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Introduction

Figure 1: Four types of Cardiac Imaging. From left to right: Computerized Tomography
(CT), Magnetic Resonance Imaging (MRI), Positron Emission Tomography (PET), and
Ultrasound (US).[MRI, ]




Motivation

* Different statistical distribution problems
(MRI->CT)[Kalogeiton et al., 2016, Tommasi et al., 2016]

* MRI, CT play complementary roles in cardiac disease diagnosis.

e Manual annotations consumes 2-4 hours[Zhuang, 2013]

How to deal with Domain Shift?




Possible Solution

* Deep learning-based methods on detection[Liu et al., 2017, Yan et al., 2019]
segmentation[Ronneberger et al., 2015, Dou et al., 2017]
Effectively training and testing images from the same modality

e Unsupervised Domain adaptation (UDA)[Dou et al., 2018, Dou et al., 2019]
Transfers knowledge from the domain to the domain (e.g., MRI to
CT) without paired images

* Source medical image with the ground truth segmentation

 Target medical image without the ground truth




Related Work

¢ UDA with a GAN-based[Goodfellow et al., 2014].
[Zhu et al., 2017, Isola et al., 2017]
[Zhang et al., 2018, Chen et al., 2020, Liu and Du, 2020]
Good performance but Unstable, Large Model

e UDA with a VAE-based[Kingma and Welling, 2013]
[Purushotham et al., 2016, Wu and Zhuang, 2021]
[Ouyang et al., 2019, Gu et al., 2022]
Ingenious design with fast training




Method Analysis

* UDA-GAN

— Two stages: Translation and Adaptation
 UDA-VAE

— Two tasks: Reconstruction and Segmentation

e Our focus: UDA-VAE method
problems of UDA-VAE:
Information from the reconstructed output cannot be directly delivered to the
segmentation.
Utilize parallel reparameterization for latent space with different resolutions.




Our Solution

* deduce a compact loss function lower bound in which each term is orthogonal,
discovering a new mutual information term.

e design a novel, plug-and-play style, Structure Mutual Information Estimation
(SMIE) block.

e convert parallel reparameterization to sequential reparameterization,
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Lower Bound Deduction
The UDA-VAE model maximizes the joint log-likelihood of the complete data:

ILL = logpu, ((xturd) - (x5.2)) (1)

All of the data are considered as i.i.d. random variables. Similar as VAE, we
approximate pgg(z | x) by a parameterized model q44(z | x). Moreover, we follow
the assumption of distribution independence:

Qos (V.2 |1 X) =qps(y | X) - qgs(z | X). To estimate the JLL, we deduce lower
bound of UDA-VAE:

log pgs (x,y) = LByae (6s, ¢s) 2

where LByse (6s, ¢s) is formulated by
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Note that UDA-VAE[Wu and Zhuang, 2021] neglects the term
D (qgs(z | x,¥)|lPos(z | X,y)) as it is greater than 0.
In comparison, we deduce a compact lower bound with the following term.
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Consider the reconstruction error[Belghazi et al., 2018]:

Gos0.1,2)
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E(x,y,z)~qd,s (x,y,2) log Qos x,y,2) + Ez~q¢s (2) log pos (2)

R =E(x.y.2)~qps (X, ¥, 2) log

The second term is the joint entropy Hg(x, y, Z).
The third term can be written as:

Ez-q4g(2) 108 P05 (2) = =Dki (s (2) IPos) — Ha,g (2)

With
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where / is mutual information.
The reconstruction error can be written as:

R < Dk(Qgs(x.y.2)lIPos(x.y.2)) = Iq¢s (x,y,2) + Hq¢s (2)

which is compact when q 44 (,) matches the prior distribution pgg(2).
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Dr1 (q¢g(x,y,z) ||p6’s(x,y,z)) >R+ Iq¢s (x,y,2) - Hq¢s (2) (10)

Thus, we obtain the bound,
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From, Eq.4 and Eq.11,
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and Hy bs (z) are constant. The equation holds, as

Qg (X,¥)
Pos(X,¥y | 2) =pos (¥ | 2) - pos (X | ¥, z). Meanwhile, ys and z; are conditionally

independent on xs for distribution g4, so that q45(Z | X,¥) = qgs(z | X).
Finally, We get the compact lower bound (plus red terms) than UDA-VAE .
The UDA-VAE++ maximizes the mutual information of /g, (x,y,2).




Methodology

Figure 2: The Model Architecture of UDA-VAE++. The backbone: U-Net (blue boxes) with
three scales of variational blocks. The reconstruction blocks (red boxes) contain seven
convolution layers. The grey box refers to the MI estimation block detailed in Fig.




Mutual Information Neural Estimation

To estimate the mutual information between the segmentation outcome y and the
reconstruction output R:

T (9;R) = D (Pygl[P; ® Pr) (13)

which can be written as its dual representation[Donsker and Varadhan, 1975] as

below:
Dra (ByglIBy @ Ba) = sup (Bz,, 7] ~log (Ezyemy [¢7]))  (14)

where T is the set of all possible neural network. [Belghazi et al., 2018]




Deep InfoMax

We are interested in maximizing the mutual information rather than obtaining the
exact value. So the mutual information maximization process can be formulated as:

IR = Ti;JPNEPyH [=sp (=T (7. A)] = Ep;erq [sp (T (7. R))] 15)

where R’ is an input sampled from R, N contains all possible function, and
sp(z) = log (1 + &%) is the softplus function. [Hjelm et al., 2018]




Mutual Information Neural Estimation

¢ Inspired by MINE[Belghazi et al., 2018], Deep InfoMax[Hjelm et al., 2018]
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Loss Function
¢ Reconstruction Loss
Dt (94 (z10)lPe(21x)) = Die (94 (21X)1IPo (2)) = Ez~q, (log pe(x]2)). (16)
First term:
Dra (94 (21%)llpo(2)) = % (2 + 1 ~log o® ~1) (17)

Second term:
Lo = —(xlog(R) + (1 —x)log(1-R)) (18)

Final:

Lrecon = Dk + Lee (19)




Loss function
« Segmentation Loss
Lseg = —(ylog(y) + (1 —y) log(1 -7)) (20)
« Domain Discrepancy Loss
Lp =D(qys(2),9¢,(2))

- / [G0s(2) - Goy (2)]20z
1)

1 M M
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Loss function

kernel function:

(ug,—u ,)2
| ~Hlog e tog(od+a)]
o e PR )
¢ Structure Mutual Information Loss
L = —(@I (7 R)aiovar + BI (7: R)rocar + ¥ Zprior) (23)

where «, 8,y are set as 0.5, 1.0, 0.1. f;:,,-or =log(N) +log(1 — ), where N is
the standard normal distribution.




Loss function
Total loss:
Liotai = (€1 Lrecon + €2 Lseg +C3Lyy )source
+ (c1 Lrecon + €2 Lseg + 3Ly )target 24)
+c4Lp

where cl, c2, c3, c4 are empirically set as le-2, 1, le-1, le-5, respectively.




Experiment Design

e Adam optimizer [Kingma and Ba, 2014] and Pytorch framework
[Paszke et al., 2019] 30 epochs

e learning rate is initialized at le-4, reduced by 10 % after every epoch
e batch size is 12

* takes about 1 hour to converge on a single NVIDIA Tesla V100 GPU
e Xavier initialization [Glorot and Bengio, 2010]




Dataset

e Multi-Modality Whole Heart Segmentation (MM-WHS) Challenge dataset
[Zhuang and Shen, 2016]: contains 20 labeled CT images and 20 labeled
LGE-MRI images

e Multi-Sequence Cardiac MR Segmentation (MS-CMRSeg) Challenge dataset:
contains 35 labeled CT images and 45 labeled LGE-MRI images [Zhuang, 2018]




Result

Figure 5: Segmentation output from MS-CMRSeg Dataset (CT to MRI). From left to right:
MRI, Ground truth, CFDNet[Wu and Zhuang, 2020], UDA-VAE[Wu and Zhuang, 2021],




Result

Figure 6: Reconstruction Images from MS-CMRSeg Dataset (CT to MRI). From top to
bottom row: MRI images, corresponding segmentation ground truth, UDA-VAE,




Result

Dice (%) ASSD (mm)

MYO LV RV MYO LV RV
NoAdapt 12.32 30.24 37.25 249 104 16.7
CFDNet [Wu and Zhuang, 2020] 57.41 78.44 77.63 3.61 3.87 2.49
SIFA [Chen et al., 2020] 60.89 79.32 82.39 344 3.65 1.80
UDA-VAE [Wu and Zhuang, 2021] 58.58 79.43 80.43 3.53 3.27 2.04
UDA-VAE++ 68.74 85.08 81.42 2.34 2.61 1.71

Table 1: Unsupervised Domain Adaptation for MS-CMRSeg Dataset from MRI to CT. The
best score for Dice T and ASSD| are in bold.




Result

Dice (%) ASSD (mm)

MYO LV RV MYO LV RV
NoAdapt 14.50 34.51 31.10 21.6 11.3 14.5
CFDNet [Wu and Zhuang, 2020] 64.21 81.39 72.30 2.81 3.41 4.91
SIFA [Chen et al., 2020] 67.69 83.31 79.04 2.56 3.44 2.13
UDA-VAE [Wu and Zhuang, 2021] 68.42 84.41 72.59 2.39 2.59 3.97
UDA-VAE++ 70.75 88.64 75.82 2.02 2.27 3.62

Table 2: Unsupervised Domain Adaptation for MS-CMRSeg Dataset from CT to MRI. The
best score for DiceT and ASSD| are in bold.




Result

Methods Dice(%) ASSD(mm)

MYO LA LV RA RV MYO LA LV RA RV
NoAdapt 0.08 3.08 0.00 0.74 239 — - - - -
PnP-AdaNet 32.7 49.7 484 62.4 442 6.89 22.6 9.56 20.7 20.0
SIFA 37.1 65.7 61.2 519 185 11.8 547 16.0 14.7 21.6
UDA-VAE 47.0 63.1 73.8 71.1 73.4 473 5.33 430 6.97 4.56
UDA-VAE++ 514 65.9 76.5 73.0 75.5 3.88 5.23 3.78 6.25 4.06

Table 3: Unsupervised Domain Adaptation for MM-WHS Dataset from CT to MRI. The
best score for DiceT and ASSD| are in bold.




Ablation Study

Model Components Dice (%)
Base SR Att Global Local Prior MYO LV RV

v 68.42 84.41 72.59
v v 68.56 84.07 74.06
v vV 68.30 84.91 74.72
v v v/ 69.25 84.70 75.63
v v vV v 68.49 87.50 77.37
v v v v v 70.75 88.64 75.82
v v v/ v v 69.81 87.54 77.13




Conclusion

* This paper introduces UDA-VAE++, an unsupervised domain adaptation
framework for cardiac segmentation.

* We deduce a compact loss function lower bound in which each term is
orthogonal, and design a MINE block to evaluate it.

e We introduce the sequential reparameterization design, allowing information
flow between multi-scale latent space features.

e Our model achieved state-of-the-art performances on benchmark datasets.

* Future work: self-supervised domain adaptation methods, extend to other
medical image segmentation tasks (e.g., brain image segmentation)
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