.

Following extraction, data augmentation techniques were applied to enhance diversity within the training dataset.

Methods such as Random Horizontal Flip were incorporated to introduce variability, improving the model's invariance to

mitotic figure orientation. Additionally, normalisation was included in the preprocessing pipeline to standardise pixel

values across the dataset. This comprehensive preprocessing framework ensured a diverse and robust dataset suitable for

model training and evaluation. Samples of the extracted patches and the applied preprocessing techniques are

presented in Figure 5 [35].

Dataset-image-preprocessing:-Row-(a)-shows-the-original-image-from-the-MIDOG++-dataset,-rows-(b-e)-show-the-

transformation-applied-individually,-and-row-(f )-shows-all-the-different-transformations-used-throughout-the-experiments.

FIGURE 5: Dataset image preprocessing: Row (a) shows the original image from the MIDOG++ dataset, rows (b-e) show the

transformation applied individually, and row (f) shows all the different transformations used throughout the experiments.

Computational resources

Both models were trained on NVIDIA A100 GPUs with 40GB VRAM, providing the necessary computational capacity for

these architectures. The high memory bandwidth and tensor core capabilities of the A100 were particularly

advantageous for training sophisticated generative models on high-resolution histopathology images. 

Evaluation metrics

To comprehensively assess model performance in synthesising mitotic figures, we employed multiple evaluation metrics

designed to measure both structural similarity and pixel-level differences between generated and ground truth images. It

is important to note that while metrics such as FID, SSIM, and MSE  provide quantitative insight into distributional

similarity and perceptual fidelity, they do not directly capture clinically meaningful attributes specific to mitotic figures. In

particular, high image realism does not necessarily imply improved performance in downstream detection or grading

tasks. These metrics are therefore used in this study as proxies for structural and visual quality rather than as indicators of

diagnostic effectiveness.

FID Score

The FID score was utilised to assess the statistical similarity between the feature distributions of real and synthesised

images. This metric calculates the distance between feature representations extracted from a pre-trained Inception-v3

model. Lower FID scores indicate that the synthesised image feature distribution more closely resembles that of real

images. We calculated the FID score between equal sets of real histopathology patches containing mitotic figures and

generated patches from each model.

Structural Similarity Index
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The SSIM metric evaluates the structural similarity between generated and real images by considering luminance,

contrast, and structure components. SSIM values range from -1 to 1, with values closer to 1 indicating higher similarity.

We computed the average SSIM between generated patches and their closest real counterparts using two approaches:

· Between grayscale versions of generated and ground truth images

· Between the original-coloured images and ground truth

This dual approach allowed for assessment of structural similarities independent of potential colour variations.

Mean Squared Error

MSE provides a pixel-level comparison between generated and real images, offering insights into the overall fidelity of

the generated content. While not always indicative of perceptual quality, it complements the other metrics by

quantifying absolute differences in pixel values.

ROC Study

To incorporate human perception assessment, we conducted an ROC study evaluating the indistinguishability of

generated images from real ones. Expert pathologists were presented with a mix of real and generated images and asked

to classify them using a Likert scale rating system. Based on these results, ROC curves were plotted and the Area Under

the Curve (AUC) was calculated, providing insights into how convincing the generated images appeared to expert human

observers [33]. By employing this comprehensive evaluation framework, we aimed to provide a multifaceted assessment

of our generative models' performance (Figure 6). This approach allowed us to evaluate not only the technical quality and

diversity of the generated images but also their clinical relevance and potential utility in real-world pathology

applications.

(a)-The-working-mechanism-of-the-ROC-framework-and-(b)-the-graphical-user-interface-of-a-website-presented-to-the-

pathologists-presenting-the-questionnaire-with-the-images-to-be-classified.

FIGURE 6: (a) The working mechanism of the ROC framework and (b) the graphical user interface of a website presented to

the pathologists presenting the questionnaire with the images to be classified.

ROC, Receiver Operating Characteristic

Results

Experimental setup

All experiments were executed on a single NVIDIA A100 GPU with 40 GB HBM2e memory in a SLURM-managed cluster.

Model training and evaluation were implemented in PyTorch 2.2 with CUDA 12.4. The diffusion-based models were built

using the Hugging Face diffusers library, while StyleGAN3 training followed the official StyleGAN3-T implementation.

Model-specific hyperparameters were optimised for stable convergence. For StyleGAN3-T, a batch size of 8 and an

ADA gamma value of 8.2 were used, aligning with the recommended configuration to prevent overfitting. For DDPM, a U-

Net2D architecture with channel depths ranging from 128 to 512 was employed, trained for 100 epochs using the

AdamW optimiser with a 1e-4 learning rate and cosine decay schedule. The noise scheduler consisted of 1,000 timesteps.

Attention layers were integrated into the U-Net to preserve spatial dependencies during denoising.

Evaluation was performed using four complementary metrics: FID to assess distributional similarity, SSIM  to evaluate

perceptual closeness, MSE for pixel-level fidelity, and ROC analysis to assess perceptual realism via expert pathologist

review. Random seed settings were fixed at 42 to ensure deterministic training runs. All code and scripts used for

preprocessing, training, and evaluation are available upon request for reproducibility.

Moreover, the MIDOG++ dataset was examined to gain insights into the distribution of data across two primary

dimensions: species (human and canine) and cancer types (various subcategories). Upon analysing the figures, a

substantial imbalance in the dataset becomes apparent. Figure 7 visually depicts the distribution of images across these

categories, revealing uneven representation among species and cancer types. For instance, some cancer types, such as
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breast carcinoma or melanoma, may dominate in terms of image counts, while others, like neuroendocrine tumours or

soft tissue sarcomas, are underrepresented. Similarly, the distribution between species, human and canine, may also

show a bias, with one species significantly outweighing the other in image prevalence. These disparities emphasise the

challenges posed by unbalanced datasets, particularly when dealing with intricate medical imaging tasks.

This imbalance carries significant implications for downstream applications, including synthetic data generation using

GANs and DDPMs. Unbalanced datasets have been known to adversely affect the training and output quality of these

generative models. A common phenomenon observed under such circumstances is mode collapse, where the generative

models focus predominantly on overrepresented classes, failing to capture the diversity of underrepresented categories.

This limitation leads to synthetic images that reflect the biases present in the original dataset, ultimately reducing the

variability and comprehensiveness of synthesised mitotic figures. Such outcomes are critical as they directly influence the

evaluation metrics and interpretability of models reliant on these synthesised figures. Consequently, the observed

imbalance is expected to impact not only the diversity of synthetic outputs but also the performance and generalisability

of machine learning models trained on this dataset.

The relevance of addressing this imbalance extends beyond synthetic data generation. Inaccuracies in representation

may also influence diagnostic tools and automated image analysis systems built using the MIDOG++ dataset. Uneven

performance across categories undermines the reliability of these tools in clinical practice, where consistent and

unbiased results are essential for patient care. Mitigating these challenges requires proactive strategies such as data

augmentation, class re-sampling, and the implementation of weighted loss functions during model training. By

enhancing the representation of underrepresented classes or reducing the dominance of overrepresented ones, these

methods can improve the robustness of generative models and ensure equitable performance across categories.

Addressing these issues also paves the way for more diverse and accurate datasets, fostering advancements in cancer

pathology and automated diagnostic technologies. A balanced dataset, supported by innovative methodologies, is

pivotal for achieving comprehensive insights into cancer subtypes while promoting fairness and reliability in medical

imaging applications.

Moreover, our comparative evaluation revealed that DDPM is more suitable for applications requiring structural detail,

such as classifier training or morphological analysis, while StyleGAN3 excels in generating visually realistic images with

superior colour fidelity. Thus, DDPM may be better for technical validation, whereas StyleGAN3 is preferred for visual

realism and rapid dataset expansion. Thus, DDPM may be better suited for technical validation and analytic tasks,

whereas StyleGAN3 provides an efficient solution for expanding training datasets where visual appeal and diversity are

priorities. While the models were evaluated only on the MIDOG++ dataset in this study, future work will assess their

generalisability to other datasets, such as the CAMELYON and TUPAC collections. Exploring performance across different

data distributions will be essential to confirm the broader applicability of our findings and to refine strategies for

integrating synthetic data into diverse histopathological pipelines.

In addition to evaluating model performance, the experiments were monitored for failure modes commonly associated

with generative model training, such as overfitting and mode collapse. Throughout our experiments, we did not observe

significant signs of mode collapse in either the DDPM or StyleGAN3 models. Synthetic outputs retained diversity across

mitotic figure morphology and colour representation, even across multiple training epochs. It is attributed to the diverse

composition of the MIDOG++ dataset of several species and cancer types, as well as to the architect of diffusion model

and the latest StyleGAN3 design, which are known to mitigate overfitting tendencies compared to earlier GAN variants.

Specifically, due to the improved training stability mechanisms, such as StyleGAN3's alias-free design and the intrinsic

denoising process of diffusion models, both of which promote better feature disentanglement and discourage the

memorisation of specific training examples, thereby reducing the risk of overfitting and mode collapse during image

synthesis.
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(a)-Distribution-of-the-MIDOG++-dataset-cases-by-species-and-tumour-type-and-(b)-distribution-of-total-cases-sorted-by-

tumour-type-and-species.

FIGURE 7: (a) Distribution of the MIDOG++ dataset cases by species and tumour type and (b) distribution of total cases

sorted by tumour type and species.

StyleGAN3-T pre-trained model optimisation

StyleGAN3-T is an advanced Alias-Free GAN architecture designed to overcome the "texture sticking" limitation

commonly observed in conventional GANs [41]. This limitation arises when generated image features correlate with

absolute pixel coordinates rather than with the objects they belong to, resulting in unnatural textures [41]. By addressing

this issue, StyleGAN3-T enables the synthesis of mitotic figures that naturally represent their structures without

constraints tied to pixel regions. This is particularly relevant for medical imaging tasks, where preserving the integrity and

variability of features is crucial for downstream analysis.

The pre-trained StyleGAN3-T model was utilised to investigate the effects of dataset subset sizes on key evaluation

metrics, namely FID, SSIM, and MSE. To systematically evaluate these effects, subset sizes of 10K, 20K, 30K, and 40K

samples were selected, labelled as experiments 1a-1d. The model’s inherent feature correlation capabilities suggested

that mitotic figure images across species and cancer types would exhibit minimal variability. This hypothesis was

confirmed through visual assessments, where generated images displayed limited variation across experiments. While

this consistency indicates the model's robustness, it also highlights challenges in capturing the full diversity present in

biological samples. A limitation identified during the experiments was the domain mismatch between the pre-trained

StyleGAN3-T model and the target mitotic figure dataset. This mismatch stemmed can be attributed to distinct changes

in features, distribution, and labelling between the pre-training domain and the specific requirements of this application

[42]. Such inconsistencies can hinder the transfer learning process, potentially compromising the quality of the generated

images.

Quantitative findings across subset sizes, detailed in Table 1 and Figure 7, reveal progressive improvements in evaluation

metrics with increasing subset size. Visual assessments (Figure 8) further support these findings, showcasing noticeable

trends in the generated images. For instance, colour scheme accuracy improved as the subset size increased, with fewer

instances of abnormally light images compared to conventional stained tissue samples. Additionally, earlier subsets often

generated excessive mitotic figures (represented as black features) with limited variety. These challenges were

progressively mitigated as the subset size grew, suggesting the model benefits significantly from larger training datasets.

Moreover, image quality also improved consistently with larger subset sizes, aligning with NVIDIA’s original

recommendations of 50-100K images for optimal performance in StyleGAN-based applications [43]. The results suggest

that the current subset sizes, while informative, may not fully meet the data requirements for achieving optimal diversity

and realism in the generated mitotic figures. This underscores the critical need for larger datasets and more

comprehensive training methodologies to enhance the model’s output.

The use of StyleGAN3-T in this context highlights both the potential and the limitations of Alias-Free GANs in medical

imaging. While promising results were achieved, the identified domain mismatch and data requirements point to areas

where further research and development are essential for maximising the utility of this architecture in synthesising

accurate and diverse mitotic figures for advanced medical imaging analyses.
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Experiment FID SSIM MSE

1a 38.297 0.093 105.581

1b 31.805 0.091 105.735

1c 31.211 0.0938 105.647

1d 34.821 0.933 105.660

TABLE 1: Experiment 1: Optimisation and evaluation of pre-trained StyleGAN3-T model using different sizes subset. 

FID, Fréchet Inception Distance; MSE, Mean Squared Error; SSIM, Structural Similarity Index

(a)-Comparison-of-FID,-SSIM,-and-MSE-scores-across-experiments-for-the-StyleGAN3-model-and-(b)-comparison-of-FID,-

SSIM,-and-MSE-metrics-across-different-experiments-performed-using-the-StyleGAN3-model.

FIGURE 8: (a) Comparison of FID, SSIM, and MSE scores across experiments for the StyleGAN3 model and (b) comparison of

FID, SSIM, and MSE metrics across different experiments performed using the StyleGAN3 model.

FID, Fréchet Inception Distance; MSE, Mean Squared Error; SSIM, Structural Similarity Index

DDPM model optimisation

Model Baseline Establishment

Experiments 2a and 2b served to establish baseline performance for DDPMs utilising the UNet2D architecture. These

experiments were specifically designed to inform the optimisation strategy for subsequent analyses. Both models were

trained on a subset of 2,500 images over 100 epochs to examine the impact of normalisation on synthesised outputs. The

synthesised results demonstrated improvements in image quality following normalisation. These enhancements were

further validated through quantitative metrics, including reductions in FID  scores and increases in SSIM values, as

detailed in Table 2 and Figure 9.

Interestingly, the MSE metric displayed a marginal increase, indicative of heightened pixel-level differences. This finding

appeared to contradict the observed visual improvements, where normalised outputs showed enhanced structural and

textural quality. To address this inconsistency, a modified-MSE metric was introduced, tailored specifically for grayscale

images. The modified-MSE aimed to isolate structural accuracy from colour information, allowing for a more targeted

evaluation of synthesised mitotic figures. By implementing this adjusted metric, the evaluation framework became more

aligned with the visual quality improvements, offering greater reliability for subsequent analyses.

The findings from these experiments underscored the importance of normalisation in enhancing DDPM performance.

Normalisation techniques were shown to not only improve image synthesis visually but also impact key metrics that

influence downstream applications. As a result, normalisation was incorporated into all subsequent experiments, forming

a fundamental part of the optimisation strategy for DDPMs in this context. This reflects a critical step in ensuring robust

model performance and addressing challenges inherent in medical imaging tasks, such as maintaining structural

accuracy while accommodating data variability. The use of these tailored evaluation methods and architectural

adjustments highlights the necessity of aligning model outputs with specific domain requirements. In this case,

achieving accurate and diverse synthesis of mitotic figures necessitated iterative refinement through normalisation and

metric customisation. These strategies pave the way for further enhancements in DDPM applications, fostering more
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reliable and generalisable outcomes in medical imaging research. By resolving discrepancies between visual assessments

and quantitative metrics, the framework established in Experiments 1.1 and 1.2 provides a strong foundation for

advancing generative modelling techniques in this domain.

Metric FID SSIM MSE

2a 276.545 0.0341 5641.925

2a - 0.03 0.064

2b 128.306 0.0631 7597.894

2b - 0.068 0.121

TABLE 2: Experiment 2: (a) Training over 100 epochs with no normalisation on 2.5K and (b) training over 100 epochs with

random normalisation on 2.5K.

FID, Fréchet Inception Distance; MSE, Mean Squared Error; SSIM, Structural Similarity Index

Synthesised-images-using-the-pre-trained-StyleGAN3.-The-experiments-generate-four-sets-of-images-with-increasing-

subset-sizes.-These-are-(a)-10k,-(b)-20k,-(c)-30k,-and-(d)-40k.

FIGURE 9: Synthesised images using the pre-trained StyleGAN3. The experiments generate four sets of images with

increasing subset sizes. These are (a) 10k, (b) 20k, (c) 30k, and (d) 40k.

Data Sample Scaling and Parameter Tuning

Building upon baseline experiments, subsequent trials aimed to refine the pipeline for mitotic figure synthesis by

gradually increasing the training subset size while optimising preprocessing techniques and model architecture

parameters. Experiment 3 expanded the training subset to 5,000 images, continuing the trend of decreasing FID scores

and increasing SSIM values, as reported in Table 3 and Figure 9. Notably, the modified MSE metric for grayscale images

decreased, signalling improved structural accuracy despite reductions in colour fidelity. To address challenges related to

colour representation, experiment 4a introduced custom normalisation parameters, calculated from dataset-specific

mean and standard deviation values. Training with a 10K image subset using these parameters resulted in improved FID

scores. However, SSIM and MSE metrics for colour images remained relatively unchanged, and visual assessments showed

no substantial enhancements. To explore further improvements, experiment 4b applied colour jitter augmentation to the

same 10K subset, achieving continued reductions in FID scores. Additionally, manual evaluations demonstrated a 44-

image increase in hue representation accuracy with the inclusion of colour jitter augmentation.

Experiment 5a maintained the use of custom normalisation and colour jitter preprocessing while increasing the subset

size to 20K images. Results revealed further improvements in FID scores, though SSIM values slightly decreased for both

grayscale and colour images, as detailed in Table 3 and Figures 9-10. To assess the impact of batch size, Experiment 5b

replicated Experiment 4b conditions but doubled the batch size from 8 to 16. While larger batch sizes resulted in reduced

image quality, evident through higher FID, lower SSIM, and increased MSE metrics (Table 3 and Figure  9), visual

evaluations indicated enhanced colour hue representation (Figure 10a, c, e). Despite this trade-off, the larger batch

configuration was retained for subsequent trials to accommodate computational demands of processing larger subsets

while preserving observed visual enhancements.
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Experiment 5c maintained the 20K subset while simplifying blockout channel complexity to improve generalisation

capability, reduce memory requirements, and accelerate training. Although visual assessments indicated marginal

improvements, quantitative metrics pointed to decreased image quality, as reported in Table 3 and Figure 10. The final

Experiment 6a applied the optimised pipeline to a 40K image subset, yielding improved FID scores and visually enhanced

cellular structures despite the metric limitations associated with larger batch sizes and modified blockout channels. These

findings, coupled with visual observations from Figures 10, underscore the necessity of expert pathologist validation for

specialised histopathological image assessment, as conventional metrics may inadequately capture structural accuracy.

To ensure rigorous evaluation, the synthesised results will undergo ROC analysis, where expert pathologists will classify

images as synthetic or real. The resulting true positive (TP) and false positive (FP) rates will be used to plot the ROC curve,

with the AUC serving as a measure of discrimination ability. In this unique context, lower AUC values (<0.5) are preferred,

as they indicate that synthetic images effectively deceive expert evaluators. 

Experiment Images   MSE      FID    SSIM 

3a Colour 114.339 0.072 9666.829

3a Greyscale      -        0.081  0.100

4a   Colour 106.286 0.0648 9520.910

4a Greyscale     - 0.065    0.108

4b        Colour 91.43 0.064 9816.089

4b Greyscale     -      0.064 0.111

5a Colour 86.49 0.044 10729.624

5a Greyscale     -    0.052 0.111

5b Colour 93.60 0.041 10687.211

5b Greyscale     -        0.049 0.111

6a   Colour 85.433 0.043 10374.123

6a Greyscale     -   0.049 0.114

TABLE 3: Experiment 3a: Training on 5K, Experiment 4a: Training on 10K subset with data custom normalisation, and 4b:

Training on 10K subset with data custom normalisation and colour jitter, Experiment 5a: Training on 20K subset with data

custom normalisation and colour jitter, 5b: Training on 20K subset with data custom normalisation and colour jitter and

increased batch size, and Experiment 6a: Training on 40K subset with data custom normalisation and colour jitter and

increased batch size and modified blockout channel.

FID, Fréchet Inception Distance; MSE, Mean Squared Error; SSIM, Structural Similarity Index
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Comparison-of-SSIM-and-MSE-scores-across-experiments-for-grayscale-and-coloured-image-synthesis:-(a,b)-SSIM-scores,-

(c,d)-MSE-scores,-and-(e)-comparison-of-FID-score-across-all-experiments-for-coloured-image-synthesis.

FIGURE 10: Comparison of SSIM and MSE scores across experiments for grayscale and coloured image synthesis: (a,b) SSIM

scores, (c,d) MSE scores, and (e) comparison of FID score across all experiments for coloured image synthesis.

FID, Fréchet Inception Distance; MSE, Mean Squared Error; SSIM, Structural Similarity Index

ROC study

An ROC  study was performed to evaluate the perceptual realism of synthetic images of mitotic figures made by two

generative models (StyleGAN3 and DDPM). A mixed set of 30 images (10 real, 10 from StyleGAN3, and 10 from DDPM)

was shown to an expert pathologist after they were randomised to minimise ordering effects. The expert was instructed

to classify each image as either real or generated. The expert's responses were used to generate ROC curves and compute

area under the curve (AUC) metrics. In the first ROC curve (Figure 11), it compares the expert's ability to distinguish

between DDPM generated images and non-DDPM images and GAN generated images and non-GAN images. The AUCs

were 0.54 for DDPM versus non-DDPM and 0.58 for GAN versus non-GAN, indicating that the expert had only limited

ability to distinguish the generated images from real images. The second ROC curve (Figure 12) compares real images

against all generated images combined. In this case, the expert had an AUC of 0.38.

The ROC study revealed that synthetic mitotic figures created by StyleGAN3 and DDPM models were almost

indistinguishable from real images according to expert evaluation, indicating a powerful ability of the models to

reproduce important histopathological features (Figure 13). The AUC values near 0.5 further suggest that the generated

samples exhibited enough morphological and textural variance to preclude reliable discrimination even by expert eye.

Interestingly, while GAN-generated images produced a slightly higher AUC than DDPM-generated images, the minimal

difference did not reflect a consistent qualitative preference, leading to possible conclusions that any separability is not

interpreted systematically at the visual level. The significantly lower AUC (0.38) in the combined real versus synthetic

classification analyses further bolsters the evidence that the synthetic images, if mixed as in the visual context of the

current investigation, did not systematically differ from real samples in anything recognisable.

The equal representations of StyleGAN3 and DDPM outputs along with random samples from a held-out validation set

should minimise the possibility of either model artefacts or outlier selection skewing the results. Our results highlight the

strong reliability of both generative models, achieving not only surface visual realism but also deeper fidelity to structure

that passes expert inspection. Further our results suggest synthetic data from these models could be included in training

pipelines without significant artefactual bias and could potentially provide more data diversity and improve

generalisation of downstream ML models. The similar expert perception of both models also suggests a convergence on

some level of generative model capability in which advancements in architecture, such as diffusion-based denoising

procedures and alias-free layers, cumulatively overcome previous obstacles observed in synthetic histopathology. Hence,

this set of results offers strong encouragement for the growing uptake of generative augmentation strategies in clinical

computational pathology.

Synthesised-images-using-DDPM-model,-according-to-the-respective-experiments-(a-h).

FIGURE 11: Synthesised images using DDPM model, according to the respective experiments (a-h).

DDPM, Denoising Diffusion Probabilistic Models
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ROC-curves-comparing-the-expert-pathologist’s-ability-to-distinguish-DDPM-generated-images-from-non-DDPM-images-

and-GAN-generated-images-from-non-GAN-images.-The-area-under-the-curve-(AUC)-was-0.54-for-DDPM-versus-non-DDPM-

and-0.58-for-GAN-versus-non-GAN,-indicating-limited-discriminability-and-performance-close-to-random-guessing-(AUC-=-0.5).

FIGURE 12: ROC curves comparing the expert pathologist’s ability to distinguish DDPM-generated images from non-DDPM

images and GAN-generated images from non-GAN images. The area under the curve (AUC) was 0.54 for DDPM versus non-

DDPM and 0.58 for GAN versus non-GAN, indicating limited discriminability and performance close to random guessing

(AUC = 0.5).

AUC, Area Under the Curve; DDPM, Denoising Diffusion Probabilistic Models; GAN, Generative Adversarial Network; ROC, Receiver

Operating Characteristic

ROC-curve-evaluating-the-expert-pathologist’s-ability-to-differentiate-real-images-from-all-generated-images-combined.-

The-obtained-AUC-of-0.38-suggests-the-expert-was-generally-unable-to-reliably-distinguish-synthetic-images-from-real-ones,-

further-supporting-the-visual-realism-of-the-generated-mitotic-figures.

FIGURE 13: ROC curve evaluating the expert pathologist’s ability to differentiate real images from all generated images

combined. The obtained AUC of 0.38 suggests the expert was generally unable to reliably distinguish synthetic images

from real ones, further supporting the visual realism of the generated mitotic figures.

AUC, Area Under the Curve; ROC, Receiver Operating Characteristic

Discussion

Experimental analysis

The experimental performance of the proposed generative framework was analysed with consideration to the

experimental set-up including evaluation protocol and dataset characteristics. All experiments were conducted under

controlled computational conditions using a single NVIDIA A100 GPU, ensuring consistency across training runs and

eliminating experimental variability. Deterministic behaviour was enforced through fixed random seeds, allowing

observed performance differences to be attributed to model architecture and learning dynamics rather than stochastic

effects.

During training, both DDPM and StyleGAN3 were able to achieve convergence under comparable constraints. StyleGAN3

benefited from adaptive discriminator augmentation, which experimentally reduced overfitting tendencies during

adversarial training. DDPM, in contrast, relied on iterative denoising across many timesteps, supported by an attention-

enhanced U-Net architecture. This architectural distinction influenced convergence behaviour, with DDPM exhibiting

slower but more stable optimisation, while StyleGAN3 converged more rapidly with less emphasis on fine structural

refinement. Continuous monitoring during training did not reveal instability, divergence, or collapse in either model,

indicating that the selected hyperparameters were appropriate for the MIDOG++ dataset.

Evaluation metrics provided additional insights, where distribution measured using FID, and perceptual structure

preservation, measured via SSIM, consistently favoured DDPM, indicating closer alignment with real mitotic morphology.

This agrees with recent work comparing denoising diffusion models with GANs highlighting them as promising

alternative to produce high-quality medical images with enhanced diversity and less artifacts [44]. MSE values were

comparable between models, confirming that pixel-level fidelity alone was insufficient to differentiate generative quality

in a diagnostically meaningful manner. In addition to these evaluation methods, the ROC analysis validated that both

systems achieved high perceptual realism, as expert pathologists were unable to distinguish synthetic images from real

samples. Therefore, the agreement between quantitative metrics and expert evaluation supports the robustness of the

experimental assessment framework.
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Moreover, the dataset composition played a role in shaping experimental outcomes. Analysis of the MIDOG++ dataset

revealed pronounced imbalance across tumour types and species, with dominant categories contributing

disproportionately to training samples. This imbalance constrained generative diversity, particularly for rare tumour

classes, and likely influenced metric sensitivity. Despite this limitation, neither DDPM nor StyleGAN3 exhibited

pronounced mode collapse across training epochs. This behaviour can be attributed to architectural advances in both

approaches, including denoising-driven feature disentanglement in diffusion models and the alias-free design of

StyleGAN3, which experimentally reduced memorisation and over-specialisation. The experimental analysis

demonstrates that observed performance differences between DDPM and StyleGAN3 are architecturally driven and

reproducible under controlled conditions. DDPM consistently favoured tasks requiring accurate spatial and

morphological representation, whereas StyleGAN3 prioritised training efficiency and colour consistency. These findings

emerge directly from the experimental configuration, evaluation metrics, and dataset properties, providing a grounded

basis for comparative interpretation.

Limitations and ethical considerations

The experimental conclusions of this study are constrained by several factors that shape the interpretation of the results

and highlight areas requiring further methodological refinement. The MIDOG++ dataset exhibits pronounced imbalance

across tumour types and species, which may bias generative diversity toward overrepresented classes and limit the

faithful synthesis of rare morphologies. Such imbalance can influence both quantitative evaluation metrics and the

perceived robustness of the generated images, particularly when assessing generalisability beyond the training

distribution.

When assessing realism, the current framework primarily emphasises quantitative similarity metrics and expert-based

ROC analysis. While these assessments demonstrate visual plausibility, they do not fully capture diagnostic utility within

clinical workflows or the effect of synthetic data on downstream tasks such as mitosis detection, grading, or prognostic

modelling. The absence of longitudinal and task-driven validation restricts insight into how synthetic images influence

model performance over extended training and deployment scenarios.

Ethically, synthetic histopathology data reduces reliance on patient-derived samples and supports privacy preservation,

insufficient transparency in dataset composition and generation protocols may risk reinforcing existing diagnostic biases.

Clear documentation of data sources, class distributions, and intended application contexts remains essential to ensure

equitable and responsible use. Addressing these constraints is necessary to support reliable integration of generative

models into computational pathology and to strengthen confidence for their applicability in real-life applications.

Future work

Future experimental work should extend validation beyond the MIDOG++ dataset to rigorously assess model

generalisability across heterogeneous histopathology collections, such as the CAncer MEtastases in Lymph nOdes

challeNge (CAMELYON) datasets. CAMELYON introduces substantial domain variation, including differences in tissue

origin, whole-slide imaging resolution, scanner hardware, and staining protocols, which provides a stringent testbed for

evaluating the robustness of generative models trained on mitotic figure-centric datasets. Cross-dataset evaluation will

therefore be essential to determine whether the structural advantages observed for diffusion models on MIDOG++

persist when confronted with metastasis-focused annotations, large-scale whole-slide contexts, and broader tumour

heterogeneity. Such analysis will help distinguish architecture-driven performance gains from dataset-specific effects and

will clarify the extent to which diffusion-based synthesis can generalise across institutions and acquisition pipelines.

Demonstrating consistent performance under these conditions would address the aforementioned limitations and

strengthen confidence in the applicability of diffusion models for synthetic data generation in real-world computational

pathology workflows, where variability in staining, tumour morphology, and imaging conditions is a significant

challenge.
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Conclusions

This research explored the potential of generative AI, specifically DDPM and StyleGAN3, for synthesising clinically realistic

histopathology images containing mitotic figures. DDPM was selected for its ability to preserve fine structural detail,

which is critical for histopathological interpretation, while StyleGAN3 was employed for its strength in reproducing

biologically realistic colour characteristics. Both models were trained and evaluated using the MIDOG++ dataset, which

encompasses multiple tumour types and species and reflects the domain heterogeneity that challenges data-driven

diagnostic systems, particularly in the context of limited annotated data. The experimental findings indicate that DDPM

generates high-fidelity mitotic figures with consistent morphological structure, making it well suited for applications that

prioritise structural accuracy in training data for diagnostic models. In contrast, StyleGAN3 demonstrates superior colour

fidelity and computational efficiency, supporting its use in scenarios where visual realism and rapid data generation are

required. Quantitative evaluation using FID, SSIM, and MSE, together with expert-based visual assessment, confirms that

both approaches can produce synthetic images of sufficient quality to be plausibly integrated into histopathological

workflows.

Importantly, these findings highlight a fundamental trade-off between diffusion-based and GAN-based generative

models. While diffusion models offer advantages in structural fidelity and robustness under heterogeneous conditions,

they incur higher computational cost compared with GAN-based approaches, and their generalisability across

institutions, scanners, and staining protocols remains to be systematically established. Conversely, GAN-based models

provide faster training and image synthesis with lower computational demands but may be more sensitive to domain

variability. An important consideration for future work is the impact of synthetic mitotic figures on downstream mitosis

detection performance. While this study demonstrates that both DDPM- and StyleGAN3-generated images achieve high

structural and visual realism, their effect on training supervised detection models remains to be quantitatively

established. In practice, improvements in image realism do not necessarily translate to gains in detection accuracy,

particularly under domain shift. Evaluating whether synthetic data generated by diffusion models or GANs improves

robustness, sensitivity, and generalisation of mitosis detectors across tumour types and institutions will therefore be a

critical next step. Such task-level validation will be essential to determine the practical utility of generative augmentation

beyond perceptual quality alone.
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