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Large image datasets with annotated pixel-level semantics are necessary to train and evaluate supervised
deep-learning models. These datasets are very expensive in terms of the human effort required to build
them. Still, recent developments such as DatasetGAN open the possibility of leveraging generative systems
to automatically synthesise massive amounts of images along with pixel-level information. This work analyses

DatasetGAN and proposes a novel architecture that utilises the semantic information of neighbouring pixels to
achieve significantly better performance. Additionally, the overfitting observed in the original architecture is
thoroughly investigated, and modifications are proposed to mitigate it. Furthermore, the implementation has
been redesigned to greatly reduce the memory requirements of DatasetGAN, and a comprehensive study of
the impact of the number of classes in the segmentation task is presented.

1. Introduction

Deep learning models for image analysis or synthesis often require
massive amounts of data to be trained. When training datasets lack
sufficient data, models are prone to overfitting, which significantly
reduces their generalisation capability. Certain demanding tasks, such
as biomedical image processing, require robustness against particular
types of data noise or distortions to achieve an acceptable level of
accuracy [1]. In those cases, annotating hundreds or even thousands
of data images at the pixel level is essential for deep neural networks
to perform adequately. This process is especially burdensome consid-
ering that supervised and semi-supervised deep learning models for
image processing require semantic information of various kinds, such
as bounding boxes, object or scene-level key points, depth fields or
segmentation masks. More specifically, image segmentation is often
challenging for tasks with limited datasets or fine-grained annota-
tions [2]. While significant efforts have been devoted to generating
annotated images by rendering 3D models [3], even leveraging deep
learning to generate image annotations [4], this work focuses on the
employment of deep learning for the joint synthesis of realistic images
and their corresponding semantics.

Recently, both Generative Adversarial Networks (GANs) and Diffu-
sion Models have been utilised to synthesise annotated images [5,6].
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Diffusion models are the latest generative paradigm and often achieve
better generalisation. However, they are significantly more computa-
tionally expensive than GANs. In addition, controlling the latent space
of diffusion models remains challenging and less understood, making
them a more complex alternative than GANs for tasks such as image
editing and projection [6-9]. Therefore, research related to methods
that enhance state-of-the-art GAN-based approaches still remains highly
relevant.

A key concept of GANs is their ability to synthesise realistic im-
ages by mapping vectors from a latent space, which encodes complex
semantic information. This characteristic makes GANs valuable tools
for domain-specific image processing tasks with intricate semantic
requirements, such as generating portraits from sketches [10], text-
to-fashion image synthesis [11], or anomaly detection in small video
snippets [12].

There have been various efforts to adapt GANs for the joint gen-
eration of realistic images and their semantics. One general strategy
to achieve this is to explicitly use semantic information to modulate
the synthesis of the images. For example, the vectors from the latent
space can be manipulated and characterised to enable the generation
of images with specific semantic constraints [13]. A related approach
is to modify the GAN’s underlying deep learning model such that the
semantic information is used to configure the synthesised image [14].
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Another strategy uses GANs to synthesise images and annotations
by leveraging intermediate tensors from the model’s inner layers to
encode semantic properties of the generated images. This information
can be extracted in multiple ways. For example, semantics can be
obtained by unsupervised clustering of the intermediate tensors of
the GAN [15]. In this context, a prominent strategy was proposed by
DatasetGAN [16], using StyleGAN [17] intermediate tensors to train
an ensemble of multilayer perceptrons (MLPs) that predicts semantic
information per pixel. Due to its architecture, DatasetGAN requires only
a few labelled examples to generalise across the latent space, which
opens the possibility of generating extensive datasets comparable in
scale and number of image classes to ImageNet [18]. Consequently, it
has attracted significant research interest and has been applied in var-
ious domains, some examples are augmenting medical images [19,20],
generating annotated images of tunnel cracks [21] and trucks [22].

Following the publication of StyleGAN, several efforts aimed to
improve image quality, with a significant breakthrough achieved by
StyleGAN2-ADA [23]. For this reason, there have been initiatives to
replace DatasetGAN’s backbone with StyleGAN2-ADA, although, solely,
it does not directly impact how DatasetGAN’s style interpreter inter-
acts with its feature map [19,22,24]. Likewise, other studies focus on
equivalent alternatives, but use diffusion models as a backbone [25,26].

On a different direction, BigdatasetGAN [18] focused on enabling
multi-class image synthesis. By manually annotating a few images per
class on ImageNet and training an image segmentation architecture on
top of BigGAN instead of StyleGAN, the study allowed the creation of
large-scale annotated datasets.

Still, another related model with a DatasetGAN-derived framework
that stood out is HandsOff [27]. By unifying GAN inversion with dataset
generation, it enables the synthesis of datasets with rich pixel-wise
labels in multiple scenarios without the need to manually annotate
synthetic images.

Even though several improvements have been achieved, we ob-
served that in DatasetGAN and many of its successors employing
StyleGAN-based backbones, the connection with feature maps consists
of simple MLPs, a design choice that has neither been demonstrated
to be particularly distinctive nor received significant attention in prior
works. Furthermore, the impact of the aforementioned improvements
cannot be directly compared to changes in the style interpreter ar-
chitecture solely, which could be addressed as a separate component
in the overall framework. Still, the DatasetGAN publication does not
detail the quantity of annotated masks necessary to avoid underfitting
or overfitting. To be more specific, in our experiments, we have found
that it is prone to overfitting.

This work addresses these issues by exploring the DatasetGAN
paradigm, where our main contributions are:

The proposition of a novel architecture that uses neighbouring
pixel information and an innovative data loader to improve the
quality of image segmentation.

An extensive analysis of the overfitting behaviour in the original
architecture and the presentation of modifications to mitigate it.
An improved computational strategy, which drastically reduces
computing requirements.

A comprehensive study of the impact of the number of classes on
DatasetGAN'’s overall performance.

Our code is available at https://github.com/icai-uma/datasetGAN2_
release and the following sections are structured as follows: Section 2
presents the proposed methodology, Section 3 reports the experiments
supporting our proposal, and Section 4 explains our conclusions.

2. Methodology
In order to properly evaluate modifications to the DatasetGAN ar-

chitecture, we formulated a strategy to compare them with its original
proposition.
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Table 1
Comparison per dataset of the RAM necessary to run the original DatasetGAN method
versus our 4-fold cross-validation strategy.

Face Cat Bedroom
Original method 125.8 GB 61.2 GB 49.2 GB
Our method 4.3 GB 4.3 GB 4.3 GB

2.1. Comparison strategy

The strategy employed in this work uses k-fold cross-validation
with k¥ = 4 and M images in each fold to compare different MLP
pixel classifier architectures. Each fold comprises two networks with
different seeds to account for the effect of the consensus decision of the
ensemble of classifiers presented by DatasetGAN authors, where each
network is referred to as CV;, and 1 <i < 8 is the network index.

In this process, a validation loop is carried out at the end of every
training epoch. The metrics are then stored so that the mean and
individual cross-validation scores might be computed. Fig. 1 shows an
overview of this strategy for a dataset containing images with d, width,
d, height, and d; features split along the 18 styles blocks defined by
StyleGAN.

2.2. Improvements in DatasetGAN architecture

The main focus of this work is to study ways of improving Dataset-
GAN by changing the architecture of the pixel classifiers inside its style
interpreter. In this regard, one of our propositions is to add dropout
layers to attenuate overfitting. Given that the dropout probability p
is the probability that a single neuron is kept during each training
pass [28], we convention in our experiments ¢ as the complementary
probability of the neuron being dropped out. When added after Batch
Normalisation layers, dropout layers are known to provide a more
stable training process, faster convergence speed, and better accuracy
results. It is possible because the inputs of subsequent layers can
be whitened, as the correlation is linearly reduced and the mutual
information between neurons is quadratically reduced with respect to
the dropout probability (p) [29].

Then, we propose to embed these dropout elements on a new archi-
tecture, where convolutions are employed to extract information from
neighbouring pixels to benefit image segmentation. This proposition is
detailed in Section 3.

2.3. Computation strategy

We also propose a modification in the style interpreter training com-
putation. The original method creates the feature map used for training
the style interpreter and stores it in the Random Access Memory (RAM).
Then, it shuffles all the training pixels within the feature map and trains
the MLP. We observed through experimentation that this strategy might
require hundreds of GB of RAM, depending on the dataset.

Our strategy differs by creating and storing the feature maps on
the hard disk. Then, the training is performed by loading the training
data in chunks into the RAM in random order. The validation loop
described in Section 2.1 is executed accordingly, with the feature maps
corresponding to the validation images loaded in chunks into the RAM.
A comparison between the strategies is shown in Table 1.

Additionally, in the original DatasetGAN strategy, the feature map
is recomputed every time the interpreter is trained. The feature map
is identical for every execution if the DatasetGAN latent codes and
the StyleGAN checkpoint are the same. Given that we tested several
different configurations of the MLP pixel classifier, keeping the feature
map on the hard disk was also convenient to avoid spending time on
redundant executions.

Furthermore, we employ a custom data loading strategy for training
the architecture proposed in Section 3.1.2, which is detailed in the same
section. This approach allows loading pixels in random order along
with their neighbouring information and assures training generalisation
combined with efficient memory management.
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Fig. 1. Overview of the comparison strategy adopted containing a modified style interpreter.

3. Experiments

We analysed three datasets with a different number of classes C:
Face (C = 34), Cat (C = 16), and Bedroom (C = 10). The Cat and
Face datasets are the same used by the DatasetGAN authors [16], while
the Bedroom dataset joins the checkpoint provided by the StyleGAN
authors [17] with training annotations made by our research group.

As this study employs a 4-fold crossvalidation strategy, it was con-
venient for each dataset to contain a multiple of 4 images. Accordingly,
all 16 available annotated images were used for the Face dataset, 28 of
the 30 available annotated images were selected for the Cat dataset,
and 24 images were annotated for the Bedroom dataset.

In the experiments, all the training loops were extended from 4
epochs in the code provided by the DatasetGAN authors to 15 epochs
(named from epochs O to 14). It allowed better visualisation of the
networks’ stabilisation.

3.1. Quantitative results

To support our proposed architecture, different configurations were
investigated for each of the datasets. As we observed that the original
architecture is prone to overfitting, it was convenient to start by finding
architectural changes to mitigate it.

3.1.1. Evaluation of overfitting in DatasetGAN

We evaluate the overfitting reduction in DatasetGAN by adding
dropout layers after each of the batch normalisation layers of the
architecture. For simplicity, we name this new architecture shown in
Fig. 2(b) as the Dropout architecture, where the use of combinations
of dropout probabilities ¢ from a set S of values is investigated. In this
experiment, S = {q = 20%,q9 = 40%,9 = 60%,q = 80%}, and ¢, and
g, were assigned as the dropout probabilities of the first and second
layers, respectively. For each of the combinations of ¢;,¢, € S, the
training and validation accuracy and loss were plotted in Fig. 3 for the
Face dataset, Fig. 4 for the Cat dataset, and Fig. 5 for the Bedroom
dataset.

Some interestingly similar characteristics might be noticed from
these plots in all these experiments. First, when looking at the original
DatasetGAN MLP pixel classifier individually in all of the plots, the
training accuracy values are very high, while the training loss values
are low. On the contrary, the validation accuracy values are not as high
as the training ones, and the validation loss values reach extremely
large values. These observations strongly suggest that the MLP pixel
classifier from the original DatasetGAN is overfitting for all three
datasets. This issue can be ameliorated by using Dropout layers.

Secondly, the experiments with dropout layers consistently im-
proved the validation accuracy for most dropout probability combi-
nations. For instance, in epoch 14, all the dropout combinations out-
performed the original architecture in the Face and Bedroom datasets.
Similarly, in the same epoch, 12 out of the 16 dropout probability
combinations were superior to the original approach in the case of the
Cat dataset.
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validation accuracy at the lower left, and mean validation loss at the lower right.

Additionally, for all the validation accuracy plots, the combinations
with higher values of ¢, in general, performed better. One possible
explanation is that the number of features in the feature maps produced
by the Style-Based Generator (d;) is more than what is necessary to
segment the images correctly. The feature map contains 4992 features
for both the Cat and Bedroom datasets and 5088 features for the Face
dataset. The total number of features in the feature map depends on
the image resolution and other hyperparameters [17].

It can also be observed that the best validation accuracy values
do not coincide in the same combinations of ¢; and ¢, for the three
datasets. Instead, there is a different set of best combinations for each
dataset, as shown in Table 2, with ¢; between 60%-80% in all cases
and ¢, between 20%-40% in all cases.

3.1.2. Proposed architecture

Another hypothesis studied is whether the pixel classifier would
provide better segmentation quality if being fed with information about
its neighbouring pixels or not. To evaluate it, we created a custom data
loader that returns a b;,, Xk Xk Xd; matrix from the feature map during

training iterations, where b;_, is the batch size, k; = 3, and k X k; is
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the kernel size of a convolutional input layer. This way, it returns pixels
along with their features picked from the centre of a k, X k; window
containing information of adjacent pixels.

The custom data loader proposed picks the training data randomly
instead of using a sliding window, which assures the generalisation in
the training process as pixels close to each other are expected to have
similar patterns. It is accomplished without shuffling the entire dataset
at once, which would be costly in terms of RAM and would not allow
retrieving adjacent pixels. Instead, for each epoch, we map the positions
of the pixels not yet loaded, then pick batches of positions randomly,
and load them along with their neighbouring pixels.

The neural network architecture used in this process has a con-
volutional input layer with N, kernels, followed by two blocks, each
containing a fully connected layer, a ReLU activation, a batch nor-
malisation, and a dropout layer. Then, the last block is connected to
another fully connected layer with softmax. The values of the dropout
probabilities ¢, and ¢, presented in the scheme of this architecture
in Fig. 2(c) were set to 60% and 40%, respectively. The choice of
these values was based on the good performance that this combination
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Table 2
Comparison of the performance of DatasetGAN with the best combination of ¢, and ¢, in the Dropout architecture, and with the Proposed
architecture.
Architecture Face Cat Bedroom
% Validation % (q,, 45) % Validation % (g, 45) % Validation % (g1, 45)
accuracy accuracy accuracy
DatasetGAN 82.341 - 62.740 - 86.311 -
+ dropout layers 88.218 (60, 40) 75.178 (80, 40) 91.114 (60, 20)
(Dropout architecture)
Proposed architecture 88.567 (60, 40) 77.903 (60, 40) 91.300 (60, 40)
achieved for the all datasets in Section 3.1.1. Additionally, we set
N, =2 X d; by convention in our experiments. o
The comparison of the results obtained with our architecture against .92 ]
DatasetGAN is shown in Table 2, where it is possible to observe a § 90
significant performance improvement for all the datasets evaluated. § 88
Although the dropout layers play an important role in reducing 2 86
overfitting and improving overall performance, we observe that even E o
the best configuration found with the dropout architecture is overtaken S
by the proposed architecture. These results support the hypothesis that 82
the pixel classifier performs better when inputted with information 80
about its neighbouring pixels. 0 1 2 3 4 5 6 7 8 9
Epochs —— 34classes
—— 10 classes
—— 2 classes

3.1.3. Impact of the number of classes in the segmentation task

Following, it was investigated if the quantity of classes intended
for the semantic segmentation task impacts its performance. The Face
dataset was chosen for this task because it has the highest number of
classes. Then, the original architecture of DatasetGAN was used to train
a simpler version of the Face dataset. In this version, the original 34
classes were regrouped into 10 and more simple classes (background,
hair, neck, mouth, nose, eyes, forehead, ears, eyebrows/moustache, and
the remaining area of the face). After that, another experiment was
done with a stronger simplification, which regrouped the 34 classes into
2: background and head.

These experiments followed the same 4-fold cross-validation
methodology presented in Section 2.1, and its results are displayed in
Fig. 6. It is noticeable that as the number of classes decreases, the
performance of the pixel classifiers in the segmentation task signif-
icantly increases. This behaviour suggests that DatasetGAN is more
robust when targeting fewer classes.
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Fig. 6. Mean validation accuracy achieved for the Face dataset considering different
number of classes in the segmentation task.

3.2. Qualitative results

It was also convenient to compare the cross-validation results pre-
sented in Section 3.1 qualitatively. Thus, it is displayed in Fig. 7 a few
of the segmentation results generated by single networks during the
cross-validation described in Section 2.1. In this figure, we compared
the ground truth annotations (Fig. 7a) with single network results of
the original architecture (Fig. 7b) and single network results of the pro-
posed architecture (Fig. 7c). It was also shown the difference between
networks within the same fold for the original architecture (Fig. 7d)
and the proposed architecture (Fig. 7e). Further, it was computed the
difference between single network results and the ground truth for the
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original architecture (Fig. 7f), and for the proposed architecture (Fig.
78).

Comparing the Fig. 7a, b, and c, reveals that the proposed architec-
ture achieves a noticeable improvement. It is important to note that the
segmentation imperfections perceptible in these figures tend to improve
if the consensus decision of network ensembles are visualised [30]. Fig.
7d and e confirm it, where some wrong segmentation artefacts are not
present in the network pair of the same fold.

Additionally, it is apparent that the original pixel classifier networks
fail more often to agree on the same segmentation class (the green
areas show the divergence in the class choice of the networks within
the same fold). Finally, it is possible to notice from Fig. 7f and g that
both strategies fail consistently within the borders of the classes.
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4. Conclusions

Generative systems based on deep learning (such as GANs) can
synthesise semantically coherent images. In this context, DatasetGAN
might be understood as a pioneering effort to extract (and render in
usable form) semantic information from such generative systems. Due
to the significance of DatasetGAN, a lot of research interest has been
directed towards it. However, as a work of seminal nature, it provides
an initial demonstration of a new concept rather than a polished one,
where DatasetGAN’s seminal model can be improved in various ways.
Some of the shortcomings we addressed are the original design of the
style interpreter, a 3-layer perceptron prone to significant overfitting,
and an oversimplified computational strategy, limiting its suitability for
real-world applications.
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In this work, the DatasetGAN architecture was analysed in de-
tail, and an exhaustive study on overfitting mitigation was presented.
Firstly, dropout layers were introduced as a regularisation mecha-
nism against overfitting after batch normalisation layers, substantially
improving performance. Then, we employed convolutions to benefit
from semantic information from neighbouring pixels via a custom
data loader that assured a consistent generalisation during the training
process. As a result, we proposed a new architecture that achieved
significantly enhanced image segmentation quality compared to the
original model. Furthermore, the training process was optimised to
reduce RAM requirements, enabling model training and inference on
a less expensive hardware. Finally, we evaluated the impact of the
number of classes in the segmentation task, finding that scenarios with
fewer classes achieved better performance.
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