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A B S T R A C T

Labeling images for classification can be expensive. Semi-Supervised Learning (SSL) Generative Adversarial
Network (GAN) methods train good classifiers with a few labeled images. However, authors generally do not
train SSL-GAN generators to produce new high-quality images, but as a component to train the classifier. In
this article, we use a coevolutionary algorithm (CoEA) with SSL-GANs to train both the classifier and the image
generative model using a few labeled images. A CoEA introduces diversity into the GAN training and mitigates
training pathologies. We use a two-dimensional grid of GANs to inject diversity via distributed training
that exchanges GAN components between neighboring cells based on performance and population-based
hyperparameter tuning. In addition, we identify simple and efficient SSL-GAN architectures. We demonstrate
the utility on three separate benchmark datasets, achieving good classification accuracy and high image quality
generation while using fewer labeled data exemplars. The image quality and classification accuracy are also
competitive with State-of-the-Art methods.
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1. Introduction

Labeling image data is often both expensive and time-consuming. In
Machine Learning (ML) data is categorized as labeled (supervised) or
unlabeled (unsupervised). Semi-Supervised Learning (SSL) ML models
are trained with datasets that contain both some labeled data and
unlabeled data [1], thus reducing the need for labeled image data.
Furthermore, Generative Adversarial Networks (GANs) can be used
for SSL [2,3]. A GAN estimates the distribution from which real data
samples are obtained [4]. The GAN consists of two artificial neural
networks (ANNs), a generator that generates data samples from a latent
space input and a discriminator which discriminates between generated
samples (‘‘fake’’) and samples from a dataset (‘‘real’’). The objective
and loss functions are adversarially defined to train the generator to
generate a sample that cannot be discriminated from a real sample
by the discriminator. GANs produce realistic data samples due to the

The code (and data) in this article has been certified as Reproducible by Code Ocean: (https://codeocean.com/). More information on the Reproducibility
Badge Initiative is available at https://www.elsevier.com/physical-sciences-and-engineering/computer-science/journals.
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URL: http://www.jamal.es (J. Toutouh).

adversarial interactions [4] and can use few samples due to their gener-
ative nature. Numerous applications use GANs to produce synthesized
images, e.g. 3D object generation [5], image-to-image translation [6],
multispectral and panchromatic images fusion [7], and medical image
generation [8], and other types of data samples [9–11].

GANs can be quite difficult to train with gradient based methods,
the adversarial loss term creates training pathologies, e.g. mode col-
lapse [12], discriminator collapse [13], and vanishing gradients [14].
There are some black-box ML algorithms that use evolutionary compu-
tation [15] to overcome this when training GANs [16,17]. For GANs
and SSL others have applied different loss functions and complex GAN
architectures [2,18–20], see Section 3. In general, SSL-GAN methods
produce good classifiers and unsupervised GAN methods train high-
quality image generators. We are interested in investigating if it is
possible to, at the same time, train both a good generator and classifier.
This contrasts with related works that either train a good classifier
with a given method [18,20,21] or train a good generator with another
method [16,17].

The research questions this paper addresses are:
∙ RQ-1: Can a simple GAN composition and architecture be used for

SSL?
vailable online 30 September 2023
568-4946/© 2023 The Author(s). Published by Elsevier B.V. This is an open access ar
c-nd/4.0/).

https://doi.org/10.1016/j.asoc.2023.110890
Received 8 February 2023; Received in revised form 20 September 2023; Accepted
ticle under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

26 September 2023

https://www.elsevier.com/locate/asoc
http://www.elsevier.com/locate/asoc
https://doi.org/10.24433/CO.4207221.v1
https://doi.org/10.24433/CO.4207221.v1
https://doi.org/10.24433/CO.4207221.v1
https://codeocean.com/
https://www.elsevier.com/physical-sciences-and-engineering/computer-science/journals
mailto:jamal@uma.es
mailto:hembergerik@csail.mit.edu
mailto:unamay@csail.mit.edu
http://www.jamal.es
https://doi.org/10.1016/j.asoc.2023.110890
https://doi.org/10.1016/j.asoc.2023.110890
http://crossmark.crossref.org/dialog/?doi=10.1016/j.asoc.2023.110890&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Applied Soft Computing 148 (2023) 110890J. Toutouh et al.

d
i
i
u
F
t
t
i

𝑢
𝐺
e
f
w
d

a
c



a
𝑥
r
d
t
g
p
d
i
n

a
t
G
t
o
h
T
(
i

2

u

I
r
s
r
e
w
c
N
t
b
t

∙ RQ-2: Can an evolutionary GAN training method find the param-
eters of both a high-accuracy classifier and a high-quality generative
model?

∙ RQ-3: Can higher quality samples be generated from GANs with
some labels (SSL) compared to no labels (unsupervised)?

First, we investigate variants of simple SSL-GAN architectures for
both accuracy and image generation quality in Section 4. Then we
combine SSL-GANs with spatial coevolution and gradient-based learn-
ing to improve the GAN training. We extend Lipizzaner [22], which
combines spatial coevolution with gradient-based learning to improve
the robustness of GAN training, see Section 5. Lipizzaner has many
features of evolutionary computation, such as training parameter di-
versity, spatial communication, local (sub-population) selection, plus
the evolution of generator ensemble weights and the learning rate
under stochastic gradient descent. Lipizzaner results are diverse and can
recover from mode collapses [23–25]. We add SSL with majority voting
classification, spatial diversity loss and balanced label batch sampling
to create Lipi-SSL.

We describe the setup of empirical experiments in for our method
called Lipi-SSL Section 6. The experiments for Lipi-SSL are on the
MNIST [26] dataset and the more complex CIFAR-10 [27] and SVHN
[28] datasets. The experiments show that Lipi-SSL can achieve both
good accuracy and generated image quality, also in comparison to
State-of-the-Art (SoA) methods, see Section 7. We also provide a dis-
cussion regarding the results, the configurations for Lipi-SSL training
and how it relates to previous work, as well as limitations of our study
in Section 8. Our contributions are:

∙ Simple SSL GAN architectures and training for both classifica-
tion an generation performance: We identify simple GAN architec-
tures for semi-supervised learning (SSL-GANs). In addition, we provide
a method, Lipi-SSL, to train parameters for both classification accuracy
and image classification with majority voting classification, spatial
diversity loss and balanced label batch sampling. We provide ablation
studies to empirically show the importance of the new components in
Lipi-SSL.

∙ Improved classification accuracies with few labels: We achieve
accuracies around 96% using only 100 (0.167%) labeled data points for
training out of the 60 000 data points in the MNIST training data. We
observe higher accuracies with an increase in labels. Similar trend is
shown for CIFAR-10 and SVHN datasets.

∙ Improved generative models: The quality of the generated im-
ages is quantified by either the Fréchet Inception Distance (FID) [29] or
an Inception Score (IS) [21]. The reported scores for images generated
by the Lipi-SSL are competitive. The comparison shows that Lipi-SSL
generated images are visually comparable (or better) to the images
produced by SoA (SoA methods do not provide quantitative metrics).

The article structure is the following. Sections 2 and 3 present main
background and related work. Section 4 introduces and evaluates SSL-
GAN architectures. Section 5 describes distributed spatial adversarial
evolutionary SSL-GAN training with Lipi-SSL. Section 6 presents the
experimental setup for training both generator and classifier with Lipi-
SSL. Section 7 discusses the results and analysis of the experiments
with Lipi-SSL. Section 8 comments the overall results and limitations
of Lipi-SSL. Finally, Section 9 draws the main conclusions and future
work.

2. Background

This section introduces the concepts of unsupervised and semi-
supervised GANs, SSL-GAN training, and details for the dataset and
image quality measures used in the experiments.
2

2.1. Semi-supervised Generative Adversarial Networks

A GAN consists of two neural networks, the generator and the
discriminator [30], see Fig. 1(a). The generator learns the features of
samples obtained from a ‘‘real’’ data distribution and mimics them
to generate ‘‘fake’’ data. The discriminator learns the features that
differentiate a real image from a fake image.

The generator produces images from a random vector 𝑧 drawn from
a latent space, usually defined as a normal distribution,  (0, 1). The
iscriminator observes real images from the training dataset and fake
mages from the generator, and it tries to discriminate real from fake
mages. The generator uses the feedback from the discriminator to
pdate its parameters and generates images from latent space vectors.
ig. 1(a) summarizes GAN training. Often the latent space is smaller
han the space of the real images dataset. The dimensionality reduc-
ion tries to group related data and maintains a minimal amount of
nformation to reconstruct an image and reduce noise.

Formally, the goal of GAN training is to learn two sets of parameters,
and 𝑣, that approximate and discriminate the real data distribution,
∗ (or 𝑝𝑑𝑎𝑡𝑎). The generator is obtained from a class of generators ,
ach characterized by the variables 𝑢 ∈  , the discriminator is obtained
rom a class of discriminators , each characterized by a variable 𝑣 ∈  ;
here  , ⊆ R𝑝 are the parameters space of the generators and
iscriminators, respectively.

GANs apply adversarial learning by optimizing their parameters
ccording to a minmax optimization problem defined in Eq. (1), which
onsiders the loss function presented in Eq. (2).

min
𝑢∈

max
𝑣∈

(𝑢, 𝑣) (1)

(𝑢, 𝑣) = E𝑥∼𝐺∗
[𝜙(𝐷𝑣(𝑥))] + E𝑥∼𝐺𝑢

[𝜙(1 −𝐷𝑣(𝑥))] (2)

Function 𝜙 ∶ [0, 1] → R is a concave function, commonly referred to
s the measuring function. The left operand is the probability that when
is taken from the real data distribution (𝐺∗), it is classified as real. The

ight operand identifies the data point taken from the generator’s fake
ata distribution (𝐺𝑢) as fake. 𝐷𝑣(… ) corresponds to the probability
hat the data point is real, which is why the 1 − 𝐷𝑣(𝑥) is used in the
enerator’s loss component. Thus, GAN training is applied to find the
arameters that make the generator maximize the probability that the
iscriminator classifies fake images as real ones. This learning approach
s known as (fully) unsupervised GAN because the training dataset does
ot consider labeled classes.

This work focuses on semi-supervised GANs (SSL-GANs), which are
pplied to partially labeled datasets. The idea is to simultaneously train
he generator to produce images (as in the traditional unsupervised
ANs) and also the discriminator as a classifier (to label images from

he dataset), see Fig. 1(b). In unsupervised GANs, the discriminator
utputs either a real or fake label. The discriminator of an SSL-GAN
as 𝐾 +1 possible labels when it is trained on a dataset with 𝐾 classes.
he first 𝐾 labels are associated with the real image classes, and the
𝐾 + 1)th one is the fake label. Thus, the discriminator is penalized for
ncorrectly predicting a real or fake image with the wrong label.

.2. SSL-GAN training enhancements

GANs are challenging to train [31–33], so enhancements have been
sed to improve the SSL-GAN convergence and training stability.

nstance Noise (IN). An issue that arises when training GANs is that the
eal and fake data distributions are concentrated with non-overlapping
upport. Here, support refers to the closure of the set of values for a
andom variable corresponding to a distribution. When the supports of
ach distribution do not overlap the discriminators always determine
hether or not the data is from a fake distribution. This makes it diffi-

ult for the generator to improve. Snderby et al. proposed the Instance
oise [34], adding noise to data samples obtained from each distribu-

ion. This expands their support and increases the likelihood of overlap
etween the distributions. This overlap can weaken discriminators and
hus improve generator performance.
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Fig. 1. Example of GAN (1(a)) and SSL-GAN (1(b)) for MNIST image generation.  is the fake image class.
Feature Matching (FM). In GANs, Feature Matching is a regularizing
objective for the generator to prevent overtraining on the current
discriminator [21]. Instead of directly maximizing the output of the
discriminator, the objective of the generator is to generate data that
matches the statistics of the real data distribution. Thus, the discrimina-
tor specifies the statistics to match. Specifically, the generator is trained
to match the expected value of the features on an intermediate layer
of the discriminator. Simultaneously, the discriminator learns the most
distinctive features of real data versus data produced by the current
generative model.

Dropout and Batch Normalization. Dropout between layers of the dis-
criminator architecture is used to weaken the discriminator [35]. The
dropout forces the discriminator to rely more on the features that
distinguishes between each class, which also improves generalization.
Furthermore, batch normalization standardizes the inputs of each layer
to improve the stability of the training process [36].

One-Sided Label Smoothing (OS-LS). Salimans et al. proposed the idea of
One-Sided Label Smoothing, or Positive Label Smoothing [21]. For ex-
ample, if the discriminator generally considers two labels: 0 to classify
fake data and 1 to identify real data samples, the idea behind OS-LS
is to smooth real data labels from 1 to 0.9. Thus, the generalization
of the discriminator can improve. Nevertheless, label smoothing is not
applied to generated data since it prevents the computation of relevant
gradients from which the generator learns how to make its samples
more realistic.

2.3. Image datasets and quality metrics

The empirical experiments used to evaluate the Lipi-SSL considers
three standard benchmark image datasets:

MNIST (Modified National Institute of Standards and Technology) [26]
is an image dataset of handwritten digits (0 to 9) with a training set of
60 000 images and a test set of 10 000 images. Each image is 28 × 28
gray-scale pixels.

CIFAR-10 (Canadian Institute For Advanced Research 10 classes)
[27] is a dataset of 50 000 training images and 10 000 test images of
32 × 32 color images of 10 object classes. The classes are airplanes,
birds, cars, cats, deer, dogs, frogs, horses, ships, and trucks. CIFAR-10
is uniformly balanced.

SVHN (Street View House Numbers) [28] dataset comprises color
images that are similar to MNIST, featuring small cropped digits. It
contains 73 257 images for training, 26 032 images for testing, and an
additional 531 131 images.

The generative models are evaluated according to the quality and
diversity of the images produced. We use Inception Score (IS), Fréchet
Inception Distance (FID) and Kernel Inception Distance (KID) as image
quality metrics. The diversity of the generated images is explicitly
3

evaluated in terms of the Total Variation Distance (TVD).
IS was proposed by Saliman et al. [21] to objectively evaluate
the quality of the generated images. IS is a summary of the predic-
tions obtained from a pretrained classifier, most use the Inception V3
model [37]. The predictions of the inception model are used to obtain
the conditional label distribution denoted as 𝑝(𝑦|𝑥). IS is calculated as
the divergence between the conditional and marginal probabilities dis-
tributions (see Eq. (3)). Here, 𝐾𝐿(𝑝 ∥ 𝑞) refers to the Kullback–Leibler
divergence.

𝐼𝑆 = 𝑒E𝑥𝐾𝐿(𝑝(𝑦|𝑥)∥𝑝(𝑦)) (3)

FID calculates the distance between feature vectors calculated for
real (𝑥) and generated images (𝑔) [29]. It uses an intermediate layer of
an inception neural network to extract defining features of an image,
and it models these features as a Gaussian distribution with mean 𝜇
and covariance 𝛴 (see Eq. (4)). The 𝐷𝑖𝑎𝑔 function sums up the elements
along the diagonal of a matrix. Note that the lower the FID score value,
the better the image quality.

𝐹𝐼𝐷(𝑥, 𝑔) = ‖𝜇𝑥 − 𝜇𝑔‖
2
2 +𝐷𝑖𝑎𝑔(𝛴𝑥 + 𝛴𝑔 − 2(𝛴𝑥𝛴𝑔)1∕2) (4)

KID is a metric proposed to overcome size dependency and biases in
FID and IS limitations. KID is defined as the squared maximum discrep-
ancy (MMD) between Inception representations [38]. Given samples
𝑋 = {𝑥𝑖}𝑚𝑖=1 drawn i.i.d. from distribution P, and 𝑌 = {𝑦𝑗}𝑛𝑗=1 drawn
i.i.d. from distribution Q.

KID(𝑋, 𝑌 ) = 1
𝑚(𝑚 − 1)

𝑚
∑

𝑖≠𝑗
𝑘(𝑥𝑖, 𝑥𝑗 ) +

1
𝑛(𝑛 − 1)

𝑛
∑

𝑖≠𝑗
𝑘(𝑥𝑖, 𝑥𝑗 )

− 1
𝑚𝑛

𝑚
∑

𝑖=1

𝑛
∑

𝑗=1
𝑘(𝑥𝑖, 𝑥𝑗 ) (5)

A polynomial kernel, 𝑘(𝑥, 𝑦) = ( 1𝑑 𝑥
𝑇 𝑦 + 1)3, is used, where 𝑑 is the

representation dimension. KID does not assume a parametric form for
the distribution of activations. The cubic kernel of the KID compares
skewness, mean and variance. Finally, the KID has a simple unbiased
estimator. Note that the lower the KID score value, the better the image
quality.

Finally, TVD captures the diversity of the generated images. An
inception network is used to obtain the frequency of appearance of
each class from a batch of real images (𝑥). This frequency is compared
against the frequency of each class from a batch of generated images
(𝑔). The computed TVD score is proportional to the sum of the absolute
difference of frequencies for each class (see Eq. (6)). The 𝑓𝑐 term
denotes the frequency of labels predicted by the inception network in
a given class.

𝑇𝑉 𝐷(𝑥, 𝑔) = 𝑘
∑

|𝑓𝑐𝑥 − 𝑓𝑐𝑔 | (6)

𝑐 ∈ 𝑐𝑙𝑎𝑠𝑠𝑒𝑠
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3. Related work

This section presents related work on Semi-supervised GANs, Evo-
lutionary GANs, and Distributed Evolutionary GAN training. In turn, it
identifies the benefits and limitations of some techniques implemented
by state-of-the-art (SoA) approaches to train GANs for semi-supervised
learning.

Semi-supervised GANs. Semi-Supervised learning (SSL) aims to reduce
he amount of labeled data needed for accurate inference. In SSL,
odels are trained with datasets containing some labeled data, and

he rest is unlabeled. SSL-GANs simultaneously train the generator to
roduce images (unsupervised), and both discriminate and classify the
enerated images (supervised).

Numerous methods have been employed in SSL to improve per-
ormance. For example, Salimans et al. recommend using the Feature
atching loss (FM) for the generator rather than maximizing the mod-

fied generator loss [21]. Feature matching performs well theoretically
nd yields good classification results in practice. The quality of images
roduced is quite low and can easily be distinguished as fake by
umans. In practice, the FM loss is calculated using the output of the
enultimate layer of the discriminator and with the mean of the 𝐿1
orm of the real and fake data moments. Another example of SSL-
AN specific loss is triplet loss (TL), in which the input is structured
s triplets of a query, a positive example, and a negative example.
he triplet loss aims to increase the distance between the query and
negative example while decreasing the distance between the query

nd a positive example. Applying TL, the model performs much better
n classification tasks. Zieba et al. [18] used the triplet loss as one of the
iscriminator’s loss components, resulting in improved classification
erformance. Finally, Denton et al. introduce Context-Conditional GAN
CC-GAN) [2], which takes a different approach with semi-supervised
earning using in-painting. They use weights for the supervised and
nsupervised loss components.

GAN training has pathologies, e.g., mode collapse [12], and these
lso occur for SSL GANs. For example, Salimans et al. propose the idea
f Minibatch Discrimination (MB D.) [21] to work around this issue
here the discriminator looks at multiple points simultaneously, and

he correlation of input samples is provided as input in the intermediate
ayers.

Another common issue faced by SSL-GANs is that they are limited
y the amount and nature of labeled data used. Li et al. proposed the
nified GAN (UGAN) [19] that uses ‘‘good’’ and ‘‘bad’’ data samples

adversarial examples) to train the classifier of a GAN, making it less
usceptible to such variations in the labeled data. A UGAN uses four
etworks — two generators, one classifier, and one discriminator. One
enerator generates unlabeled data, and the other generates labeled
ata. Another example of an SSL-GAN method that employs more com-
onents is MarginGAN [20], which was primarily designed to achieve
ery high classification performance on a dataset while using very
inimal amounts of labeled data. The idea for MarginGANs was moti-

ated by the success of large margin classifiers such as Support Vector
achines (SVMs) [39]. In addition to a generator and discriminator, a
arginGAN contains a third component, a classifier.

volutionary GANs. Evolutionary computation (EC) is a broad class of
opulation-based optimization algorithms modeled on genetic evolu-
ion. EC defines an input (genome) space for individual solutions in

population that are subject: in each iteration (generation), the top
ndividuals are selected from the population and varied, then the new
ndividuals are evaluated and assigned a score (fitness) by an objective
unction (fitness function). EC has been used to address deep learning
roblems, e.g., optimizing the deep neural network (DNN) parameters
hrough neuroevolution and evolving DNN architectures [40–43].

Wang et al. proposed Evolutionary GAN (EGAN) [16]. In each epoch
f the training, an EGAN uses multiple loss functions, each associated
4

ith a generator, and it evolves a population of generators against a
single discriminator by selecting the best-performing generator for the
next epoch. EGAN introduces diversity through a mutation operator,
randomly applying a loss function picked from a set of different loss
functions.

An evolutionary method to train GANs is the COEGAN approach,
which evolves the neural network architectures for the generator and
the discriminator [17,44]. Then coevolution is used to train the ad-
versarial components of GANs. Each neural network architecture is
evaluated against a sample of 𝑘. The best GAN pair performs a gradient
update step.

Evolved GAN applies a genetic algorithm (GA) to evolve the ar-
chitectures of the generators and discriminators [45]. A cooperative
coevolutionary algorithm has been proposed to conduct adversarial
multi-objective optimization [46]. The minmax optimization problem
is decomposed into two sub-problems (generation and discrimination).
Each problem is solved by separated populations of generators and
discriminators that evolve by their own evolutionary algorithm (EA).

Distributed Evolutionary GAN Training. Coevolutionary algorithms
(CoEA) generally refer to environments where agents interact and are
trained with different objective functions. Competitive CoEAs have
adversarial populations that simultaneously evolve solutions against
each other with individuals engaging in two-player games [47].
These algorithms use fitness functions that rate a solution relative
to its adversaries and can sometimes be described as a minimax
optimization.

A spatial topology (i.e., two-dimensional toroidal grid) can effi-
ciently control the mixing of adversarial populations in CoEAs [25].
Theoretical studies and empirical results showed that the spatially
distributed competitive coevolutionary GAN training mitigates non-
convergence pathologies [23,25,48]. The research presented in this
article focuses on Lipizzaner, which locates the individuals of the
generator and discriminator populations on each cell of a toroidal grid
(i.e., each cell contains a generator–discriminator pair) [22,23].

Several studies have been published on Lipizzaner. For example,
Mustangs, a variation of Lipizzaner based on EGANs, randomly selects a
loss function to train each cell for each generation to increase diversity
in the populations [49]. The spatial distribution of the cells allows
data decomposition to train GANs in each cell with different subsets
of data, which fosters diversity across the grid [50]. Lipizzaner returns
a generative model that consists of an ensemble of generators defined
by the best sub-population of generators. EAs are used to learn this
ensemble [51]. Lipizzaner and its variations have shown competitive
results on standard benchmarks.

Distributed GAN training represents a high-dimensional opti-
mization problem with high computational requirements. Paral-
lel/distributed implementation of algorithms improves their scalability.
Lipizzaner maximizes the scalability by running the sub-population
training on independent computational resources, CPUs or GPUs,
applying asynchronous parallelism [23,52].

Related work summary. In this paper, we take advantage of distributed
evolutionary GAN training for SSL to use a simple GAN architecture
with diverse loss weights to improve classification performance with
limited impact on data generation quality. Table 1 shows an overview
of related work based on GAN architecture, such as NN loss, com-
plexity, population (pop.), and training objectives of discrimination
and generation. The comparison of loss is only applied when it is
declared as a main contribution of the method, otherwise, we treat
it as not applicable. Our approach Lipi-SSL is the only evolutionary
GAN approach that focuses on both image classification and data
generation with simple GAN architecture regarding loss functions and
DNNs. Previous research studies focus on only one training objective

and/or have complex architectures.
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Table 1
Overview of related work discussed. It presents the main GAN training features: loss applied (Loss), models trained (DNNs),
and populations defined (Pop.); as well as, the training objectives of classification and generation. Notation is Generator(𝐺),
Discriminator(𝐷), Classifier(𝐶), and not applicable (NA).

Name GAN training Training objectives

Loss DNNs Pop. Classification Generation

FM-GAN [21] FM 𝐺, 𝐷 No Yes No
MB D [21] NA 𝐺, 𝐷 No No Yes
MarginGAN [20] NA 𝐺, 𝐷, 𝐶 No Yes No
UGAN [19] NA 2 𝐺, 𝐷, 𝐶 No Yes Yes
SSL-GAN-TL [18] TL 𝐺, 𝐷 No Yes No

EGAN [16] Multiple 𝐺, 𝐷 𝐺 No Yes
COEGAN [17] NA 𝐺, 𝐷 𝐺, 𝐷 No Yes
Lipizzaner [22,23] NA 𝐺, 𝐷 𝐺, 𝐷 No Yes

Lipi-SSL Softmax 𝐺, 𝐷 𝐺, 𝐷 Yes Yes
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4. SSL GAN architecture and training

This section introduces and evaluates different architectures and
training for stand-alone SSL-GAN (from now on SSL-GAN) aimed at
training both a high-accuracy classifier (discriminator) and a high-
quality generative model. The proposed spatially distributed SSL GAN
method uses an SSL-GAN variant. First, we study three approaches
with different loss functions and architectures. Second, we propose
several enhancements to the GAN training to improve convergence and
stability. Finally, experimental evaluation is conducted to determine a
deep neural network architecture for SSL.

4.1. SSL-GAN architectures and loss functions

SSL-GAN is built on a standard unsupervised GAN by providing
another task to the discriminator, classifying the real labeled images
it receives as input. As a result, the loss of a SSL-GAN discriminator
requires a new supervised loss term.

The generator’s loss is unchanged from a standard GAN (see Eq. (7)).
While the discriminator’s loss in Eq. (8) is defined according to an
unsupervised component for fake and unlabeled real images (𝐷𝑢), and
a supervised component for labeled real images (𝐷𝑠). The pseudocode
in Algorithm 1 summarizes the SSL-GAN training in the SSL-GAN
variants evaluated. Lines from 4 to 7 illustrate the steps used to train
the discriminator 𝑑. The computation of 𝐷𝑠 using real and fake images
depends on the SSL-GAN variant used and is described in the following
sub-sections. Lines from 8 to 11 present the steps to train the generator
𝑔, which are the same ones performed in unsupervised learning.

𝐺 = E𝑧∼𝑝𝑢(𝑢)[𝜙(1 −𝐷𝑣(𝐺(𝑧)))] (7)

𝐷 = 𝐷𝑢 + 𝐷𝑠 (8)

Algorithm 1 SSL-GAN training
Input: 𝑇 : Epochs, 𝜃𝐷 : Dataset, 𝐵𝑠 : Batch size, 𝜆 : Learning rate
Return: 𝑔, 𝑑 : Trained generator and discriminator

1: 𝑔, 𝑑 ← initializeNetworks() ⊳ Initialize generator and discriminator
2: for 𝑡 do ∈ [0,… ,T] ⊳ Loop over the 𝑇 training epochs
3: for 𝐵 ∈ 𝜃𝐷 do ⊳ Loop over the batches in 𝜃𝐷
4: 𝐳 ← getRandomNoise(𝐵𝑠) ⊳ Get random generator input
5: 𝑋𝑓 ← generateImages(𝑔, 𝐳) ⊳ Compute 𝐺(𝑧) to generate images
6: 𝐷 ← getDiscriminatorLoss(𝑑, 𝐵,𝑋𝑓 ) ⊳ Compute 𝐷 Eq. (8)
7: 𝑑 ← gradientDescent(𝑑,𝐷 , 𝜆) ⊳ Update parameters of 𝑑
8: 𝐳 ← getRandomNoise(𝐵𝑠) ⊳ Get random generator input
9: 𝑋𝑓 ← generateImages(𝑔, 𝐳) ⊳ Compute 𝐺(𝑧) to generate images

10: 𝐺 ← generatorLoss(𝑔,𝑋𝑓 ) ⊳ Compute 𝐺 Eq. (7)
11: 𝑔 ← gradientDescent(𝑔,𝐺 , 𝜆) ⊳ Update parameters of 𝑔
12: end for
13: end for
14: return 𝑔, 𝑑 ⊳ Return trained 𝑔 and 𝑑
5

I

The investigated SSL-GAN variants are:
∙ Softmax SSL-GAN (SX SSL-GAN), in which the discriminator

omputes the loss from the output layer with a softmax activation
unction;

∙ Sigmoid-softmax SSL-GAN (SS SSL-GAN), in which the discrimi-
ator computes the two components of the loss from the output layer
ith a softmax activation and a sigmoid activation functions; and
∙ Hybrid SSL-GAN (H SSL-GAN), in which the discriminator

ombines the two previous approaches.

oftmax SSL-GAN (SX SSL-GAN). In SSL, images from the real distri-
ution are classified into 𝐾 classes. Softmax SSL-GAN aims to train
discriminator to learn to classify real and fake samples and si-
ultaneously distinguish the real samples among the 𝐾 classes. The

classification problem is extended by adding a (𝐾 + 1)𝑡ℎ class to label
fake samples. Therefore, the discriminator is trained to label real data
from 1 to 𝐾 (according to the sample class) and fake data as 𝐾+1.

When the discriminator is trained with real labeled data, i.e., (𝑥, 𝑦) ∼
𝐺∗, it computes the supervised loss aimed at identifying the correct
label for the data as a general supervised classifier does. The 𝐷𝑠 loss
function is defined in Eq. (9).

𝐷𝑠 = E(𝑥,𝑦)∼𝐺∗(𝑥)[𝜙(𝑝(𝑦|𝑥; 𝑦 < 𝐾 + 1))] (9)

The 𝐷𝑢 loss in Eq. (10) is applied to train a discriminator with
ake or unlabeled data. The first component focuses on real data. The
erm E𝑥∼𝐺∗(𝑥)[𝜙(𝐷𝑣(𝑥))] is computed as the sum of the first 𝐾 outputs
f the softmax layer corresponding to the real classes and returns the
robability of the sample being real. The second component enforces
he discriminator to predict fake images as 𝐾 + 1.

𝐷𝑢 = E𝑥∼𝐺∗(𝑥)[𝜙(𝐷𝑣(𝑥))] + E𝑧∼𝑝𝑢(𝑢)[𝜙(𝑦 = 𝐾 + 1|𝐺(𝑧))] (10)

igmoid-softmax SSL-GAN (SS SSL-GAN). Sigmoid-softmax SSL-GAN
SS SSL-GAN) incorporates an additional sigmoid output for the dis-
riminator, i.e., the discriminator uses two different outputs (see
ig. A.14). Thus, the 𝐷𝑢 loss incorporates a new term to Eq. (10),
𝑧∼𝑝𝑢(𝑢)[𝜙(1−𝐷𝑠𝑖𝑔(𝐺(𝑧)))], which allows the discriminator to distinguish
etween real and fake images. The 𝐷𝑠 computation is the same.

𝐷𝑢 =E𝑥∼𝐺∗(𝑥)[𝜙(𝐷𝑣(𝑥))] + E𝑧∼𝑝𝑢(𝑢)[𝜙(𝑦 = 𝐾 + 1|𝐺(𝑧))]+

E𝑧∼𝑝𝑢(𝑢)[𝜙(1 −𝐷𝑠𝑖𝑔(𝐺(𝑧)))] (11)

ybrid SSL-GAN (H SSL-GAN). One of the primary challenges with
emi-supervised learning is to minimize the number of labeled samples
sed during training. However, when using fewer labeled samples,
he difficulty of both image generation and classification increases. To
ddress this challenge, we evaluated a two-phase SSL-GAN training
pproach named Hybrid SSL-GAN (H SSL-GAN).

In the first phase, the GAN is trained in an unsupervised setting
nd takes only the output of the sigmoid layer into account when it
omputes the loss (i.e., discarding the output of the softmax activation).
n the second phase, the GAN is trained by taking only the softmax
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layer into account for the semi-supervised task (i.e., Softmax SSL-GAN
is applied, and therefore, the sigmoid activation is discarded). Thus,
the discriminator’s architecture is the same as for Sigmoid-softmax SSL-
GAN because it requires both output layers, sigmoid and softmax (see
Fig. A.14).

4.2. Determining SSL-GAN variant

Our goal is to find a simple SSL GANs training setup to see if
it benefits from spatially distributed coevolutionary training. Besides,
the coevolutionary approach must simultaneously train good classifiers
and generative models. Thus, we study if Lipi-SSL (Section 5) address-
ing SSL yields competitive results, as demonstrated by Lipizzaner for
unsupervised learning [23,24]. According to the preliminary analysis,
see Appendix A, a simple SSL-GAN setup that provided a trade off
between image classification and generation is SX SSL-GAN without
FM. Therefore, Lipi-SSL will use SX SSL-GAN.

5. Method

This section describes Lipi-SSL method by introducing the main
properties and presenting the Lipi-SSL distributed GAN training
algorithm.1 Finally, we provide a theoretical analysis in Section 5.3.

5.1. Lipi-SSL properties

The Lipi-SSL method extends Lipizzaner’s spatially distributed train-
ing for fully unsupervised GANs [23]. Lipi-SSL trains a generative
model by co-evolving a population of generators 𝐆 = {𝑔1,… , 𝑔𝑁}
against a population of discriminators 𝐃 = {𝑑1,… , 𝑑𝑁}. The 𝑔𝑖 and 𝑑𝑖

NNs (the individuals in each population) are based on the Softmax
SL-GAN ones described in Section 4.1.

The individuals in each population are distributed in each cell
f a spatial toroidal grid. Thus, each cell of the grid contains a
enerator–discriminator pair named center. According to overlapping
on Neumann neighborhoods, two sub-populations, one of generators
𝐆.) and one of discriminators (𝐃.), are defined in each cell. Fig. 2
llustrates a 3×3 toroidal grid and how the overlapped sub-populations
re defined in cell 4 and 6 (in this example, the cells 3 and 7 are
verlapped). These sub-populations participate in the coEA training
hase Algorithm 4 to update the center of the cell. In Lipi-SSL, the
enerators and discriminators optimize their parameters by applying
semi-supervised learning approach based on the Algorithm 1. In

urn, the overlapping neighborhoods define the communication among
he cells, in which the best individual of each cell sub-population (the
NN parameters) is propagated to the four neighboring cells.

During the training process of Lipi-SSL, each cell learns a generative
odel defined as an ensemble of its sub-population of generators and
ixture weights (computed using evolutionary strategies to optimize

he quality of the samples produced). Thus, the generative model
eturned by Lipi-SSL is the best ensemble of generators according to
given quality metric. The most distinctive new properties of Lipi-SSL
ver Lipizzaner are: the majority voting classification, the spatial
iversity loss used to train the discriminator, and the balanced labels
atch sampler used to generate the training batches.

1 Lipi-SSL source code is publicly available at https://github.com/
amaltoutouh/lipi-ssl/.
6

Majority voting classification. By taking advantage of sub-populations,
Lipi-SSL returns a generative model based on an ensemble of generators
and a classifier defined by a sub-population of discriminators that apply
a majority voting classification scheme. In this scheme, on each
batch of images, the classifications of all the discriminators in a sub-
population are combined (frequency of labels), and the label with the
highest frequency is used as the final classification label. This type
of image classification ensemble can improve classification accuracy
over a single model [53]. Formally, given a set of 𝑚 classifiers 𝐶 =
{𝐶1,… , 𝐶𝑚} and an input image 𝐗, the class label 𝑦̂ is predicted via
majority voting of each classifier 𝐶𝑗 as follows

𝐶(𝐗) = mode{𝐶1(𝐗),… , 𝐶𝑚(𝐗)}

where 𝐶𝑗 (𝐱) returns the class label predicted by 𝐶𝑗 .

Spatial diversity loss. In SSL-GAN, the loss function of the discriminator
is defined as an aggregation of the unsupervised loss, 𝐷𝑢, and the
supervised loss, 𝐷𝑠 (see Eq. (8)). Including two weight parameters
(i.e., 𝑤𝑢 and 𝑤𝑠), the loss function of the discriminator is defined as
a weighted sum in which 𝑤𝑢 and 𝑤𝑠 weigh the importance of 𝐷𝑢 and
𝐷𝑠, respectively (see Eq. (12)).

𝐷 = 𝑤𝑢𝐷𝑢 +𝑤𝑠𝐷𝑠 𝑤ℎ𝑒𝑟𝑒 𝑤𝑢 +𝑤𝑠 = 1 (12)

An SSL-GAN with the weights 𝑤𝑢=1 and 𝑤𝑠=0 is equivalent to an
unsupervised GAN (standard GAN). Conversely, an SSL-GAN with the
weight 𝑤𝑢=0 and 𝑤𝑠=1 specializes in classifying data. Finally, when 𝑤𝑢
= 0.5 and 𝑤𝑠 = 0.5, it is equivalent to the SSL-GAN shown in Eq. (8).

Training the cells of the grid with different loss functions fosters
diversity in the populations (i.e., the ANNs parameters), which results
in improving the GAN training [23,49]. Based on this evidence, Lipi-
SSL applies spatial diversity loss, i.e., it uses different 𝑤𝑢 and 𝑤𝑠
values to train the discriminators in each cell. The different grid cells
train the networks with different weights on the generative and clas-
sification tasks, which can maintain diversity in the populations. In
addition, communication between cells by overlapping neighborhoods
enables the best individuals (ANNs), the center of the cell, to propagate
through the grid and to be trained with different supervised and
unsupervised loss weights. The selection and replacement operators in
the sub-populations propagate the best individuals during the training
process.

To distribute different convex combinations of 𝑤𝑢 and 𝑤𝑠 through
the grid, the id 𝑖 of the cell is used. Eq. (13) defines the values of the
weights 𝑤𝑢 and 𝑤𝑠 in the cell 𝑖, where populations size as 𝑁 . Fig. 3
illustrates the different values of 𝑤𝑢 and 𝑤𝑠 applied to two grid layouts
2×2 and 3×3.

𝑤𝑢 =
𝑖

𝑁 − 1
, 𝑤𝑠 = 1 −𝑤𝑢, 𝑖 ∈ [0, 𝑁) (13)

Balanced labels batch sampler. Another new property of Lipi-SSL is
the balanced labels batch sampler, which is used when sampling
batches of data for SSL. This data loader was motivated by literature on
deep learning in data-constrained classification problems, such as label
imbalance [54]. The main idea behind this data loader is to produce
image data batches for the training considering two properties of the
labeled samples used for the supervised loss: 1. the same labeled data
points in each batch are used throughout training, and 2. the classes
of labeled data points are balanced equally. Preliminary experiments
showed that applying the balanced labels batch sampler improved
classification accuracy. The labeled data sampler, (𝐱, 𝑦), 𝐱 ∈ X, 0 < 𝑦 ≤
𝐾 ∈ N≥1, is described Algorithm 2.

https://github.com/jamaltoutouh/lipi-ssl/
https://github.com/jamaltoutouh/lipi-ssl/
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Fig. 2. Example of Lipi-SSL grid and overlapping neighbors. It highlights the von Neumann neighborhoods of cells 4 and 6. The black arrows indicate where the cell’s neighbor
is, i.e., the neighbors to the West and South of cell 6 are cells 8 and 0, respectively. Cells 4 and 6 have two overlapping cells (cells 3 and 7).
Fig. 3. Layout of a 2×2 (left) and 3×3 (right) grid with different loss weights 𝑤𝑢 and
𝑤𝑠 in the cells to promote diversity.

Algorithm 2 Balanced labels batch sampler (BLBS)
Input: 𝑠: bath size 𝑛: number of batches 𝐷: labeled data, (𝐱, 𝑦), |𝐱| = 𝑘,𝐷𝑚×𝑘+1,
Return: 𝐷𝐵 : batches of balanced data, 𝐷𝑛×𝑠×𝑚×𝑘+1

𝐵

1: 𝐷𝐵 ← ∅ ⊳ Balanced data batches
2: for 𝑖 do ∈ [0,… ,n] ⊳ Iterate over batches
3: 𝐵 ← ∅ ⊳ Batch
4: for 𝑘 do ∈ [0,… ,K] ⊳ Iterate over labels
5: 𝐵 ∪ {𝐱, 𝑦|(𝐱, 𝑦) ∈ 𝐷, 𝑦 = 𝑘} ⊳ Sample 𝑠∕𝐾 with replacement
6: end for
7: 𝐷𝐵 ∪ 𝐵 ⊳ Add batch to batches
8: end for
9: return 𝐷𝐵 ⊳ Balanced batches

5.2. Lipi-SSL algorithm details

Based on the main properties of the Lipi-SSL, algorithm we now
delve into more detail, see Algorithm 3. The Lipi-SSL algorithm starts
by creating the set of batches 𝜒𝐵 to train the models by using the bal-
anced labels batch sampler (Line 1) and Algorithm 2. Then, it begins
the distributed execution of the training on each cell asynchronously
in parallel by setting their learning hyper-parameters (Line 3). Next,
a loop of 𝑇 training epochs starts. In each epoch and each cell, three
main phases of the coevolutionary training are performed [23]: sub-
population update, gathering a copy of the ANNs in the neighborhood
to build/update the sub-population; SSL-GAN training, in which the cell
trains a pair generator–discriminator of the sub-population by applying
the coEA SSL-GAN training described in Algorithm 4; and learning
rate (𝜆) optimization by using a Gaussian mutation (GM) operator.

Once the distributed training loop is completed, each cell constructs
a generative model by learning an ensemble of generators, computing
the mixture weights 𝜔 using evolutionary strategies (ES), Line 9. Then,
for each sub-population of discriminators, the algorithm computes the
7

Algorithm 3 Lipi-SSL main steps
Input: T: Training epochs, 𝐸: Cells, 𝑠: Neighborhood size,
𝜒𝐵 : Training dataset, 𝜒𝑅: Ratio of labeled data,
𝜃𝐶𝑂𝐸𝑉 : CoevSSLGAN parameters Algorithm 4
𝜃𝐸𝑆 : ES parameters for ensemble creation, 𝜆: Initial learning rate,
𝜃𝐺𝑀 : GM parameters
Return: 𝑛𝑔 : neighborhood of generators, 𝜔: mixture weights, 𝑛𝑑 :
neighborhood of discriminators,

1: 𝜒𝐵 ← createBatches(𝜒𝐷 , 𝜒𝑅) ⊳ Create training batches, see Algorithm 2
2: parfor 𝑘 ∈ 𝐸 ⊳ Asynchronous parallel execution of all cells
3: 𝑛, 𝜔 ← initializeCell(𝑘, 𝜒𝐵) ⊳ Initialization of cell
4: for 𝑡 do ∈ [0,… ,T] ⊳ Iterate over epochs
5: 𝑛 ← copyNeighbours(𝑘) ⊳ Collect neighbor cells
6: 𝑛 ← CoevSSLGAN (𝑛, 𝜒𝐵 , 𝜃𝐶𝑂𝐸𝑉 , 𝜆) ⊳ Coevolve SSL-GANs
Algorithm 4

7: 𝜆 ← updateLearningRate(𝜆, 𝜃𝐺𝑀 ) ⊳ Update learning rate
8: end for
9: 𝜔 ← generatorEnsembleES(𝜔, 𝑛, 𝜃𝐸𝑆 ) ⊳ Optimize generators ensemble

10: 𝑎𝑘 ← classificationScore(𝑛𝑑) ⊳ Compute the classification accuracy
11: 𝑞𝑘 ← qualityScore(𝑛𝑔 , 𝜔) ⊳ Compute the generative quality score
12: end parfor
13: return 𝑛∗𝑑 , (𝑛𝑔 , 𝜔)

∗ ⊳ Best classifier and generator sub-populations

classification score that consists in computing the classification accu-
racy on the test training dataset by using the majority voting prediction.
For each ensemble of generators, it gets the quality score by computing
a metric for the quality of the generated samples, such as the inception
score (IS). Finally, the best sub-population of discriminators 𝑛∗𝑑 to create
the majority voting classification ensemble, and the best ensemble of
generators (𝑛𝑔 , 𝜔)∗ are returned.

For each training epoch, Lipi-SSL applies the competitive coevolu-
tion SSL GAN (CoevSSLGAN) (see Line 6 in Algorithm 3) training
step shown in Algorithm 4 in each cell in parallel. This training
approach extends the unsupervised training defined in Lipizzaner by
including the SSL learning steps in Algorithm 1. The alternating
coevolutionary algorithm method starts with evaluating both sub-
populations using an all-vs-all scheme. The fitness 𝑔,𝑑 of a given
individual is evaluated according to the loss functions, 𝐺 in the case
of the generators and 𝐷 given 𝑤𝑢 and 𝑤𝑠 values for the discriminators.

Then, the best generator 𝑔∗ and discriminator 𝑑∗ are selected (Lines
1 to 4). The adversarial learning process for 𝑔∗ and 𝑑∗ applies stochas-
tic gradient descent against randomly selected adversaries from the
sub-populations (Lines 5 to 9). Note, the discriminator applies the
diversity loss defined in Eq. (12) considering 𝑤𝑢 and 𝑤𝑠. Then, the sub-
populations are updated by including the trained 𝑔∗ and 𝑑∗. The last
step is the replacement, in which the population updates the center of
the cell by selecting the best generator and discriminator in terms of
fitness (loss) values (Lines 12 to 14).
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Algorithm 4 CoevSSLGAN cell sub-population training in Lipi-SSL
Input: 𝑛: Cell neighborhood, 𝜒𝐵 : Data batches, 𝜏 : Tournament size, 𝜆 :
Learning rate
Return: 𝑛 : Cell neighborhood of trained sub-population

1: 𝐵𝑟 ← getRandomBatch(𝜒𝐵) ⊳ Random batch to evaluate GAN pairs
2: 𝑤𝑢, 𝑤𝑠 ← getLossWeights(n) ⊳ Loss weights 𝑤𝑢, 𝑤𝑠 to compute 𝐷
3: 𝐺,𝐷 ← evaluate(𝐆,𝐃, 𝑤𝑢, 𝑤𝑠, 𝐵𝑟) ⊳ Evaluate sub-population, i.e., GAN

pairs
4: 𝑔∗, 𝑑∗ ← select(𝑛, 𝜏) ⊳ Tournament selection
5: for 𝐵 ∈ 𝜒𝐵 do ⊳ Loop over the batches in 𝜒𝐵
6: 𝑑 ← getRandomOpponent(𝐃) ⊳ Get random discriminator
7: 𝑔∗ ← updateNN(𝑔∗, 𝑑, 𝐵, 𝜆) ⊳ Update 𝑔∗ with gradient
8: 𝑔 ← getRandomOpponent(𝐆) ⊳ Get uniform random generator
9: 𝑑∗ ← updateNN(𝑑∗, 𝑔, 𝑤𝑢, 𝑤𝑠, 𝐵, 𝜆) ⊳ Update 𝑑∗ with gradient and loss

weights
10: end for
11: 𝐆,𝐃 ← updatePopulations(𝐆,𝐃, 𝑔∗, 𝑑∗) ⊳ Add 𝑔∗ and 𝑑∗

12: 𝐺,𝐷 ← evaluate(𝐆,𝐃, 𝑤𝑢, 𝑤𝑠, 𝐵𝑟) ⊳ Evaluate the GAN pairs in the
sub-population

13: 𝑛 ← replace(𝑛,𝐆,𝐃) ⊳ Replace the networks with worst loss
14: 𝑛 ← setCenter(𝑛) ⊳ Set best generator and discriminator in center
15: return 𝑛 ⊳ Return cell neighborhood with trained sub-population

Finally, each run of Lipi-SSL returns two models (Line 13 of Algo-
rithm 3): (A) a classification model consisting of the ensemble (sub-
population) of discriminators that have the best classification score 𝑛∗𝑑
(based on majority voting); (B) a generative model consisting of the
ensemble (sub-population) of generators (𝑛𝑔 , 𝜔)∗ that produces images
with the best quality according to a given quality metric, such as FID
or IS.

5.3. Theoretical analysis

In this section, we provide a more formal grounding for the opti-
mality of solutions for GAN training with Lipizzaner (see Section 5.3.1),
and then, for SSL-GAN training with Lipi-SSL (see Section 5.3.2).

We show that Lipizzaner and Lipi-SSL adhere to the existing GAN
theory regarding optimal solutions [4,21]. Here is a sketch for optimal
solutions:

∙ Lipizzaner loss is like a GAN, so existing GAN theory holds.
Lipizzaner uses an ensemble, this does not impact the GAN optimality.

∙ Lipi-SSL loss is like the SSL-GAN loss, so existing SSL-GAN theory
still holds. Lipi-SSL uses majority voting, this does not impact GAN
optimality.

We expand on these and the algorithmic implementation of Lipi-
SSL. Note, we only provide a theoretical analysis based on existing
work. This is what most related work does as well [16–18,20,23]. The
theoretical analysis is more in depth in only a few [4,19,21].

5.3.1. GAN optimality
From Proposition 1 in [4] we get that 𝑝𝑔 = 𝑝𝑑𝑎𝑡𝑎. Briefly, this is based

on the optimal discriminator 𝐷∗ for any given generator 𝐺. Then for a
fixed 𝐺 the optimal discriminator 𝐷 is

𝐷∗
𝐺(𝐱) =

𝑝𝑑𝑎𝑡𝑎(𝐱)
𝑝𝑑𝑎𝑡𝑎(𝐗) + 𝑝𝑔(𝐱)

(14)

The loss in Lipizzaner is described in Eq. (2). From [4], we see that
Lipizzaner has the same optimality as in Eq. (14).

Note, the training performed by Lipizzaner consists in training
individually the individuals of the population (i.e., the ANNs update
their weights according to the GANs loss function), see Lines 5 to 9
of Algorithm 4. When the generative capabilities of Lipizzaner are
evaluated, an ensemble of the trained generators (𝑛𝑔 , 𝜔) is used, see
Line 13 of Algorithm 3. Future work will investigate the theory of
8

the generator ensemble, as in e.g. boosting [55]. p
5.3.2. SSL-GAN optimality
The optimality for SSL-GAN comes from [21]. Given a standard

classifier 𝐶 ∶ X → (0, 1)𝐾 , 𝐶(𝐱) = [𝑙1,… , 𝑙𝐾 ], 𝑙𝑖 ∈ (0, 1). The 𝑙 term refers
to logit 𝑝 = ln 𝑝

1−𝑝 , 𝑝 ∈ (0, 1). The class probabilities come from applying

softmax, 𝑝𝐶 (𝑦 = 𝑗|𝐱) = 𝑒𝑙𝑗
∑𝐾

𝑘=1 𝑒
𝑙𝑘

.
For SSL-GAN, 𝑝𝐶 (𝑦 = 𝐾 + 1|𝐱) is added as the probability that 𝐱 is

fake (as for the discriminator in unsupervised GAN, which is 1−𝐷(𝐱)).
In SSL-GAN, the discriminator rears from the unlabeled data because it
is known that it is real and these data should have a label between 1 and
𝐾. Thus, the following expression is used max ln 𝑝𝐶 (𝑦 ∈ {1,… , 𝐾}|𝐱).

With, arbitrarily, half the data real and half fake the loss function
s:

= −E𝐱,𝑦∼𝑝𝑑𝑎𝑡𝑎(𝑥,𝑦) log[𝑝𝐶 (𝑦|𝐱)] − E𝐱∼𝐺 log[𝑝𝐶 (𝑦 = 𝐾 + 1|𝐱)]

= 𝐿𝐷𝑠
+ 𝐿𝐷𝑢

here

𝐿𝐷𝑠
= −E𝐱,𝑦∼𝑝𝑑𝑎𝑡𝑎(𝐱,𝑦) log 𝑝𝐶 (𝑦|𝐱, 𝑦 < 𝐾 + 1)

𝐷𝑢
= −{E𝐱∼𝑝𝑑𝑎𝑡𝑎(𝐱) log 1 − 𝑝𝐶 (𝑦 = 𝐾 + 1|𝐱) + E𝐱∼𝐺 log[𝑝𝐶 (𝑦 = 𝐾 + 1|𝐱)]}

= −{E𝐱∼𝑝𝑑𝑎𝑡𝑎(𝐱) log𝐷(𝐱) + E𝐳∼𝑛𝑜𝑖𝑠𝑒 log(1 −𝐷𝐺(𝐳))}

The optimal solution for minimizing 𝐿𝐷𝑠
, 𝐿𝐷𝑢

is

𝑙𝑗 (𝐱) = 𝑐(𝐱)𝑝(𝑦 = 𝑗, 𝐱)∀𝑗 ≤ 𝐾 + 1, 𝑒𝑙𝐾+1(𝐱) = 𝑐(𝐱)𝑝𝑔(𝐗) (15)

here 𝑐(𝐱) is some scaling function

= 𝐿𝐷𝑠
+ 𝐿𝐷𝑢

(16)

From Eq. (16), we see that Lipi-SSL has the same optimality as
qs. (10) and (9). We also observe that Lipi-SSL uses Eq. (12). We see
hat Lipi-SSL still has the same optimality as Eq. (15).

Note, Lipi-SSL (like Lipizzaner) trains (update the weights of the
NNs) the GANs individually, see Lines 5 to 9 of Algorithm 4. When

he classification capabilities of Lipi-SSL are evaluated an ensemble
f classifiers 𝑛∗𝑑 is used (see Line 11 of Algorithm 3). Furthermore,
s in [21], Lipi-SSL uses the softmax loss (see Section 4.1). Future
ork will investigate the theory of the classification ensemble, as in
.g. boosting [56].

. Experimental setup

The experimental analysis empirically assesses the capability of Lipi-
SL training on MNIST, CIFAR-10, and SVHN datasets (see Section 2.3).
ur study considers both the classifier model accuracy and the quality
f the images produced by the generative model in an SSL GAN. The
lassification accuracy is calculated by applying the classifier model
sub-population of classifiers) obtained by running Lipi-SSL to the test
ataset. The generative model is evaluated according to FID, IS, KID,
nd TVD (see Section 2.3).

We investigate how to train a GAN for both classification accuracy
nd image generation quality with low-complexity ANNs architecture.
he two first row in Table 2 summarizes the experimental study for how
uch labeled data to use, the number of datasets investigated, the grid

ize, 𝑚 (which determines the population size as 𝑚2), the complexity
f GAN, and measures of generated data quality (Ex. means that there
s only a qualitative example of a generated image). The other rows in
he table show the experimental analysis of the SoA SSL GAN methods
sed for comparison purposes.

This section describes the main aspects of the experimental setup
arried out in this study: the ANNs architectures, the configuration
arameter settings, the experimental run time environment.
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Table 2
Overview of experimental setup based on the evaluated datasets, grid size (Grid), measures of image quality from the generator
(Quality), and complexity (Models trained). Note, Ex. estates for qualitative evaluation by showing generated images, M. means
image quality metrics are used, e.g. IS, FID, or TVD. 𝐺 is Generator, 𝐷 is Discriminator, and 𝐶 is classifier.

Name Evaluated datasets Grid Quality Models trained

Lipi-SSL MNIST, CIFAR, SVHN 1, 2, 3 M., Ex 𝐺, 𝐷
SSL-GAN [3] MNIST, CIFAR No M. 𝐺, 𝐷
FM-GAN [21] MNIST, CIFAR, SVHN No Ex 𝐺, 𝐷
MarginGAN [20] MNIST, CIFAR, SVHN No Ex 𝐺, 𝐷, 𝐶
UGAN [19] MNIST, CIFAR, SVHN No Ex 2 𝐺, 𝐷
TL SSL-GAN [18] MNIST, CIFAR, SVHN No Ex 𝐺, 𝐷
Table 3
Neural networks configuration applied by Lipi-SSL in the experiments.

Parameter MNIST CIFAR-10 and SVHN

Input neurons to generator 100 100
Discriminator hidden layers 4 7
Generator hidden layers 4 5
Neurons per hidden layer 16 384 - 131 072 16 384 - 262 144
Network complexity 128 64
Generator output neurons 128 × 28 × 28 64 × 64 × 64
Activation function 𝑡𝑎𝑛ℎ 𝑡𝑎𝑛ℎ
Table 4
Configurations for the Lipi-SSL method used in the experiments.

Parameter MNIST CIFAR-10 SVHN

Training settings

Batch size 300, 400, 600, 600, 600 250, 200 366, 366
Label rates 0.01, 0.005, 0.00167, 0.0167, 0.05 0.08, 0.1 0.025, 0.05

Coevolutionary settings

Stop condition 100 epochs 90 epochs 90 epochs
Tournament size 2 2
Grid sizes 1×1, 2×2 and 3×3 1×1 and 2×2 2×2
Generator quality metric FID IS IS

Hyperparameter mutation

Optimizer Adam Adam Adam
Initial discriminator LR 0.001 0.0007 0.0007
Initial generator LR 0.0002 0.0003 0.0003
6.1. Generator and discriminator deep neural network architectures

The preliminary experimental analysis presented in Section 4.2
showed competitive results when addressing SSL with GANs based on
MLP. However, the classification accuracy when using 100 labels was
lower than 50%, highlighting the need for a slightly more complex and
convoluted architecture. Thus, in the experimental analysis of Lipi-SSL,
two variations of DCGAN architecture [57], that applies SX SSL-GAN,
were used.

We proposed a smaller variant of DCGAN tailored to MNIST images
to reduce the model complexity and computational resources. Orig-
inally, DCGAN is applied on 64×64 images and the MNIST dataset
consists of 28×28 images. Fig. B.15 in Appendix B shows the major
details the SSL-DCGAN architecture used in the experimental analysis.
The DCGAN architecture is designed to address RGB color images.
Therefore, the discriminator and generator have three input and output
channels, respectively. As MNIST images are gray-scale, the SSL-
DCGAN proposed has one input and output channel in the discriminator
and generator.

Another DCGAN architecture variant was devised for the CIFAR-
10 and SVHN datasets (see Fig. B.16 in Appendix B). The generator is
unchanged from DCGAN and the discriminator has two more layers and
a smaller kernel size (three instead of four). The size of the CIFAR-10
and SVHN images is 32×32, so we reshape the input images to 64×64.
Note that upsampling the input image can also make it easier for the
9

discriminator to identify which features differentiate classes. t
6.2. Evaluation of the trained models

The evaluation of the trained models is performed following stan-
dard practice from the GAN literature. The classification accuracy of
the obtained classifier models is calculated on the test set of each
dataset. Regarding the IS, FID, and KID scores, these metrics are derived
by analyzing real images alongside synthetic images produced by the
generative models using a pre-trained inception model. The scores are
computed by generating 50 000 synthetic images by the evaluated gen-
erative model. We use the recommended number of samples reported
from standard literature on GANs [58,59]. The computation of IS and
KID uses the pre-trained Inception V3 network [60]. Therefore, the
images are scaled from 32 × 32 to 299 × 299 (as proposed by Salimans
et al. [21]). FID applied on MNIST is computed using a pre-trained
CNN inception model specifically designed and trained to learn MNIST
dataset features to calculate FID on such dataset.2

6.3. Lipi-SSL configuration parameters

The hyperparameter configuration of Lipi-SSL is outlined in Table 3.
Due to computational resource limitations, Lipi-SSL was tuned for 3×3.
The table outlines the coevolutionary settings and the details of the
network architectures. Important training settings include the batch
size, the label rate, and the initial learning rates (LR) of the generator

2 The pre-trained MNIST inception model is included in the repository of
he project.
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Table 5
SSL-GAN parameter settings applied in Lipi-SSL (IN is instance noise).

Parameter MNIST CIFAR-10 SVHN

IN mean 0.0 0.0 0.0
IN initial stdev 0.1 0.7 0.1
IN stdev decay rate 0.0005/iteration 0.0005/iteration 0.0005/iteration
IN stdev decay limit 0.065 None 0.05
Dropout No Yes Yes
Batch normalization Yes Yes Yes
Positive label smoothing value 0.9 Yes Yes
and discriminator. Note, the label rate was set in order to ensure that
there was at least one labeled image per batch.

After setting the parameters, see Tables 3 and 4, a series of empirical
parameter tuning experiments were performed to enhance the SSL-GAN
training, i.e., IN, FM, dropout, batch normalization, and OS-LS, see
Section 2.2. Table 5 presents parameters used for Lipi-SSL on MNIST,
CIFAR-10, and SVHN.

6.4. Runtime environment

All the methods used to conduct experiments were written using
Python3 and PyTorch.3 We conducted our MNIST experiments on
an HPC platform which uses an IBM Power System AC922 (8335-GTG)
with a Power9 architecture with 1TB RAM and 3.6 GHz cores and
NVIDIA Tesla V100 GPUs with 32 GB RAM. For the CIFAR-10 and
SVHN dataset, we used a Google Cloud instance with 16 virtual CPUs
each of which had 64 GB memory and 4 T T4 GPUs with 16 GB memory
each.

7. Experimental analysis

This section presents the results and the analyses of the proposed
distributed Lipi-SSL training method on the MNIST, CIFAR-10, and
SVHN datasets. The classification accuracy and image generation of the
trained models, the evolutionary learning process, and the comparison
of Lipi-SSL against State-of-the-Art (SoA) methods are reported. We
focus our analysis on challenging scenarios, i.e., datasets with few
labels. Finally, we perform an ablation study to establish the relevance
of the new components added to Lipizzaner to perform SSL. Note,
due to computational constraints different number of independent runs
were performed for each data set.

7.1. MNIST experimental results

Here we evaluate Lipi-SSL on the MNIST dataset according to the
classification accuracy (which is maximized) and generative model
quality regarding FID (which is minimized) when training with a few
(100) labels for different grid sizes. We analyze the sensitivity of the
classification accuracy and FID to the number of labeled samples in
the training dataset. It overviews the evolution of the learning pro-
cess. Finally, we compare the best Lipi-SSL configuration against the
published results of SoA methods to address SSL, i.e., UGAN, FM-GAN,
TL SSL-GAN, and Margin-GAN. For MNIST, 15 independent runs were
performed for each configuration.

7.1.1. MNIST classification accuracy
SSL accuracy with few labels. The key SSL challenge is to train the
classifier with few labeled samples, 100 (0.17%) labels. Table 6 sum-
marizes the classification and image generation quality (FID) results
by reporting the minimum (Min), median (Med), inter-quartile range
(IQR), and maximum (Max) of the distribution of the results for each
grid size over 15 runs. The best values for each metric are in bold.

3 Lipi-SSL python source code is publicly available at https://github.com/
amaltoutouh/lipi-ssl/.
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The results in Table 6 show that Lipi-SSL 3×3 provided the classifier
with the highest classification accuracy (96.99%). This grid size had
the best minimum and median results. In addition, it had the smallest
IQR value indicating it had the lowest variation in results. The results
were not normally distributed, so we performed a pairwise comparison
between Lipi-SSL 3×3 and the other grid sizes by using Wilcoxon statis-
tical tests. This test confirmed that Lipi-SSL 3×3 had the best accuracy
results with a statistical significance higher than 99% (i.e., 𝑝-value
<0.01).

SSL accuracy sensitivity to the number of labels. Table 7 reports the
average classification accuracy over 15 runs for the classifiers for SSL-
GAN and Lipi-SSL with varying the number of labeled samples used in
training. Note accuracy is not reported when using only unsupervised
learning (0 labels).

The models that train a single pair generator–discriminator,
i.e., SSL-GAN and Lipi-SSL 1×1, i.e. no populations-based GAN training.
Table 7 shows that the classification accuracy of the Lipi-SSL 1×1 was
higher than the accuracy of the SSL-GAN, which implies that the Lipi-
SSL method (see Section 5) can improve the semi-supervised learning.
Furthermore, in Table 7 we see that the accuracy is improving with the
number of labeled data samples in the training data set, as expected.

For populations of generators and discriminators, Lipi-SSL with
grids larger than 1×1, the classification accuracies are higher than 90%
when training the model with 100 samples. The highest average clas-
sification accuracy is observed for Lipi-SSL 3×3, with 95.96% accuracy
when trained with 100 samples. Moreover, results in Table 7 confirm
the trend in Table 6, i.e., Lipi-SSL 3×3 trained the best classifiers.

7.1.2. MNIST image generation
FID and TVD scores are used to assess the image quality of the

trained generative models. Table 6 summarizes the FID results by
reporting the minimum, median, IQR, and maximum of the results
distribution for each grid size over 15 runs. Table 7 includes the
averaged FID scores when we use 100 labeled images and the whole
dataset, respectively. In addition, this table includes the unsupervised
GAN training method, Lipizzaner. Further results on FID and TVD
scores are shown in Table C.17 in Appendix C.

From Table 6, we see that Lipi-SSL 3×3 models generated the
highest quality images based on FID. The results are not normally
distributed, so we performed a pairwise comparison between Lipi-SSL
3×3 and the other grid sizes by using Wilcoxon statistical tests. This
statistical analysis confirmed that Lipi-SSL 3×3 offered the best FID
results with a statistical significance higher than 99% (i.e., 𝑝-value
<0.01). Fig. 5(f) illustrates samples produced by the generative model
trained by Lipi-SSL 3×3 with 100 labels.

Table 7 shows that the generative models improved with more
labeled images, i.e., the quality and diversity of the samples improved
when using 60 000 labels to train the models. For the single GAN
training methods (i.e., SSL-GAN vs. Lipi-SSL 1×1), the generative model
trained using Lipi-SSL 1×1 generated samples with better quality (lower
FID) and higher diversity (lower TVD) than the generative model
trained with SSL-GAN. This confirms that the enhancements applied
in simple Lipi-SSL and ANN architecture improve the learning process
and provides an answer to RQ-1.

https://github.com/jamaltoutouh/lipi-ssl/
https://github.com/jamaltoutouh/lipi-ssl/
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Table 6
Descriptive statistics for classification accuracy and FID for experiments with 100 (0.0017) labeled images with Lipi-SSL for 15 independent
runs. The best values are in bold, accuracy is maximized and FID is minimized.

Model & grid size Accuracy (%) FID

Min Med IQR Max Min Med IQR Max

Lipi-SSL 1×1 55.42 85.45 16.87 93.17 5.92 11.89 10.34 29.17
Lipi-SSL 2×2 80.36 91.45 3.25 95.06 4.49 6.68 2.49 7.36
Lipi-SSL 3×3 90.36 96.27 0.72 96.99 3.36 4.34 2.15 7.51
Table 7
Average (15 runs) accuracy and FID scores from different methods with 100 and 60 000 labeled images when applying
semi-supervised learning, and 0 labels when using unsupervised learning. Best values are in bold.

Model & grid size # labels: 0 # labels: 100 # labels: 60 000

Acc. (%). FID Acc. (%) FID Acc. (%) FID

Lipizzaner 1×1 – 17.96 – – – –
Lipizzaner 3×3 – 3.38 – – – –

SSL-GAN – – 49.28 403.39 84.10 73.93
Lipi-SSL 1×1 – – 86.03 13.77 94.98 8.94
Lipi-SSL 2×2 – – 91.16 7.02 99.14 5.62
Lipi-SSL 3×3 – – 95.96 5.22 99.38 2.72
Fig. 4. Evolution of values for classification accuracy and FID for MNIST dataset
Lipi-SSL 3×3 training when using 100 labels in the median accuracy run.

When comparing the different Lipi-SSL grid sizes, results improve
with grid size (lower FID), as well as observed from previous work [23].
As for classification accuracy, Lipi-SSL 3×3 had the best results. More-
over, for semi-supervised (Lipi-SSL) versus unsupervised (Lipizzaner)
learning, lower FID scores were obtained with Lipi-SSL using the whole
dataset labeled (i.e., 60 000 labels) for the two grid sizes studied.
This provides and answer to RQ-3, that higher quality samples be
generated when training GANs with SSL (with some labels) compared
to unsupervised learning (without labels).

7.1.3. MNIST Lipi-SSL learning evolution
We investigate the evolution of the model training in terms of

classification accuracy and image quality generation for Lipi-SSL 3×3
with 100 labeled samples from the run with the median classification
accuracy. Fig. 4 shows the evolution of the average classification accu-
racy and FID at different training epochs. In addition, Fig. 5 shows the
evolution of the per-class accuracy for epochs 5, 50, and 100 and an
example of generated image for the same training epochs.

From classification accuracy evolution shown in Fig. 4 for MNIST,
we observe a steep slope indicating that the classifier quickly learned to
correctly classify many images. Specifically, the model had an average
classification accuracy of 85.04% after the first five iterations, with an
accuracy of 97.76% and 94.09% for classes ‘‘0’’ and ‘‘6’’, respectively
(see Fig. 5(a)). As the training epochs progressed, the slope flattened.
Fig. 5(c) shows that a similar classification accuracy of 94.29% has been
achieved for all classes in epoch 100. Note that the trend in the last
30 epochs indicates that the model accuracy might not have converged
because the accuracy trend is increasing.
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The evolution of FID, see Fig. 4, illustrates that FID looks like a
monotonically decreasing function with small oscillations. FID exhib-
ited a sharp drop in the first epochs, which explains the considerable
difference between the quality of images produced in epochs 5 and
50 (see Figs. 5(d) and 5(e)). It can be observed in Fig. 4 that the
training process stabilized to FID lower than 10 after the first 40 epochs,
visualized by the quality of images between epochs 50 and 100 (see
Figs. 5(e) and 5(f)).

7.1.4. MNIST comparison with state-of-the-art
We compare Lipi-SSL against related SoA approaches, see Table 1

for an overview of these methods. Table 8 summarizes the classification
accuracies results that were published and Lipi-SSL 3×3 for 50, 100,
200, 600, 1000, and 3000 labeled images. UGAN and FM-GAN achieved
accuracy above 99%, TL SSL scored lower, around 97%–98%. Lipi-SSL
and MarginGAN have lower comparable accuracies around 96%–97%.
Moreover, Lipi-SSL provides more competitive results than MarginGAN
when increasing the number of labeled images (i.e., 600, 1000, and
3000 labels).

One reason for the differences in the results is the difference in the
complexity of the neural network models used, see Table 2. The SoA
methods have complex convoluted models with numerous layers and
train for more epochs (about 400 epochs or longer), Lipi-SSL achieved
very close results with only 100 epochs and a 4-layered discriminator.
Thus, the spatially distributed GAN training improves training efficacy,
overcoming a sub-optimal use of a less complex network architecture.
These results are in line with the results shown by similar approaches
applied to unsupervised learning [24].

The SoA GAN training approaches prioritize the classification qual-
ity of the GAN to optimize the classification accuracy. Instead, Lipi-SSL
focuses simultaneously on both the discriminator and generator quality.
The authors of the SoA methods do not usually measure the quality and
diversity of the samples generated. Thus, only a qualitative comparison
can be made between SoA and Lipi-SSL. Fig. 6 shows generated images
by the compared methods. The samples from FM-GAN and MarginGAN
have incomplete digits, and many do not even appear visually as valid
digits. UGAN produced higher quality images with a complex GAN
architecture. Lipi-SSL generates images of similar quality to the UGAN
with a simpler GAN architecture. This answers RQ-2, that we can
devise a GAN method to train both a high-accuracy classifier and a
high-quality generative model.

7.2. CIFAR-10 experimental results

This section evaluates Lipi-SSL on the CIFAR-10 dataset considering
the classification accuracy (which is maximized) and generative model
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Fig. 5. Evolution of per-class accuracy and generated images for MNIST at different epochs for the median accuracy run with 100 labels for Lipi-SSL 3×3.
Table 8
Lipi-SSL vs. SoA mean±standard deviation classification accuracy (%) on MNIST for varying number of labeled images.

Model Labeled images

50 100 200 600 1 000 3 000

UGAN 98.92 ± 0.13 99.91 ± 0.08 99.35 ± 0.05 – – –
FM-GAN 97.79 ± 1.36 99.07 ± 0.07 99.10 ± 0.05 – – –
TL SSL-GAN – 97.71 ± 0.89 98.50 ± 0.92 98.64 ± 0.96 98.86 ± 0.97 –
MarginGAN – 96.47 ± 0.57 – 96.97 ± 0.69 97.13 ± 0.71 97.94 ± 0.20
Lipi-SSL 3×3 94.87 ± 1.55 95.96 ± 1.42 96.07 ± 0.77 97.07 ± 0.68 98.09 ± 0.31 98.95 ± 0.19
Fig. 6. Comparison of generated MNIST images by SoA methods and Lipi-SSL.
quality regarding IS (which is maximized), when training with 5000
labels (10% of training set). We investigate the sensitivity of the
classification accuracy to the number of labeled samples in the training
dataset. We discuss the evolution of the learning process. Finally, we
compare the best Lipi-SSL configuration against the results published
by the SoA algorithms, i.e., UGAN, FM-GAN, TL SSL-GAN, and Margin-
GAN. For CIFAR-10, seven independent runs were performed for each
Lipi-SSL configuration.

7.2.1. CIFAR-10 classification accuracy
SSL accuracy with few labels. Here, Lipi-SSL was evaluated on 5000
labeled samples, i.e., only 10% of the training dataset. Table 9 sum-
marizes the classification and image generation quality (IS) results
12
by reporting the minimum (Min), median (Med), inter-quartile range
(IQR), and maximum (Max) of the distribution of the results for each
grid size over seven runs. The best values for each metric are in bold.
Table 9 includes SSL-GAN as a baseline for comparison.

The results in Table 9 indicate that Lipi-SSL 2×2 provided the best
classification results for all the descriptive statistics evaluated. The
statistical analysis confirmed that Lipi-SSL 2×2 had the best accuracy
results with a statistical significance higher than 99% (i.e., 𝑝-value
<0.01). There is a significant improvement in Lipi-SSL 1×1 over a
standalone implementation, highlighting the benefits of enhancements
introduced by Lipi-SSL during training (regardless of distributed train-
ing). The accuracy classification improved when applying spatially
distributed training.
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Table 9
Descriptive statistics for classification accuracy and IS for experiments with 5000 (0.1) labeled images with Lipi-SSL for 7 independent runs.
The best values are in bold, accuracy and IS are maximized.

Model & grid size Accuracy (%) IS

Min Med IQR Max Min Med IQR Max

SSL-GAN 55.54 59.79 2.44 65.7 2.41 2.71 0.19 2.96
Lipi-SSL 1×1 65.43 70.13 3.29 75.79 3.43 3.77 0.34 3.96
Lipi-SSL 2×2 73.19 76.29 2.70 79.84 4.78 4.92 0.14 5.23
Fig. 7. Evolution of values for classification accuracy and IS for CIFAR-10 dataset
Lipi-SSL 2×2 training when using 5000 labels in the median accuracy run.

These results confirmed that increasing the grid size improves the
classification accuracy of the trained classifiers, as seen in the MNIST
experimental results (see Section 7.1.1).

SSL accuracy sensitivity to the number of labels. Further experiments
by increasing the labeled samples from 5000 to 50 000 led to signifi-
cantly better accuracy results. The average accuracy classification over
seven runs improved from 68.44% to 95.47% for Lipi-SSL 1×1 and from
74.79% to 97.41% for Lipi-SSL 2×2.

7.2.2. CIFAR-10 image generation
One of the objectives of Lipi-SSL is to generate images of high

quality and achieve high classification accuracy. Table 9 quantitatively
assess the image quality generation by reporting the minimum, median,
IQR, and maximum of the IS results distribution on the CIFAR-10
dataset when using 5000 labeled samples over the seven independent
runs. Further results on IS and TVD (diversity) scores are shown in
Table C.18 in Appendix C.

The SSL-GAN generative model produced the worst quality and the
least diverse images (i.e., the lowest IS and the highest TVD), which
validates the enhancements applied on Lipi-SSL 1×1. The populations
of generators and discriminators provide an improvement in the quality
and diversity of generated images is experienced (see Lipi-SSL 2×2 in
Table 9). This improvement is attributed to the diversity introduced in
the genome space by Lipi-SSL (i.e., Lipizzaner [23]).

7.2.3. CIFAR-10 Lipi-SSL learning evolution
We now investigate the evolution of the models during the training

in terms of classification accuracy and IS for Lipi-SSL 2×2 with 5000
labeled samples. Fig. 7 illustrates the evolution of the average classifica-
tion accuracy and IS score over different training epochs for the run that
provided the median classification accuracy. The general trend of the
plots in Fig. 7 shows that the training had not converged in iteration 90.
The plot has an upward slope even at the last epochs. The classification
accuracy for Lipi-SSL 2×2 is 74.8% at the end of the run (see Fig. 7).

Fig. 8 shows the evolution of the per-class accuracy at 5, 45, and
90 epochs. The per-label classification accuracy for classes 2, 3, 4, and
13
Table 10
Lipi-SSL vs. SoA mean±standard deviation classification accuracy (%)
on CIFAR-10 for varying number of labeled images (# of labels). The
number between parenthesis indicates the fraction of labeled samples
used.

Model # labels: 5000 (0.1) # labels: 50 000 (1.0)

UGAN 86.12 ± 0.06 –
FM-GAN 82.09 ± 2.32 –
TL SSL-GAN 80.97±NA 88.04±NA
MarginGAN 93.56 ± 0.10 –
Lipi-SSL 2×2 74.79 ± 2.76 97.41 ± 2.40

5 increased slower than for the other classes. This leads to differences
in the classification accuracy results, especially in the early epochs. For
example, in epoch 5, the accuracies of classes 5 and 9 were 36.28% and
71.73%, respectively. The differences were reduced in the later stages
of training but still exist. For example, at epoch 90, the accuracies of
the same classes (5 and 9) were 71.04% and 87.26%.

7.2.4. CIFAR-10 comparison with State-of-the-Art
We compare Lipi-SSL against SoA approaches. Table 10 summarizes

the classification accuracies published and Lipi-SSL 2×2 for 5000 and
50 000 labeled samples. Note that TL SSL-GAN [18] did not report the
standard deviation [18]. In addition, Fig. 9 shows samples generated
by the compared methods. Note that there were no publicly available
CIFAR-10 samples generated using UGAN and Triplet Loss SSL-GAN.

For 5000 labeled samples, the most competitive accuracy results are
shown by MarginGAN, 93.56%. The other SoA methods had accuracies
higher than 80%, while Lipi-SSL 2×2 got 74.79%. On the other hand,
with the fully labeled dataset, Lipi-SSL 2×2 had the highest accuracy
of 97.41%. The main findings from Table 10 and Fig. 9 are similar to
the outcomes with MNIST in Section 7.1.4. Note that MarginGAN and
UGAN training methods use more models (neural networks) besides
one generator and one discriminator, Lipi-SSL uses simpler models
(neural networks with fewer neurons), and trains for fewer epochs,
see Tables 2 and 3. Moreover, Lipi-SSL trains a generative model that
produces higher-quality images according to the qualitative analysis of
the images provided by the SoA authors.

7.3. SVHN experimental results

In this section, we evaluate Lipi-SSL on the SVHN dataset consider-
ing the classification accuracy and generative model quality regarding
IS, when training with 500 (0.68% of training set) and 1000 (1.39% of
training set) labels. For the SVHN dataset we use Lipi-SSL 2×2, since in
the previous sections we found that a larger grid size produces better
results, and this is the largest grid size we used for a color image data
set (CIFAR-10). Our analysis focuses on the classification accuracy and
IS of Lipi-SSL, while varying the number of labels used. In addition, we
discuss the evolution of the learning process. Finally, we compare Lipi-
SSL against the results published by the SoA algorithms, i.e., UGAN,
FM-GAN, TL SSL-GAN, and Margin-GAN. For SVHN, seven independent
runs were performed for each number of labels.
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Fig. 8. Evolution of per-class accuracy for the CIFAR-10 at some epochs for the median accuracy run with 5000 labels for Lipi-SSL 2×2.
Fig. 9. CIFAR-10 images produced by various SoA methods and Lipi-SSL.
Table 11
Descriptive statistics for classification accuracy and IS for experiments with 500 (0.68%
of training set) and 1000 (1.39% of training set) labeled images with Lipi-SSL 2×2 for
7 independent runs. The best values are in bold, accuracy and IS are maximized.

Number of labels Accuracy (%) IS

Min Med IQR Max Min Med IQR Max

500 83.05 85,03 2.14 86.84 2.58 2.70 0.22 2.91
1 000 91.23 93.06 1.87 94.07 2.32 2.67 0.06 2.76

.3.1. Classification accuracy and image generation label sensitivity
Table 11 summarizes the classification accuracy and IS results by

eporting the minimum, median, inter-quartile range, and maximum of
he distribution of the results for the experiments with 500 and 1000
abeled images over seven runs. The best values for each metric are in
old.

The outcomes in Table 11 show that Lipi-SSL 2×2 trained with
000 labels produced the most competitive classification results. The
ilcoxon statistical test confirms that increasing the labeled images

rom 500 to 1000 led to better accuracy results with a statistical
ignificance greater than 99% (i.e., 𝑝-value <0.01).

Regarding image generation, the generative models trained using
00 labels provided the highest values for the descriptive statistics
valuated, except IQR. The IS results when training with more labels,
.e., 1000 labeled samples, are more robust (1000 label’s IQR is lower
han the same of 500). According to Wilcoxon statistical test, there is
o statistically significant difference between the IS for both analyzed
uantities of labeled samples.

.3.2. SVHN Lipi-SSL learning evolution
In this section, we explore the progress of the models during the

raining process concerning classification accuracy and IS for Lipi-SSL
×2, using a dataset of 500 labeled images. Fig. 10 illustrates the
verage classification accuracy and IS score evolution across different
14
Fig. 10. Evolution of values for classification accuracy and IS for SVHN dataset Lipi-SSL
2×2 training when using 500 labels in the median accuracy run.

training epochs for the run that yielded the median classification
accuracy. Similar to the findings in our CIFAR-10 experiments (see
Section 7.2.3), the plot in Fig. 10 indicates that the classifier’s training
had not yet converged even at iteration 90. The plot maintains an
upward trend even towards the final epochs. Finally, after the run, the
classification accuracy for Lipi-SSL 2×2 stands at 85.03%.

Fig. 11 shows the progression of the per-class accuracy at 5, 45,
and 90 epochs. The per-label classification accuracy for classes 8 and
1 increased slower than the others. Consequently, variations in the
classification accuracy results were observed, particularly in the early
epochs. For example, in epoch 5, the accuracies of classes 8 and 5 were
32.97% and 89.65%, respectively. The differences were reduced in the
later stages of training. Towards the final epochs, there is a change in
trend and the lowest classification accuracies are shown by classes 3
and 9.
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Fig. 11. Evolution of per-class accuracy for the SVHN at some epochs for the median accuracy run with 500 labels for Lipi-SSL 2×2.
Fig. 12. Comparison of generated SVHN images by various SoA methods and Lipi-SSL.
Table 12
Lipi-SSL vs. SoA mean±standard deviation classification accuracy (%) on
SVHN for varying number of labeled images (# of labels).

Model & grid size # labels: 500 # labels: 1 000

UGAN – 96.49 ± 0.09
FM-GAN – 91.89 ± 1.30
TL SSL-GAN – 94.23 ± 0.17
MarginGAN 93.97 ± 0.43 –
Lipi-SSL 2×2 84.95 ± 1.51 92.60 ± 1.14

7.3.3. SVHN comparison with State-of-the-Art
We compare Lipi-SSL against SoA approaches on SVHN dataset.

Table 12 summarizes the classification accuracies published and Lipi-
SSL 2×2 for 500 and 1000 labeled images. In addition, Fig. 12 shows
samples generated by the compared methods. Note that there were
no publicly available SVHN samples generated using FM-GAN and TL
SSL-GAN.

The experiments involving 500 labeled images only have Margin-
GAN results available for comparison. In this scenario, MarginGAN
shows more competitive outcomes than Lipi-SSL. For 1000 labeled
samples, the UGAN displayed the most competitive accuracy results
at 96.49%. The other SoA methods achieved accuracies above 91%,
with Lipi-SSL reaching 92.60%. The images produced by Lipi-SSL in
Fig. 12 are sharper and less blurred than those produced by the other
methods. Overall, the main findings from Table 12 and Fig. 12 are
similar to the outcomes with MNIST and CIFAR-10. Lipi-SSL provided
high competitive accuracy results while producing high-quality images
using simpler models and shorter training processes.
15
7.4. Ablation experiments

The experiments in this section aim at establishing the relevance
of the new features added to Lipizzaner to perform SSL. We proceed
through an ablation study on grayscale and color image datasets,
i.e., MNIST and SVHN datasets. Thus, this section first outlines the ab-
lation experimental analysis setup and, second, presents and discusses
the results. Note that authors of Lipizzaner conducted an ablation study
about the relevant features of the spatially distributed co-evolutionary
GAN training method [23]. Thus, we focus on the specific SSL features
of Lipi-SSL.

7.4.1. Ablation setup
We have performed three ablation experiments. The Baseline

model for MNIST is Lipi-SSL 3×3, while the Baseline for SVHN
is Lipi-SSL 2×2, with both models include all proposed method fea-
tures. The three ablation configurations analyzed are the elimination
of spatial diversity loss (No diversity loss), balanced labels batch
sampler (No balanced sampler), and the combination of removing
these two features (No Lipi-SSL features). The ablations are
listed in Table 13. We have conducted 15 and seven independent runs
of each ablation experiment for MNIST and SVHN datasets, respec-
tively. Note that ensemble methods are well established [61] so we do
not ablate the majority voting of the classifier.

These ablation experiments were performed on the MNIST dataset
using Lipi-SSL 3×3, which was the grid size that performed the best for
that dataset. We have examined two scenarios, one with 100 labeled
samples and the other with 600, to assess the influence of the new
Lipi-SSL features in situations with limited labels and as the number
of labels increases.
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Fig. 13. Examples of the distribution of the labeled images used to train No balanced sampler and None Lipi-SSL features ablation for 100 and 600 labels. The dotted
line represents the frequency expected for uniformly distributed labels, i.e., Lipi-SSL using balanced labels batch sampler.
Table 13
Lipi-SSL features ablation.

Ablation Spatial diversity loss Balanced labels batch sampler

Baseline ✓ ✓

No diversity loss ✓

No balanced sampler ✓

No Lipi-SSL features

When Lipi-SSL does not apply spatial diversity loss (i.e., No diver-
sity loss experiment) all the cells in the grid apply the same values
for the discriminator loss weights, i.e., 𝑤𝑢=0.5 and 𝑤𝑠=0.5.

The labeled images in the full Lipi-SSL, i.e, our Baseline, are
uniformly distributed throughout the classes. In contrast, the No bal-
anced sampler ablation randomly simply samples the labeled images
used to build the training dataset without any criteria. Thus, when this
ablation is applied, the labeled images are distributed differently for
each run. Fig. 13 shows an examples of how the labels of the samples
were distributed in one run of this ablation experiment for 100 and 600
labeled samples. The relative difference among the label frequencies
in the same run is higher when using fewer labels (i.e., 100 labeled
images experiments). This can lead to more unbalanced datasets when
the number of labeled samples is small.

Another set of ablation experiments was performed on SVHN. The
idea is to investigate whether the ablation experiments report similar
outcomes to MNIST when Lipi-SSL is applied to color images and with
larger ANNs.

7.4.2. Ablation results
The results obtained from the ablation experiments on Lipi-SSL

are summarized in Tables 14 and 15, which shows the minimum
(Min), median (Med), interquartile range (IQR), and maximum (Max)
values of the distribution of the results for each metric and ablation
experiment for MNIST and SVHN, respectively.

Following the previous analysis, we have evaluated FID on MNIST
and IS on SVHN to assess the quality of the obtained generative models,
i.e., the quality of the images synthesized by the generators. The
results from these two metrics do not shown any significant differences
between the generative models evaluated when the ablations were
applied. Thus, KID is assessed to provide further observation regarding
the impact of the ablations on the generative model training.

Classification accuracy results in Tables 14 and 15 show that each
ablation notably leads to a deterioration in the performance (Accuracy)
of the obtained classifier. According to pairwise Wilcoxon statistical
tests comparisons between all the evaluated ablations, Baseline
significantly outperforms the three ablations for MNIST (both 100 and
600 labeled samples) and SVHN.
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Focusing on MNIST when using 100 and 600 labeled images, the
difference between Lipi-SSL and the other evaluated approaches are
higher when using fewer labeled images, i.e., 100 labeled samples.
Thus, the two new features to Lipizzaner are relevant for classification
problems with limited labels.

When Lipi-SSL does not use the spatial diversity loss feature (No
diversity loss), the classification accuracy results are less com-
petitive than the results of Baseline. Previous research has shown
that applying diversity in the loss functions when training GANs
keeps higher diversity in the populations and allows training better
unsupervised GANs [16,49]. This ablation study shows that the same
occurs when training SSL-GANs with a coevolutionary training method,
i.e., using diversity in loss functions trains more competitive SSL-GANs.

The No balanced sampler ablation results are negatively af-
fected by biases when generating the training dataset. Nevertheless, it
can be observed that the spatial diversity loss feature kept the results
in competitive margins. This result is in line with the idea that keeping
diversity in the populations of coevolutionary GAN training improves
the learning process [23]. This can explain how the results of the No
balanced sampler ablation are significantly better than those of the
None Lipi-SSL features ablation.

Thus, combining the spatial diversity loss and balanced labels batch
sampler is essential to keep the classification accuracy results compet-
itive. Note that the difference between the baseline Lipi-SSL and the
other three Lipi-SSL ablations is larger for experiments with 100 labels
than with 600 labels because the biases are stronger when producing
datasets with fewer labels (see Fig. 13). Thus, applying the whole Lipi-
SSL in classification problems with very few labeled images seems to
be the proper strategy for competitive classification results. Finally,
there is no statistical difference between the accuracy results of No
balanced sampler and No diversity loss.

Regarding the quality of the trained generators, when comparing
the four Lipi-SSL variants analyzed, there is no statistical difference
between the FID results on MINST, see Table 14 (i.e., 𝑝-value ≫0.01).
The same occurs with SVHN experiments, i.e., there is no statistical
significance among the IS computed for Baseline and the ablations,
see Table 15. Likewise, no statistically differences were observed when
evaluating the KID results for both datasets. Therefore, the two SSL-
GAN features studied in this ablation study do not have an impact on
the trained generative models.

The findings of this ablation study underscore the significance of
the spatial diversity loss and balanced labels batch sampler in Lipi-
SSL for achieving its competitive performance in terms of classification
accuracy results and quality of the generative models.
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Table 14
Descriptive statistics for classification accuracy and FID for MNIST ablation experiments with 100 (0.0017) and 600 (0.01) labeled images for 15 independent runs. The best values
are in bold, accuracy is maximized and FID and KID are minimized.

Model Accuracy (%) FID KID (×10−2)

Min Med IQR Max Min Med IQR Max Min Med IQR Max

100 labeled samples

Baseline 90.36 96.34 0.71 96.99 3.36 4.35 0.93 7.51 3.21 3.68 0.17 3.73
No diversity loss 75.30 86.98 5.25 96.99 3.01 4.29 0.32 5.55 3.35 3.64 0.08 3.72
No balanced sampler 80.30 87.48 4.36 93.84 2.33 4.16 1.57 5.22 3.28 3.64 0.21 3.70
None Lipi-SSL features 64.01 78.43 12.82 92.24 3.08 4.22 1.77 7.22 3.15 3.63 0.11 3.70

600 labeled samples

Baseline 95.77 97.25 0.92 98.52 3.10 4.18 1.37 5.50 3.19 3.68 0.21 3.72
No diversity loss 91.96 95.88 0.44 98.22 2.99 3.64 0.58 5.11 3.27 3.64 0.21 3.73
No balanced sampler 95.38 96.29 0.90 98.11 2.99 3.57 1.39 5.01 3.15 3.63 0.09 3.73
None Lipi-SSL features 73.87 90.68 7.84 98.40 3.01 4.34 1.41 5.80 3.20 3.65 0.12 3.73
Table 15
Descriptive statistics for classification accuracy, IS, and KID for SVHN ablation experiments with 1000 labeled images for 7 independent runs. The best values are in bold, accuracy
and IS are maximized, and KID is minimized.

Model Accuracy (%) IS KID (×10−2)

Min Med IQR Max Min Med IQR Max Min Med IQR Max

Baseline 91.23 93.06 1.87 94.07 2.32 2.67 0.06 2.76 2.42 2.47 0.17 2.67
No diversity loss 85.18 87.08 1.85 87.98 2.33 2.53 0.15 2.66 2.43 2.63 0.14 2.96
No balanced sampler 86.28 87.70 1.58 88.91 2.37 2.54 0.14 2.74 2.39 2.50 0.13 2.55
None Lipi-SSL features 81.59 83.23 2.05 85.47 2.56 2.68 0.13 2.84 2.39 2.46 0.09 2.56
8. Discussion

We investigated the quality of both the generator and the discrim-
inator when trained at the same time. This is in contrast to related
works that either train a good generator with a given method or a
good classifier with another method. More specifically, the empirical
experiments provided the answer to RQ-2 by demonstrating that with
ipi-SSL it is possible to devise a GAN method that can train both
high-accuracy classifier and a high-quality generative model (see

ection 7). In addition, the answer to RQ-1 was shown by the util-
ity of SX SSL-GAN (see Section 4) in Lipi-SSL. Finally, the Lipi-SSL
experiments also answered RQ-3 by generating high quality samples
when training with some labels (SSL) compared to training without
labels(unsupervised) (see Section 7).

State-of-the-art comparisons. The state-of-the-art methods UGAN and
MarginGAN have in addition to the generator and discriminator, more
neural networks in their GAN architectures. MarginGAN includes an
additional classifier, and UGAN applies a classifier and a second
generator. Instead, Lipi-SSL applied the basic DCGAN architecture.

Lipi-SSL behaves as expected from previous work, i.e., increasing
grid size can increase image generation performance [23,24]. We also
expect that Lipi-SSL can improve the SoA methods by creating a pop-
ulation of those GAN architectures. In [24], a distributed evolutionary
GAN has a limit to how much it can improve an ANN architecture. In
addition, one focus of this work was to use simple ANN architectures

Lipi-SSL loss diversity training. The diversity of the generators and
discriminators has been demonstrated to have an impact on the per-
formance of Lipizzaner [23,24]. A diversity of loss functions, which
led to a diversity of loss also improved performance [23]. This leads
us to conjecture that the diversity of the supervised and unsupervised
loss weights in the grid contributes to performance improvement.
Further ablation studies are required to provide more evidence for this
conjecture.

Lipi-SSL training configuration. We see that Lipi-SSL achieves good per-
formance for 2×2 and 3×3. This is an indication of the effect of the
iverse SSL loss weights can have on both classification accuracy and
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generated sample quality. Furthermore, we see that a fully labeled
data set has the highest sample generation quality with semi-supervised
learning compared to unsupervised learning. In addition, for MNIST,
the image generation converged in the first half of the run. The
classification accuracy can still be improved by further training.

When training with all CIFAR-10 labels, Lipi-SSL got training ac-
curacies larger than 99.0% in only 40 epochs when the fully labeled
dataset was used (result not shown), indicating how the GAN training
stabilized with a simple neural network architecture. These observa-
tions and the trend in the plots in Figs. 4, 7, and 10 indicate that it
would take longer for the training process to stabilize when a small
fraction of labeled samples were used, enabling further improvement
in classification performance (and image generation quality).

Limitations. For SoA comparisons, we cannot test the differences for
statistical significance since only aggregate values were reported. The
CIFAR-10 and SVHN results were obtained even when training was
stopped (due to computational constraints) before training converged
and stabilized.

9. Conclusions and future work

Our main objectives were to achieve good performances for both
classification and image generation, using a simple architecture, low
training duration, and a few labeled samples. We demonstrated that
spatially distributed evolutionary GAN for semi-supervised learning
method, Lipi-SSL, can provide this. With the use of SX SSL-GAN,
we introduced a simple architecture. In addition, Lipi-SSL generated
high-quality samples when training with some labels (semi-supervised)
compared to training without labels (unsupervised).

The coevolutionary approach of Lipi-SSL injects diversity into the
GAN training, which can improve performance. In addition, Lipi-SSL
uses optimizations such as Feature Matching and Instance Noise to
stabilize the training. Moreover, Lipi-SSL has a simple architecture both
in terms of the number of layers and number of convolutional channels.
Additionally, Lipi-SSL ensures a balanced subset of data points associ-
ated with labels is used during training. We evaluated our approach
on the MNIST, CIFAR-10, and SVHN datasets. Lipi-SSL achieved good
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Fig. A.14. Base SSL-GAN architectures.
classification accuracy, and the images generated by our models were
of a quality that is visually comparable to SoA approaches. Note that
the compared SoA approaches did not provide quantitative measures of
the image quality, so the potentially more biased visual inspection must
be used. Finally, our ablation study verified how the discriminators’
loss function diversity and balancing the labels in the training dataset
impact the performance of Lipi-SSL.

The main lines for future work are related to extending the em-
pirical analysis with different RGB and hyperspectral image datasets,
e.g., TinyImageNet, and Indian Pines; neural network architectures; and
Lipi-SSL configurations. Finally, SoA and Lipi-SSL will be run with the
same computational budget for the comparisons.
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Appendix A. SSL GAN architecture and training

This appendix extends the analysis performed in Section 4. It
presents a preliminary set of experiments on the MNIST dataset to
evaluate the three SSL-GAN variants (architectures and loss functions)
presented in Section 4.1 and FM in Section 2.2. The experiments here
are used to select a simple and high-performing SSL-GAN variant to
investigate in Section 7.

Fig. A.14 shows the main components of the SSL-GAN architectures
evaluated here.
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This section presents a preliminary set of experiments on the MNIST
dataset to evaluate the three SSL-GAN variants (architectures and loss
functions) presented in Section 4.1 and FM in Section 2.2. The exper-
iments here are used to select a simple and high-performing SSL-GAN
variant to investigate in Section 7.

Setup. The main parameter settings are the following: the generator
input was defined by a normal distribution with a mean of 0 and a
standard deviation of 0.1; a dropout of 0.2 was included between each
layer of the discriminator architecture; the batch normalization layers
were added in the generator and the discriminator as indicated; and
positive label smoothing with a smoothed label of 0.9 was used. Finally,
these preliminary experiments considered ten runs of each alternative
over 100 epochs, using 100 (0.00167), 300 (0.005), 600 (0.01), and
60 000 (1.0) labeled samples from the MNIST dataset.

The experiments were run on a HPC computing platform that uses
an IBM Power System AC922 (8335-GTG) with a Power9 architecture,
1 TB RAM, 3.6 GHz CPU cores, and NVIDIA Tesla V100 GPUs with
32 GB RAM.

Results. Table A.16 presents the classification accuracies and the image
quality generation (FID score) obtained by each SA-SSL variant with
a different number of labeled data points over the ten independent
runs. For readability Table A.16 shows integer values. Note that the
differences among the evaluated methods can be observed without
decimals.

The results in Table A.16 confirm that increasing the number of
labeled images improved the results, for both accuracy and image
generation. There is a markable difference between using the entire
labeled dataset as opposed to a fraction of it. On the one hand, SX SSL-
GAN provided the most competitive classification accuracy results (see
Table A.16). On the other hand, SS SSL-GAN trained the best generative
models in terms of FID (see Table A.16). The use of FM improved
the classification accuracy while reducing the quality of the generated
images.

SS SSL-GAN forces the discriminator to learn the correlation be-
tween images produced by the generator, to be labeled as fake by the
sigmoid layer while simultaneously also being labeled with the (𝐾+1)𝑡ℎ
class by the softmax layer. In contrast, SX SSL-GAN only does the
latter, focusing more on classification. As a result, the quality of images
produced by SX SSL-GAN was lower than that of SS SSL-GAN. However,
its classification performance was much better than that of the SS
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Table A.16
Classification accuracy (Acc.) and FID on MNIST for the SSL-GAN methods with (FM) and without feature matching (No FM) for different amounts of labels (# labels (fraction)).
Bold indicates the best result, accuracy is maximized and FID is minimized.

# labels SX SSL-GAN SS SSL-GAN H SSL-GAN

No FM FM No FM FM No FM FM

Acc. FID Acc. FID Acc. FID Acc. FID Acc. FID Acc. FID

100 (0.0017) 42 362 49 403 25 274 28 328 38 303 45 356
300 (0.005) 46 315 62 374 28 243 39 282 41 280 57 320
600 (0.01) 51 288 72 331 38 201 48 256 48 262 65 274
60 000 (1.0) 73 64 84 73 58 48 64 56 69 55 82 65
Fig. B.15. Proposed SSL-DCGAN architecture to deal with MNIST (with PyTorch layers).
SSL-GAN. H SSL-GAN is worse than SX SSL-GAN in its classification
performance and worse than SS SSL-GAN in its generation capability.

The H SSL-GAN implements a training process that, after a spe-
cific duration, switches training from unsupervised learning to semi-
supervised learning. The selection of the optimal time to switch adds
another parameter to the training process. This training method did not
provide the best results for both metrics.

Using FM improved the classification accuracy while worsening the
FID scores. Thus, we selected SX SSL-GAN, the method that got the best
classification results without using FM (because FM limits the capability
of the trained generative model to produce quality images).

Appendix B. Neural network architectures for Lipi-SSL experi-
ments

Figs. B.15 and B.16 illustrate the architectures defined to per-
form the experimental analysis of Lipi-SSL on MNIST and CIFAR-10,
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respectively. In these two figures, Conv2d [62] and ConvTrans-
pose2d [63] refer to the PyTorch implementations of layers for a con-
volutional operator and a two-dimensional transposed convolutional
operator, respectively.

Appendix C. Further empirical analysis results

Tables C.17 and C.18 summarize the main experimental results.
These two tables present the classification accuracy, image generation
quality (in terms of FID for MNIST and in terms of IS for CIFAR-10) and
image generation diversity (TVD) results by reporting the minimum,
median, inter-quartile range (IQR), and maximum of the distribution of
the results for each grid size. The MNIST results were computed over
15 independent runs, while the CIFAR-10 results were obtained over
seven independent runs.
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Fig. B.16. Proposed SSL-DCGAN architecture to deal with CIFAR (with PyTorch layers).
Table C.17
Accuracy, FID, and TVD scores using different models with 100 and 50 000 labeled data points when applying semi-supervised learning and 0 labels when using unsupervised
learning (averaged across 15 runs). Best values are in bold, accuracy is maximized, and FID and TVD is minimized.

Model & grid size # labels: 0 (0) # labels: 100 (0.0017) # labels: 50 000 (0.83)

Acc. FID TVD Acc. FID TVD Acc. FID TVD

Lipizzaner 1×1 – 17.96 0.10 – – – – – –
Lipizzaner 3×3 – 3.38 0.04 – – – – – –
SSL-GAN – – – 49.28 403.39 0.16 84.10 73.93 0.14
Lipi-SSL 1×1 – – – 86.03 13.77 0.08 94.98 8.94 0.07
Lipi-SSL 2×2 – – – 91.16 7.02 0.07 99.14 5.62 0.06
Lipi-SSL 3×3 – – – 95.96 5.22 0.07 99.38 2.72 0.04
20
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Table C.18
Classification accuracy using varying number of labeled data points considering Lipi-SSL and SSL-GAN, averaged across 7 runs.
The best values for each number of labeled samples used are in bold, accuracy and IS are maximized, and TVD is minimized.

Model & grid size # labels: 5 000 (0.1) # labels: 50 000 (1.0)

Acc. IS TVD Acc. IS TVD

SSL-GAN 59.26% 2.74 0.081 88.27% – –
Lipi-SSL 1×1 68.44% 3.64 0.043 95.47% – –
Lipi-SSL 2×2 74.79% 4.92 0.031 97.41% – –
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