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ABSTRACT OF THE THESIS

Improvements in cardiac segmentation for cross-modality

domain adaptation

By Rushin Hitesh Gindra
Thesis Director:

Dimitris Metaxas

In medical image computing, the problem of heterogeneous domain shift is quite com-
mon and severe, causing many deep convolutional networks to under-perform on various
imaging modalities. Retraining the network is difficult since annotating the new do-
main data is prohibitively expensive, specifically in medical areas that require expertise.
While recent works show approaches to tackle this problem using unsupervised do-
main adaptation, segmentation modules in such methods can be improved vastly. Our
implementation provides a segmentation improvement on the current state-of-the-art
framework, Synergistic Image and Feature Adaptation(SIFA). We revisit atrous spatial
pyramid pooling while using convolutional features as well as image features for multi-
scale object segmentation. We have validated the effectiveness of the improvement
on the framework using the challenging application of cross-modality segmentation of
cardiac structures. To demonstrate the robustness of the module, extensive experi-
ments have been performed on Long-Axis(MMWHS) cross-modal cardiac segmentation

tasks.
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Chapter 1

Introduction

Deep Convolutional Neural Networks(DCNNs) are currently dominating numerous chal-
lenging tasks like semantic segmentation, object detection, motion analysis, etc, yielding
outstanding performance in several medical imaging tasks [32]. These supervised al-
gorithms frequently assume that the training and testing data are independent and
identically (i.i.d) distributed. However this assumption rarely holds true in real life.
A number of recent theoretical and empirical results have pointed out the problem
of performance degradation when encountering a domain shift between the training
data(source domain) and testing data(target domain) [4, 37, 50]. Such domain shifts
are even more natural and severe in the case of medical image computing. Certain
scenarios may include, training and testing images coming from different sites, different
scanning protocols or even different imaging modalities [63, 62].

A typical situation in the medical field is the use of different indispensable imaging
modalities like MRI and CT for cardiac imaging. For example, MRIs capture great
contrast between soft tissues and provide high resolution in the temporal space. On the
contrary, CT imaging is quick and provides great spatial resolution. One can observe,
these different modalities play important complementary roles in clinical procedures for
disease diagnosis and treatment.

In practice, often the same image analysis task is required for multiple related but
different domains, like segmentation of cardiac structures from MRI and CT scans.
As anticipated, DCNNs trained on MRI data only, perform poorly when tested on
CT image scans, concluding that there exists a domain shift. To recover the model

performance, one rudimentary method is to fine-tune the model [51], which requires
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Figure 1.1: Existence of multiple scale samples of same cardiac structures

additional labeled data from the target domain. However, in many supervision depen-
dent tasks like segmentation, labeling data for new domains in extremely expensive
and cumbersome. Another option is to use purely synthetic data for model training.
Unfortunately, models naively trained on synthetic data do not generalize well to real
image samples.

This problem of domain shift has motivated several research works on unsuper-
vised domain adaptation(UDA). It is a methodology that attempts to learn a model
that performs well in target domain using solely unlabeled target domain data, and
labelled data from the source domain. Recent works on UDA can be divided among
two streams, Image Adaptation and Feature Adaptation. Briefly, image adaptation
deals with the domain shift at the input level using pixel-level transformations, while

feature adaptation learns a model that extracts domain invariant features.



Recent studies have pointed out, both streams address domain shift from comple-
mentary perspectives. Furthermore, several promising works have emerged that perform
both the adaptations together [14, 24, 57]. The current state-of-the-art framework, Syn-
ergistic Image and Feature Adaptation (SIFA) [6] leverages the mutual interaction and
benefits of both adaptations by enabling a synergistic fusion of the adaptations from
both the feature and image perspectives. The network shares the feature encoder for
simultaneously transforming image appearances and extracting domain invariant rep-
resentations for segmentation tasks. The network is explained in detail in the Methods
section.

To the best of our knowledge, all recent UDA for segmentation methods, including
the state-of-the-art SIFA framework, use dilated residual networks (DRNs) [54] as their
segmentation modules. While, DRNs are efficient and work well for segmenting out
distinct structures, they do not capture the multi-scale context effectively (See figure
1.1). There remains extensive room for improvement in the segmentation module of
the network. Semantic segmentation being a separate research problem, a fairly large
number of methods [9, 33] have been developed to improve the performance in com-
puter vision systems. Most recent works include use of atrous convolutions and spatial
pyramid pooling [10] to capture multi-scale features.

In this thesis, noticing the growing inclination of researchers towards using PyTorch
as their default deep learning library, we re-implement the SIFA framework in PyTorch.
As far as we know, our implementation is the first reproduction of the TensorFlow im-
plementation [5] of SIFA in PyTorch. Most importantly, we propose an additional
component to the DRN module called atrous spatial pyramid pooling(ASPP)[10], and
successfully validate the method on the challenging task of cross-modality cardiac struc-
ture segmentation [63]. The segmentation module is an independent entity, that can be
appended to any domain adaptation modules effectively without interfering with the
adaptation process. We encourage researchers to use our implementation, in whole or
in part, for future improvements.

The major highlights of the thesis are as follows:

1. With growing inclination of researchers to use PyTorch, we re-implement the



SIFA network in PyTorch to encourage further improvements in UDA for medical

imaging.

. We propose an addition of atrous spatial pyramid pooling module to the segmen-
tation network, to capture multi-context features and thus improve segmentation

performance without interfering with the adaptation process.

. We validate the robustness of the SIFA(PyTorch) module with the additional

ASPP and compare the results with the TensorFlow implementation of SIFA.



Chapter 2

Literature Review

Our implementation involves improving the segmentation networks that can be used in
domain adaptation frameworks without affecting the adaptation process. As a result, in
this chapter, we discuss two independent modules and the previous works that inspired
this thesis. The modules discussed below, when integrated into one unified network,

exploit information effectively to perform domain-invariant and accurate segmentation.

2.1 Semantic Image Segmentation

Semantic segmentation was an extremely challenging task in the previous decade, when
deep learning was still on the rise. Most of the successful segmentation algorithms
involved using hand-crafted features with shallow classifiers like Random Forests [48]
and Support Vector Machines [17]. The performance of these systems has always been
compromised by the limited representational power of the hand-crafted features. With
the rise in DCNNs deployed in a fully convolutional manner (i.e Fully Convolutional

Networks or FCNs [47, 38, 36]), the performance of these models on several semantic
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Figure 2.1: Segmentation model designs



segmentation benchmarks has been phenomenal.

We know that basic DCNNs normally are invariant to local image transforms [55],
allowing them to learn abstract representations. While this is desirable for high-level
vision tasks like image classification or object detection, it can hamper the performance
of dense prediction tasks like semantic segmentation. Another seemingly trivial but
difficult problem usually faced for segmentation tasks is the existence of objects at
multiple scales [63].

Current state-of-the-art(SoA) DCNN systems for low-level prediction tasks revolve
around two essential principles to solve the above problems. The first one is using
optimal neural network design and the second is ability to capture multi-scale context.
It has been known that context information is crucial for pixel labeling [22, 13, 39, 7,

31, 41, 46, 52]. Several model designs have been proposed for the same. (See figure 2.1)

2.1.1 Image Pyramid

The model is used repeatedly on multiple scaled inputs to capture multi-scale context.
Small scale inputs encode long-range context in features. On the other hand, large scale
inputs encode details relevant to small objects. For example, Farabet et al. [16], uses
a laplacian pyramid to obtain images at multiple scales. These images are then given
as an input to the model. The feature maps generated from the model, for all scales,
are then merged for final pixel-level labeling. [31, 11, 9] involved directly resizing the
inputs to various scales and fusing all the intermediate features from all the scales. The
image pyramid design of networks is not a favorable method, and doesn’t scale well for
deeper DCNNSs due to its heavy computations and limited GPU memory. Such models

are usually applied during the Inference stage [12].

2.1.2 Encoder-decoder

This type of model comprises of two distinct components. The Encoder captures long-
range information easily in the deeper layers, using consecutive pooling or convolutional
striding operations. The Decoder inputs the captured information from the Encoder

to recover the object details and spatial resolution that is necessary for dense-labeling



tasks.

One popular research example that uses the encoder-decoder design is U-Nets [44].
Comprising of several variations, U-Nets skip connections from encoder features to de-
coder activations, thus regaining all spatial resolution lost due to pooling and striding.
[19] employs Laplacian pyramid reconstruction for decoders. SegNet [1] uses the pooling
indices of the encoder for upsampling the convolutions in the decoder. Many such vari-

ations [30, 43, 42, 26] have performed effectively in several segmentation benchmarks.

2.1.3 Context Modules

In this design, models optimized for high-level tasks are appended with additional
modules in cascade to encode long range context. Quite frequently, researchers have
explored CRFs as context modules. One effective method is to append DenseCRF's [28]
as an independent module over the DCNNs [8]. Furthermore, [60, 31, 46] have proposed
to jointly train CRFs & DCNN components in a unified network.

Models based on atrous convolutions are also explored as context modules for seg-
mentation. For example, [35, 53, 54] experiment with modifying the atrous rates in

consecutive layers, to capture long range information effectively.

2.1.4 Spatial Pyramid Pooling

As the name suggests, this type of model [21, 29] incorporates pooling of feature maps
obtained from several multiple-scaled inputs. Few works [25, 8, 53, 9] have explored
atrous convolutions as context modules for spatial pyramid pooling(SPP) such that they
can be applied to any network. Specifically, they duplicate several copies of the last
block of the network (like ResNet [23]) and arrange them in a cascade before adding the
SPP module. Atrous Spatial Pyramid Pooling(ASPP) [10] is a popular method where
a layer with parallel atrous convolutions captures multi-scale information. In [34, 59],
ASPP module is augmented with image-level features as well to capture global context.

While the above methods represent semantic segmentation in traditional vision sys-
tems, medical imaging studies frequently borrow them to effectively perform complex

segmentations.



2.2 Domain Adaptation

Numerous investigations of deep learning have focused on reducing performance degra-
dation of DCNNs under domain shift. As mentioned earlier, several research proposals
tackle this problem from the perspective of image adaptation, feature adaptation or a
mixture of both. This section gives an overview of the SoA approaches and focuses
on unsupervised domain adaptation. (Assuming annotations are available only for the
source domain). Studies on both traditional vision systems and medical imaging sys-

tems are covered.

2.2.1 Image Adaptation

Image adaptation is the process of aligning the image appearance between domains
with pixel-to-pixel transformations. With the introduction of GANs [20] and several
of its variations, image adaptation addresses the domain shift addressed at input level.
To preserve the semantic information of the input images, the entire process is usually
guided by a cycle-consistency constraint [61]. One stream of solutions is to test the
transformed source like images on the trained model [56, 45]. Alternatively, generated
target-like images can be used to train the model in the target domain(i.e using syn-
thetic data for model training). However, these methods is usually not effective as they
don’t generalize to real images [4, 58]. CycleGANs [61] have gained much recognition
in image-to-image transformations. Many natural [45] as well as medical imaging [24]
studies have heavily borrowed the idea of CycleGANs for the task of segmentation.
Bateson et al. [2] proposes a general constrained image adaptation approach for spine
segmentation. It encodes simple domain-invariant prior knowledge about the segmen-

tation regions, like region size, or region shape.

2.2.2 Feature Adaptation

Meanwhile, several feature-level adaptation methods have also been researched, with the
end goal being to reduce domain shift deeper in the network. The focus is on aligning the

feature distributions by minimizing a certain chosen measure of distances like Maximum



Mean Discrepancy(MMD) [37] between features from the source and target domain.
Instead of using the distance measurements between distributions, methods like DANN
[18] and ADDA [50] have effectively used discriminators to differentiate the feature
space across domains. Several medical studies [27, 15] have adopted this framework
for segmenting tasks. A Recent studies [49], propose to project the high-dimensional
feature space to more compact spaces like the semantic prediction space, and use it as
the discriminator input to derive the adversarial loss.

Several methods have emerged that combine image and feature adaptation to achieve
a stronger process. For example CyCada [24], PnP-AdaNet [14] and FCAN [57] achieve
significant improvement in adaptation between synthetic and real world scenarios, by
sequentially performing image and feature adaptation.

While all the above methods assume that abundant unlabeled target data is avail-
able, which is not always realistic in medical image computing, OUyang et al. [40] uses
a different direction for 3D cross modality cardiac segmentation. The method heavily
borrows the idea of one shot domain translation [3].

It is worth noting that, to the best of our knowledge, most adaptation methods
for semantic segmentation above utilize dilated residual networks(DRNs) [54] as their
segmentation module.

Considering that cardiac MRI or CT can be taken across different sites or even
different angles depending on the purpose of diagnosis, it is highly possible that the
cardiac structures present are of multiple scales [63]. As a result, simple segmentation
modules that don’t effectively capture multi-scale context may not be sufficient in this
challenging task of cardiac segmentation. To tackle this task, we propose to merge the
current SoA SIFA framework [6] with the current SoA segmentation module to fully
exploit their mutual benefits toward whole-heart segmentation without interfering with
the unsupervised domain adaptation process. However there are certain constraints or
restrictions of using the segmentation research for domain adaptation. For example U-
Nets [44] cannot be utilized in adaptation frameworks because of the skip connections
since, along with regaining the resolution maps, the decoder also gains domain specific

features through the skip connections which is not desired for adaptation frameworks.
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As a result, we need to focus on segmentation modules [10] that can perform with-
out interfering with the adaptation process. To smoothen the integration process, we
implement the two modules independent of each other such that the segmentation mod-
ule can be used as an individual entity for use in future improved domain adaptation

frameworks.
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Chapter 3

Dataset

To compare the effectiveness of our method with it’s predecessor, SIFA [6], we test
it on the MICCAI Multi-modality Whole Heart Segmentation(MMWHS) Challenge
[63] dataset (Figure 3.1). It contains 20 MRI and 20 CT cardiac images with manual
segmentation annotations. The images in either domains are unpaired and are obtained
from different anonymous patients and sites. Similar to SIFA data preparation and
usage, we evaluate the adaptation process on segmentation of four structures: ascending
aorta(AA), left atrium blood cavity(LA-blood/LAC), left ventricle blood cavity(LV-
blood/LVC), and the myocardium of the left ventricle(LV-myo/MYO).

Figure 3.1: Severe cross-modality domain shift in cardiac imaging

To simplify the procedure and perform an equivalent evaluation like in SIFA, we use
the released pre-processed data from PnP-AdaNet [14]. The pre-processing of samples
includes normalizing all the data with zero mean and unit variance. The images were
cropped to the size 256 x 256 and additionally augmentated with rotation, scaling and
affine transforms. For the learning process, each modality was randomly split with
80% cases for training, and 20% cases for testing. MR scans are considered as the

source domain, and CT scans are considered as the target domain. Please note, the
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ground-truth of the target domain(i.e CT image scans) were used only for validation
and testing phase.

Similar to the SIFA framework, for segmentation evaluation, Dice coefficient(%) and
average surface distance (ASD) metrics were used. Higher Dice coefficient and Lower

ASD indicated better segmentation performance.



Chapter 4

Methods
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Figure 4.1: Improved segmentation network: SIFA + ASPP

Generator Gg_7: source — target transformation.
Encoder E + Decoder U: target — source transformation.
Encoder E + ASPP segmentor S: Segmentation mask predictions.

4.1 Segmentation module

As mentioned previously, to the best of our knowledge, all recent UDA for segmentation

frameworks use DRNs as their segmentation module. Several segmentation improve-

ments have emerged since DRNs, that capture multi-scale context from data easily.

A variation of atrous spatial pyramid pooling proposed in

[10] is one such improve-

ment which uses the design of DRNs as a context module and tool for adding multi-scale

context modules. The ASPP module captures multi-scale information by resampling

features at different scales using multiple atrous convolution rates as well as adopting
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image-level features. We refer the reader to head to [10] for specific configurations and
a detailed explanation of the design.
In the end, the module consists of the following parallel layer branches on top of

the base DRN design (Figure 4.1):

1. One 1 x 1 convolution

2. Two 3% 3 convolutions with rates = (4, 6, 8) (Experimented with rates = (6, 8, 10)

as well. Got comparable results)

3. Image-level features i.e upsampled feature space obtained from global average

pooling of the input feature map to module.

The resulting features from all the parallel branches are then concatenated and passed

through one more convolution before the final classification layer.

4.2 Synergistic Image and Feature Adaptation

As mentioned before, in order to enable cross-modality cardiac segmentation, SIFA [6]
proposes a synergistic integration of both the perspectives of adaptation, i.e. image
adaptation and feature adaptation, in a single unified network, such that both aspects

can mutually benefit each other during training (See figure 4.1).

4.2.1 Overview

Given source input domain X*, set of labeled samples {zf, y; zN:p and target domain

X!, set of unlabeled samples {:1;3 jﬂil, the aim is to reduce the domain shift such that,
the same segmentation network can be used to segment structures from either domain

inputs.

4.2.2 Image Adaptation

The image adaptation process narrows the domain shift between the source and tar-

get domain by aligning the image appearances. This is achieved using GANs [20] for

pixel-to-pixel image transformations of source images z° to target-like images =7t
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Specifically, a target generator Gg_r and a target discriminator Dy is built, forming a
minimax two player component in the target domain [2#57 = Gg_7(z%)].

The discriminator opposes the generator, trying to differentiate the fake image x5

t

udv 1s defined as :

from the real target image x!. The adverserial loss L

Ly (Gsr,Dy) = Egu.xi[log Dy(a")]

adv

+Egsxs[log (1 — Di(Gs_1(x*)))]

The training of this network is guided by a cyclic consistency constraint using a
reverse generator Gy = E o U and source discriminator Ds. (E : encoder and U :
upsampling decoder). This is necessary to preserve the semantic context of the input

during adversarial training. The pair (G, D;) is trained in the same way as (Gs_r, Dy)

S

using adversarial loss L ;

adv(Gs, Ds) = Egsxs[log Dg(z°)]

+ Byt xsot[log (1 — Dg(Gg(2°7H))]
The cyclic consistency loss is defined as follows:

Leye(Gs 1, B,U) = Epsoxs [| U(E(Gs_7(2%))) — 27 |]

+Eyx || Gsr(U(E(2"))) — 2" ||

In short, the aim is to obtain : U(E(Ggs_r(z%))) ~ 2% ; Gs_r(U(E(a!))) ~ xt.
Ideally this should bring 257 closer to the data distribution of target domain. With
that assumption the segmentation network is trained with synthetic target-like images.

S71) are input to the pixel-level

To elaborate, the feature maps extracted from F(x

classifier (in our case, ASPP module), S for predicting segmentation masks ¢t =
S(E(z*7)).

The segmentation loss to be optimized is:
Lseg(Ea S) = H(y*, ?QS_H&) + a - Dice(y®, QS_%)

where, H is the weighted cross-entropy loss from ground-truth, predicted segmen-

tation mask, Dice is the Dice Loss, and « is the weighting hyper-parameter.
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4.2.3 Feature Adaptation

When domain shift is severe, like in the case of MRI scans & CT scans, only image
adaptation can be insufficient to achieve the desired performance. One needs to address
the remaining domain gap between the synthesized target images and real target images
using feature adaptation i.e. enabling the network to extract domain invariant features
such that it becomes indistinguishable or difficult to interpret, which domain it came
from.

It is worth noting that the feature space extracted by the DCNNs will be of very
high dimension. It can be difficult to learn the mappings from the specific domain
distribution X to the underlying domain-invariant feature space Z. To overcome this
problem, two independent discriminators, DsandD,, are used to distinguish the domain
invariance in two lower dimensional spaces: Semantic Segmentation space and Auxiliary
Feature space.

Discriminator D, distinguishes whether the predicted segmentation mask comes

t or z'. Since segmentations are supposedly simple anatomical structures, if

from x5~
the segmenter receives features that are invariant, the discriminator would fail to tell
apart the domain of the predicted masks.

The adversarial loss for the semantic segmentation space is:

LP

adv

(E,S,Dp) = Epsotnxstllog (Dy(S(E(z"))))]

+Eyxi[log (1 — Dy(S(E(a"))))]

While the cyclic consistency constraint helps preserve the semantic information during
pixel to pixel transformation, it can also be used to remove any remaining domain
characteristics in the latent feature space Z. Specifically, an auxiliary task is added
to the source discriminator Dy to distinguish whether the generated source-like images
2% came from real target images 2! or generated target-like images x°7%.

The domain invariance training in the auxiliary feature space is guided by the fol-

lowing adversarial loss:
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ads (B, Ds) = Epeoixemtllog (Ds(U(E(2°))))]

+E,tx(log (1 — Dy(U(E(z"))))]

Overall, we enforce the encoder to extract domain invariant features by training
it from two perspectives: segmentation prediction (High-level semantics); generated
image space(low-level appearance).

Notice that the encoder E is shared for both image adaptation and feature adapta-
tion. This allows us to use the encoder simultaneously to extract features and transform
image appearances in a multi-task scenario - a synergistic merge indeed.

Since both the adaptation processes are independent of each other, they form in-
dependent training graphs allowing us to train the entire network in an end-to-end

manner. The final goal of the framework is to reduce the loss function:

L = LZdv(Gszv Dt) + )‘fzdv Zdv(Ea U, DS) =+ /\cychyc(GS,Tv E, U)

+AsegLseg(E,S) + AL LV (E, S, D) + Ao Liv® (B, D)

advadv adv Haux

where all the As are the weighting hyper-parameters. We refer the reader to head to

[10] for specific network configurations and a detailed explanation of the design.

4.2.4 Implementation Details

The entire network including the SIFA framework + ASPP segmentation module is
implemented in PyTorch 1.2 (Python 3.6). Both independent modules are configured
as proposed in [6] and [10], respectively.

The learning protocols of SIFA framework are used for training the network. This
makes it easy for us to compare the results between the TensorFlow implementation
& PyTorch implementation. It also enables us to correctly evaluate the additional

segmentation improvements. Overall, the training parameters are as follows:

1. Adaptation module: we use the Adam optimizer with a learning rate of 2 x 10~*

with no decay.
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2. Segmentation module: we use another Adam optimizer with a learning rate of

1 x 1072 with a step decay of 0.9 every 2 epochs.

3. During testing, the image scan from the target domain is given directly as input
to the domain invariant encoder F, followed by the segmenter S, to obtain the

segmentation prediction.
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Chapter 5

Results

For the purpose of this thesis, we compare our PyTorch implementation with the Ten-
sorFlow implementation of SIFA [5] framework without ASPP. Table 5.1 reports the
comparison results. We can see that the PyTorch implementation of SIFA gives a
slightly reduced performance. Since completely reproducible results can’t be guaran-
teed across deep-learning libraries and across CPU/GPU platforms, our best guess is
that we need better hyper-parameter tuning.

Nevertheless, when we integrate our SIFA implementation with the ASPP module,
there is a significant boost in the Dice score for the Left Atrium blood cavity (LAC) and
the Left Ventricle blood cavity (LVC). This demonstrates the effectiveness of multi-scale

context modules for segmentation.

Evaluation
Methods Dice ASD
AA | LAC | LVC | MYO | Average | AA | LAC | LVC | MYO | Average
SIFA 81.1 | 76.4 | 75.7 | 58.7 73.0 106 | 7.4 | 6.7 7.8 8.1
SIFA(PyTorch) | 79.6 | 70.0 | 74.8 | 54.0 69.6 10.3 | 6.2 5.6 7.3 7.3
Proposed 79.6 | 76 | 77.2 | 55.3 72.02 10.8 | 7.1 5.6 7.3 7.7

Table 5.1: Evaluation Results

Performance comparison between our method(SIFA + ASPP) and SIFA for the task
of cardiac cross-modality segmentation.
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Chapter 6

Conclusion

The thesis proposes adding the atrous spatial pyramid pooling to the segmentation sub-
module of the domain adaptation network, enabling it to capture multi-scale context
effectively and thus improving the segmentation performance.

We also provide a PyTorch implementation of SIFA, the current SoA domain adap-
tation framework for cross-modality cardiac segmentation. This is with the hope of
encouraging further research among scientists who prefer PyTorch’s dynamic ecosys-
tem.

The method is validated on unpaired MRI to CT image adaptation for cardiac
segmentation and compared with the base SIFA module. Our method is general and
can be extended to other segmentation appplications in part (i.e SIFA and ASPP) or
in whole for unsupervised domain adaptation. The code is publicly available at

https://github.com/rushin682/SIFA-PyTorch. git.
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Chapter 7

Discussion

When thinking of solutions for improvements in individual components of domain adap-
tation, a good start is to think of approaches that can simplify the framework without
affecting the adaptation process. From our own experimental experiences, for effective
model learning, it is necessary to have a refined dataset that doesn’t include many
outliers. Pre-processing can improve the training significantly.

It is also important to validate the robustness of the proposed method on multiple
datasets. Several publicly available datasets exist for domain adaptation like the Multi-
sequence Cardiac MR Segmentation Challenge 2019 [MS-CMR 2019] dataset [62]. We
plan to explore optimal pre-processing techniques for medical image data as well as
validate the robustness of our method on MS-CMR 2019 dataset in the near future.

With emerging research in Neural Architecture Search [33] beyond image classifica-
tion, building a domain adaptation framework should be plausible. With this note, we
encourage researchers to move ahead toward developing a general domain adaptation

search space that can reduce and possibly eliminate the multi-domain difference.
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