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PROBLEM STATEMENT & MOTIVATION
GANs have been widely used in Magnetic Resonance Imaging
(MRI) tasks such as image-to-image translation and image recon-
struction. However, GANs might suffer from training problems
since all GAN architectures demand a large amount of high
dimensional samples to be adequately trained [1, 2]. Furthermore,
medical data privacy regulations inhibit utilizing patient data in
a centralized manner. To mitigate such problems, we implement
the distributed learning of WGANs for image-to-image translation
tasks.

Our contributions in this work can be summarized as follows:

• Privacy preservation

• Low computational complexity

• Low storage demand

MODEL-WGAN
• GAN: A GAN architecture aims to optimize the following

min
G

max
D

Ex∼pr(x)[log(D(x))] +Ex∼pg(x)[log(1−D(x))]

pz : Distribution over noisy inputs
pg : Generator’s distribution over real samples
pr: Distribution over real samples

• WGAN:

min
G

max
D

Ey∼pr(x)[D(y)] +Ex∼pg(x)[D(x)]+

ηEt∼pt
[
∥∥∇tD(t)

∥∥
2
− 1]2.

where t = αx+ (1− α)y and 0 ≤ α ≤ 1.

MODEL-DISTRIBUTED ARCHITECTURE
Given n discriminators, each of them computes an average gradi-
ent, gk = ∇Fk(wt), on their local data at the current model wt and
sends these model gradients to the central node where we train the
generator. The average of the gradients collected from the discrim-
inators, 1

n

∑n
k=1 gk, is used for the global update as follows [3]

wt+1 ← wt − η
1

n

n∑
k=1

gk

Figure 1: Distributed training of WGANs for MRI image reconstruction.

DATASETS & EXPERIMENTAL SETUP
Setup: For both G and D, we used a 3-layer Convolutional Neural Network (CNN) architecture with kernel size 5 and stride 2. We then
trained each using a first order gradient based optimization algorithm. We implemented the WGAN architecture in a distributed learning
setting by utilizing multiple discriminators, and we evaluated the distributed WGAN architecture for the centralized case, for 2 and 5 users.

Data: We used the MNIST dataset [4], and a fully-sampled multi-slice 2D cardiac cine MRI dataset.[5]. The MRI dataset consisted of labeled
examples where the labels are fully-sampled, normalized greyscale images, and inputs are undersampled, normalized, greyscale images
generated by using variable density undersampling masks. The examples were obtained using a 1.5T MRI scanner where the examples
had a matrix size of 180x202.

RESULTS

Figure 2: Centralized-MNIST Figure 3: Centralized-the cardiac cine dataset.

Figure 4: Distributed 2 users-MNIST Figure 5: Distributed 2 users-the cardiac cine dataset.

Figure 6: Distributed 5 users-MNIST. Figure 7: Distributed 5 users-the cardiac cine dataset.

ANALYSIS

Figure 8: Loss and Wasserstein Distance on MNIST and cardiac cine Dataset.

Table 1: Comparison on MNIST and cardiac cine Dataset.
Loss-MNIST Wasserstein Distance-MNIST Loss-Cardiac Wasserstein Distance-Cardiac

Centralized -8.335952 -11.32122 -42.23892 -45.473563
Distributed with 2 Users -8.401217 -13.544862 -45.66187 -35.75627
Distributed with 5 Users -8.8937645 -13.643525 -50.28717 -28.68978

DISCUSSION
• We implemented a WGAN architecture in the distributed

learning setting and evaluated the performance of our model
for MNIST and an MRI dataset.

• Our setting worked succesfully on MNIST dataset as can be
seen from the evolution of fake images in Figures 2, 4, 6. Sim-
ilarly from Figures 3, 5, 7, it is seen that we were able to gen-
erate fake images (two left-most images) very similar to the
original input images (two right-most images).

• It can be concluded from Figure 8 and Table 1 that distributed
learning setting did not cause any increase in the loss or
Wasserstein distance which are the basic performance mea-
sures for wGANs.

• We preserved each user’s privacy since each node stores its
local data, which is especially crucial for datasets involving
medical information.

• We reduced the complexity and storage demands by dis-
tributing both the processing and the data to several nodes,
which allows training large scale networks with high dimen-
sional data.

FUTURE WORK
• Showing the performance of our model for large-scale tasks,

i.e. using larger networks such as ResNet, and evaluating the
performance for larger datasets such as ImageNet.

• Compression methods for data transfer between the central-
ized node and the users can be considered, since communi-
cating updates at each iteration is cumbersome for large neu-
ral networks.

• Adoption of different merging techniques to further improve
performance, e.g., using a weighted and adaptive average of
the gradients.
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