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Applications based on machine learning (ML) are greatly facilitated by mobile devices and their enormous
volume and variety of data. To better safeguard the privacy of user data, traditional ML techniques have
transitioned toward new paradigms like federated learning (FL) and split learning (SL). However, existing
frameworks have overlooked device heterogeneity, greatly hindering their applicability in practice. In order
to address such limitations, we developed a framework based on both FL and SL to share the training load of
the discriminative part of a GAN to different client devices. We make our framework available as open-source
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1. Introduction

GANSs [1] are a subset of machine learning models that are utilized
in semi-supervised and unsupervised learning. GANs are applied suc-
cessfully in artificial intelligence (AI) applications such as medicine,
computer vision, vocal Al, autonomous driving, and natural language
processing [2-5]. Both the generator G and the discriminator D of a

GAN are deep neural networks; specifically, D is a classifier designed
to distinguish between genuine data stored locally (on the device) and
bogus data generated by G. As a result, it is highly desired and, in
certain circumstances, required to train D on the devices that generate
and store the genuine (true) data. However, the varying processing
capabilities of these devices may impede the on-site training of GAN
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models. Enabling distributed learning of GAN models, particularly for
XR applications, necessitates overcoming two significant obstacles:

(i) Limited resources (heterogeneity) on the devices where the
model is trained.

(i) Data privacy, e.g., medical applications are based on extremely
sensitive patient data, therefore any machine learning model
that operates on such data must maintain its confidentiality.

There are some recent works using FL and SL to ensure data and
model privacy while taking client capabilities into account. FL enables
data privacy by requiring each client to train a machine learning
model privately, with no data sharing between participating clients.
However, the limited resources of participating clients severely limit
the applicability of FL [6], as clients may not be able to train a whole
model. SL, on the other hand, solves the restrictions of FL by dividing
the network architecture between participating clients and, perhaps, a
coordinating entity such as a server. [7] presents a privacy-sensitive
parallel SL approach in which each client trains a portion of a model
with a preset size of mini batch that corresponds to the size of its (local)
data collection. Similarly, [8] presents a strategy that combines FL and
SL to train recurrent neural networks on distributed sequential data.

Our work makes improvements based on existing works by opti-
mally splitting the neural network into smaller pieces to be trained
by individual devices, in accordance to their on-board compute capa-
bilities. As such, our method insures that a model is trained within a
certain time budget by partitioning a model in accordance with the
computational budget of single devices. Next, we describe the details
of the software.

2. Description

Our software FSL-GAN [9] provided a simulation environment for
federated GAN networks with split learning. In our software, we sim-
ulate the performance of device i through the processing_time_f actor;
variable, and model its memory consumption through the capacity;
variable. We understand that this model is naive and requires improve-
ment, but users can easily plug in their selection algorithm for their
experiment.

We deploy the DCGAN [10] model in our software; however, the
user can deploy any model they like. To customize the model on FSL-
GAN, the user needs to define each split-able part of the model and
the model complexity (to simulate the client selection algorithm). The
user also needs to notice that in our software one client means one
discriminator, and hence each discriminator can also access a portion
of the data (a simulation of real federated learning use case).

Listing 1: Split DCGAN
# Num_of params = 1664
def make_discriminator_part_ A ():
model = tf.keras.Sequential ()
model.add(layers.Conv2D(64, (5, 5),
strides=(2, 2), padding=’same’,
input_shape=[28, 28, 11]))
model.add(layers.LeakyReLU())
model.add(layers.Dropout(0.3))
return model

# Num_of params = 204,928
def make_discriminator_part_B ():
model = tf.keras.Sequential ()
model.add(layers.Conv2D(128, (5, 5),
strides=(2, 2), padding=’same’))
model.add(layers.LeakyReLU())
model.add(layers.Dropout(0.3))
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return model

# Num_of params = 823,553

def make_discriminator_part_C():
model = tf.keras.Sequential ()
model.add(layers.Conv2D(256, (5, 5),

strides=(2, 2), padding=’same’))

model.add(layers.LeakyReLU ())
model.add(layers.Dropout(0.3))
model.add(layers. Flatten ())
model.add(layers.Dense(1))
return model

3. Software impact

Our FSL-GAN methodology consists of cooperatively training the
discriminator model of a GAN across multiple devices of a single client,
fully leveraging their heterogeneous resources. Its heuristic device se-
lection strategy takes into account their capabilities to achieve better
system performance. Increasing the number of discriminators in the
system can further reduce generator loss and training time.

Our software provides a solution for running GANs on mobile de-
vices, enabling such devices to jointly train a complex GAN for use cases
such as GAN-based Render [11] and Scene Synthesis [12]. Enterprises
could serve the pre-trained model to the user for these cases. These
models can be trained on devices with low computational capabilities,
such as mobile phones, while preserving data privacy on the client side.

4. Limitations and future development

We plan to investigate the following aspects:

1. minimizing the communication overhead between devices,

2. considering the trade-off between memory size and computa-
tional performance (e.g., the bandwidth and the number of cores
on GPU/CPU),

3. removing the slowest discriminator in the system, and

4. investigating the effect of data heterogeneity on model conver-
gence.
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