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ABSTRACT

BIN KONG. Deep Structured Learning in Medical Image Analysis. (Under the
direction of DR. SHAOTING ZHANG)

Deep learning-based techniques have been widely employed in solving various medi-

cal image analytical problems. Currently, most of these methods directly employ deep

architectures from natural image scenarios without considering the specific structures

in the input/output variables, resulting in a suboptimal solution. In this dissertation,

we systematically discuss deep structured learning in medical image analysis (MIA).

Particularly, this dissertation is organized by answering the following questions: 1)

how to model complex dependencies among the input/output variables with deep

neural networks, 2) how to enforce prior structural knowledge in deep structured

learning, and 3) how to model certain special structures in MIA problems. More

specifically, we first introduce a formal formulation of structured learning in MIA and

present a general deep structured learning framework to address this problem. Sec-

ond, we enforce the prior structural knowledge in the loss function to further improve

the analytical performance. Third, as an example of special structures in medical

imaging, we introduce how to model the tree structures in coronary arteries with

tree-structured convolutional long short-term memory. Finally, we further introduce

a special structured learning problem in medical imaging which involves sequential

decision making. Accordingly, a deep reinforcement learning-based solution is pro-

posed. To put our discussion in the context of MIA, we evaluated our approaches on

several MIA tasks, i.e., cardiac recognizing from MRI sequences, metastasis detection

in whole-slide images (WSIs), coronary artery segmentation from 3D computed to-

mography angiography (CTA) volumes, and axon tracing. The superior performance

demonstrates the effectiveness.



iv

ACKNOWLEDGEMENTS

This dissertation would not have been possible without the support of many people.

First and foremost, I would like to express my special thanks to my advisor Dr.

Shaoting Zhang. You provided me with the perfect balance of guidance and freedom.

Under your guidance, I found that I really fell in love with deep learning. I also want

to thank you for your perspective and for helping me pursue and define projects with

more impact. As my teacher and mentor, you have taught me more than I could ever

give you credit for here. You has shown me, by your example, what a good scientist

and person should be. I am also thankful to Dr. Min C. Shin, Dr. Weichao Wang,

Dr. Srinivas Akella for serving on my committee and for their helpful comments.

Nobody has been more important to me in this long and arduous journey than

the members of my family. I would like to thank my parents, brother, and wife,

whose love and guidance are with me in whatever I pursue. In particular, I must

express my special gratitude to Congcong Jin, my wife, for your continued support

and encouragement. You have stood by me through all my travails, my absences, my

fits of pique and impatience. You are the best companion I can have in life.

I also want to thank my labmates in VIA lab, especially to Zhongyu Li, Lance Rice,

and Junjie Shan. It is due to the friendly and supportive environment in VIA lab

that I was lucky enough to find so many great people to work with. I really enjoyed

my collaborations with you. Many thanks to Dr. Min C. Shin for organizing VIA lab

so well that I feel in the heart that I am a family member here.

For over three years I was supported by CuraCloud corporation for which I want

to sincerely thank the financial support and the amazing people I have collaborated

with. A particular thank you goes to Dr. Shanhui Sun and Dr. Xin Wang. I was

amazed that they could give so much helpful and technical feedback, not only in long

conversations during my internship but also after I go back to UNC Charlotte.



v

TABLE OF CONTENTS

LIST OF TABLES viii

LIST OF FIGURES ix

LIST OF ABBREVIATIONS xv

CHAPTER 1: INTRODUCTION 1

CHAPTER 2: RELATED WORK 7

2.1. A Brief Introduction to Deep Learning 7

2.2. Traditional Approaches for Enforcing Structural Information 10

2.3. Explicit Structural Information Enforcement in Deep Learning 13

CHAPTER 3: A GENERAL STRUCTURED LEARNING FRAME-
WORK FOR MEDICAL IMAGE ANALYSIS

17

3.1. Motivation 17

3.2. Methodology 19

3.2.1. Overview 19

3.2.2. Mathematical Formulation 20

3.2.3. Deep Feature Extractor 21

3.2.4. Structural Feature Learner 22

3.2.5. Optimization 23

3.3. Applications of Structured Learning in MIA 25

3.3.1. Cardiac MRI Recognizing 25

3.3.2. Cancer Metastasis Detection in WSIs 27

3.4. Summary 29



vi

CHAPTER 4: EMBEDDING PRIOR STRUCTURAL KNOWLEDGE
IN LOSS FUNCTIONS

31

4.1. Motivation 31

4.2. Methodology 32

4.2.1. Embedding Prior Structural Knowledge in Loss
Functions

32

4.2.2. Illustration with Two MIA Applications 33

4.2.3. Distinction with Maximum a Posteriori 35

4.3. Applications in MIA 36

4.3.1. Cardiac MRI Recognizing 36

4.3.2. Cancer Metastasis Detection in WSIs 37

4.4. Experiments 38

4.4.1. Cardiac MRI Recognizing 38

4.4.2. Cancer Metastasis Detection in WSIs 42

4.5. Summary 45

CHAPTER 5: MODELING TREE STRUCTURES WITH TREE-
STRUCTURED CONVOLUTIONAL GRU

46

5.1. Motivation 46

5.2. Methodology 48

5.2.1. Convolutional RNN Models 48

5.2.2. Tree-structured ConvGRU 51

5.2.3. Artery Centerline Extraction 52

5.2.4. Tree-structured Segmentation Network Architecture 52



vii

5.2.5. Discriminative Feature Learning & Tree-structured
Output Generation

54

5.2.6. Anatomical Structure Modeling 54

5.2.7. Loss Function 55

5.3. Experiments 56

5.3.1. Dataset, Evaluation Metrics, and Implementation
Details

56

5.3.2. Main Results 57

5.3.3. Comparisons on Bifurcation Nodes 60

5.4. Summary 60

CHAPTER 6: ANATOMICAL STRUCTURE TRACING WITH DEEP
REINFORCEMENT LEARNING

62

6.1. Motivation 62

6.2. Methodology 63

6.2.1. Overview 63

6.2.2. Mathematical Formulation 64

6.2.3. Environment, State Space, and Actor 64

6.2.4. Reward Function & Training 66

6.3. Experiments 68

6.3.1. Datasets & Evaluation Metrics 68

6.3.2. Results 70

6.4. Summary 70

CHAPTER 7: CONCLUSIONS AND FUTURE DIRECTION 72

REFERENCES 76



viii

LIST OF TABLES

TABLE 4.1: Quantitative comparisons of the proposed TempReg-Net with
the state-of-the-art (Reg-based: CNN+Reg), segmentation based
methods (level set [1] and graph cut [2]), and TempReg-Net with-
out temporal structured loss Ltemp.

40

TABLE 4.2: Quantitative comparisons of the proposed methods and the
baselines: Wang et al. [3] and Wang et al. [3]+Postprocessing.

44

TABLE 4.3: Detection results of different methods: CNN models only or
CNN models with structured learning (SL).

45

TABLE 5.1: Detailed information of our datasets (CTA1, CTA2, CTA3,
and CTA4). Apart from providing the number of training scans in
each dataset, the average number of tree nodes and branches are also
given.

57

TABLE 5.2: Main comparison results. The proposed tree-structured seg-
mentation network (TreeConvGRU) is compared with the recently
proposed 3D densely-connected volumetric convnets (DenseVox) [4],
sequential version of our tree-structured segmentation network (Con-
vGRU). All these methods are evaluated by the average dice loss.

59

TABLE 5.3: Comparison of the segmentation accuracy around the bifur-
cation nodes (within 4 nodes’ distance) on the testing set of the ag-
gregated dataset (Total). The compared methods are: DenseVox [4],
ConvGRU, and TreeConvGRU.

60

TABLE 6.1: Quantitative tracing result on the axon images. The results
are evaluated in terms of equation 6.2.

70



ix

LIST OF FIGURES

FIGURE 1.1: A typical cardiac MRI sequence (red, green, and yellow
rectangles indicate the left ventricles, ES frame, and ED frame, re-
spectively). Most regions do not have noticeable changes except that
the left ventricle slightly changes over time.

1

FIGURE 1.2: Left: a gigabyte (e.g., 150, 000 × 100, 000 pixels) WSI.
Right: illustration of the spatial correlations among neighboring im-
age patches. The top left patch indicated by the green square is
labeled as normal. This image region is sampled from the left WSI.
The label of the center patch (red) is likely to correlate with its neigh-
bors. The nuclei denoted by green dots also highlight similar spatial
structures underlying in the center as well as its neighboring tumor
patches.

2

FIGURE 1.3: Coronary artery tree tracing in CCTA volumes. Left: the
CCTA volume. Right: the traced coronary artery tree. The tracing
procedure involves the anatomical structure of the coronary artery
in which each node is dependent on the others.

4

FIGURE 2.1: Block diagram of a typical CNN model which consists of
two convolution, two pooling, and fully-connected layers. This model
is used to classify the histopathological images into two categories:
tumor or normal.

8

FIGURE 2.2: Block diagram of an LSTM unit. At each timestep t, the
LSTM unit maintains a memory ct. It takes as input the previous
hidden state ht and the current input xt. The input, output, and
forget gates are used to control the information flow inside the unit.

9

FIGURE 2.3: Modeling structures in the output with multiple compo-
nents using deep learning. Left: a standard CNN. It takes an image
as input and only outputs an output. Right: deep structured mod-
els. It takes multiple images as input and outputs multiple output
variables. Note that the input/output variables are dependent on
each other.

13

FIGURE 3.1: With deep learning-based methods quickly becoming a
methodology of choice, MIA tasks such as mitosis detection [5], X-ray
image retrieval [6], cancer metastasis detection [7], skin cancer clas-
sification [8], fetus segmentation [9], and glaucoma assessment [10]
have reached the state-of-the-art performance.

18



x

FIGURE 3.2: We propose a general and less task-specific framework for
structured learning in MIA. The general framework is independent
of particular tasks or deep learning architectures. As a result, it
is applicable to a wide range of MIA tasks (e.g., fetus segmentation,
glaucoma assessment, and invasive cancer detection) and readily com-
bined with the well-established neural network architectures.

19

FIGURE 3.3: An overview of the proposed structured learning frame-
work. In our network, we model the structural information in a
unified neural network, which can be trained end-to-end. It has two
key modules: deep feature extractor, structural feature learner. The
deep feature extractor extracts discriminative features from the in-
put. The structural feature learner models the complex interactions
in the input/output variables and generates the final predictions.

20

FIGURE 3.4: We illustrate this idea with a simple MIA task: classifying
the pathology image patches into two categories, i.e., tumor/normal.
From the perspective of manifold learning, the tumor (red triangles)
and normal (black circles) images are mixed together in the input
embedding manifold. After feature extraction with the proposed deep
feature extractor, the tumor and normal images are separated apart.

21

FIGURE 3.5: We further illustrate this idea with a simple task: predicting
the label (tumor/normal) of the pathology image patch indicated by
red rectangle. Purely judging by the features extracted by the deep
feature extractor can easily lead to misclassification as its appear-
ance/texture is very similar to the green tumor patch (red triangle
in the feature embedding manifold). However, considering the inter-
correlation between this patch and its neighbors effectively address
this problem and remap the feature to separate the tumor and black
normal image patches (indicated by black circles in the embedding
manifolds).

23

FIGURE 3.6: The outline of the TempReg-Net. It consists of two key com-
ponents: spatial feature encoding and temporal decoder, which cor-
respond to the deep feature extractor and structural feature learner
respectively in our deep structured learning framework. The deep
feature learner extracts discriminative features from the input and
the structural feature learner is responsible for discovering the struc-
tures lying behind. A fully connected layer in the structural feature
learner generates the final predicted values. Finally, the ES, as well
as ED frames, are recognized, based on the predictions.

25



xi

FIGURE 3.7: A schematic overview of the proposed Spatio-Net. For each
image patch, we consider its neighboring patches. The spatio-Net
generates the probability map. The metastases are located by in-
terpreting these maps. The top and bottom row show the whole
pipeline and the detailed structure of Spatio-Net respectively. The
CNNs (deep feature extractor) extract features from each patch and
its neighbors. 2D LSTM layers (structural feature learner) considers
the inter-patch dependencies. A fully connected layer in the struc-
tural feature learner predicts a malignancy probability for each patch.

28

FIGURE 4.1: Different from chapter 3 which only use the task-specific loss
Ltask to update the deep structured learning framework, we also em-
ploy the prior structural loss Lprior to complement the training. More
specifically, at each iteration, predictions of the structured learning
framework are compared with the ground truth labels to compute
the task-specific loss Ltask. This loss term is used to generate the
gradients ∂Ltask

∂U
and ∂Ltask

∂W
to update the deep feature extractor φU

and the structural feature learner ψW respectively. This loss only
consider one output component as a time and doesn’t consider the
dependencies in them. To integrate this higher-level prior structural
information, we further compute the prior structural loss Lprior and
compute gradients ∂Lprior

∂U
as well as ∂Lprior

∂W
for φU and ψW respectively

to update their parameters.

33

FIGURE 4.2: Three predicted results by the proposed TempReg-Net. The
ground truth annotations are illustrated in the top left corner of the
corresponding frames. Green and yellow frames are the predicted ES
and ED frames, respectively.

41

FIGURE 4.3: Comparison of the predicted values of a cardiac MRI se-
quence generated by the state-of-the-art method without temporal
structured constraint (TSC) and the proposed structured learning
framework.

42

FIGURE 4.4: Predicted probability maps of WSIs with cancer metastases
(top row) and without cancer metastasis (bottom row). The first,
second, and third columns show the original WSIs, ground truth
annotations, and the probability maps generated by Spatio-Net.

43

FIGURE 4.5: FROC curves of different methods on the testing set. 44



xii

FIGURE 5.1: From left to right: a 3D CCTA volume, the corresponding
coronary artery segmentation, and three longitudinal views of the
coronary artery. The coronary artery segmentation is denoted in
red.

47

FIGURE 5.2: From left to right: sequential ConvLSTM [11] and the pro-
posed tree-structured ConvGRU. In ConvLSTM, the information,
including the input Xt, previous hidden state Ht−1, and previous
memory Ct−1, is passed sequentially (from t − 1 to t and then to
t + 1). As with tree-structured ConvGRU, there is no memory cell.
The information is passed from all the children nodes to the parent
node. For instance, node j in this figure incorporates the information
(hidden state Hl1 and Hl2 from both its children l1 and l2 and the
current input Xj) to produce the current hidden state Hj. Node k
incorporates the information (hidden state Hj from its child j and
its input Xk) to produce the current hidden state Hk. Note that al-
though we only show one or two child nodes for the tree-structured
ConvGRU model, it is capable of handling more than two child nodes.

50

FIGURE 5.3: An overview of the proposed tree-structured segmentation
network. The input of the system is a input tree V , i.e., images
organized as a tree structure. The output P is also organized as a
tree structure. The tree-structured segmentation network consists
of two components: an FCN backbone with an encoder φ for dis-
criminative feature learning and a decoder ϕ for prediction, and a
tree-structured ConvGRU layer ψ for anatomical structure model-
ing. The FCN backbone and tree-structured ConvGRU layer are
shared by all tree nodes. The detailed information is illustrated in
Fig. 5.4.

53

FIGURE 5.4: Details of the proposed tree-structured segmentation net-
work. Both the encoder and decoder consist of multiple convolutional
layers (each is followed by a ReLU layer, which is ignored for sim-
plicity). For the input image xj associated with node j, it is passed
into several convolutional layers and progressively downsampled by
the pooling layers in the encoder, generating the feature map Xj.
The tree-structured ConvGRU layer takes input Xj and produces
the hidden state Hj. In the decoder, Hj from the tree-structured
ConvGRU layer is progressively upsampled to the original dimension
and at the same time incorporates the information passed from the
encoder, yielding the final prediction Pj.

55



xiii

FIGURE 5.5: Qualitative coronary artery segmentation result of 3D U-
Net, 3D U-Net with post-processing, and the proposed method. From
left right shows: the input 3D CCTA volumes, segmentation results of
3D U-Net based method [12], segmentation results of 3D U-Net with
post-processing, segmentation results of the proposed tree-structured
segmentation network, and the ground truth.

58

FIGURE 6.1: The environment of the axon tracing problem. The squares
denote the positions of the actor at different timesteps. The actor
begins at the start position p0. pt denotes the position of the actor’s
state at timestep t. The red and purple squares denote two possible
terminal states. The red one means that the axon is successfully
traced and the purple denotes that the actor fails to trace the full
axon.

64

FIGURE 6.2: The state space in the axon tracing problem. At each
timestep t, a three-channel image is generated from the image for
both the actor and critic networks. Specifically, a actor-centric view
of size 11× 11 pixels (green square in the left) is extracted from the
original image. Afterward, a larger view of size 21×21 pixels (yellow
square in the left) is extracted and downsampled to 11 × 11 pixels.
This technique is used to aid the actor to consider the scale variance.
At the same time, the historical path containing all the previous
positions of the actor is recorded in a separate image (right). From
this image, a 11×11 pixels (red square) is extracted from this image.
These three images are concatenated together to form a three-channel
state st.

65

FIGURE 6.3: Illustration of two scenarios of reward function calculation.
Left: when the actor is too far away from the axon, the goal is to
pull the actor back to the axon. Right: when the actor is close the
axon, the reward is simple.

67

FIGURE 6.4: Illustration of the procedure of actor-critic learning algo-
rithm. At each timestep t, a state st is sampled from the environment,
which is fed into both the policy and value function networks. The
policy network estimates the probability of each action based on state
st. The value function, on the other hand, estimates the value func-
tion of the state st regarding each action at. After selecting action
at, the next state st+1 is sampled. The above procedure is repeated
until the end of each episode.

68



xiv

FIGURE 6.5: Three axon tracing results. The leftmost shows the axon
images. Column 2 to column 6 show the agent’s positions (denoted
by green squares) during the tracing procedure. Red circles indicate
the ending points in the axon images.

69

FIGURE 7.1: The segmentation network can be trained to consider the
domain shift problem by forcing the source and target features to lie
in the same distribution with adversarial training. Note that labels
are not required for the target images.

73

FIGURE 7.2: Top: In the standard machine learning pipeline, a large
deep model is trained and then deployed into a server with high-
performance computing resources. Bottom: In the MIA setting,
the reasonable processing time is required to apply CAD algorithms
in the clinical setting. It is more desirable that the trained model can
be deployed into a small device without high-performance computing
resources, e.g., in vitro diagnostic devices.

74



xv

LIST OF ABBREVIATIONS

aFD Average frame difference

CAD Computer-aided diagnosis

CCTA Coronary computed tomography angiography

CNN Covolutional neural network

ConvGRU Convolutional gated recurrent unit

ConvLSTM Convolutional long short-term memory

CT Computed tomography

DBM Deep Boltzmann machine

DNN Deep neural network

DRL Deep reinforcement learning

ED End-diastole

ES End-systole

FCNN Fully convolutional neural network

GRU Gated recurrent unit

LSTM Long short-term memory

MAP Maximum a posteriori

MIA Medical image analysis

MLE Maximum likelihood estimation

MLP Multilayer perceptron



xvi

MR Magnetic resonance

PET Positron emission tomography

RL Reinforcement learning

RNN Recurrent neural network

WSI Whole slide image



CHAPTER 1: INTRODUCTION

Deep learning is emerging as a powerful tool with hierarchical architectures for mod-

eling high-level abstractions of the data. It consists of layers of non-linear transforma-

tions. To date, numerous variants of deep learning frameworks [13, 14, 15, 16, 17, 18,

19] have been proposed to address problems in various fields of study such as computer

vision [20, 21, 22, 23], natural language processing [24, 25, 26, 27], and speech recogni-

tion [28, 29]. Recent progresses in deep learning have enabled a lot of breakthroughs

in medical image analysis (MIA) tasks, ranging from classification [30, 31, 32, 8, 7, 33],

detection [34, 35, 36, 37], segmentation [38, 39, 40, 41, 42], registration [43, 44, 45],

image synthesis [46, 47], to diagnostic report generation [48, 49].

While deep learning is driving the rapid growth of modern MIA, the common prac-

tice is to directly use the well-established deep learning models [14, 50, 51] from the

computer vision community for MIA problems, without considering specific struc-

tures, or dependencies among the input/output variables, resulting in a suboptimal

solution.

...

ES ED

Figure 1.1: A typical cardiac MRI sequence (red, green, and yellow rectangles indicate
the left ventricles, ES frame, and ED frame, respectively). Most regions do not have
noticeable changes except that the left ventricle slightly changes over time.

However, structures are ubiquitous and of great importance in numerous MIA tasks.

For instance, Fig. 1.1 shows a typical cardiac MRI sequence. With the contraction and
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relaxation of the heart, the left ventricle (red rectangles) volume gradually diminishes

and expands. The maximum and minimum left ventricular volumes correspond to the

end-diastole (ED) and end-systole (ES), respectively. In a cardiac MRI sequence, most

regions do not have noticeable changes except that the left ventricle slightly changes

over time. The subtle differences between neighboring frames make it extremely

challenging to accurately locate the ED and ES frames. Fortunately, there exist

certain structures in the sequence that we can leverage to effectively guide their

localization: the left ventricle volume keeps decreasing during a systole phase and

increasing during a diastole phase, as is also demonstrated by Bogaert et al. [52].

150,000

10
0,
00
0

Figure 1.2: Left: a gigabyte (e.g., 150, 000× 100, 000 pixels) WSI. Right: illustration
of the spatial correlations among neighboring image patches. The top left patch
indicated by the green square is labeled as normal. This image region is sampled
from the left WSI. The label of the center patch (red) is likely to correlate with its
neighbors. The nuclei denoted by green dots also highlight similar spatial structures
underlying in the center as well as its neighboring tumor patches.

Another example is cancer metastasis detection from gigabyte (e.g., 150, 000 ×

100, 000 pixels) whole slide images (WSIs), as is shown in the left of Fig 1.2. Ex-

isting machine learning algorithms cannot directly handle these massive images. A

common solution is to divide them into small patches and tackle them individually.

However, this technique doesn’t consider spatial dependencies among these patches.

As demonstrated in [32, 53], structural knowledge about the neighboring patches can

be leveraged to boost the detection accuracy. In summary, exploiting this structural
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information can be extremely important for many MIA applications.

Inspired by recent ideas for enforcing the structural information in deep MIA frame-

works [54], we present a general deep structured learning framework for MIA tasks.

Specifically, we observe two types of common structures in MIA tasks: the statistical

inter-correlations among the input/output variables and the prior structural knowl-

edge. In order to effectively model these structures, we introduce two key components

into our structured learning framework: deep feature extractor and structural feature

learner. Regarding deep feature extractor, we employ the commonly used convolu-

tional neural networks (CNNs) such as Resnet [14] and ZFNet [15], which is shown

extremely successful for automatically learning the most discriminative features from

the data. This greatly facilitates subsequent analyzing steps. Additionally, the di-

mension of the input feature is reduced by the pooling layers to avoid the curse of

dimensionality. Regarding the structural feature learner, it is capable of modeling

the complex interactions in the input/output variables. Additionally, it has been

shown that incorporating prior structural knowledge into medical image analytical

algorithms is essential for obtaining more accurate results [55, 54] in situations like

corruption and artifacts in medical images. The incorporation of prior structural

knowledge into deep learning frameworks is not obvious. In this dissertation, we in-

corporate it into the training procedure as an additional regularisation loss term to

further boost the performance.

Although the proposed method is motivated by recent work on enforcing structural

coherence into deep learning frameworks, our framework is more general and less task-

specific. More specifically, the proposed framework is independent of particular tasks

or deep learning architectures. As a result, it is applicable to a wide range of MIA

tasks and readily combined with well-established neural network architectures. The-

oretically, deep neural networks are able to capture structural information without

the specification of a priori. Nevertheless, this comes at the cost of a requirement of
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a large-scale labeled high-quality training data, which is extremely expensive and dif-

ficult to collect in MIA. In this regard, enforcing the structural information into deep

learning algorithms brings an additional benefit: alleviating the need for a significant

amount of labeled data.

3D CCTA Volume Coronary artery tree

Figure 1.3: Coronary artery tree tracing in CCTA volumes. Left: the CCTA vol-
ume. Right: the traced coronary artery tree. The tracing procedure involves the
anatomical structure of the coronary artery in which each node is dependent on the
others.

Finally, we observe that accurately tracing object geometry/topology is crucial for

a lot of applications in MIA [56], especially for the diagnosis of vascular diseases from

medical images. A common practice in the analysis of these images is to build an

anatomical organ structure. As an example, the coronary artery tree tracing in 3D

coronary computed tomography angiography (CCTA) involves building an anatomical

structure of the coronary artery in which each node is dependent on the other nodes,

as is shown in Fig. 1.3. A tremendous amount of efforts [57, 58, 59] have been devoted

to this line of research. In this dissertation, we provide an additional perspective on

this problem. Specifically, we formulate this task as a sequential decision-making

problem and approach it with deep reinforcement learning (DRL), i.e., actor-critic

network, a sophisticated DRL framework. Defining an effective reward function is

essential for the training of the agent. In this dissertation, we show that we are able

to effectively train an axon tracing agent which achieves promising results with a

carefully designed reward function and a refined training procedure.
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To summarize, our work for deep structured learning in MIA consists of the fol-

lowing contributions, which will be discussed in detail in each chapter:

1. We introduce a general structured framework for modeling the structures in

MIA. In this way, the dependencies among the input/output variables are explic-

itly considered in hierarchical deep learning architectures. Such a deep learning

architecture guides the network to learn structurally reasonable features from

the training data. This framework is ignorant of specific applications and net-

work architectures and can be used in a wide range of MIA problem settings.

2. To incorporate prior structural knowledge into deep learning frameworks, we

propose to constrain the training process of the framework by introducing an

additional regularisation term into the loss function. This provides us an op-

portunity to incorporate a prior about the structures in medical images into the

training process.

3. In addition to the evaluation the proposed method on two MIA tasks, e.g.,

cardiac MRI recognizing and cancer metastasis detection in WSIs, we consider a

more challenging structured learning problem, i.e., tree-structured learning. To

approach this problem, we present tree-structured convolutional gated recurrent

unit (GRU) to model the complex interactions between the tree nodes.

4. Finally, we observe that some MIA problems can be easily formulated as a

sequential decision-making problem and introduce a sophisticated DRL frame-

work to address this issue. Particularly, with a carefully designed reward func-

tion and a refined training procedure, we are able to effectively train an axon

tracing agent to achieve promising results.

We organize the rest of the dissertation as follows. First, we give a brief intro-

duction to the related deep learning architectures and review the related works in
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chapter 2. Then, we elaborate on the formal formulation of structured learning and

present a general framework to model the input/output variables’ dependencies in

chapter 3. We also introduce the details of incorporating prior structural knowledge

into the loss function in chapter 4. As an example of special structures in the medical

images, we detailedly discuss a special structure-tree structure in the coronary artery

and demonstrate how to use tree-structured convolutional GRU layer to explicitly

model this structure in chapter 5. Furthermore, we discuss anatomical structure re-

construction, a special structured learning problem, in MIA. We formulate this task

as a sequential decision-making problem and approach this problem with DRL in

chapter 6. Finally, we summarize this dissertation and provide insights for possible

future directions in chapter 7.



CHAPTER 2: RELATED WORK

In this chapter, we first briefly introduce related deep learning preliminaries. Then,

we review previous studies of structured learning, especially in MIA. Finally, we

elaborate on recent developments on embedding structures in deep learning, followed

by the discussion of differences between our methods and the proposed approach.

2.1 A Brief Introduction to Deep Learning

Work on deep learning has been done since the late seventies [60]. The use of

deep learning has not until recently gathered momentum since the contribution of

Krizhevsky et al. [16] to the ImageNet challenge [61] in 2012. We have also seen

many new ideas regarding CNN architectures, such as Inception [17], ResNet [14],

and U-Net [38]. In this chapter, we only introduce the basics of deep learning.

The multilayer perceptron (MLP) is a basic deep learning architecture, which con-

sists of L layers of neurons. Every neuron in the MLP represents a non-linear trans-

formation g = σ(wTx + b), where x and g are the input and output respectively.

w and b are the learnable weights and bias respectively. Together, these neurons

define a complex non-linear function, σ(wT
Lσ(wT

L−1...) + bL). At each iteration of the

training stage, the output of MLP is compared with the ground truth to compute

an error per parameter, which is then used to adjust the parameter. Note that there

are no preexisting assumptions about the particular task or dataset and the training

is purely guided by the dataset. In the following, we elaborate on several types of

neural network architectures used in this dissertation: convolutional neural network

(CNN), recurrent neural network (RNN), and deep reinforcement learning (DRL).

Compared with MLP, CNN is designed to better utilize local spatial correlations
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in images. As is illustrated in Fig. 2.1, three types of layers are often used in CNN:

convolution, pooling, and fully-connected. CNN leverages three techniques to reduce

the complexity of deep models: weights sharing, downsampling, and local receptive

field. The convolution layer is designed to detect local patterns in the input feature

maps. The pooling layer usually follows the convolution layer to reduce the dimension

of the feature map.

Convolution Pooling Convolution Pooling Fully-connected

Tumor
Normal

Figure 2.1: Block diagram of a typical CNN model which consists of two convo-
lution, two pooling, and fully-connected layers. This model is used to classify the
histopathological images into two categories: tumor or normal.

Recurrent Neural Network (RNN) exploits sequential patterns in sequentially for-

matted data. Usually, the long short-term memory (LSTM) [62] is preferred over the

vanilla RNN model [63] as it significantly alleviates the notorious exploding/vanishing

gradient problem. As is shown in Fig. 2.2, the LSTM contains a memory block ct at

each step t to store the history memory of the input data. It leverages three gates,

i.e., input gate it, output gate ot, and forget gate ft, to regulate the information flow

and update the memory:

it = σ(Wxixt +Whiht−1), (2.1)

ft = σ(Wxfxt +Whfht−1), (2.2)

ot = σ(Wxoxt +Whoht−1), (2.3)

ct = ft � ct−1 + it � tanh(Wxmxt +Wmiht−1), (2.4)

ht = ot � ϕ(ct), (2.5)
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where σ(x) = (1 + e−x)−1 and � denote sigmoid function and element-wise prod-

uct respectively. Wxi, Whi, Wxf , Whf , Wxo, Who, Wxm, and Whm are the learnable

weights1.

M

V
tc

tx

tx

tx

th

Input 
Gate

Forget 
Gate

Output 
Gate

Cell M

V

V

1tc �1th �

1th � tx 1th �

1th �

ti

tf

to

Figure 2.2: Block diagram of an LSTM unit. At each timestep t, the LSTM unit
maintains a memory ct. It takes as input the previous hidden state ht and the current
input xt. The input, output, and forget gates are used to control the information flow
inside the unit.

Reinforcement learning (RL) is a separate branch of machine learning, which aims

to train an artificial agent to optimally make a sequence of decisions [64]. Formally,

in the standard RL setting, an agent in RL inhabits an environment E and interacts

with it until the terminal state is reached. More specifically, a state st is received by

the agent from E at each time step t. Then, the agent samples an action at ∈ A based

on st and its policy π, where A is the action space with all the possible actions the

agent can take. Then, the environment E returns a reward rt to the agent and the

agent samples the next state st+1 from the environment. This process is repeated until

the terminal state is reached. In RL, the objective function is the total accumulated
1Note that all the bias terms are ignored here and all the rest RNN models in this dissertation

for simplicity.
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return Rt:

Rt = Σ∞k=0γ
krt+k, (2.6)

where γ ∈ (0, 1] denotes the discount factor to trade off the influence of the immediate

and later rewards. The goal of RL algorithms is to maximize Rt from each state st.

2.2 Traditional Approaches for Enforcing Structural Information

The aim of MIA is to extract key underlying information from medical images.

Due to the existence of low contrast, extremely complex structures, noise which are

commonly associated with medical images, achieving satisfactory results is challenging

in clinical applications. Incorporating structural information has long been deemed as

a useful approach for obtaining more plausible as well as accurate results, especially

in these situations. This is because unlike the individual pixel/voxel values, structural

information such as object shape and topological properties is less subjected to the

influence of image corruptions, occlusions, and artifacts. Additionally, incorporating

structural information in MIA could be potentially even more important compared

to its adoption in natural image analysis as the anatomical structure of the objects

are more distinct regarding the location and shape [54].

In standard machine learning problems, a model takes an image as input and only

outputs a single output. In structured learning, the input/output contains multiple

inter-dependent components. A tremendous amount of effort has been devoted to

incorporating structural information into traditional MIA approaches. For instance,

the structured support vector machine (structured SVM) [65] generalizes the classic

SVM classifier [66] to take into account of the non-overlapping constraint of the cells.

Graphical models (e.g., hidden Markov models [67] and conditional random fields [68])

have also been very popular in modeling the structured output. These methods can

capture the interdependencies among the input/output units by explicitly modeling
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the correlations. Different types of structural information can be leveraged to improve

MIA algorithms. We briefly introduce the following commonly used approaches [55]:

1. User interaction: Incorporating user’s input into MIA pipelines is an intuitive

way to better assist the computer-aided diagnosis (CAD) systems in achieving

desired goals. In an interactive MIA system, the user is required to pass some

input with certain important high-level prior structural knowledge. This prior

high-level knowledge is considered to be unknown or extremely difficult to learn

for computer algorithms. By passing the high-level prior structural knowledge

into the interactive algorithm, the user does not need to worry about the low-

level details of the MIA algorithms. The structural prior can take many specific

forms such as object boundary specification, which requires the end-user to

roughly draw a contour around an object [69, 70, 71] in a 2D image. Another

convenient user input that was commonly used in algorithms such as grab-

cut [72] and geodesic active contours [73] is the sub-region specification which

requires a user to specify a bounding box around an object. These approaches

have also been extended for 3D MIA [74, 75].

2. Edge/boundary information: Edge/boundary is powerful structural infor-

mation of the objects in medical images. To effectively model this structural in-

formation, the drastic intensity/color change around the object edge/boundary

is often leveraged. As an edge/boundary usually lies between pixels/voxels with

different labels, this prior can be easily incorporated into the regularization term

to decrease the penalties around the edges to allow for the discontinuities of la-

bel [76, 77]. In this way, it serves as a regulariser that confines the model to a

more plausible model space. Nevertheless, these methods do not consider the

direction of the intensity or color transition. To address this issue, different

approaches have been proposed. For instance, Nosrati et al. [55] incorporate

boundary polarity into the segmentation framework.
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3. Shape prior: Shape semantically describes the objects in medical images.

The shape of the object (e.g., the ellipse shape of a cell) is often known as a

priori. One simple approach to incorporate shape prior to MIA algorithms is

to penalize any deviation of the prediction from the shape model [78]. More

advanced algorithms also consider modeling the shape of non-rigid objects, e.g.,

a heart, the shape of which gradually changes over time. For instance, the shape

probability model was proposed in [79, 80] to capture the intra- and inter-subject

variations.

4. Topological Specification: In order to obtain more accurate MIA results, the

topological structure has to be preserved in many applications. There exist two

common specifications of the topology: connectivity, and genus. They are often

leveraged to ensure that the result is more topologically plausible. For instance,

Han et al. [81] enforce topological preservation when conducting the level set-

based segmentation. More specifically, the topology of the object contour is

checked at each round of iteration to ensure that the genus keeps the same as

before. In [82], Vicente et al. integrate the topological specification into an

interactive paradigm by enforcing the connectivity.

These traditional approaches demonstrate the importance of incorporating the

structural information into MIA for more plausible as well as accurate results. How-

ever, they face two major challenges. First, the structures need to be manually de-

signed, which requires domain-specific knowledge and extensive tuning. As a result,

a significant amount of time is required to tune the corresponding systems. Addition-

ally, some underlying cues are usually difficult to be discovered, resulting in inferior

results. Second, due to the high computational cost, these methods are limited to low

dimensional circumstances and incapable of handling complex structured problems.
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2.3 Explicit Structural Information Enforcement in Deep Learning

Deep learning, which automatically learns to capture discriminative features purely

from data, has become a methodology of choice for analyzing big data since it gained

popularity in 2012 [16]. Although deep neural networks (DNNs) are theoretically able

to capture the structural information without the explicit specification of structural

information, it comes at the cost of a requirement for a large-scale labeled high-

quality training data, which is extremely expensive and difficult to collect in MIA.

In this regard, enforcing structural information in deep learning algorithms brings

an additional benefit: alleviating the need for a significant amount of labeled data.

Early work on incorporating structural information to deep learning concentrated on

enforcing sparse pixel connectivity through deep Boltzmann Machines (DBMs) [83].

Inspired by this line of work, Chen et al. [84] and Eslami et al. [85] employed DBM

for the segmentation of vehicles and other objects. However, the fully connected

formulation of DBM results in a complex model with a large number of parameters,

easily leading to over-fitting. To address this limitation, Wu et al. [86] presented deep

belief networks with convolutional layers to enforce the shape prior.

Standard DNN

𝑦

DNN

Deep structured models

𝑦"

DNN2

𝑦#

DNN4

𝑦$

DNN1

𝑦%

DNN3

𝑦&

DNN5

Figure 2.3: Modeling structures in the output with multiple components using deep
learning. Left: a standard CNN. It takes an image as input and only outputs an
output. Right: deep structured models. It takes multiple images as input and out-
puts multiple output variables. Note that the input/output variables are dependent
on each other.

In the context deep learning and MIA, enforcing structural constraints in deep
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learning has been adopted in many applications but has not been discussed in depth.

Fig. 2.3 illustrates the difference between a standard DNN and deep structured mod-

els. A standard DNN takes an image as input and only outputs a single output. In

deep structured models, the input/output contains multiple inter-dependent compo-

nents. Existing deep structured learning for MIA can be briefly classified into two

categories: modeling structural information with DNN architectures and enforcing

prior structural knowledge in loss functions. Oftentimes, the input/output contains

multiple inter-dependent components, as is illustrated in Fig. 2.3. Modeling the corre-

lations in the input/output is usually achieved by explicitly designing certain network

structures to consider the underlying structures in the input/output variables. For

instance, in [87], an LSTM layer is used to capture the temporal cardiac dynamics in

cardiac MRI sequences. There exist a considerable amount of applications with mul-

tiple interdependent input/output variables in MIA, which are briefly summarized as

follows:

1. Applications naturally requiring multiple inputs/output: For many

real-world applications, the input/output naturally contains multiple compo-

nents (e.g., image sequences). For example, Moeskops et al. [88] feed different

image modalities into several CNNs. Afterward, all feature maps from these

CNNs are combined to segment certain image components. Zhang et al. [49]

generate reports for medical images, in which the outputs are sequences of

words. Shin et al. [89] employ CNN to extract compact feature vectors from

the corresponding medical images. Afterward, the feature vectors are fed into an

RNN to generate sequential outputs. One classical MIA application that may

need to explicitly consider structural information in the output is segmenta-

tion (e.g., cells, glands, and organs), where fully convolutional neural networks

(FCNN) [90] have been widely used. Every neuron in an FCNN is locally con-

nected to the previous layer. With a series of convolutional layers, every output
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unit is able to interact with other units. In this way, the correlations among

the output units are considered. However, the resolution of the output degrades

with the use of pooling layers. In order to address this issue, a multi-resolution

approach is proposed in [91, 92]: the feature maps from different layers are

concatenated together to jointly determine the final result. In this way, the

low-level high-frequency information is recovered. Subsequently, Ronneberger

et al. [38] expand on this idea one step further and introduced the so-called

U-net. Stollenga et al. [93] alternatively choose to use the RNN to refine the

results.

2. The input/output needs to be separated: The input/output sometimes

needs to be separated into multiple parts so that different operations can be ap-

plied to each of them. One common reason is that many MIA problems involve

handling images of extremely large size or higher dimensions. When dealing

with these images, the sheer amount of data quickly saturate the GPU memo-

ries and the high computational requirement renders it infeasible to directly use

the deep learning models on these images. A common practice is to divide the

image data into multiple components. In this case, the result relies on all these

input components. While features need to be extracted from all the individual

components, the relationship among them should also be considered. For in-

stance, Kong et al. [87] used LSTM to learn the correlations among images in

a cardiac MRI sequence. Another reason is that by separating different com-

ponents, individual operations can be applied to each of them. For instance,

in [94], multiple ROIs of slit-lamp images are concatenated together, and the

resulting fused feature map is further fed into a CNN to grade nuclear cataract.

Chen et al. [91, 92] generate segmentation results from the gland images and

then extracted gland boundaries. Afterward, the boundaries are used to refine

the segmentation results.
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Besides, prior structural knowledge regarding specific problems can be enforced in

the loss function. For instance, Ronneberger et al. [38] assign the boundary pixels

higher weights in the loss function to separate the overlapping cells. Kong et al. [87]

model temporal constraints in the loss function to learn to detect ES and ED frames

in cardiac MRI sequences. However, most of these discussed approaches are proposed

(sometimes with brutal force) just for certain specific structured learning problems

and only concentrate on solving specific problems at hand. In this dissertation, on

the other hand, we investigate the general structured learning problem in MIA. We

expand on the ideas in [32, 87] by presenting a general deep learning framework for

structured learning in MIA.



CHAPTER 3: A GENERAL STRUCTURED LEARNING FRAMEWORK FOR

MEDICAL IMAGE ANALYSIS

3.1 Motivation

MIA is the process of extracting clinically relevant information from medical im-

ages for the diagnosis, prognosis, as well as treatment planning. It involves handling

images of various modalities such as positron emission tomography (PET), mammog-

raphy, magnetic resonance (MR), computed tomography (CT). For the last decades,

it has been demonstrated to be essential for the early diagnosis, detection, as well

as treatment planning of different types of diseases [95]. When applying machine

learning algorithms to MIA, the most important step is to design meaningful fea-

tures for medical images. Traditionally, meaningful task-specific image features were

designed by domain experts according to a specific task/dataset. As a result, it’s

extremely difficult to generalize to other tasks/datasets. Deep learning [96], on the

other hand, integrates the feature engineering step into the whole machine learning

pipeline. Specifically, instead of hand-designing image features, deep learning au-

tomatically extracts discriminative image features in a self-taught manner [97, 98].

This enables non-experts in machine learning to utilize modern deep learning tools

for their specific MIA applications at hand. Recently, with the wide adoption of deep

learning, many MIA tasks such as mitosis detection [5], X-ray image retrieval [6],

cancer metastasis detection [7], skin cancer classification [8], fetus segmentation [9],

and glaucoma assessment [10] have reached state-of-the-art performance, as is shown

in Fig. 3.1.

Typically, in these applications, a standard DNN takes an image as input and only

outputs a single output. However, the input/output in many MIA applications often-
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X-ray image retrieval

...

Figure 3.1: With deep learning-based methods quickly becoming a methodology of
choice, MIA tasks such as mitosis detection [5], X-ray image retrieval [6], cancer
metastasis detection [7], skin cancer classification [8], fetus segmentation [9], and
glaucoma assessment [10] have reached the state-of-the-art performance.

times contains multiple interdependent components. A simple solution is to divide

them into multiple components and analyze them individually. But the structural in-

formation, which is of great importance in these tasks, is ignored. A more advanced

approach is to use simple postprocessing steps to consider simple interactions among

different input/output variables. However, these techniques cannot model complex

interdependencies in the input/output variables. Theoretically, deep neural networks

are able to capture the structural information without the specification of a priori.

Nevertheless, this comes at the cost of a requirement for a large-scale labeled high-

quality training dataset, which is extremely expensive and difficult to collect in MIA.

Although recent works have been proposed for deep structured learning in MIA, they

are tailored for a specific application/dataset. In this dissertation, instead, we aim

to propose a general and less task-specific framework for deep structured learning

in MIA. The general framework is independent of particular tasks or deep learning

architectures. As a result, it is applicable to a wide range of MIA tasks (e.g., fetus

segmentation, glaucoma assessment, and invasive cancer detection) and readily com-



19

Fetus 
Segmentation

Glaucoma 
Assessment

Invasive Cancer 
Detection

…

Structured Learning 
Framework

Structured Feature 
Learner

Deep Feature 
Extractor

Structural Prior 
Embedding

Figure 3.2: We propose a general and less task-specific framework for structured
learning in MIA. The general framework is independent of particular tasks or deep
learning architectures. As a result, it is applicable to a wide range of MIA tasks (e.g.,
fetus segmentation, glaucoma assessment, and invasive cancer detection) and readily
combined with the well-established neural network architectures.

bined with well-established neural network architectures, as is illustrated in Fig. 3.2.

3.2 Methodology

3.2.1 Overview

Fig. 3.3 presents an overview of the proposed deep structured learning framework.

In this framework, we model the structural information in a unified neural network,

which can be trained end-to-end. It has two key modules: deep feature extractor and

structural feature learner. The intuition behind our framework is simple: the features

in the input can be classified into two categories: features that can be extracted

from individual input components and features that hold vital information about the

complex interactions in the input/output variables. Thus, we leverage different neural

network modules to model them respectively.

The deep feature extractor extracts discriminative features from each input compo-

nent. The structural feature learner models the complex interactions and generates

the final predictions. In the following, we first formally formulate the problem to

be solved in section 3.2.2. Then, these two modules are expanded in section 3.2.3
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x3
<latexit sha1_base64="TQ33fRXyPFetK0LUClcfydpelNI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+qd98oVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t1dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEOuI2i</latexit><latexit sha1_base64="TQ33fRXyPFetK0LUClcfydpelNI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+qd98oVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t1dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEOuI2i</latexit><latexit sha1_base64="TQ33fRXyPFetK0LUClcfydpelNI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+qd98oVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t1dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEOuI2i</latexit><latexit sha1_base64="TQ33fRXyPFetK0LUClcfydpelNI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+qd98oVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t1dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEOuI2i</latexit>

x4
<latexit sha1_base64="AlKM6oMHVKv8OS4xnuSaxrc1A3Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t3VKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAQPI2j</latexit><latexit sha1_base64="AlKM6oMHVKv8OS4xnuSaxrc1A3Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t3VKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAQPI2j</latexit><latexit sha1_base64="AlKM6oMHVKv8OS4xnuSaxrc1A3Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t3VKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAQPI2j</latexit><latexit sha1_base64="AlKM6oMHVKv8OS4xnuSaxrc1A3Q=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t3VKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAQPI2j</latexit>

x5
<latexit sha1_base64="Jq6DIXDrhmvucMdfM/j1gJ7WFU8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+pd9MoVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t2dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AERwI2k</latexit><latexit sha1_base64="Jq6DIXDrhmvucMdfM/j1gJ7WFU8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+pd9MoVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t2dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AERwI2k</latexit><latexit sha1_base64="Jq6DIXDrhmvucMdfM/j1gJ7WFU8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+pd9MoVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t2dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AERwI2k</latexit><latexit sha1_base64="Jq6DIXDrhmvucMdfM/j1gJ7WFU8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+pd9MoVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVT236t2dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AERwI2k</latexit>

f1
<latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit>

f2
<latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit>

f3
<latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit><latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit><latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit><latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit>

f4
<latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit><latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit><latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit><latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit>

f5
<latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit><latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit><latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit><latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit>

Deep feature extractor Structural feature learner

Deep features Predictions Input w/ multiple components

ŷ1
<latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit><latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit><latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit><latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit>

ŷ2
<latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit><latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit><latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit><latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit>

ŷ3
<latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit><latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit><latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit><latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit>

ŷ4
<latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit><latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit><latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit><latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit>

ŷ5
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Figure 3.3: An overview of the proposed structured learning framework. In our
network, we model the structural information in a unified neural network, which can
be trained end-to-end. It has two key modules: deep feature extractor, structural
feature learner. The deep feature extractor extracts discriminative features from
the input. The structural feature learner models the complex interactions in the
input/output variables and generates the final predictions.

and 3.2.4. Afterward, we present the objective function to optimize the network in

section 3.2.5. Finally, two real-world applications are presented to further illustrate

the proposed framework in in section 3.3.

3.2.2 Mathematical Formulation

Given the input x and let y be the output we aim to predict. The goal is to

leverage the available structural information in the training data to train a strong

model for the unseen testing data. In the structured learning setting, the input and

output are composed of M (M ≥ 1) and N (N ≥ 1) inter-correlated components

respectively. In other words, x and y can be decomposed into multiple components:

x = (x1, x2 · · · xM) and y = (y1, y2 · · · yN). The model we are interested in learning

can be denoted by a complex function ηV parametrized by V , i.e., y = ηV (x). In this

dissertation, we aim to formulate a fully differentiable deep learning framework for

various structured learning tasks in MIA, so that it can be trained in an end-to-end

manner.
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3.2.3 Deep Feature Extractor

One key aspect of deep structured learning to extract features from each input

component. Extracting discriminative features for the input images is vital as the

subsequent structural feature learner is able to focus on modeling complex structural

information. In the proposed deep structured learning framework, we use CNNs as

the deep feature extractor to automatically learn to extract discriminative features

f = (f1, f2 · · · fM) from the input x, as is demonstrated in Fig. 3.3. It can be denoted

by a differentiable function φU parameterized by U . We further illustrate this idea

in Fig. 3.4 with a simple MIA task: classifying the pathology image patches into

two categories, i.e., tumor/normal. From the perspective of manifold learning, the

tumor (red triangles) and normal (black circles) images are mixed together in the

input manifold. After feature extraction using the proposed deep feature extractor,

the tumor and normal images are separated apart.

Input Embedding Manifold Feature Embedding ManifoldDeep Feature Extractor

Figure 3.4: We illustrate this idea with a simple MIA task: classifying the pathol-
ogy image patches into two categories, i.e., tumor/normal. From the perspective of
manifold learning, the tumor (red triangles) and normal (black circles) images are
mixed together in the input embedding manifold. After feature extraction with the
proposed deep feature extractor, the tumor and normal images are separated apart.

Apart from extracting discriminative features from the input, the dimension of the

input data is significantly reduced by the pooling layers in the deep feature extractor

to avoid the curse of dimensionality. Commonly, x1, x2 · · ·xM are of the same shape,

e.g., the frames in a cardiac MRI sequence. In this case, all these CNNs can share
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weights to avoid overfitting. Similar architectures have also been used for deep struc-

tured learning in previous works in MIA. For example, a CNN is employed to extract

discriminative features in [87] from each frame of a cardiac sequence, which are then

fed into an LSTM layer to generate the final predictions. We can also interpret this

from the perspective of multi-task learning [88]. Specifically, deep feature extractor

is responsible for extracting different types of features from each individual input

component. As a result, these auxiliary tasks introduce an inductive bias to help the

model to explain multiple tasks and thus helps it to generalize better.

3.2.4 Structural Feature Learner

After extracting features from each input component, the structural feature learner

considers the inter-correlations in them. From a complementary perspective, the

structural feature learner complements the standard deep neural network with a mod-

ule for modeling key structural information. Similar to the deep feature extractor, we

also use a fully differentiable deep neural network to model the complex interactions

and generate the final prediction. Specially, structural feature learner ψW (parame-

terized by W ) takes as input the extracted features f = (f1, f2 · · · fM) and produces

the final prediction ŷ = (ŷ1, ŷ2 · · · ŷN). We further illustrate this idea in Fig. 3.5 with

a simple task: predicting the label (tumor/normal) of the pathology image patch

indicated by the red rectangle. This is a hard example. Purely judging by the fea-

tures extracted by the deep feature extractor can easily lead to misclassification as

its appearance/texture is very similar to the green tumor patch (red triangles in the

embedding manifolds). However, considering the inter-correlation between this patch

and its neighbors (black normal patches, indicated by black circles in the embedding

manifolds) effectively addresses this problem. By carefully designing the structural

learner, the features extracted from the hard example can be remapped to separate

it from the normal image patches.

While different methods can be used to model the complex interactions, we rec-
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Feature Embedding Manifold Output Embedding ManifoldWSI

Figure 3.5: We further illustrate this idea with a simple task: predicting the label
(tumor/normal) of the pathology image patch indicated by red rectangle. Purely
judging by the features extracted by the deep feature extractor can easily lead to
misclassification as its appearance/texture is very similar to the green tumor patch
(red triangle in the feature embedding manifold). However, considering the inter-
correlation between this patch and its neighbors effectively address this problem and
remap the feature to separate the tumor and black normal image patches (indicated
by black circles in the embedding manifolds).

ommend designing an aggregator module that can better leverage the underlying

structures in the individual features. As two examples for designing effective struc-

tural feature learner, we will present two MIA applications to show how to adopt the

proposed framework for regression and classification tasks in section 3.3. In these

two tasks, we demonstrate how to use LSTM to model the sequential dynamics in

section 3.3.1 and how to employ 2D LSTM layers to model the spatial correlations of

pathology image patches in WSIs in section 3.3.2.

3.2.5 Optimization

Together, the deep feature extractor φU and structural feature learner ψW define

a fully differentiable neural network ηV , where ηV (x) = (ϕU ◦ ψW )(x) and V =

(U,W ). In MIA applications, the training set D = {(xj,yj)}Jj=1 (here, J = |D|

is the number of data examples in D) is associated with a repository of medical

images X = {xj}Jj=1, and the corresponding labels Y = {yj}Jj=1. After introducing
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Algorithm 1 The whole training pipeline of the proposed structured learning
framework ηV with parameter V .

Input: D = training set
Input: φU = deep feature extractor with parameter U
Input: ψW = structural feature learner with parameter W
Input: µ = learning rate
while not converged
g ← 0
for every training example in the sampled mini batch (xj,yj) ∈ D do
extract deep features with: fj ← φU(xj)
model the structural information and generate final prediction: ŷj ← ψW (f j)
accumulate gradients: g ← g + ∂Ltotal(ŷj ,yj)

∂V
according to equation 3.1

end for
V ← V − µg

end while
return parameters V

the proposed framework, the next step is to define the loss function and train our

network with the training set:

Ltotal(ηV (X),Y) =
J∑
j=0

Ltask(ηV (xj),yj) + αLreg(V ), (3.1)

Lreg(V ) =
1

2
||V ||22, (3.2)

where Ltask(ηV (xj),yj) is the task-specific loss. For instance, cross-entropy loss can

be used for classification problems. Lreg denotes the regularization term. It ensures

sparse weights to avoid overfitting. The hyper-parameters α is cross-validated during

the training process.

As the whole framework is fully differentiable, it can be trained end-to-end. and

training the proposed deep structured learning framework is equivalent to the follow-

ing optimization problem. The detailed training procedure is shown in Algorithm 1.

V ∗ = arg min
V
Ltotal(ηV (X),Y). (3.3)
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3.3 Applications of Structured Learning in MIA

In this section, we employ the proposed structured learning framework in two MIA

tasks to thoroughly elucidate our approach: recognizing ED and ES frames from

cardiac MRI sequences and metastasis detection in whole-slide images (WSIs).

LSTM LSTM LSTM LSTM LSTM
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Figure 3.6: The outline of the TempReg-Net. It consists of two key components:
spatial feature encoding and temporal decoder, which correspond to the deep feature
extractor and structural feature learner respectively in our deep structured learning
framework. The deep feature learner extracts discriminative features from the input
and the structural feature learner is responsible for discovering the structures lying
behind. A fully connected layer in the structural feature learner generates the final
predicted values. Finally, the ES, as well as ED frames, are recognized, based on the
predictions.

3.3.1 Cardiac MRI Recognizing

Recognizing ED and ES frames from cardiac MRI is the first step for many cardiac

image analysis applications. Traditional methods [1, 99, 100] for this problem are

based on “hand-crafted” features. Nevertheless, the results are error-prone. Applying

deep learning algorithms to this task is extremely challenging, considering the almost

unnoticeable changes in the cardiac image frames (see Fig. 1.1). In this chapter, based
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on the deep structured learning framework, we introduce temporal regression network

(TempReg-Net) to tackle this problem. Its outline is presented in Fig. 3.6. It consists

of two key components: spatial feature encoding and temporal decoder, which are

correspond to the deep feature extractor and structural feature learner respectively

in our deep structured learning framework.

In this network, the deep feature extractor φU consists ofM CNNs for extracting the

spatial features from the M frames of the cardiac sequence (M is the total number of

frames in the cardiac sequence), yielding the encoded features for the cardiac frames.

The LSTM layer in the structural feature learner ψW is responsible for modeling

temporal dynamics. Finally, a fully connected layer in the structural feature learner

generates M predictions for the cardiac sequence (we generate a prediction for each

frame, so M = N in this application).

More specifically, the whole framework consists of three steps. Firstly, M CNNs

are trained to extract spatial patterns from the input frames, generating M compact

features vectors. Afterward, these features are fed into an LSTM model to explore

the temporal correlation in the sequence. Then, the final predictions are produced by

a fully-connected layer. Finally, the ED and ES frames are detected by locating the

maximum and minimum predictions respectively. Note that the network is trained

to regress a continuous numeric value for each frame in the cardiac sequence, where

each value represents the left ventricular volume in the frame. It is noted that the

weights of M CNNs are shared for all frames to avoid over-fitting.

Given the training set D = {(xj,yj)}Jj=1, our goal is to optimize the following loss

function:

Ltotal =
J∑
j=1

M∑
m=1

||yjm − ŷjm||2 + αLreg, (3.4)

Lreg =
1

2
(||V ||22), (3.5)
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where ŷj = ηV (xj) is the prediction. yj = (yj1, y
j
2 · · · yjM) is the synthetic ground

truth, which will be discussed later. Lreg regularizes our system by controlling the

complexity of TempReg-Net, i.e., the sparsity of the learned weights V . α is the

hyper-parameter, which is cross-validated during the training phase.

In this application,
J∑
j=1

M∑
m=1

||yjm− ŷjm||2 corresponds to the task-specific loss in equa-

tion 3.1. To model the dynamics of left ventricle volume [1], the ground truth label

yjm is synthesized according to the following equation:

yjm =


∣∣∣ m−Nes

Nes−Ned

∣∣∣δ, if Ned < m ≤ Nes∣∣∣ m−Nes

Nes−Ned

∣∣∣υ, otherwise
(3.6)

where Nes and Ned denote the corresponding ES and ED frame indices in the cardiac

MRI sequence xj. The hyper-parameters δ and υ control the shape of the ventricle

volume curve. They are cross-validated during the training phase.

3.3.2 Cancer Metastasis Detection in WSIs

WSIs are the golden standard in clinical diagnosis, which provide histopathological

information for accurate analysis. As WSIs are massive (e.g., 150, 000 × 150, 000

pixels), current practice [3] simply divides the WSIs into small patches and employs

CNNs to assign a prediction value to each patch for the final diagnosis decisions.

However, it does not consider the structural information in WSIs, as illustrated in

Fig. 1.2. The structural information in pathology images was proven to be vital for

cancer diagnosis in [101] even before the widely adoption of deep learning in MIA.

We now present our Spatio-Net for detecting cancer metastasis in WSIs. It is

based on the deep structured learning framework proposed in section 3.2 to model the

structural information among the image patches. The top row of Fig. 3.7 provides an

overview of the cancer metastasis detection pipeline. Firstly, each WSI is divided into

small image patches with fixed-size. Secondly, the Spatio-Net produces a probability
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map for each WSI, indicating the malignancy probability of each image patch, through

which the metastases are located.

Detected metastases

Whole slide image Neighboring patches Spatio-Net
Detected metastases in a 

probability map

Neighboring patches

Input

CNN Fixed-lengthed features 2D LSTM

P(tumor)

Conv Conv Conv Conv Fully Connected

Figure 3.7: A schematic overview of the proposed Spatio-Net. For each image patch,
we consider its neighboring patches. The spatio-Net generates the probability map.
The metastases are located by interpreting these maps. The top and bottom row show
the whole pipeline and the detailed structure of Spatio-Net respectively. The CNNs
(deep feature extractor) extract features from each patch and its neighbors. 2D LSTM
layers (structural feature learner) considers the inter-patch dependencies. A fully
connected layer in the structural feature learner predicts a malignancy probability for
each patch.

The bottom row of Fig. 3.7 shows the detailed structure of Spatio-Net. The CNN

and 2D LSTM layer correspond to the deep feature extractor and structural feature

learner in our deep structured learning framework respectively. The deep feature

extractor φU consists of M deep residual network [102] for extracting discriminative

features from each patch and its surrounding 8 patches (i.e.,M = 9). Note that these

networks share the same weights. The structural feature learner ψW is composed of

four 2D LSTM layers for aggregating the features extracted from the patches and a

fully connected layer for the final prediction. Thanks to the capability of 2D LSTM

layer for modeling spatial patterns, spatial information in these feature vectors can
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be naturally modeled by the proposed Spatio-Net. The fully connected layer followed

by a sigmoid function generates M predictions for the M patches (we generate a

prediction for each frame, so N=M = 9 in this application).

Given the training set D, we need to estimate the optimal weights for the CNN

and 2D LSTM layers. We define the total loss function for the whole framework as

follows:

Ltotal = Lcls + αLreg, (3.7)

Lreg =
1

2
(||V ||22), (3.8)

Lcls = −
∑
x∗∈D

log(ηV (x∗)), (3.9)

where Lcls is the total cross-entropy loss. Lreg regularizes our system by controlling

the complexity of Spatio-Net, as discussed previously. α controls the weights of three

loss terms, which is cross-validated during the training stage. V is all the learnable

weights in Spatio-Net.

In this application, Lcls corresponds to the task-specific loss in equation 3.1. Fol-

lowing [3], two post-processing steps are employed to locate the metastases from the

probability map. First, a binary mask image is generated by thresholding the proba-

bility map. Then, connected component analysis is used to label each region, with the

center of each region being the predicted metastasis location and the mean probability

of the region being the final score.

3.4 Summary

In this chapter, a novel deep learning framework is proposed to tackle the struc-

tured learning problems in MIA. More specifically, our framework comprises of two

major components: 1) deep feature extractor, which extracts features from each in-

put component, 2) structural feature learner, which precisely models the structural

information and generates the final predictions. By employing these approaches, our
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method can handle structured learning problems with a unified framework. We elu-

cidate the proposed method on two MIA tasks: cardiac MRI recognizing and cancer

metastasis detection in WSIs. As the proposed framework is independent of particu-

lar tasks or deep learning architectures it is applicable to a wide range of MIA tasks

and readily combined with well-established neural network architectures.



CHAPTER 4: EMBEDDING PRIOR STRUCTURAL KNOWLEDGE IN LOSS

FUNCTIONS

4.1 Motivation

In the last chapter, we demonstrated the importance of structural information in

MIA and defined a general deep structured learning framework for modeling structural

information in MIA systems. However, there also exist some prior structural infor-

mation that can hardly be enforced in deep learning frameworks. Compared with

other types of structural information, they often contain high-level understandings

of human experts, which is extremely difficult for deep neural networks to capture.

Therefore, solely relying on deep learning to model these high-level structured prior

knowledge is not enough for producing satisfactory results. The important role of

embedding structured prior in MIA systems is also highlighted in many previous

research works. For instance, Ronneberger et al. [38] stress the boundary pixels by

giving them higher weights so that touching cells can be separated. Chen et al. [91, 92]

also demonstrate that giving higher weights to gland boundaries proves to be ben-

eficial for separating overlapping glands. To address this issue, we complement the

proposed deep structured learning framework with a novel training strategy by incor-

porating an additional structured loss term in the loss function. It enables the model

to follow the prior structural knowledge on the solution space, thereby generating

more anatomically reasonable and accurate results.

In this chapter, we demonstrate how to embed prior structural knowledge in loss

functions and further illustrate our idea with more concrete examples in section 4.2.

To show that incorporating this prior knowledge is indeed beneficial for the final

accuracy, we conduct experiments in section 4.4 to evaluate the proposed approaches.
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4.2 Methodology

4.2.1 Embedding Prior Structural Knowledge in Loss Functions

Solely relying on deep neural networks to model structural information is not

enough in many MIA problems. To further enforce the high-level prior structural

knowledge into the proposed deep structured learning framework, we choose to in-

corporate this information in the training procedure by adding an additional term

in the loss function (equation 3.3). Figure 4.1 shows the training strategy of the

proposed structured learning framework. Different from chapter 3, which only use

the task-specific loss Ltask to update the parameters in the deep structured learning

framework, we also employ the prior structural loss Lprior to complement the training.

More specifically, at each iteration, predictions of the structured learning framework

are compared with the ground truth labels to compute the task-specific loss Ltask.

This loss term is used to generate the gradients ∂Ltask
∂U

and ∂Ltask
∂W

to update the deep

feature extractor φU and the structural feature learner ψW respectively. This loss

only consider one output component as a time and doesn’t consider the dependencies

in them, as illustrated in Figure 4.1.

To integrate this higher-level prior structural information, we further compute the

prior structural loss Lprior and compute gradients ∂Lprior
∂U

as well as ∂Lprior
∂W

to update

the parameters of φU and ψW respectively. In summary, the updated total loss for

training the deep structured learning framework can be expressed as follows:

L′total(ηV (X),Y) =
J∑
j=0

Ltask(ηV (xj),yj) + αLreg + βLprior, (4.1)

Lreg =
1

2
||V ||22, (4.2)

where Ltask is the task-specific loss, e.g., cross-entropy loss for classification problems.

Lreg denotes the regularization term. It ensures sparse weights after training to avoid
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f5
<latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit><latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit><latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit><latexit sha1_base64="hF6U+qFl6+wxpvc9OuEnlVPXu5Y=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPZr/XLFrbpzkFXi5aQCORr98ldvELM0QmmYoFp3PTcxfkaV4UzgtNRLNSaUjekQu5ZKGqH2s/mpU3JmlQEJY2VLGjJXf09kNNJ6EgW2M6JmpJe9mfif101NeO1nXCapQckWi8JUEBOT2d9kwBUyIyaWUKa4vZWwEVWUGZtOyYbgLb+8SloXVc+teveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwD2RY2S</latexit>

f3
<latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit><latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit><latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit><latexit sha1_base64="eRUltlz3W0AmByeXC+PBnjX7dNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0EPYv++WKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuqp5b9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDzPY2Q</latexit>

f1
<latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit><latexit sha1_base64="BZqwz6C361yJqVrSQmvMfMSwMxU=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIphk2WiER1QqpRcIlNw43ATqqQxqHAdji+nfntJ1SaJ/LRTFIMYjqUPOKMGis9RH2/71a9mjcHWSV+QapQoNF3v3qDhGUxSsME1brre6kJcqoMZwKnlV6mMaVsTIfYtVTSGHWQz0+dkjOrDEiUKFvSkLn6eyKnsdaTOLSdMTUjvezNxP+8bmai6yDnMs0MSrZYFGWCmITM/iYDrpAZMbGEMsXtrYSNqKLM2HQqNgR/+eVV0rqo+V7Nv7+s1m+KOMpwAqdwDj5cQR3uoAFNYDCEZ3iFN0c4L86787FoLTnFzDH8gfP5A/A1jY4=</latexit>

f2
<latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit><latexit sha1_base64="EhgoIcdngRZ62TNDIgUrlHkxJGU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbRrVc+tevdXlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/G5jY8=</latexit>

f4
<latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit><latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit><latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit><latexit sha1_base64="WcHC8WClX9192vzO4mTxHjh+7YY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+GgNihX3Kq7AFknXk4qkKM5KH/1hzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw2s/EypJkSu2XBSmkmBM5n+TodCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvqp5b9e5rlcZNHkcRzuAcLsGDOjTgDprQAgYjeIZXeHOk8+K8Ox/L1oKTz5zCHzifP/TBjZE=</latexit>

ŷ1
<latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit><latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit><latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit><latexit sha1_base64="pGUXXgQkfFgSNXBZi7s11JbW6As=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6LHoxWMF+yFtKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmltfWNzq7xd2dnd2z+oHh61TZxqylo0FrHuhsQwwRVrIUfBuolmRIaCdcLJ7czvPDFteKweMEtYIMlI8YhTglZ67I8J5tl04A+qNa/uzeGuEr8gNSjQHFS/+sOYppIppIIY0/O9BIOcaORUsGmlnxqWEDohI9azVBHJTJDPD566Z1YZulGsbSl05+rviZxIYzIZ2k5JcGyWvZn4n9dLMboOcq6SFJmii0VRKlyM3dn37pBrRlFklhCqub3VpWOiCUWbUcWG4C+/vEraF3Xfq/v3l7XGTRFHGU7gFM7BhytowB00oQUUJDzDK7w52nlx3p2PRWvJKWaO4Q+czx/cZZBu</latexit>

ŷ2
<latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit><latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit><latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit><latexit sha1_base64="vt2u7shejiHbk/KboLS8Zu/hp3Y=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGC/ZA2lM120y7dbMLuRAihv8KLB0W8+nO8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMEu4H9GREqFgFK302B9TzLPpoD6oVN2aOwdZJV5BqlCgOah89YcxSyOukElqTM9zE/RzqlEwyaflfmp4QtmEjnjPUkUjbvx8fvCUnFtlSMJY21JI5urviZxGxmRRYDsjimOz7M3E/7xeiuG1nwuVpMgVWywKU0kwJrPvyVBozlBmllCmhb2VsDHVlKHNqGxD8JZfXiXtes1za979ZbVxU8RRglM4gwvw4AoacAdNaAGDCJ7hFd4c7bw4787HonXNKWZO4A+czx/d6ZBv</latexit>

ŷ3
<latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit><latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit><latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit><latexit sha1_base64="am89okQjBjwRirdaLvKGCX94XIo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/nm/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d1FrXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB322QcA==</latexit>

ŷ4
<latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit><latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit><latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit><latexit sha1_base64="RZGfpMua2l8d8VBNq2h1mSKvaD8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9kPaUDbbTbt0swm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFrpsT+mmGfTweWgWnPr7hxklXgFqUGB5qD61R/GLI24QiapMT3PTdDPqUbBJJ9W+qnhCWUTOuI9SxWNuPHz+cFTcmaVIQljbUshmau/J3IaGZNFge2MKI7NsjcT//N6KYbXfi5UkiJXbLEoTCXBmMy+J0OhOUOZWUKZFvZWwsZUU4Y2o4oNwVt+eZW0L+qeW/fuL2uNmyKOMpzAKZyDB1fQgDtoQgsYRPAMr/DmaOfFeXc+Fq0lp5g5hj9wPn8A4PGQcQ==</latexit>

ŷ5
<latexit sha1_base64="lUknJ24PN0LLlrGXwnrSSHK/ZWw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSSi6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/kW/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d15rXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB4nWQcg==</latexit><latexit sha1_base64="lUknJ24PN0LLlrGXwnrSSHK/ZWw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSSi6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/kW/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d15rXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB4nWQcg==</latexit><latexit sha1_base64="lUknJ24PN0LLlrGXwnrSSHK/ZWw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSSi6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/kW/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d15rXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB4nWQcg==</latexit><latexit sha1_base64="lUknJ24PN0LLlrGXwnrSSHK/ZWw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSSi6LHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeT/kW/WvPq3gzuMvELUoMCzX71qzeIaSqZQiqIMV3fSzDIiUZOBZtUeqlhCaFjMmRdSxWRzAT57OCJe2KVgRvF2pZCd6b+nsiJNCaToe2UBEdm0ZuK/3ndFKOrIOcqSZEpOl8UpcLF2J1+7w64ZhRFZgmhmttbXToimlC0GVVsCP7iy8ukfVb3vbp/d15rXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB4nWQcg==</latexit>

y5
<latexit sha1_base64="vc6Y/dlJMzU3nDllNghXEqN5BrU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfda/6Fdrbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbvzWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxNGjaU=</latexit><latexit sha1_base64="vc6Y/dlJMzU3nDllNghXEqN5BrU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfda/6Fdrbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbvzWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxNGjaU=</latexit><latexit sha1_base64="vc6Y/dlJMzU3nDllNghXEqN5BrU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfda/6Fdrbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbvzWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxNGjaU=</latexit><latexit sha1_base64="vc6Y/dlJMzU3nDllNghXEqN5BrU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfda/6Fdrbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbvzWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxNGjaU=</latexit>

y4
<latexit sha1_base64="d0vnnFLrozt7hSTIWhFtSuF6jO4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7GyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByO/M7T6g0j+WjyRL0IzqSPOSMGis9ZIPLQbXm1t05yCrxClKDAs1B9as/jFkaoTRMUK17npsYP6fKcCZwWumnGhPKJnSEPUsljVD7+fzUKTmzypCEsbIlDZmrvydyGmmdRYHtjKgZ62VvJv7n9VITXvs5l0lqULLFojAVxMRk9jcZcoXMiMwSyhS3txI2pooyY9Op2BC85ZdXSfui7rl17/6y1rgp4ijDCZzCOXhwBQ24gya0gMEInuEV3hzhvDjvzseiteQUM8fwB87nDxHCjaQ=</latexit><latexit sha1_base64="d0vnnFLrozt7hSTIWhFtSuF6jO4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7GyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByO/M7T6g0j+WjyRL0IzqSPOSMGis9ZIPLQbXm1t05yCrxClKDAs1B9as/jFkaoTRMUK17npsYP6fKcCZwWumnGhPKJnSEPUsljVD7+fzUKTmzypCEsbIlDZmrvydyGmmdRYHtjKgZ62VvJv7n9VITXvs5l0lqULLFojAVxMRk9jcZcoXMiMwSyhS3txI2pooyY9Op2BC85ZdXSfui7rl17/6y1rgp4ijDCZzCOXhwBQ24gya0gMEInuEV3hzhvDjvzseiteQUM8fwB87nDxHCjaQ=</latexit><latexit sha1_base64="d0vnnFLrozt7hSTIWhFtSuF6jO4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7GyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByO/M7T6g0j+WjyRL0IzqSPOSMGis9ZIPLQbXm1t05yCrxClKDAs1B9as/jFkaoTRMUK17npsYP6fKcCZwWumnGhPKJnSEPUsljVD7+fzUKTmzypCEsbIlDZmrvydyGmmdRYHtjKgZ62VvJv7n9VITXvs5l0lqULLFojAVxMRk9jcZcoXMiMwSyhS3txI2pooyY9Op2BC85ZdXSfui7rl17/6y1rgp4ijDCZzCOXhwBQ24gya0gMEInuEV3hzhvDjvzseiteQUM8fwB87nDxHCjaQ=</latexit><latexit sha1_base64="d0vnnFLrozt7hSTIWhFtSuF6jO4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbSbt0swm7GyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ndLa+sbmVnm7srO7t39QPTxq6zhVDFssFrHqBlSj4BJbhhuB3UQhjQKBnWByO/M7T6g0j+WjyRL0IzqSPOSMGis9ZIPLQbXm1t05yCrxClKDAs1B9as/jFkaoTRMUK17npsYP6fKcCZwWumnGhPKJnSEPUsljVD7+fzUKTmzypCEsbIlDZmrvydyGmmdRYHtjKgZ62VvJv7n9VITXvs5l0lqULLFojAVxMRk9jcZcoXMiMwSyhS3txI2pooyY9Op2BC85ZdXSfui7rl17/6y1rgp4ijDCZzCOXhwBQ24gya0gMEInuEV3hzhvDjvzseiteQUM8fwB87nDxHCjaQ=</latexit>

y3
<latexit sha1_base64="3BuRcbn1ltrrmLmTfqYvO3TprVc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfdY/71drbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbuLWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxA+jaM=</latexit><latexit sha1_base64="3BuRcbn1ltrrmLmTfqYvO3TprVc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfdY/71drbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbuLWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxA+jaM=</latexit><latexit sha1_base64="3BuRcbn1ltrrmLmTfqYvO3TprVc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfdY/71drbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbuLWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxA+jaM=</latexit><latexit sha1_base64="3BuRcbn1ltrrmLmTfqYvO3TprVc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK1hbaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7GN1O//cS1EbF6wCzhfkSHSoSCUbTSfdY/71drbt2dgSwTryA1KNDsV796g5ilEVfIJDWm67kJ+jnVKJjkk0ovNTyhbEyHvGupohE3fj47dUJOrDIgYaxtKSQz9fdETiNjsiiwnRHFkVn0puJ/XjfF8MrPhUpS5IrNF4WpJBiT6d9kIDRnKDNLKNPC3krYiGrK0KZTsSF4iy8vk8ezuufWvbuLWuO6iKMMR3AMp+DBJTTgFprQAgZDeIZXeHOk8+K8Ox/z1pJTzBzCHzifPxA+jaM=</latexit>

y2
<latexit sha1_base64="D3AX+j/PE1m53fMd5IxYxCDCOuI=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGi/YA2lM120i7dbMLuRgihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5nfmdJ1Sax/LRZAn6ER1JHnJGjZUeskF9UKm6NXcOskq8glShQHNQ+eoPY5ZGKA0TVOue5ybGz6kynAmclvupxoSyCR1hz1JJI9R+Pj91Ss6tMiRhrGxJQ+bq74mcRlpnUWA7I2rGetmbif95vdSE137OZZIalGyxKEwFMTGZ/U2GXCEzIrOEMsXtrYSNqaLM2HTKNgRv+eVV0q7XPLfm3V9WGzdFHCU4hTO4AA+uoAF30IQWMBjBM7zCmyOcF+fd+Vi0rjnFzAn8gfP5Aw66jaI=</latexit><latexit sha1_base64="D3AX+j/PE1m53fMd5IxYxCDCOuI=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGi/YA2lM120i7dbMLuRgihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5nfmdJ1Sax/LRZAn6ER1JHnJGjZUeskF9UKm6NXcOskq8glShQHNQ+eoPY5ZGKA0TVOue5ybGz6kynAmclvupxoSyCR1hz1JJI9R+Pj91Ss6tMiRhrGxJQ+bq74mcRlpnUWA7I2rGetmbif95vdSE137OZZIalGyxKEwFMTGZ/U2GXCEzIrOEMsXtrYSNqaLM2HTKNgRv+eVV0q7XPLfm3V9WGzdFHCU4hTO4AA+uoAF30IQWMBjBM7zCmyOcF+fd+Vi0rjnFzAn8gfP5Aw66jaI=</latexit><latexit sha1_base64="D3AX+j/PE1m53fMd5IxYxCDCOuI=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGi/YA2lM120i7dbMLuRgihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5nfmdJ1Sax/LRZAn6ER1JHnJGjZUeskF9UKm6NXcOskq8glShQHNQ+eoPY5ZGKA0TVOue5ybGz6kynAmclvupxoSyCR1hz1JJI9R+Pj91Ss6tMiRhrGxJQ+bq74mcRlpnUWA7I2rGetmbif95vdSE137OZZIalGyxKEwFMTGZ/U2GXCEzIrOEMsXtrYSNqaLM2HTKNgRv+eVV0q7XPLfm3V9WGzdFHCU4hTO4AA+uoAF30IQWMBjBM7zCmyOcF+fd+Vi0rjnFzAn8gfP5Aw66jaI=</latexit><latexit sha1_base64="D3AX+j/PE1m53fMd5IxYxCDCOuI=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Fj04rGi/YA2lM120i7dbMLuRgihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5nfmdJ1Sax/LRZAn6ER1JHnJGjZUeskF9UKm6NXcOskq8glShQHNQ+eoPY5ZGKA0TVOue5ybGz6kynAmclvupxoSyCR1hz1JJI9R+Pj91Ss6tMiRhrGxJQ+bq74mcRlpnUWA7I2rGetmbif95vdSE137OZZIalGyxKEwFMTGZ/U2GXCEzIrOEMsXtrYSNqaLM2HTKNgRv+eVV0q7XPLfm3V9WGzdFHCU4hTO4AA+uoAF30IQWMBjBM7zCmyOcF+fd+Vi0rjnFzAn8gfP5Aw66jaI=</latexit>

y1
<latexit sha1_base64="dFpwFkqSE/qJSmPpk9iKmxkVioY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YpZwP6IjJULBKFrpIRt4g2rNrbtzkFXiFaQGBZqD6ld/GLM04gqZpMb0PDdBP6caBZN8WumnhieUTeiI9yxVNOLGz+enTsmZVYYkjLUthWSu/p7IaWRMFgW2M6I4NsveTPzP66UYXvu5UEmKXLHFojCVBGMy+5sMheYMZWYJZVrYWwkbU00Z2nQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYDCCZ3iFN0c6L86787FoLTnFzDH8gfP5Aw02jaE=</latexit><latexit sha1_base64="dFpwFkqSE/qJSmPpk9iKmxkVioY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YpZwP6IjJULBKFrpIRt4g2rNrbtzkFXiFaQGBZqD6ld/GLM04gqZpMb0PDdBP6caBZN8WumnhieUTeiI9yxVNOLGz+enTsmZVYYkjLUthWSu/p7IaWRMFgW2M6I4NsveTPzP66UYXvu5UEmKXLHFojCVBGMy+5sMheYMZWYJZVrYWwkbU00Z2nQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYDCCZ3iFN0c6L86787FoLTnFzDH8gfP5Aw02jaE=</latexit><latexit sha1_base64="dFpwFkqSE/qJSmPpk9iKmxkVioY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YpZwP6IjJULBKFrpIRt4g2rNrbtzkFXiFaQGBZqD6ld/GLM04gqZpMb0PDdBP6caBZN8WumnhieUTeiI9yxVNOLGz+enTsmZVYYkjLUthWSu/p7IaWRMFgW2M6I4NsveTPzP66UYXvu5UEmKXLHFojCVBGMy+5sMheYMZWYJZVrYWwkbU00Z2nQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYDCCZ3iFN0c6L86787FoLTnFzDH8gfP5Aw02jaE=</latexit><latexit sha1_base64="dFpwFkqSE/qJSmPpk9iKmxkVioY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7EyGE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YpZwP6IjJULBKFrpIRt4g2rNrbtzkFXiFaQGBZqD6ld/GLM04gqZpMb0PDdBP6caBZN8WumnhieUTeiI9yxVNOLGz+enTsmZVYYkjLUthWSu/p7IaWRMFgW2M6I4NsveTPzP66UYXvu5UEmKXLHFojCVBGMy+5sMheYMZWYJZVrYWwkbU00Z2nQqNgRv+eVV0r6oe27du7+sNW6KOMpwAqdwDh5cQQPuoAktYDCCZ3iFN0c6L86787FoLTnFzDH8gfP5Aw02jaE=</latexit>

Structural 
feature learner GT

Structured Prior

L t
a
s
k

<latexit sha1_base64="M5BwHr6nVDvUPaiELwntneQnGaE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOxhPyKGxeKuPVH3Pk3TtostPXAwOGce7lnTpBwprTjfFuVtfWNza3qdm1nd2//wD6sd1WcSkI7JOax7AdYUc4E7WimOe0nkuIo4LQXTG8Kv/dIpWKxeNCzhHoRHgsWMoK1kXy7PoywnhDMs7vczzRW09y3G07TmQOtErckDSjR9u2v4SgmaUSFJhwrNXCdRHsZlpoRTvPaMFU0wWSKx3RgqMARVV42z56jU6OMUBhL84RGc/X3RoYjpWZRYCaLpGrZK8T/vEGqwysvYyJJNRVkcShMOdIxKopAIyYp0XxmCCaSmayITLDERJu6aqYEd/nLq6R73nSdpnt/0Whdl3VU4RhO4AxcuIQW3EIbOkDgCZ7hFd6s3Hqx3q2PxWjFKneO4A+szx+/xpTj</latexit><latexit sha1_base64="M5BwHr6nVDvUPaiELwntneQnGaE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOxhPyKGxeKuPVH3Pk3TtostPXAwOGce7lnTpBwprTjfFuVtfWNza3qdm1nd2//wD6sd1WcSkI7JOax7AdYUc4E7WimOe0nkuIo4LQXTG8Kv/dIpWKxeNCzhHoRHgsWMoK1kXy7PoywnhDMs7vczzRW09y3G07TmQOtErckDSjR9u2v4SgmaUSFJhwrNXCdRHsZlpoRTvPaMFU0wWSKx3RgqMARVV42z56jU6OMUBhL84RGc/X3RoYjpWZRYCaLpGrZK8T/vEGqwysvYyJJNRVkcShMOdIxKopAIyYp0XxmCCaSmayITLDERJu6aqYEd/nLq6R73nSdpnt/0Whdl3VU4RhO4AxcuIQW3EIbOkDgCZ7hFd6s3Hqx3q2PxWjFKneO4A+szx+/xpTj</latexit><latexit sha1_base64="M5BwHr6nVDvUPaiELwntneQnGaE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOxhPyKGxeKuPVH3Pk3TtostPXAwOGce7lnTpBwprTjfFuVtfWNza3qdm1nd2//wD6sd1WcSkI7JOax7AdYUc4E7WimOe0nkuIo4LQXTG8Kv/dIpWKxeNCzhHoRHgsWMoK1kXy7PoywnhDMs7vczzRW09y3G07TmQOtErckDSjR9u2v4SgmaUSFJhwrNXCdRHsZlpoRTvPaMFU0wWSKx3RgqMARVV42z56jU6OMUBhL84RGc/X3RoYjpWZRYCaLpGrZK8T/vEGqwysvYyJJNRVkcShMOdIxKopAIyYp0XxmCCaSmayITLDERJu6aqYEd/nLq6R73nSdpnt/0Whdl3VU4RhO4AxcuIQW3EIbOkDgCZ7hFd6s3Hqx3q2PxWjFKneO4A+szx+/xpTj</latexit><latexit sha1_base64="M5BwHr6nVDvUPaiELwntneQnGaE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOxhPyKGxeKuPVH3Pk3TtostPXAwOGce7lnTpBwprTjfFuVtfWNza3qdm1nd2//wD6sd1WcSkI7JOax7AdYUc4E7WimOe0nkuIo4LQXTG8Kv/dIpWKxeNCzhHoRHgsWMoK1kXy7PoywnhDMs7vczzRW09y3G07TmQOtErckDSjR9u2v4SgmaUSFJhwrNXCdRHsZlpoRTvPaMFU0wWSKx3RgqMARVV42z56jU6OMUBhL84RGc/X3RoYjpWZRYCaLpGrZK8T/vEGqwysvYyJJNRVkcShMOdIxKopAIyYp0XxmCCaSmayITLDERJu6aqYEd/nLq6R73nSdpnt/0Whdl3VU4RhO4AxcuIQW3EIbOkDgCZ7hFd6s3Hqx3q2PxWjFKneO4A+szx+/xpTj</latexit>

L p
r
io

r
<latexit sha1_base64="MEbHDam6GmYoBn+/J8GyN8EXk+0=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOhhPgrblwo4tYPceffOGmz0NYDA4dz7uWeOUHCmdKO821V1tY3Nreq27Wd3b39A/vwqKviVBLaITGPZT/AinImaEczzWk/kRRHAae9YHpT+L1HKhWLxYOeJdSL8FiwkBGsjeTb9WGE9YRgnt3lfpZIFsvctxtO05kDrRK3JA0o0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVeNg+fo1OjjFAYS/OERnP190aGI6VmUWAmi6hq2SvE/7xBqsMrL2MiSTUVZHEoTDnSMSqaQCMmKdF8ZggmkpmsiEywxESbvmqmBHf5y6uke950naZ7f9FoXZd1VOEYTuAMXLiEFtxCGzpAYAbP8Apv1pP1Yr1bH4vRilXu1OEPrM8fo/GVZg==</latexit><latexit sha1_base64="MEbHDam6GmYoBn+/J8GyN8EXk+0=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOhhPgrblwo4tYPceffOGmz0NYDA4dz7uWeOUHCmdKO821V1tY3Nreq27Wd3b39A/vwqKviVBLaITGPZT/AinImaEczzWk/kRRHAae9YHpT+L1HKhWLxYOeJdSL8FiwkBGsjeTb9WGE9YRgnt3lfpZIFsvctxtO05kDrRK3JA0o0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVeNg+fo1OjjFAYS/OERnP190aGI6VmUWAmi6hq2SvE/7xBqsMrL2MiSTUVZHEoTDnSMSqaQCMmKdF8ZggmkpmsiEywxESbvmqmBHf5y6uke950naZ7f9FoXZd1VOEYTuAMXLiEFtxCGzpAYAbP8Apv1pP1Yr1bH4vRilXu1OEPrM8fo/GVZg==</latexit><latexit sha1_base64="MEbHDam6GmYoBn+/J8GyN8EXk+0=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOhhPgrblwo4tYPceffOGmz0NYDA4dz7uWeOUHCmdKO821V1tY3Nreq27Wd3b39A/vwqKviVBLaITGPZT/AinImaEczzWk/kRRHAae9YHpT+L1HKhWLxYOeJdSL8FiwkBGsjeTb9WGE9YRgnt3lfpZIFsvctxtO05kDrRK3JA0o0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVeNg+fo1OjjFAYS/OERnP190aGI6VmUWAmi6hq2SvE/7xBqsMrL2MiSTUVZHEoTDnSMSqaQCMmKdF8ZggmkpmsiEywxESbvmqmBHf5y6uke950naZ7f9FoXZd1VOEYTuAMXLiEFtxCGzpAYAbP8Apv1pP1Yr1bH4vRilXu1OEPrM8fo/GVZg==</latexit><latexit sha1_base64="MEbHDam6GmYoBn+/J8GyN8EXk+0=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUlE0GXRjQsXFewD2hAm00k7dDIJMxOhhPgrblwo4tYPceffOGmz0NYDA4dz7uWeOUHCmdKO821V1tY3Nreq27Wd3b39A/vwqKviVBLaITGPZT/AinImaEczzWk/kRRHAae9YHpT+L1HKhWLxYOeJdSL8FiwkBGsjeTb9WGE9YRgnt3lfpZIFsvctxtO05kDrRK3JA0o0fbtr+EoJmlEhSYcKzVwnUR7GZaaEU7z2jBVNMFkisd0YKjAEVVeNg+fo1OjjFAYS/OERnP190aGI6VmUWAmi6hq2SvE/7xBqsMrL2MiSTUVZHEoTDnSMSqaQCMmKdF8ZggmkpmsiEywxESbvmqmBHf5y6uke950naZ7f9FoXZd1VOEYTuAMXLiEFtxCGzpAYAbP8Apv1pP1Yr1bH4vRilXu1OEPrM8fo/GVZg==</latexit>

@Lprior

@U
<latexit sha1_base64="5f26ulC2jfL5FsgMlqV6rH0PSN0=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdFl048JFBdMKTQiT6aQdOpkJMxOhhPyGG3/FjQtFXOrKv3HSBtHWAwOHc+69c++JUkaVdpwvq7a0vLK6Vl9vbGxube/Yu3tdJTKJiYcFE/IuQoowyomnqWbkLpUEJREjvWh8Wfq9eyIVFfxWT1ISJGjIaUwx0kYKbcePJcK5nyKpKWK5nyA9woZcF2GeSipkURQ/NvSK0G46LWcKuEjcijRBhU5of/gDgbOEcI0ZUqrvOqkO8nIgZqRo+JkiKcJjNCR9QzlKiAry6WUFPDLKAMZCmsc1nKq/O3KUKDVJIlNZLq7mvVL8z+tnOj4PcsrTTBOOZx/FGYNawDImOKCSYM0mhiAsqdkV4hEyUWkTZsOE4M6fvEi6Jy3Xabk3p832RRVHHRyAQ3AMXHAG2uAKdIAHMHgAT+AFvFqP1rP1Zr3PSmtW1bMP/sD6/AZ22qJv</latexit><latexit sha1_base64="5f26ulC2jfL5FsgMlqV6rH0PSN0=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdFl048JFBdMKTQiT6aQdOpkJMxOhhPyGG3/FjQtFXOrKv3HSBtHWAwOHc+69c++JUkaVdpwvq7a0vLK6Vl9vbGxube/Yu3tdJTKJiYcFE/IuQoowyomnqWbkLpUEJREjvWh8Wfq9eyIVFfxWT1ISJGjIaUwx0kYKbcePJcK5nyKpKWK5nyA9woZcF2GeSipkURQ/NvSK0G46LWcKuEjcijRBhU5of/gDgbOEcI0ZUqrvOqkO8nIgZqRo+JkiKcJjNCR9QzlKiAry6WUFPDLKAMZCmsc1nKq/O3KUKDVJIlNZLq7mvVL8z+tnOj4PcsrTTBOOZx/FGYNawDImOKCSYM0mhiAsqdkV4hEyUWkTZsOE4M6fvEi6Jy3Xabk3p832RRVHHRyAQ3AMXHAG2uAKdIAHMHgAT+AFvFqP1rP1Zr3PSmtW1bMP/sD6/AZ22qJv</latexit><latexit sha1_base64="5f26ulC2jfL5FsgMlqV6rH0PSN0=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdFl048JFBdMKTQiT6aQdOpkJMxOhhPyGG3/FjQtFXOrKv3HSBtHWAwOHc+69c++JUkaVdpwvq7a0vLK6Vl9vbGxube/Yu3tdJTKJiYcFE/IuQoowyomnqWbkLpUEJREjvWh8Wfq9eyIVFfxWT1ISJGjIaUwx0kYKbcePJcK5nyKpKWK5nyA9woZcF2GeSipkURQ/NvSK0G46LWcKuEjcijRBhU5of/gDgbOEcI0ZUqrvOqkO8nIgZqRo+JkiKcJjNCR9QzlKiAry6WUFPDLKAMZCmsc1nKq/O3KUKDVJIlNZLq7mvVL8z+tnOj4PcsrTTBOOZx/FGYNawDImOKCSYM0mhiAsqdkV4hEyUWkTZsOE4M6fvEi6Jy3Xabk3p832RRVHHRyAQ3AMXHAG2uAKdIAHMHgAT+AFvFqP1rP1Zr3PSmtW1bMP/sD6/AZ22qJv</latexit><latexit sha1_base64="5f26ulC2jfL5FsgMlqV6rH0PSN0=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdFl048JFBdMKTQiT6aQdOpkJMxOhhPyGG3/FjQtFXOrKv3HSBtHWAwOHc+69c++JUkaVdpwvq7a0vLK6Vl9vbGxube/Yu3tdJTKJiYcFE/IuQoowyomnqWbkLpUEJREjvWh8Wfq9eyIVFfxWT1ISJGjIaUwx0kYKbcePJcK5nyKpKWK5nyA9woZcF2GeSipkURQ/NvSK0G46LWcKuEjcijRBhU5of/gDgbOEcI0ZUqrvOqkO8nIgZqRo+JkiKcJjNCR9QzlKiAry6WUFPDLKAMZCmsc1nKq/O3KUKDVJIlNZLq7mvVL8z+tnOj4PcsrTTBOOZx/FGYNawDImOKCSYM0mhiAsqdkV4hEyUWkTZsOE4M6fvEi6Jy3Xabk3p832RRVHHRyAQ3AMXHAG2uAKdIAHMHgAT+AFvFqP1rP1Zr3PSmtW1bMP/sD6/AZ22qJv</latexit>

@Ltask

@U
<latexit sha1_base64="Zv+N2sU8zXby8GSFhHVYj+n0vg4=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBdMWmlBuppN26OTBzEQoIZ/hxl9x40IRt935N07aINp6YOBwzr137j1+wplUlvVlVFZW19Y3qpu1re2d3T1z/6At41QQ6pCYx6Lrg6ScRdRRTHHaTQSF0Oe0449vCr/zSIVkcfSgJgn1QhhGLGAElJb65pkbCCCZm4BQDHjmhqBGRJO7vJ8pkOM8z39c7OR9s241rBnwMrFLUkclWn1z6g5ikoY0UoSDlD3bSpSXFQMJp3nNTSVNgIxhSHuaRhBS6WWzw3J8opUBDmKhX6TwTP3dkUEo5ST0dWWxt1z0CvE/r5eq4MrLWJSkikZk/lGQcqxiXKSEB0xQovhEEyCC6V0xGYFOSuksazoEe/HkZdI+b9hWw76/qDevyziq6Agdo1Nko0vURLeohRxE0BN6QW/o3Xg2Xo0P43NeWjHKnkP0B8b0G4Wgoew=</latexit><latexit sha1_base64="Zv+N2sU8zXby8GSFhHVYj+n0vg4=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBdMWmlBuppN26OTBzEQoIZ/hxl9x40IRt935N07aINp6YOBwzr137j1+wplUlvVlVFZW19Y3qpu1re2d3T1z/6At41QQ6pCYx6Lrg6ScRdRRTHHaTQSF0Oe0449vCr/zSIVkcfSgJgn1QhhGLGAElJb65pkbCCCZm4BQDHjmhqBGRJO7vJ8pkOM8z39c7OR9s241rBnwMrFLUkclWn1z6g5ikoY0UoSDlD3bSpSXFQMJp3nNTSVNgIxhSHuaRhBS6WWzw3J8opUBDmKhX6TwTP3dkUEo5ST0dWWxt1z0CvE/r5eq4MrLWJSkikZk/lGQcqxiXKSEB0xQovhEEyCC6V0xGYFOSuksazoEe/HkZdI+b9hWw76/qDevyziq6Agdo1Nko0vURLeohRxE0BN6QW/o3Xg2Xo0P43NeWjHKnkP0B8b0G4Wgoew=</latexit><latexit sha1_base64="Zv+N2sU8zXby8GSFhHVYj+n0vg4=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBdMWmlBuppN26OTBzEQoIZ/hxl9x40IRt935N07aINp6YOBwzr137j1+wplUlvVlVFZW19Y3qpu1re2d3T1z/6At41QQ6pCYx6Lrg6ScRdRRTHHaTQSF0Oe0449vCr/zSIVkcfSgJgn1QhhGLGAElJb65pkbCCCZm4BQDHjmhqBGRJO7vJ8pkOM8z39c7OR9s241rBnwMrFLUkclWn1z6g5ikoY0UoSDlD3bSpSXFQMJp3nNTSVNgIxhSHuaRhBS6WWzw3J8opUBDmKhX6TwTP3dkUEo5ST0dWWxt1z0CvE/r5eq4MrLWJSkikZk/lGQcqxiXKSEB0xQovhEEyCC6V0xGYFOSuksazoEe/HkZdI+b9hWw76/qDevyziq6Agdo1Nko0vURLeohRxE0BN6QW/o3Xg2Xo0P43NeWjHKnkP0B8b0G4Wgoew=</latexit><latexit sha1_base64="Zv+N2sU8zXby8GSFhHVYj+n0vg4=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBdMWmlBuppN26OTBzEQoIZ/hxl9x40IRt935N07aINp6YOBwzr137j1+wplUlvVlVFZW19Y3qpu1re2d3T1z/6At41QQ6pCYx6Lrg6ScRdRRTHHaTQSF0Oe0449vCr/zSIVkcfSgJgn1QhhGLGAElJb65pkbCCCZm4BQDHjmhqBGRJO7vJ8pkOM8z39c7OR9s241rBnwMrFLUkclWn1z6g5ikoY0UoSDlD3bSpSXFQMJp3nNTSVNgIxhSHuaRhBS6WWzw3J8opUBDmKhX6TwTP3dkUEo5ST0dWWxt1z0CvE/r5eq4MrLWJSkikZk/lGQcqxiXKSEB0xQovhEEyCC6V0xGYFOSuksazoEe/HkZdI+b9hWw76/qDevyziq6Agdo1Nko0vURLeohRxE0BN6QW/o3Xg2Xo0P43NeWjHKnkP0B8b0G4Wgoew=</latexit>

@Ltask

@W
<latexit sha1_base64="lz43jWehWkcENA79QwgBlJ/sfzg=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VwFRIRdFl048JFBdsKTQg300k7dPJgZiKUkL9w46+4caGIW935N07agNp6YOBwzr137j1ByplUtv1l1JaWV1bX6uuNjc2t7R1zd68rk0wQ2iEJT8RdAJJyFtOOYorTu1RQiAJOe8H4svR791RIlsS3apJSL4JhzEJGQGnJNy03FEByNwWhGHDsRqBGBHh+Xfi5Ajkuih+zV/hm07bsKfAicSrSRBXavvnpDhKSRTRWhIOUfcdOlZeXAwmnRcPNJE2BjGFI+5rGEFHp5dO7CnyklQEOE6FfrPBU/d2RQyTlJAp0Zbm2nPdK8T+vn6nw3MtZnGaKxmT2UZhxrBJchoQHTFCi+EQTIILpXTEZgQ5K6SgbOgRn/uRF0j2xHNtybk6brYsqjjo6QIfoGDnoDLXQFWqjDiLoAT2hF/RqPBrPxpvxPiutGVXPPvoD4+Mb/LahDA==</latexit><latexit sha1_base64="lz43jWehWkcENA79QwgBlJ/sfzg=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VwFRIRdFl048JFBdsKTQg300k7dPJgZiKUkL9w46+4caGIW935N07agNp6YOBwzr137j1ByplUtv1l1JaWV1bX6uuNjc2t7R1zd68rk0wQ2iEJT8RdAJJyFtOOYorTu1RQiAJOe8H4svR791RIlsS3apJSL4JhzEJGQGnJNy03FEByNwWhGHDsRqBGBHh+Xfi5Ajkuih+zV/hm07bsKfAicSrSRBXavvnpDhKSRTRWhIOUfcdOlZeXAwmnRcPNJE2BjGFI+5rGEFHp5dO7CnyklQEOE6FfrPBU/d2RQyTlJAp0Zbm2nPdK8T+vn6nw3MtZnGaKxmT2UZhxrBJchoQHTFCi+EQTIILpXTEZgQ5K6SgbOgRn/uRF0j2xHNtybk6brYsqjjo6QIfoGDnoDLXQFWqjDiLoAT2hF/RqPBrPxpvxPiutGVXPPvoD4+Mb/LahDA==</latexit><latexit sha1_base64="lz43jWehWkcENA79QwgBlJ/sfzg=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VwFRIRdFl048JFBdsKTQg300k7dPJgZiKUkL9w46+4caGIW935N07agNp6YOBwzr137j1ByplUtv1l1JaWV1bX6uuNjc2t7R1zd68rk0wQ2iEJT8RdAJJyFtOOYorTu1RQiAJOe8H4svR791RIlsS3apJSL4JhzEJGQGnJNy03FEByNwWhGHDsRqBGBHh+Xfi5Ajkuih+zV/hm07bsKfAicSrSRBXavvnpDhKSRTRWhIOUfcdOlZeXAwmnRcPNJE2BjGFI+5rGEFHp5dO7CnyklQEOE6FfrPBU/d2RQyTlJAp0Zbm2nPdK8T+vn6nw3MtZnGaKxmT2UZhxrBJchoQHTFCi+EQTIILpXTEZgQ5K6SgbOgRn/uRF0j2xHNtybk6brYsqjjo6QIfoGDnoDLXQFWqjDiLoAT2hF/RqPBrPxpvxPiutGVXPPvoD4+Mb/LahDA==</latexit><latexit sha1_base64="lz43jWehWkcENA79QwgBlJ/sfzg=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VwFRIRdFl048JFBdsKTQg300k7dPJgZiKUkL9w46+4caGIW935N07agNp6YOBwzr137j1ByplUtv1l1JaWV1bX6uuNjc2t7R1zd68rk0wQ2iEJT8RdAJJyFtOOYorTu1RQiAJOe8H4svR791RIlsS3apJSL4JhzEJGQGnJNy03FEByNwWhGHDsRqBGBHh+Xfi5Ajkuih+zV/hm07bsKfAicSrSRBXavvnpDhKSRTRWhIOUfcdOlZeXAwmnRcPNJE2BjGFI+5rGEFHp5dO7CnyklQEOE6FfrPBU/d2RQyTlJAp0Zbm2nPdK8T+vn6nw3MtZnGaKxmT2UZhxrBJchoQHTFCi+EQTIILpXTEZgQ5K6SgbOgRn/uRF0j2xHNtybk6brYsqjjo6QIfoGDnoDLXQFWqjDiLoAT2hF/RqPBrPxpvxPiutGVXPPvoD4+Mb/LahDA==</latexit>

@Lprior

@W
<latexit sha1_base64="2ch9r7JDHB3O/on/r17u7LBNzy0=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBfuAJoTJdNIOnWSGmYlQQj7Djb/ixoUibrvzb5y0AbX1wMDhnHvv3HtCwajSjvNlVVZW19Y3qpu1re2d3T17/6CjeCoxaWPOuOyFSBFGE9LWVDPSE5KgOGSkG45vCr/7SKSiPHnQE0H8GA0TGlGMtJEC+8yLJMKZJ5DUFDHoxUiPMGLZXR5kQlIu8/zH7eaBXXcazgxwmbglqYMSrcCeegOO05gkGjOkVN91hPazYiBmJK95qSIC4TEakr6hCYqJ8rPZYTk8McoARlyal2g4U393ZChWahKHprLYWy16hfif1091dOVnNBGpJgmefxSlDGoOi5TggEqCNZsYgrCkZleIR8gkpU2WNROCu3jyMumcN1yn4d5f1JvXZRxVcASOwSlwwSVoglvQAm2AwRN4AW/g3Xq2Xq0P63NeWrHKnkPwB9b0G+0aoY8=</latexit><latexit sha1_base64="2ch9r7JDHB3O/on/r17u7LBNzy0=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBfuAJoTJdNIOnWSGmYlQQj7Djb/ixoUibrvzb5y0AbX1wMDhnHvv3HtCwajSjvNlVVZW19Y3qpu1re2d3T17/6CjeCoxaWPOuOyFSBFGE9LWVDPSE5KgOGSkG45vCr/7SKSiPHnQE0H8GA0TGlGMtJEC+8yLJMKZJ5DUFDHoxUiPMGLZXR5kQlIu8/zH7eaBXXcazgxwmbglqYMSrcCeegOO05gkGjOkVN91hPazYiBmJK95qSIC4TEakr6hCYqJ8rPZYTk8McoARlyal2g4U393ZChWahKHprLYWy16hfif1091dOVnNBGpJgmefxSlDGoOi5TggEqCNZsYgrCkZleIR8gkpU2WNROCu3jyMumcN1yn4d5f1JvXZRxVcASOwSlwwSVoglvQAm2AwRN4AW/g3Xq2Xq0P63NeWrHKnkPwB9b0G+0aoY8=</latexit><latexit sha1_base64="2ch9r7JDHB3O/on/r17u7LBNzy0=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBfuAJoTJdNIOnWSGmYlQQj7Djb/ixoUibrvzb5y0AbX1wMDhnHvv3HtCwajSjvNlVVZW19Y3qpu1re2d3T17/6CjeCoxaWPOuOyFSBFGE9LWVDPSE5KgOGSkG45vCr/7SKSiPHnQE0H8GA0TGlGMtJEC+8yLJMKZJ5DUFDHoxUiPMGLZXR5kQlIu8/zH7eaBXXcazgxwmbglqYMSrcCeegOO05gkGjOkVN91hPazYiBmJK95qSIC4TEakr6hCYqJ8rPZYTk8McoARlyal2g4U393ZChWahKHprLYWy16hfif1091dOVnNBGpJgmefxSlDGoOi5TggEqCNZsYgrCkZleIR8gkpU2WNROCu3jyMumcN1yn4d5f1JvXZRxVcASOwSlwwSVoglvQAm2AwRN4AW/g3Xq2Xq0P63NeWrHKnkPwB9b0G+0aoY8=</latexit><latexit sha1_base64="2ch9r7JDHB3O/on/r17u7LBNzy0=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVRMRdFl048JFBfuAJoTJdNIOnWSGmYlQQj7Djb/ixoUibrvzb5y0AbX1wMDhnHvv3HtCwajSjvNlVVZW19Y3qpu1re2d3T17/6CjeCoxaWPOuOyFSBFGE9LWVDPSE5KgOGSkG45vCr/7SKSiPHnQE0H8GA0TGlGMtJEC+8yLJMKZJ5DUFDHoxUiPMGLZXR5kQlIu8/zH7eaBXXcazgxwmbglqYMSrcCeegOO05gkGjOkVN91hPazYiBmJK95qSIC4TEakr6hCYqJ8rPZYTk8McoARlyal2g4U393ZChWahKHprLYWy16hfif1091dOVnNBGpJgmefxSlDGoOi5TggEqCNZsYgrCkZleIR8gkpU2WNROCu3jyMumcN1yn4d5f1JvXZRxVcASOwSlwwSVoglvQAm2AwRN4AW/g3Xq2Xq0P63NeWrHKnkPwB9b0G+0aoY8=</latexit>

Figure 4.1: Different from chapter 3 which only use the task-specific loss Ltask to up-
date the deep structured learning framework, we also employ the prior structural loss
Lprior to complement the training. More specifically, at each iteration, predictions
of the structured learning framework are compared with the ground truth labels to
compute the task-specific loss Ltask. This loss term is used to generate the gradients
∂Ltask
∂U

and ∂Ltask
∂W

to update the deep feature extractor φU and the structural feature
learner ψW respectively. This loss only consider one output component as a time
and doesn’t consider the dependencies in them. To integrate this higher-level prior
structural information, we further compute the prior structural loss Lprior and com-
pute gradients ∂Lprior

∂U
as well as ∂Lprior

∂W
for φU and ψW respectively to update their

parameters.

overfitting. Lprior enforces the prior structural knowledge in the loss function. The

hyper-parameters, α and β , are cross-validated during the training process. As

the whole framework is fully differentiable, it can be trained end-to-end with back-

propagation. The whole training procedure is also illustrated in Algorithm 2.

4.2.2 Illustration with Two MIA Applications

We further illustrate our idea with two more concrete examples. As a simple exam-

ple, a typical cardiac MRI sequence in illustrated in Fig. 1.1. With the contraction

and relaxation of the heart, the left ventricle (red rectangles) volume gradually di-

minishes and expands in these cardiac image frames. The maximum and minimum
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Algorithm 2 Incorporating the structured prior knowledge into the training proce-
dure by adding an additional loss term into the loss function. The structured learning
framework is denoted by ηV with parameter V .

Input: D = training set
Input: φU = deep feature extractor with parameter U
Input: ψW = structural feature learner with parameter W
Input: µ = learning rate
while not converged
g ← 0
for every training example in the sampled mini batch (xj,yj) ∈ D do
extract deep features with: fj ← φU(xj)
model the structural information and generate final prediction: ŷj ← ψW (f j)
accumulate gradients: g ← g +

∂L′total(ŷ
j ,yj)

∂V
according to equation 4.1

end for
V ← V − µg

end while
return parameters V

left ventricular volumes correspond to the end-diastole (ED) and end-systole (ES),

respectively. In chapter 3, we leverage the proposed deep structured learning frame-

work to model temporal structures underlying in cardiac sequences. However, an

important high-level aspect of the prior structural information regarding to the pre-

dictions is difficult to be captured solely by deep neural networks: the left ventricular

volume only increase in diastole and decrease in systole phases [52]. Simply employ-

ing TempReg-Net (see Fig. 3.6) is difficult to capture this high-level knowledge. To

address this issue, we complement the proposed deep structured learning framework

with a generic training strategy by incorporating a new loss term in section 4.3.1.

This strategy encourages the deep network to follow the prior structural knowledge

on the solution space. As will be demonstrated in section 4.4.1, this significantly

improves the prediction by smoothing out the results.

As another example, consider an image region in a WSI in Fig. 1.2, which includes

9 patches. In this image region, we are interested in predicting the malignancy of the

center red patch. Except for the top left green patch, all the other surrounding patches
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are tumorous. Without other available information, it is reasonable to infer that the

center patch (red) is likely to be tumorous. This reasoning process reflects our prior

knowledge about the spatial constraint or structure of image patches underlying in

the WSIs. The prior knowledge about the nuclei distribution has also been leveraged

for cancer diagnosis in [103].

4.2.3 Distinction with Maximum a Posteriori

This framework can be interpreted from the perspective of maximum a posteriori

(MAP). Specifically, when estimating the parameters of the deep structured learning

framework, we are essentially estimating the conditional probability P (Y|X;V ), i.e.,

we are interested in predictingY givenX. X andY are the input collection and target

collection in training set D respectively. Without considering Lreg, equation 4.1 is

equivalent to the following objective function:

VMLE = arg max
V

P (Y|X;V ), (4.3)

which is standard maximum likelihood estimation (MLE). Usually, equation 4.3 can

be decomposed as follows, assuming that data examples in D are i.i.d.:

VMLE = arg max
V

J∑
j=1

logP (yj|xj;V ). (4.4)

In contrast, MAP works on the Bayesian posterior distribution, which can be de-

composed as a prior and likelihood. Similar to equation 4.3 and 4.4, by incorporating

a prior distribution, we get the following objective function:

VMAP = arg max
V

P (Y|X;V )P (V ), (4.5)

= arg max
V

logP (Y|X;V ) + logP (V ), (4.6)
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= arg max
V

log
J∏
j=1

P (yj|xj;V ) + logP (V ), (4.7)

= arg max
V

J∑
j=1

logP (yj|xj;V ) + logP (V ). (4.8)

Comparing equation 4.8 with equation 3.3 and 4.1, we can draw the conclusion that

Ltask and Lprior are corresponding to the first term in equation 4.8, which are guided

by the labeled training data. Lprior corresponds to the second term in equation 4.8. It

encompasses our prior understanding of the system. In our case, we assume that the

system should not be too complex. By incorporating this term, the trained system

is less likely to overfit the training dataset. Note the difference between the prior

distribution in MAP and the prior structural knowledge in equation 4.1: the prior

structural loss in equation 4.1 is guided by training examples.

4.3 Applications in MIA

In this section, we further consider incorporating prior structural knowledge into

the training procedure of the MIA systems discussed in section 3.3.

4.3.1 Cardiac MRI Recognizing

As is mentioned in section 4.2.2, the prior knowledge about the left ventricular

volume (i.e., it does not decrease in a diastole stage and increase in a systole stage)

can be leveraged to improve the predictions. Essentially, TempReg-Net defines a

regressor ηV based on the cardiac MRI sequence xj withM frames, where V is all the

learnable weights in the deep feature extractor and structural feature learner. Ideally,

the predicted value ŷj = ηV (xj) conform with the prior knowledge: the prediction of

the mth frame ŷjm (m = 1, 2, ...M) should be larger than or equal to ŷjm−1 if there are

in the diastole phase (i.e., ŷjm−1 < ŷjm), and vice versa. We model this constraint in
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the loss function by adding an additional term, temporal structured loss Ltemp:

Ltemp =
1

2
(Linc + Ldec), (4.9)

Linc =
1

M

M∑
m=2

1(ym > ym−1) max(0, ŷjm−1 − ŷjm), (4.10)

Ldec =
1

M

N∑
m=2

1(ym < ym−1) max(0, ŷjm − ŷjm−1), (4.11)

where Linc and Ldec penalize the false predictions. More specifically, they are 0 if the

predictions conform with the rules mentioned above. Linc is positive if the predictions

decrease, but the corresponding frames are in a diastole phase. Ldec is positive if the

predictions increase, but the corresponding frames are in a systole phase. 1(·) denotes

the indicator function.

After the definition of temporal structured loss, we further explore the loss function.

Given the training set D = {(xj,yj)}Jj=1, our goal is to optimize the following loss

function:

L′total =
J∑
j=1

M∑
m=1

||yjm − ŷjm||2 + αLreg + βLtemp, (4.12)

Lreg =
1

2
(||V ||22), (4.13)

where ŷj = ηV (xj) is the prediction. yj = (yj1, y
j
2, ..., y

j
M) is the synthetic ground

truth. Lreg regularizes our system by controlling the complexity of TempReg-Net,

i.e., the sparsity of the learned weights V . α and β are the hyper-parameters of our

system. They are cross-validated during the training phase.

4.3.2 Cancer Metastasis Detection in WSIs

Additionally, we further propose a new loss function Lspatio to enforce the prior

structural knowledge in the training procedure of Spatio-Net. It is termed as spatially

structured loss. Spatio-Net defines a classifier ŷ(i) = (ŷ
(i)
1 , ŷ

(i)
2 , ..., ŷ

(i)
M ) = ηV (x(i)).
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Specifically, we penalize two situations: 1) |y(i)∗ − y(i)m | is small but ŷ(i)∗ = ŷ
(i)
m , which

is corresponding to Lind in the following, 2) |y(i)∗ − y(i)m | is large but ŷ(i)∗ 6= ŷ
(i)
m , which

is corresponding to Ldif in the following. We enforce this prior structural knowledge

in the loss function:

Lspatio =
1

2
(Lind − Ldif ), (4.14)

Lind =
1

N

J∑
j=1

∑
m∈N∗

{1(y(i)∗ = y(i)m ) · |ŷ(i)∗ − ŷ(i)m |2}, (4.15)

Ldif =
1

N

J∑
j=1

∑
m∈N∗

{1(y(i)∗ 6= y
(i)
l ) · |ŷ(i)∗ − ŷ(i)m |2}, (4.16)

where 1(·) denotes the indicator function.

Given the training set D, we need to estimate the optimal weights for the CNN

and 2D LSTM layers. It can be achieved by optimizing the following loss function:

L′total = Lcls + αLreg + βLspatio, (4.17)

Lreg =
1

2
(||V ||22), (4.18)

Lcls = −
∑
x∗∈D

log(η(x∗)), (4.19)

where Lcls is the total cross-entropy loss. Lreg regularizes our system by controlling

the complexity of Spatio-Net, as discussed previously. α and β control the weights of

three loss terms, and they are cross-validated during the training stage. V is all the

learnable weights in Spatio-Net.

4.4 Experiments

4.4.1 Cardiac MRI Recognizing

Dataset: the cardiac MRI dataset was collected from our collaborative hospital

and labeled by board-certified experts. More specifically, we gathered the cardiac

sequences from four views (i.e., long-axis, short-axis, four-chamber, and two-chamber)
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from 420 patients, which contain around 113, 000 frames. Every cardiac MRI sequence

contains 20 frames (256×256 pixels) and each patient has around 18 sequences (about

15 short-axis, a long-axis, a four-chamber, and a two-chamber view). ES and ED

frames are carefully labeled by the experts in the hospital. The results are generated

by performing four-fold cross-validation on this dataset.

Evaluation metrics: to quantify the accuracy of the predictions, the average

frame difference (aFD) is employed, following the convention of [100, 104]. Formally,

aFD is defined as:

aFD =
1

|D|

|D|∑
i=1

|N̂i −Ni|, (4.20)

where Ni and N̂i are the ground truth frame index and predicted value of ith cardiac

MRI sequence in the testing dataset. |D| denotes the total number of evaluated

cardiac MRI sequences.

Implementation details: TempReg-Net uses the Zeiler-Fergus (ZF) model [15]

as the deep feature extractor, as it makes an excellent trade-off between the perfor-

mance and the computational cost. Each gray-scale frame is squashed to the range

of [0, 255] and replicated two times, resulting in a three-channel image. In order to

avoid overfitting, we fine-tune the pre-trained LRCN network [105] (originally trained

on ImageNet [61]) on our dataset. The learning rate of the last fully-connected layer

(the layer that follows the LSTM model) is set to be 10 times larger than the learning

rates of the rest layers. We initialize all the parameters in the LSTM in the range

of [−0.01, 0.01]. The hyper-parameters are cross-validated during the training stage.

We randomly crop the resized cardiac frames in order to artificially augment our

datasets.

Quantitative Results: We first compare the proposed framework with the state-

of-the-art (Reg-based: CNN+Reg): a similar regression-based method. This method



40

differs from our method only in two aspects: 1) it does not use an LSTM layer (struc-

tural feature learner) to model the inter-frame dependencies, 2) the prior knowledge

regarding the predicted values is not enforced in the loss function. The results are

shown in Table 4.1. According to Table 4.1, our TempReg-Net can achieve com-

petitive results (i.e., 0.47 for identifying ED and 0.52 for locating ES, respectively)

even without enforcing the prior knowledge in the loss (i.e., temporal structured loss

Ltemp). After adding Ltemp, the performance improves significantly, i.e., 0.44 for ES

and 0.38 for ED, increasing the accuracy by around 15%. The result demonstrates

the effectiveness of the proposed structured learning framework. In terms of the com-

putational cost, only 1.4 seconds is required for TempReg-Net to process a cardiac

MRI sequence. Due to its efficiency, TempReg-Net can potentially be integrated with

cardiac analysis platforms.

Table 4.1: Quantitative comparisons of the proposed TempReg-Net with the state-
of-the-art (Reg-based: CNN+Reg), segmentation based methods (level set [1] and
graph cut [2]), and TempReg-Net without temporal structured loss Ltemp.

Methods Seg-based:
Level Set [1]

Seg-based:
Graph Cut [2]

Reg-based:
CNN+Reg

TempReg-Net
(w/o Ltemp) TempReg-Net

aFD
ED 1.54 2.27 1.30 0.47 0.38
ES 1.24 1.65 1.97 0.52 0.44

STD ED 1.93 2.89 1.77 0.49 0.39
ES 1.64 1.96 2.42 0.53 0.46

Time (s) 2.9 3.5 1.5 1.4 1.4

Additionally, we compare the proposed framework with other related methods. For

example in [106], the left ventricle is first segmented from each frame. Then, the ES

and ED frames are identified by comparing the areas of these regions. A similar

method is developed in this dissertation to segment the left ventricle, employing vari-

ations of graph cut [2], a method proposed recently that can accurately achieve the

task of myocardium segmentation with level set [1]. This type of method is very

intuitive, therefore being widely used. Nevertheless, there exist several limitations

in these approaches; e.g., high computational cost, significant segmentation errors,
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ES ED

…

…

ES ED

ES ED

…

Figure 4.2: Three predicted results by the proposed TempReg-Net. The ground truth
annotations are illustrated in the top left corner of the corresponding frames. Green
and yellow frames are the predicted ES and ED frames, respectively.

and requirements of human interactions. In the experiments, 3.5 and 2.9 seconds

are required to segment the left ventricle from the frames in a cardiac MRI sequence

employing graph cut and level set, respectively. In other words, this system is signif-

icantly slower than the proposed method, assuming the fact that the time of human

interactions for initializing the segmentation (e.g., the background and/or foreground

has to be manually defined in the graph cut based approach) is not counted.

Regarding the accuracy, the aFD is 1.24 and 1.54 for ES and ED respectively, when

level set is employed. When graph cut is employed, the aFD is 1.65 and 2.27 for ES

and ED respectively. In comparison, the proposed method achieves much better

performance. The reason resides in the segmentation procedure: these segmentation

algorithms are not able to generate perfect segmentation results, while even a small

segmentation error substantially reduce the final result due to the subtle differences

among adjacent frames.

Evaluation of the Temporal Structured Constraint: In order to obtain a

deeper understanding of the influence the structured constraint has on the results,

we randomly selected a cardiac MRI sequence from the testing data and compare the
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results of the proposed methods with the state-of-the-art (Reg-based: CNN+Reg),

which does not consider the temporal structured constraint (TSC). In this sequence,

the ED and ES frames are the 8th and 1st frame, respectively. Fig. 4.3 shows the

visual comparison results. The result of TempReg-Net is consistent with our prior

knowledge. On the other hand, the predictions of the method without TSC fluctu-

ate at several places (2nd, 5th, 9th, and 12th frames). Because of these fluctuations,

the predicted ED and ES will differ from the ground truth by one and two frames,

respectively. The visual comparisons provide additional evidence for the superiority

of our method.

Frame Index in Cardiac Sequence
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Figure 4.3: Comparison of the predicted values of a cardiac MRI sequence generated
by the state-of-the-art method without temporal structured constraint (TSC) and the
proposed structured learning framework.

4.4.2 Cancer Metastasis Detection in WSIs

Dataset & Evaluation metrics: in the CAMELYON161 dataset, the training

set includes 110 tumor WSIs and 160 normal WSIs. All these images are carefully

annotated by pathologists. The testing set is composed of 130 WSIs. To maximally

leverage image information, all experiments are carried out on the 40× magnification.

The detection performance is evaluated by average FROC (Ave. FROC) [107]. A

higher average FROC value suggests better detection performance.

Implementation details: To effectively extract image features, residual neural

network [102] (ResNet101) was used for feature extraction. Four 2D LSTM layers
1https://camelyon16.grand-challenge.org/



43

are employed to model the dependencies in the neighboring image patches. For fair

comparison, we follow Wang et al. [3] to sample the training image patches and train

the neural networks. In the testing stage, the stride of sliding window is set as 64.

Figure 4.4: Predicted probability maps of WSIs with cancer metastases (top row) and
without cancer metastasis (bottom row). The first, second, and third columns show
the original WSIs, ground truth annotations, and the probability maps generated by
Spatio-Net.

Quantitative Results: We carried out multiple experiments to evaluate Spatio-

Net. Firstly, we compare Spatio-Net with the baseline [3], the state-of-the-art archi-

tecture. The difference between the baseline and our framework is two-fold: 1) no

extra 2D-LSTM layers is used to model the inter-patch dependencies, and 2) spatially

structured loss Lspatio is not considered in the loss function. Smoothing is often used

as a simple approach to consider the correlation of neighboring predictions. Thus, we

further compare our method with baseline + smoothing for postprocessing. Fig. 4.4

shows some generated probability maps.

The final results of the above methods are summarized in Fig. 4.5 and Table 4.2.

According to Table 4.2, our approach, Spatio-Net significantly outperforms [3] (more
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Figure 4.5: FROC curves of different methods on the testing set.

than 5%), demonstrating the effectiveness of the proposed structured learning frame-

work. Furthermore, Spatio-Net also outperforms Baseline+post-processing by more

than 4%. This is because although post-processing bring certain benefits, it is not

fully integrated into our structured learning framework. In contrast, our approach

models the structural information in a systematic way.

Table 4.2: Quantitative comparisons of the proposed methods and the baselines:
Wang et al. [3] and Wang et al. [3]+Postprocessing.

Methods Wang et al. [3] Wang et al. [3]+PostPro Spatio-Net

Ave. FROC 0.7125 0.7203 0.7658

Finally, we conduct an additional experiment to test if the proposed structured

learning framework is able to benefit different types of CNN architectures. Specifi-

cally, three types of CNN models are tested: ResNet101 [102], GoogleNet [17], and

ZFNet [15]. For all these models, we evaluate their performance with or without

enforcing structured learning. Their performances are summarized in Table 4.3. Two

key conclusions can be drawn. First, stronger CNN architecture has higher detec-

tion performance. More specifically, the detection accuracy improves from ZFNet to
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GoogleNet and ResNet101. We guess this is because we have enough training data

to train a high capacity CNN network. In this case, higher capacity network means

better generalization. Second, structured learning consistently helps these CNN mod-

els to boost the detection accuracy. Note that the Ave. FROC increased by 4.9% in

average when structured learning is enforced in these CNN models.

Table 4.3: Detection results of different methods: CNN models only or CNN models
with structured learning (SL).

Methods ZFNet ZFNet (with SL) GoogleNet GoogleNet (with SL) ResNet101 ResNet-101 (with SL)

Ave. FROC 0.6938 0.7354 0.7026 0.7543 0.7125 0.7658

4.5 Summary

For many MIA applications, prior structural knowledge about a specific task is

also extremely important for obtaining more accurate results. Apart from propos-

ing a general structured learning framework for MIA, we enforce the prior structural

knowledge in loss functions to regularize the training of the deep structured learning

framework in this chapter. We extensively evaluate the proposed structured learn-

ing approach with two MIA tasks: cardiac MRI recognizing and cancer metastasis

detection in WSIs. The superior performance demonstrates the effectiveness of the

proposed method.



CHAPTER 5: MODELING TREE STRUCTURES WITH TREE-STRUCTURED

CONVOLUTIONAL GRU

In chapter 3, we demonstrated two use cases of the proposed deep structured learn-

ing framework: cardiac MRI recognizing and cancer metastasis detection in WSIs.

In this chapter, we consider a more challenging structured learning problem: tree-

structured learning and its application in coronary artery segmentation.

5.1 Motivation

Over the past two decades, coronary artery segmentation has drawn greater and

greater attention because it not only greatly facilitates the reviewing process but also

provides quantitative function analysis [108]. Unfortunately, the segmentation proce-

dure still heavily relies on semi-automatic approaches, which are still time-consuming

and error-prone. This is because fully-automatic approaches cannot produce suffi-

ciently accurate results, as the coronary arteries exhibit extremely complex struc-

tures. Therefore, it is essential to accurately as well as efficiently segment coronary

arteries.

Currently, it is a standard procedure to evaluate coronary artery diseases with

computed tomography angiography (CTA) as it provides high-resolution 3D imaging

with non-invasiveness. The focus of this chapter is accurate segmentation of the

coronary artery in 3D coronary computed tomography angiography (CCTA) volumes,

as illustrated in Fig. 5.1. Multiple reasons account for the difficulty of coronary

artery segmentation. First, the boundaries between the artery and background are

often highly fuzzy, as is shown in Fig. 5.1 (a). Second, the tubular structure of the

coronary artery is extremely complex: the cross-section area changes gradually along
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the artery and there exist a large number of bifurcations (see Fig. 5.1 (b)). Third,

the appearance and geometry of the coronary artery may vary considerably from

one patient to another. Plus, the buildup of the plaque or calcification (extremely

high-intensity regions in Fig. 5.1 (c)) inside the coronary artery wall may further

cause the variability from one patient to another [108]. Finally, the image acquisition

process may further introduce inherent image noise and artifacts [109], making the

segmentation even more challenging.

(a)

(c)

(b)

3D CCTA volume Coronary artery segmentation

Figure 5.1: From left to right: a 3D CCTA volume, the corresponding coronary artery
segmentation, and three longitudinal views of the coronary artery. The coronary
artery segmentation is denoted in red.

A substantial body of research has been devoted to the segmentation of the coro-

nary arteries. Most of them [110, 111] are only based on domain knowledge about the

voxel intensity distributions, which suffer from multiple issues, e.g., holes and noisy

contours. Additionally, they often fail to build a global tree structure as they only

rely on local intensity information. To address this issue, geometry and topology

prior have been employed to generate more anatomically reasonable segmentation

result [112]. Nevertheless, introducing these priors requires domain-specific exper-

tise. Recently, deep learning has been introduced to the segmentation of tree-like ob-

jects [113, 114, 115]. Compared with traditional methods for MIA [116, 117, 118, 119],

deep learning-based approaches achieve better performance and at the same time ob-

viate hand-crafting features, as the hierarchical neural networks automatically learn
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the most discriminative features for the coronary artery purely from the training data.

However, these methods either ignore the underlying anatomical structure in the coro-

nary artery [113] or simply use traditional methods to post-process the segmentation

results [114], which requires domain-specific knowledge and extensive tuning.

Inspired by the proposed deep structured learning framework in chapter 3, we

propose to explicitly model the anatomical structure of the coronary artery with a

unified network. It consists of a fully convolutional network (FCN) model to extract

discriminative features from CCTA dataset and a tree-structured ConvGRU layer to

model the anatomical structure of the coronary arteries. We summarize the essential

contributions as follows:

• A novel convolutional recurrent neural network (ConvRNN) layer, tree-structured

convolutional gated recurrent unit (ConvGRU), is proposed to explicitly model

the topological structure of the coronary artery.

• Accordingly, an end-to-end deep learning-based framework, consisting of a tree-

structured ConvGRU layer and an FCN, is presented to accurately segment

coronary arteries from 3D CCTA data.

• Four large-scale CCTA datasets are employed to extensively evaluate the perfor-

mance of the proposed framework. The results demonstrate that the proposed

framework outperforms other baseline methods.

5.2 Methodology

5.2.1 Convolutional RNN Models

Vessels with tubular structures and bifurcations gradually change geometry and

elongation from proximal to the distal end. In this chapter, we strive to use deep learn-

ing to model this special anatomical structure. Recurrent neural networks (RNNs)

are great candidates for modeling long-term dependence [36, 32]. Until now, most of
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the past studies have used long short-term memory (LSTM) to deal with the noto-

rious issue of vanishing or exploding gradients [120], which is a significant problem

when training the vanilla RNN models. By incorporating several sophisticated gating

functions, LSTM alleviates this issue. Nevertheless, the input-to-state and state-

to-state changes are based on fully-connected layers in LSTM, which neglects local

spatial correlations in input data. It is therefore not appropriate for the analysis of

image sequences. The recently proposed convolutional LSTM (ConvLSTM) replaces

the vector multiplication in LSTM with convolutional operations by preserving the

spatial topology of the input while introducing sparsity and locality to the LSTM

to reduce over-parameterization and overfitting. Unfortunately, vessels with highly

branching and tubular structures are extremely complex, and ConvLSTM, which is

originally designed for image sequence analysis, cannot deal with such complicated

tree structures. While the tree-structured LSTM [121] is proposed for the analysis of

tree-structured data (specifically, natural language processing), the vector multipli-

cation used in the tree-structured LSTM unit is not appropriate for image analysis.

In contrast, our tree-structured ConvGRU design addresses both issues, i.e., a lack of

consideration of complex tree structures and the local spatial correlation in the input

data.

The input-to-state as well as the state-to-state transitions are conducted by vector

multiplications in the standard LSTM. It ignores the local spatial correlations in

the input by vectorizing the input feature map. Therefore, it is not suitable for

image sequence analysis. To address this issue, the vector multiplications are replaced

by convolutions in ConvLSTM [11], to maintain the local correlations in the image

sequence data. It defines a new mechanism to update the input-to-state as well as
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Figure 5.2: From left to right: sequential ConvLSTM [11] and the proposed tree-
structured ConvGRU. In ConvLSTM, the information, including the input Xt, previ-
ous hidden state Ht−1, and previous memory Ct−1, is passed sequentially (from t−1 to
t and then to t+1). As with tree-structured ConvGRU, there is no memory cell. The
information is passed from all the children nodes to the parent node. For instance,
node j in this figure incorporates the information (hidden state Hl1 and Hl2 from
both its children l1 and l2 and the current input Xj) to produce the current hidden
state Hj. Node k incorporates the information (hidden state Hj from its child j and
its input Xk) to produce the current hidden state Hk. Note that although we only
show one or two child nodes for the tree-structured ConvGRU model, it is capable of
handling more than two child nodes.

state-to-state transition:

it = σ (Wi ∗ Xt + Ui ∗ Ht−1) , (5.1)

ft = σ (Wf ∗ Xt + Uf ∗ Ht−1) , (5.2)

ot = σ (Wo ∗ Xt + Uo ∗ Ht−1) , (5.3)

Mt = tanh (Wm ∗ Xt + Um ∗ Ht−1) , (5.4)

Ct = ft � Ct−1 + it �Mt, (5.5)

Ht = ot � tanh(Ct), (5.6)

where ∗ indicates convolution, Xt is the current input image at time step t. The

memory cell and hidden state are denoted by Ct and Ht, respectively.
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5.2.2 Tree-structured ConvGRU

Sequential ConvRNNs [122] can not handle tree-structured data. For this reason,

we propose a novel tree-structured ConvRNN network for extracting tree-structured

anatomical information, in which the parent node selectively aggregates features from

all its child nodes. Desirably, this tree-structured ConvRNN model is capable of au-

tomatically learning to emphasize important information in the data. For instance,

it is desirable to emphasize the geometry and direction of the main artery when there

exists a much thinner artery merging with the main branch artery. In this chapter,

we mainly focus on the extension of GRU, considering its lower computational re-

quirement [123] than LSTM. Also, the experimental results demonstrate its superior

performance than the LSTM extension on our datasets. Unlike LSTM, there is no

memory cell or forget gate in GRU. Rather, for each node j in the tree, the memory

cell is integrated into the hidden state Hj and the reset gate rj controls the updating

of the previous memory. As one unit may have multiple child nodes, we use a distinct

rest gate rjk for each child node to remove unimportant past information from each

individual child node’s memory. The whole procedure is detailed as follows:

H′j =
∑
k∈Nj

Hk, (5.7)

uj = σ(Wz ∗ Xj + Uz ∗ H′j), (5.8)

rjk = σ(Wr ∗ Xj + Ur ∗ Hk), (5.9)

H̃j = tanh(
∑
k∈Nj

rjk � U ∗ Hk +W ∗ Xj), (5.10)

Hj = (1− uj)� H̃j + uj �H′j, (5.11)

where Wz, Uz, Wr, Ur, W , and U are the learnable parameters.
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5.2.3 Artery Centerline Extraction

First, we extract the coronary artery centerline from the CCTA data, which cap-

tures the anatomical structure of the coronary artery. We use our earlier published

approach [124] for centerline extraction. It is a deep learning-based method, which

is able to produce accurate (the error is within a single voxel) centerlines. The brief

pipeline is summarized here. We refer the readers to [124] for more details.

• We pre-segmented coronary arteries with 3D U-Net [39]. The anatomical struc-

ture is captured by pre-segmentation. Nevertheless, there exists a lot of erro-

neous predictions (see Fig. 5.5 for more details). As the proposed tree-structured

segmentation framework is comparatively resistant to imperfect segmentation,

precise pre-segmentation is not needed.

• The endpoints and distance map of the centerline are simultaneously predicted

by a trained multi-task FCN network.

• The ultimate artery centerline is generated by minimal path algorithm. The

generated centerline can be defined by a tree structure G = (V , E), where the

nodes (representing the centerline points) and adjacency matrix (representing

connections among the centerline points) are denoted by V and E , respectively.

5.2.4 Tree-structured Segmentation Network Architecture

In this chapter, the coronary artery segmentation is formulated as a tree-structured

segmentation problem, in which the training set is a collection of coronary artery

trees and the predictions are also organized as a tree structure. The input tree is

produced as follows. For each node j in the artery tree G, a cross-sectional view

is cropped from the CCTA volume in the centerline’s perpendicular direction. We

further normalize this small patch with the aorta intensity and calcification threshold

respectively to highlight both of these important regions. Finally, the normalized
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Figure 5.3: An overview of the proposed tree-structured segmentation network. The
input of the system is a input tree V , i.e., images organized as a tree structure. The
output P is also organized as a tree structure. The tree-structured segmentation
network consists of two components: an FCN backbone with an encoder φ for dis-
criminative feature learning and a decoder ϕ for prediction, and a tree-structured
ConvGRU layer ψ for anatomical structure modeling. The FCN backbone and tree-
structured ConvGRU layer are shared by all tree nodes. The detailed information is
illustrated in Fig. 5.4.

patches are concatenated with the original patch. The result is a three-channel im-

age xj associated with node j. Formally, the goal is to learn a non-linear function,

(H1, ...,HJ) = σW (x1, ...,xJ), to map the tree-structured input to the tree-structured

output, where J andW represent the number of nodes in the tree and the parameters

to be learned.

Fig. 5.3 presents an overview of the proposed tree-structured segmentation frame-

work. In our network, we model the structured information in a unified neural net-

work, which can be trained end-to-end. It has three modules: an encoder, a tree-

structured ConvGRU, and a decoder. This architecture is motivated by the proposed

deep structured learning framework in chapter 3. The encoder corresponds the deep

feature extractor. The tree-structured ConvGRU and decoder correspond to the

structural feature learner. Specifically, the encoder φ extracts discriminative features

from the input data, yielding a multi-scale representation Xj for each node j. The

tree-structured ConvGRU module ψ models the anatomical structure of the coronary

artery, generating a feature map Hj, encoding the newly-extracted anatomically re-

lated features. Based on the feature map generated by the encoder and tree-structured
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ConvGRU, the decoder ϕ generates the final prediction Pj.

5.2.5 Discriminative Feature Learning & Tree-structured Output Generation

Fig. 5.4 illustrates the backbone network for feature extraction and final prediction.

It’s based on the U-Net [38] architecture. The encoder φ and decoder ϕ divide the

whole segmentation procedure into three separate stages: discriminative feature learn-

ing, anatomical structure modeling, and tree-structured output generation. During

the discriminative feature learning stage, the image xj associated with each node j is

fed into the encoder, which includes several 3×3 convolutional layers (each is followed

by a ReLU layer). Two 2 × 2 layers are also used to downsample the feature map.

The encoder is able to extract discriminative features from the input Xj = φ(xj).

After the anatomical structure modeling stage, a hidden state Hj is generated by the

tree-structured ConvGRU layer (will be detailed in Sec. 5.2.6), the decoder progres-

sively rescale the feature maps to the original dimension using deconvolution and at

the same time incorporate the information passed from the encoder, yielding the final

prediction Pj = ϕ(Xj,Hj) (see Eq. (17) to (21) for more details). The details of the

encoder and decoder are shown in Fig. 5.4.

5.2.6 Anatomical Structure Modeling

The introduction of the tree-structured ConvGRU ψ is motivated by the fact that

there exist inherent anatomical structures in the coronary artery tree. For instance,

tubular artery gradually changes from the proximal to the distal end, with the elonga-

tion and radius changes smoothly from node to node. Using tree-structured ConvGRU

in our system brings two benefits. First, by feeding the features extracted by the en-

coder to the tree-structured ConvGRU, the context information is propagated among

the tree nodes. As a result, the final encoder makes prediction not solely based by

the features of one node but considering the topological changes along the coronary

artery tree. Second, as mentioned in section 5.2.2, there may exist multiple branches
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Figure 5.4: Details of the proposed tree-structured segmentation network. Both the
encoder and decoder consist of multiple convolutional layers (each is followed by a
ReLU layer, which is ignored for simplicity). For the input image xj associated with
node j, it is passed into several convolutional layers and progressively downsampled
by the pooling layers in the encoder, generating the feature map Xj. The tree-
structured ConvGRU layer takes input Xj and produces the hidden state Hj. In the
decoder, Hj from the tree-structured ConvGRU layer is progressively upsampled to
the original dimension and at the same time incorporates the information passed from
the encoder, yielding the final prediction Pj.

at each tree node. In these special locations, our system is capable of modeling these

transitions. The tree-structured ConvGRU layer takes input Xj and produces the

hidden state Hj = ψ(Xj).

5.2.7 Loss Function

The forward pass of the proposed tree-structured segmentation network for one

input tree is illustrated in Algorithm 3. The proposed tree-structured segmentation

forms a differentiable system, which can be trained end-to-end. Dice loss is applied

node-wise and the final loss is the average dice loss, as defined as follows:

L (P ,G) =
1

J

J∑
j=1

2|Pj ∩ Gj|
|Pj|+ |Gj|

, (5.12)

where the output tree and all the ground truth segmentation are represented by

P = (P1, ...,PJ) and G = (G1, ...,GJ), respectively. Pj and Gj are the prediction and

ground truth for node j, respectively.
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Algorithm 3 The forward pass of the proposed tree-structured segmentation network
for one input tree.

Input: G = input tree (V , E)
Input: φ = encoder
Input: ψ = tree-structured ConvGRU layer
Input: ϕ = decoder
P ← ∅
for j in [1, num_nodes ] do
sample the input image xj associated with node j ∈ V
extract features from xj with Xj ← φ(xj)
generate the hidden state using Hj ← ψ(Xj)
produce the final prediction using Pj ← ϕ(Xj,Hj)
P [j]← Pj

end for
return P

5.3 Experiments

5.3.1 Dataset, Evaluation Metrics, and Implementation Details

We collected four large datasets (916 CT scans in total) from four hospitals. These

collaborating hospitals are selected from different areas to represent the diversity

of healthcare settings. 80%, 5%, and 15% scans were used for training, validation,

and testing, respectively. The data splitting was carried out on the patient level.

The ground truth was obtained by a semi-automatic approach. First, a vesselness

based approach combined with the dynamic programming algorithm was used to

obtain an initial entire coronary artery. Then, the generated masks were refined

by two medical image analysts, respectively. Finally, the better one was chosen as

the ground truth by a more experienced expert. To the best of our knowledge, this

dataset is largest available for evaluating coronary artery segmentation algorithms.

These datasets are dubbed CTA1, CTA2, CTA3, and CTA4 in this chapter and they

include 516, 546, 446, 324 scans, respectively. The details of these datasets are shown

in Table 5.1. To measure the performance of the segmentation methods, we use the
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average dice score of all the tree nodes. All the methods were trained and evaluated

on a workstation equipped with a Tesla P40 GPU. To train the neural networks,

the Adam optimizer [125] was used. The initial learning rate, weight decay, and

momentum are 0.001, 0.0005, and 0.9, respectively. Additionally, early-stopping was

used to combat over-fitting.

Table 5.1: Detailed information of our datasets (CTA1, CTA2, CTA3, and CTA4).
Apart from providing the number of training scans in each dataset, the average num-
ber of tree nodes and branches are also given.

Dataset Number of of scans Number of Nodes Number of Branches

CTA1 258 727 12.6

CTA2 273 806 11.1

CTA3 223 802 13.2

CTA4 162 694 12.9

Total 916 774 12.4

5.3.2 Main Results

First, the proposed approach is compared with a recently-introduced 3D object

segmentation framework, 3D volumetric convnet (DenseVox) [4]. For DenseVox, a

41 × 41 × 41 subvolume around each tree node is fed into the a DenseVox network.

Unlike our approach, DenseVox doesn’t consider long-range inter-node dependencies

in the artery tree or the tree structure underlying in the artery tree. According to

Table 5.2, the proposed tree-structured ConvGRU based segmentation framework

(TreeConvGRU) consistently surpasses DenseVox (1.24%, 0.98%, 1.12% and 1.01%,

and 1.01% on CTA1, CTA2, CTA3, and CTA4 respectively), indicating the essential

role of modeling the long-range inter-node dependency and tree-structure in coronary

artery segmentation.

Next, TreeConvGRU is compared with its sequential version, sequential ConvGRU



58

CCTA Volume 3D U-Net TreeConvGRU GT3D U-Net w/ 
post-processing

Figure 5.5: Qualitative coronary artery segmentation result of 3D U-Net, 3D U-Net
with post-processing, and the proposed method. From left right shows: the input 3D
CCTA volumes, segmentation results of 3D U-Net based method [12], segmentation
results of 3D U-Net with post-processing, segmentation results of the proposed tree-
structured segmentation network, and the ground truth.

(ConvGRU). Compared with TreeConvGRU, the tree structures are ignored by Con-

vGRU and the segmentation results are generated independently for each path in the

tree. The results once again suggest the superiority of the proposed method over

sequential models in modeling the inter-node dependency in tree structures: the av-

erage dice score of TreeConvGRU is better than ConvGRU by 0.95%, 0.76%, 1.09%,

and 0.46% on CTA1, CTA2, CTA3, and CTA4, respectively. Additionally, to test

the scalability of the proposed method, we evaluate the performance of the above

methods on the aggregated dataset of CTA1, CTA2, CTA3, and CTA4, which are

named Total. As is shown in Table 5.2, TreeConvGRU still consistently overperform

ConvGRU and DenseVox (0.69% and 1.65%, respectively). We also provide some

qualitative coronary artery segmentation results of our approach in Fig. 5.5.We com-

pare the qualitative results of our network with a 3D U-Net based network [12], i.e.,
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Table 5.2: Main comparison results. The proposed tree-structured segmentation net-
work (TreeConvGRU) is compared with the recently proposed 3D densely-connected
volumetric convnets (DenseVox) [4], sequential version of our tree-structured segmen-
tation network (ConvGRU). All these methods are evaluated by the average dice
loss.

Methods DenseVox [4] ConvGRU TreeConvGRU

CTA1 0.8370 0.8399 0.8494

CTA2 0.8405 0.8427 0.8503

CTA3 0.8433 0.8436 0.8545

CTA4 0.8182 0.8237 0.8283

Total 0.8518 0.8614 0.8683

the pre-segmentation of the coronary artery. As the segmentation is applied on every

single voxel of the CCTA volume, the network is extremely sensitive to local pertur-

bations. Therefore, the results suffer from a significant amount of false positives and

false negatives. Even after post-processing (erosion, dilation, and connected compo-

nent analysis), the false predictions on the coronary artery cannot be corrected. On

the contrary, our network efficiently leverage the anatomical structure of coronary

artery to guide its segmentation, generating a much more accurate segmentation re-

sult.

Lastly, we also compare our method with another tree-structured extension of

ConvRNN model, tree-structured ConvLSTM (TreeConvLSTM). This approach is

different from our approach by substituting the GRU operations with LSTM. This

change slightly decreases (0.14% in average on all datasets) the performance of our

framework. This result matches the findings in [123] regarding the comparison of

non-convolution versions of LSTM and GRU. In this chapter, the information prop-

agation is conducted from the root to the leaf nodes. It’s possible to extend the

proposed method to conduct the propagation in both directions with the technique

in [126], i.e., from tree leaves to the root as well as from the root to leaves. However,
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the overall performance degraded by 0.04%. Here is one possible explanation for this

performance degradation: the anatomical structure can be sufficiently modeled by the

one-directional tree-structured ConvGRU, without needing to resort to more complex

RNN models. In contrast, a more complex system may render the learning process

even harder.

5.3.3 Comparisons on Bifurcation Nodes

Intuitively, it’s much more challenging for the segmentation framework to gen-

erate good prediction at bifurcation nodes, compared with non-bifurcation nodes.

This is because the dynamics around these nodes are much more complex. We con-

ducted an extra experiment on Total to verify this hypothesis. In this experiment, we

only evaluate the performance of the segmentation approaches on the nodes within 4

nodes’ distance from bifurcation nodes. According to Table 5.3, our method consis-

tently exceeds DenseVox and ConvGRU (7.31% and 3.14%, respectively). The results

demonstrate the importance of introducing the tree structure. DenseVox ignores the

inter-node dependencies in the artery tree while ConvGRU only considers the depen-

dencies along each vessel path. The proposed TreeConvGRU fully utilizes the tree

structures, thus yielding the best performance at the bifurcation location.

Table 5.3: Comparison of the segmentation accuracy around the bifurcation nodes
(within 4 nodes’ distance) on the testing set of the aggregated dataset (Total). The
compared methods are: DenseVox [4], ConvGRU, and TreeConvGRU.

Methods DenseVox ConvGRU TreeConvGRU

Average Dice 0.7806 0.8223 0.8537

5.4 Summary

Extensive studies of coronary artery segmentation have been spurred by the arising

concerns regarding cardiovascular diseases. However, owing to the complex nature
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of its anatomical structure, local image perturbations, and appearance or geometry

variability, it is still challenging to apply fully automatic algorithms in clinical prac-

tices. Inspired by the proposed deep structured learning framework in chapter 3, we

use the anatomical information of the coronary artery tree to guide its segmentation.

In this way, our network only needs to focus on the local artery segmentation. The

reconstructed tree is a collection of nodes, with each of them highly dependent on

others. Therefore, we propose tree-structured ConvGRU models to model the inter-

node dependency. Accordingly, a tree-structured segmentation network is presented.

Augmented with the tree-structured formulation to explicitly model the tree struc-

ture, our framework is able to achieve the state-of-the-art performance on four CCTA

datasets, demonstrating the effectiveness of the proposed method in the segmentation

of complex tree-structured objects.



CHAPTER 6: ANATOMICAL STRUCTURE TRACING WITH DEEP

REINFORCEMENT LEARNING

6.1 Motivation

From chapter 3 to 5, we discussed the proposed deep structured learning framework

in detail and extensively validated it on several MIA applications. In this chapter, we

discuss a special structured learning problem in MIA, anatomical structure tracing.

Accurate tracing anatomical structures is crucial for a lot of applications in MIA [56].

Although other preprocessing steps such as segmentation and detection are also com-

monly used in MIA, anatomical structure tracing provides other key structural infor-

mation, which is vital for a lot of MIA applications. Anatomical structure tracing is

especially useful when medical images lack structural visibility due to occlusion and

lack of contrast. Take the diagnosis of coronary artery diseases as an example. A

common first step is to build an anatomical structure for the coronary artery, as is

illustrated in Fig. 1.3. This greatly facilitates the subsequent analyzing steps such as

plaque identification and stenosis detection [57].

A tremendous amount of efforts [57, 58, 59] have been devoted to this line of

research. We briefly divide them into three categories. The first category [127, 128]

involves computing a minimal cost path between the starting and ending points.

This approach results in a high overlap between the prediction and the ground truth

structures, but at the cost of potentially suffering from shortcuts [57]. Methods in the

second category use an object segmentation [129] or localization [130] to guide the

tracing procedure. However, a thorough analysis of the medical images is required,

which is extremely time-consuming. The third category consists of approaches that

iteratively delineate the anatomical structure [131]. These methods usually have lower
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computational overhead. However, they typically suffer from gaps and discontinuities

in the results.

In this chapter, we provide an additional perspective on this problem. Specifically,

we formulate this task as a sequential decision-making problem and approach it with

deep reinforcement learning (DRL), i.e., actor-critic network, a sophisticated DRL

framework. Integrating deep learning into reinforcement learning (RL) has been ex-

tremely popular since the successful adoption of reinforcement learning (RL) in the

past few years [132], including biomedical imaging [133, 134, 135, 136]. It combines

the power of feature learning in deep learning and a more sophisticated objective

function in sequential decision making. For instance, DRL has been used to detect

landmarks in [133, 134, 137, 138], which requires finding a specific structure in an im-

age. It has also been used for image registration [135, 136] and view planning [139],

which requires the agent to align two images and locate optimal 2D views in 3D im-

ages respectively. Defining an effective reward function is essential for the training of

the agent. We show that we are able to effectively train an axon tracing agent which

achieves promising results with a carefully designed reward function and a refined

training procedure. Instead of using the average integral intensity [140], we show

that axon tracing accuracy can be significantly boosted by carefully designing the

reward function.

6.2 Methodology

6.2.1 Overview

We now take axon tracing as an example to illustrate how to use DRL to trace

anatomical structures in medical images. In this section, we first introduce the math-

ematical formulation of the axon tracing problem in section 6.2.2. Then, we discuss

the essential elements of our DRL system. More specifically, we first discuss the

environment and actor in section 6.2.3. Finally, we introduce the reward function

used in the axon tracing example and demonstrate how to train the DRL system in
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section 6.2.4.

6.2.2 Mathematical Formulation

Given a 2D image of axon image I and the ground truth axon centerline points

G = [g0, g1, ..., gn], the aim is to train a agent that traces the axon in the image. This

is a sequential decision-making problem. In this chapter, we use actor-critic algorithm

to solve this problem. Specifically, the agent interacts with the environment over a

period of time. At each timestep t, the agent receives a state st from the environment

and selects an action at based on a policy π. Accordingly, a scalar reward rt is issued

by the environment to measure the accuracy of the action at. The goal is to minimize

the total accumulated return Rt = Σ∞k=0γ
krt+k.

1
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Figure 6.1: The environment of the axon tracing problem. The squares denote the
positions of the actor at different timesteps. The actor begins at the start position p0.
pt denotes the position of the actor’s state at timestep t. The red and purple squares
denote two possible terminal states. The red one means that the axon is successfully
traced and the purple denotes that the actor fails to trace the full axon.

6.2.3 Environment, State Space, and Actor

Environment: As is illustrated in Fig. 6.1, the environment in the axon tracing

problem is a 2D greyscale image, as is discussed detailedly in section 6.3.1. Following

Dai et al. [140], we choose the episode length as 200. It means that the episode
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is terminated after at most 200 timesteps. The squares denote the positions of the

actor at different timesteps. The actor begins at the start position p0. pt denotes the

position of the actor’s state at timestep t. The red and purple squares denote two

possible terminal states. The red means that the axon is successfully traced and the

purple one denotes that the actor fails to trace the full axon. During the training

stage, after each terminal state, the environment is reset and a new axon image is

generated to train the DRL network.

Figure 6.2: The state space in the axon tracing problem. At each timestep t, a three-
channel image is generated from the image for both the actor and critic networks.
Specifically, a actor-centric view of size 11 × 11 pixels (green square in the left) is
extracted from the original image. Afterward, a larger view of size 21 × 21 pixels
(yellow square in the left) is extracted and downsampled to 11 × 11 pixels. This
technique is used to aid the actor to consider the scale variance. At the same time,
the historical path containing all the previous positions of the actor is recorded in a
separate image (right). From this image, a 11×11 pixels (red square) is extracted from
this image. These three images are concatenated together to form a three-channel
state st.

State Space: The state space in the axon tracing problem is illustrated in Fig. 6.2.

At each timestep t, a three-channel image is generated from the image for both the

actor and critic networks. Specifically, an actor-centric view of size 11 × 11 pixels

(green square in the left) is extracted from the original image. Afterward, a larger

view of size 21×21 pixels (yellow square in the left) is extracted and downsampled to
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11× 11 pixels. This technique is used to aid the actor to consider the scale variance.

At the same time, the historical path containing all the previous positions of the actor

is recorded in a separate image (right). From this image, a 11×11 pixels (red square)

is extracted from this image. These three images are concatenated together to form

a three-channel state st.

Policy and Critic Networks: In the actor-critic algorithms, the policy and

value function are modeled by two separate neural networks. In the axon tracing

task, the policy network estimates the actor’s movement at each timestep t. In our

case, the actor can move to one of its neighbors in the 8-neighbors setting. Thus, our

policy network outputs a distribution over the 8 possible positions with the last fully-

connected layer. Additionally, the policy network consists of two convolutional layers

with kernel size 5 × 5 before the fully-connected layer for feature extraction. The

critic network is used as a strong signal to guide the training of the policy network.

The critic network is also composed of two convolutional layers with kernel size 5×5.

Its final fully-connected layer generates a scalar value for each state st.

6.2.4 Reward Function & Training

Reward function: As is illustrated in Fig. 6.3, we consider two scenarios when

calculating the reward: the actor is close or too far away from the axon. If the actor

is too far away from the axon (left of Fig. 6.3), we want to pull the actor back to the

ground truth centerline G. In this scenario, if the axon further moves away from the

axon, it receives a negative reward. Otherwise, it receives a positive reward. If the

actor is close to the axon (right of Fig. 6.3), the reward is simple: it’s the distance

the actor moves along the axon. In summary, the reward function is as follows:

rt =


d(G, pt)− d(G, pt+1), if d(G, pt) > T

d(G, pt)− d(G, pt+1) + ~et · (pt+1 − pt), otherwise
(6.1)
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Figure 6.3: Illustration of two scenarios of reward function calculation. Left: when
the actor is too far away from the axon, the goal is to pull the actor back to the axon.
Right: when the actor is close the axon, the reward is simple.

where d(G, pt) represents the distance between pt and its closest point in G. T is a

predefined threshold, which is empirically chosen as 2.

The actor-critic learning algorithm combines both the power of policy gradient and

value function [64]. More specifically, the policy network learns to take the optimal

action for each state. While solely using policy gradient optimization can result in

high variance, the learned value function is leveraged to reduce the variance [141].

In summary, the actor-critic training procedure is illustrated in Fig. 6.4. At each

timestep t, a state st is sampled from the environment, which is fed into both the

policy and value function networks. The policy network estimates the probability of

each action based on state st. The value function, on the other hand, estimates the

value function of the state st regarding each action at. After selecting action at, the

next state st+1 is sampled. The above procedure is repeated until the end of each

episode. The detailed training procedure is also shown in Algorithm 4. The actor and

value function networks are both modeled by CNNs. This allows them to directly

extract features and make inference from images.
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Figure 6.4: Illustration of the procedure of actor-critic learning algorithm. At each
timestep t, a state st is sampled from the environment, which is fed into both the
policy and value function networks. The policy network estimates the probability of
each action based on state st. The value function, on the other hand, estimates the
value function of the state st regarding each action at. After selecting action at, the
next state st+1 is sampled. The above procedure is repeated until the end of each
episode.

Algorithm 4 The actor-critic training algorithm for axon tracing.

Input: πθ = policy network with parameter θ
Input: Vϕ = value function network with parameter ϕ
initialize both πθ and Vϕ
while not converged
for i in [1, batch_size] do
reset the environment
for t in [1, episode_length] do
sample action at = πθ(st)
implement at and sample the next state st+1 and the reward rt
store the transition (st, st+1, rt)

end for
end for
update πθ according to equation 6.1
update Vϕ

end while
return πθ

6.3 Experiments

6.3.1 Datasets & Evaluation Metrics

Our algorithm is evaluated on a synthetic axon dataset, which is similar to [140].

More specifically, all the evaluated networks are trained on a training set with 32,000
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Figure 6.5: Three axon tracing results. The leftmost shows the axon images. Column
2 to column 6 show the agent’s positions (denoted by green squares) during the tracing
procedure. Red circles indicate the ending points in the axon images.

axon images and tested on a testing set with 1,000 axon images. Each of these

images are generated as follows. First, a starting point is randomly selected from the

border of the axon image. Afterward, a series of points are selected following the

starting point until touching the image border. In order to make the generated axons

more realistic, we fit a polynomial spline for these points and randomly added some

Gaussian noises to the image. The first column of Fig. 6.5 shows some examples of the

generated axon images. The tracing results are evaluated according to the distance

between the ground truth axon centerlines and the predictions, which is defined as

follows:

D(G,P) =
1

n

n∑
i=1

min
p∈P
||gi − p|| (6.2)

Intuitively, the above equation defines the mean distance one has to travel from

each point of the ground truth centerline G to its closest point in the prediction P .
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6.3.2 Results

To train the policy network, we randomly select an axon image from the training

set and start tracing from the starting point (see section 6.3.1) and train the policy

and value function networks according to Algorithm 4. During the testing stage,

we also start from the selected starting points and set the initial state of the policy

network. We terminate the tracing procedure if the agent reaches the boundary of

the axon image or the agent stops moving.

The quantitative results are provided in Table 6.1. Our results significantly out-

perform the baselin [140], demonstrating the effectiveness of the proposed reward

function. We also provide some qualitative tracing results in Fig. 6.5. The leftmost

shows the axon images. Column 2 to column 6 show the agent’s positions (denoted by

green squares) during the tracing procedure. Red circles indicate the ending points

in the axon images. Obviously, our method significantly outperforms the baseline

approach [121]. This is because our method offers more stability with the new reward

function: the agent can be pulled back to the centerline if if deviates from it.

Table 6.1: Quantitative tracing result on the axon images. The results are evaluated
in terms of equation 6.2.

Methods Dai et al. [140] Ours

D(G,P) 1.87 0.93

6.4 Summary

In this chapter, we elaborated on a special structured learning problem, i.e., anatom-

ical structure tracing. Instead of relying on previous approaches like minimal cost

path presegmentation, we propose an alternative approach using DRL. We show that

we are able to effectively train an axon tracing agent which achieves promising results

with a carefully designed reward function and a refined training procedure. Instead
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of using the average integral intensity [140], we show that axon tracing accuracy can

be significantly boosted by carefully designing the reward function.



CHAPTER 7: CONCLUSIONS AND FUTURE DIRECTION

In this dissertation, a novel framework is proposed to tackle the structured learning

problems in MIA. More specifically, our framework comprises of two major compo-

nents: (1) deep feature extractor, which automatically extracts discriminative fea-

tures from the input image, (2) structural feature learner, which models the complex

interactions in the input/output variables. Additionally, the prior structural knowl-

edge can be enforced in loss functions to regularize the training to further improve

the performance. By employing these approaches, our method can handle structured

learning problems in a unified framework. We validated the proposed method on two

benchmarks. The superior results demonstrate its effectiveness. As our method is

general and ignorant of specific applications/datasets, we expect that it can benefit

many other structured MIA tasks. Finally, we observe that some MIA problems can

be easily formulated as a sequential decision-making problem and introduce a sophis-

ticated DRL framework to address this issue. Particularly, with a carefully designed

reward function and a refined training procedure, we are able to effectively train an

axon tracing agent to achieve promising results. There also exist several limitations

in this dissertation.

First, in the current setting, we implicitly assume that the training and testing

examples are drawn from the same distribution. However, in clinical practices, this

may not be the case. For instance, the retinal fundus images in the top and bottom

of Fig. 7.1 are acquired by different fundas cameras. As a result, the appearance of

these two datasets may vary significantly and the models trained on the first dataset

may not generalize to the second one, resulting in their poor performance. The

distribution shift between the training and testing data is formally referred to as the
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LD
mse

<latexit sha1_base64="KG1VY2XpAWkqM+8qiqfHzKkTSq0=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2VGBF0WdeHCRQX7gHYcMmmmDU0yQ5IRShjwV9y4UMSt3+HOvzHTdqGtBwKHc+7lnpwoZVRpz/t2SkvLK6tr5fXKxubW9o67u9dSSSYxaeKEJbITIUUYFaSpqWakk0qCeMRIOxpdFX77kUhFE3GvxykJOBoIGlOMtJVC96DHkR5ixMxt/mCu89BwRfLQrXo1bwK4SPwZqYIZGqH71esnOONEaMyQUl3fS3VgkNQUM5JXepkiKcIjNCBdSwXiRAVmEj+Hx1bpwziR9gkNJ+rvDYO4UmMe2ckirJr3CvE/r5vp+CIwVKSZJgJPD8UZgzqBRRewTyXBmo0tQVhSmxXiIZIIa9tYxZbgz395kbROa75X8+/OqvXLWR1lcAiOwAnwwTmogxvQAE2AgQHP4BW8OU/Oi/PufExHS85sZx/8gfP5Awzqli0=</latexit><latexit sha1_base64="KG1VY2XpAWkqM+8qiqfHzKkTSq0=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2VGBF0WdeHCRQX7gHYcMmmmDU0yQ5IRShjwV9y4UMSt3+HOvzHTdqGtBwKHc+7lnpwoZVRpz/t2SkvLK6tr5fXKxubW9o67u9dSSSYxaeKEJbITIUUYFaSpqWakk0qCeMRIOxpdFX77kUhFE3GvxykJOBoIGlOMtJVC96DHkR5ixMxt/mCu89BwRfLQrXo1bwK4SPwZqYIZGqH71esnOONEaMyQUl3fS3VgkNQUM5JXepkiKcIjNCBdSwXiRAVmEj+Hx1bpwziR9gkNJ+rvDYO4UmMe2ckirJr3CvE/r5vp+CIwVKSZJgJPD8UZgzqBRRewTyXBmo0tQVhSmxXiIZIIa9tYxZbgz395kbROa75X8+/OqvXLWR1lcAiOwAnwwTmogxvQAE2AgQHP4BW8OU/Oi/PufExHS85sZx/8gfP5Awzqli0=</latexit><latexit sha1_base64="KG1VY2XpAWkqM+8qiqfHzKkTSq0=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2VGBF0WdeHCRQX7gHYcMmmmDU0yQ5IRShjwV9y4UMSt3+HOvzHTdqGtBwKHc+7lnpwoZVRpz/t2SkvLK6tr5fXKxubW9o67u9dSSSYxaeKEJbITIUUYFaSpqWakk0qCeMRIOxpdFX77kUhFE3GvxykJOBoIGlOMtJVC96DHkR5ixMxt/mCu89BwRfLQrXo1bwK4SPwZqYIZGqH71esnOONEaMyQUl3fS3VgkNQUM5JXepkiKcIjNCBdSwXiRAVmEj+Hx1bpwziR9gkNJ+rvDYO4UmMe2ckirJr3CvE/r5vp+CIwVKSZJgJPD8UZgzqBRRewTyXBmo0tQVhSmxXiIZIIa9tYxZbgz395kbROa75X8+/OqvXLWR1lcAiOwAnwwTmogxvQAE2AgQHP4BW8OU/Oi/PufExHS85sZx/8gfP5Awzqli0=</latexit><latexit sha1_base64="KG1VY2XpAWkqM+8qiqfHzKkTSq0=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2VGBF0WdeHCRQX7gHYcMmmmDU0yQ5IRShjwV9y4UMSt3+HOvzHTdqGtBwKHc+7lnpwoZVRpz/t2SkvLK6tr5fXKxubW9o67u9dSSSYxaeKEJbITIUUYFaSpqWakk0qCeMRIOxpdFX77kUhFE3GvxykJOBoIGlOMtJVC96DHkR5ixMxt/mCu89BwRfLQrXo1bwK4SPwZqYIZGqH71esnOONEaMyQUl3fS3VgkNQUM5JXepkiKcIjNCBdSwXiRAVmEj+Hx1bpwziR9gkNJ+rvDYO4UmMe2ckirJr3CvE/r5vp+CIwVKSZJgJPD8UZgzqBRRewTyXBmo0tQVhSmxXiIZIIa9tYxZbgz395kbROa75X8+/OqvXLWR1lcAiOwAnwwTmogxvQAE2AgQHP4BW8OU/Oi/PufExHS85sZx/8gfP5Awzqli0=</latexit>

DD
<latexit sha1_base64="0g3so5anuHnN3kn4zxeim7UdbSI=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRHjxWsB/QlLLZTtqlm03YnYgl9G948aCIV/+MN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUc2jyWMa6EzADUihookAJnUQDiwIJ7WB8O/Pbj6CNiNUDThLoRWyoRCg4Qyv5PsITBmFWn/br/XLFrbpz0FXi5aRCcjT65S9/EPM0AoVcMmO6nptgL2MaBZcwLfmpgYTxMRtC11LFIjC9bH7zlJ5ZZUDDWNtSSOfq74mMRcZMosB2RgxHZtmbif953RTD614mVJIiKL5YFKaSYkxnAdCB0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKWhdVz61695eV2k0eR5GckFNyTjxyRWrkjjRIk3CSkGfySt6c1Hlx3p2PRWvByWeOyR84nz8hipG6</latexit><latexit sha1_base64="0g3so5anuHnN3kn4zxeim7UdbSI=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRHjxWsB/QlLLZTtqlm03YnYgl9G948aCIV/+MN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUc2jyWMa6EzADUihookAJnUQDiwIJ7WB8O/Pbj6CNiNUDThLoRWyoRCg4Qyv5PsITBmFWn/br/XLFrbpz0FXi5aRCcjT65S9/EPM0AoVcMmO6nptgL2MaBZcwLfmpgYTxMRtC11LFIjC9bH7zlJ5ZZUDDWNtSSOfq74mMRcZMosB2RgxHZtmbif953RTD614mVJIiKL5YFKaSYkxnAdCB0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKWhdVz61695eV2k0eR5GckFNyTjxyRWrkjjRIk3CSkGfySt6c1Hlx3p2PRWvByWeOyR84nz8hipG6</latexit><latexit sha1_base64="0g3so5anuHnN3kn4zxeim7UdbSI=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRHjxWsB/QlLLZTtqlm03YnYgl9G948aCIV/+MN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUc2jyWMa6EzADUihookAJnUQDiwIJ7WB8O/Pbj6CNiNUDThLoRWyoRCg4Qyv5PsITBmFWn/br/XLFrbpz0FXi5aRCcjT65S9/EPM0AoVcMmO6nptgL2MaBZcwLfmpgYTxMRtC11LFIjC9bH7zlJ5ZZUDDWNtSSOfq74mMRcZMosB2RgxHZtmbif953RTD614mVJIiKL5YFKaSYkxnAdCB0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKWhdVz61695eV2k0eR5GckFNyTjxyRWrkjjRIk3CSkGfySt6c1Hlx3p2PRWvByWeOyR84nz8hipG6</latexit><latexit sha1_base64="0g3so5anuHnN3kn4zxeim7UdbSI=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRHjxWsB/QlLLZTtqlm03YnYgl9G948aCIV/+MN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUc2jyWMa6EzADUihookAJnUQDiwIJ7WB8O/Pbj6CNiNUDThLoRWyoRCg4Qyv5PsITBmFWn/br/XLFrbpz0FXi5aRCcjT65S9/EPM0AoVcMmO6nptgL2MaBZcwLfmpgYTxMRtC11LFIjC9bH7zlJ5ZZUDDWNtSSOfq74mMRcZMosB2RgxHZtmbif953RTD614mVJIiKL5YFKaSYkxnAdCB0MBRTixhXAt7K+UjphlHG1PJhuAtv7xKWhdVz61695eV2k0eR5GckFNyTjxyRWrkjjRIk3CSkGfySt6c1Hlx3p2PRWvByWeOyR84nz8hipG6</latexit>

DE
<latexit sha1_base64="bM7E/oAGgrm4TbBRuEgUjwx22zc=">AAAB83icbVDLSgNBEJyNrxhfUY9eBoPgKeyKoMfgAzxGMA/IhjA76U2GzM4uM71iWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dQSKFQdf9dgorq2vrG8XN0tb2zu5eef+gaeJUc2jwWMa6HTADUihooEAJ7UQDiwIJrWB0PfVbj6CNiNUDjhPoRmygRCg4Qyv5PsITBmF2M+nd9soVt+rOQJeJl5MKyVHvlb/8fszTCBRyyYzpeG6C3YxpFFzCpOSnBhLGR2wAHUsVi8B0s9nNE3pilT4NY21LIZ2pvycyFhkzjgLbGTEcmkVvKv7ndVIML7uZUEmKoPh8UZhKijGdBkD7QgNHObaEcS3srZQPmWYcbUwlG4K3+PIyaZ5VPbfq3Z9Xald5HEVyRI7JKfHIBamRO1InDcJJQp7JK3lzUufFeXc+5q0FJ585JH/gfP4AIw6Ruw==</latexit><latexit sha1_base64="bM7E/oAGgrm4TbBRuEgUjwx22zc=">AAAB83icbVDLSgNBEJyNrxhfUY9eBoPgKeyKoMfgAzxGMA/IhjA76U2GzM4uM71iWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dQSKFQdf9dgorq2vrG8XN0tb2zu5eef+gaeJUc2jwWMa6HTADUihooEAJ7UQDiwIJrWB0PfVbj6CNiNUDjhPoRmygRCg4Qyv5PsITBmF2M+nd9soVt+rOQJeJl5MKyVHvlb/8fszTCBRyyYzpeG6C3YxpFFzCpOSnBhLGR2wAHUsVi8B0s9nNE3pilT4NY21LIZ2pvycyFhkzjgLbGTEcmkVvKv7ndVIML7uZUEmKoPh8UZhKijGdBkD7QgNHObaEcS3srZQPmWYcbUwlG4K3+PIyaZ5VPbfq3Z9Xald5HEVyRI7JKfHIBamRO1InDcJJQp7JK3lzUufFeXc+5q0FJ585JH/gfP4AIw6Ruw==</latexit><latexit sha1_base64="bM7E/oAGgrm4TbBRuEgUjwx22zc=">AAAB83icbVDLSgNBEJyNrxhfUY9eBoPgKeyKoMfgAzxGMA/IhjA76U2GzM4uM71iWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dQSKFQdf9dgorq2vrG8XN0tb2zu5eef+gaeJUc2jwWMa6HTADUihooEAJ7UQDiwIJrWB0PfVbj6CNiNUDjhPoRmygRCg4Qyv5PsITBmF2M+nd9soVt+rOQJeJl5MKyVHvlb/8fszTCBRyyYzpeG6C3YxpFFzCpOSnBhLGR2wAHUsVi8B0s9nNE3pilT4NY21LIZ2pvycyFhkzjgLbGTEcmkVvKv7ndVIML7uZUEmKoPh8UZhKijGdBkD7QgNHObaEcS3srZQPmWYcbUwlG4K3+PIyaZ5VPbfq3Z9Xald5HEVyRI7JKfHIBamRO1InDcJJQp7JK3lzUufFeXc+5q0FJ585JH/gfP4AIw6Ruw==</latexit><latexit sha1_base64="bM7E/oAGgrm4TbBRuEgUjwx22zc=">AAAB83icbVDLSgNBEJyNrxhfUY9eBoPgKeyKoMfgAzxGMA/IhjA76U2GzM4uM71iWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dQSKFQdf9dgorq2vrG8XN0tb2zu5eef+gaeJUc2jwWMa6HTADUihooEAJ7UQDiwIJrWB0PfVbj6CNiNUDjhPoRmygRCg4Qyv5PsITBmF2M+nd9soVt+rOQJeJl5MKyVHvlb/8fszTCBRyyYzpeG6C3YxpFFzCpOSnBhLGR2wAHUsVi8B0s9nNE3pilT4NY21LIZ2pvycyFhkzjgLbGTEcmkVvKv7ndVIML7uZUEmKoPh8UZhKijGdBkD7QgNHObaEcS3srZQPmWYcbUwlG4K3+PIyaZ5VPbfq3Z9Xald5HEVyRI7JKfHIBamRO1InDcJJQp7JK3lzUufFeXc+5q0FJ585JH/gfP4AIw6Ruw==</latexit>

Psf
<latexit sha1_base64="g+2jxkXUunqEZJKUuHts8poz87s=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSEGYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTKSw6PvfXmFtfWNzq7hd2tnd2z8oHx41rU4N4w2mpTbtkFouheINFCh5OzGcxqHkrXB8O/NbT9xYodUDThLei+lQiUgwik5q1vuZjab9csWv+nOQVRLkpAI56v3yV3egWRpzhUxSazuBn2AvowYFk3xa6qaWJ5SN6ZB3HFU05raXza+dkjOnDEikjSuFZK7+nshobO0kDl1nTHFkl72Z+J/XSTG67mVCJSlyxRaLolQS1GT2OhkIwxnKiSOUGeFuJWxEDWXoAiq5EILll1dJ86Ia+NXg/rJSu8njKMIJnMI5BHAFNbiDOjSAwSM8wyu8edp78d69j0VrwctnjuEPvM8fuOaPNg==</latexit><latexit sha1_base64="g+2jxkXUunqEZJKUuHts8poz87s=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSEGYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTKSw6PvfXmFtfWNzq7hd2tnd2z8oHx41rU4N4w2mpTbtkFouheINFCh5OzGcxqHkrXB8O/NbT9xYodUDThLei+lQiUgwik5q1vuZjab9csWv+nOQVRLkpAI56v3yV3egWRpzhUxSazuBn2AvowYFk3xa6qaWJ5SN6ZB3HFU05raXza+dkjOnDEikjSuFZK7+nshobO0kDl1nTHFkl72Z+J/XSTG67mVCJSlyxRaLolQS1GT2OhkIwxnKiSOUGeFuJWxEDWXoAiq5EILll1dJ86Ia+NXg/rJSu8njKMIJnMI5BHAFNbiDOjSAwSM8wyu8edp78d69j0VrwctnjuEPvM8fuOaPNg==</latexit><latexit sha1_base64="g+2jxkXUunqEZJKUuHts8poz87s=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSEGYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTKSw6PvfXmFtfWNzq7hd2tnd2z8oHx41rU4N4w2mpTbtkFouheINFCh5OzGcxqHkrXB8O/NbT9xYodUDThLei+lQiUgwik5q1vuZjab9csWv+nOQVRLkpAI56v3yV3egWRpzhUxSazuBn2AvowYFk3xa6qaWJ5SN6ZB3HFU05raXza+dkjOnDEikjSuFZK7+nshobO0kDl1nTHFkl72Z+J/XSTG67mVCJSlyxRaLolQS1GT2OhkIwxnKiSOUGeFuJWxEDWXoAiq5EILll1dJ86Ia+NXg/rJSu8njKMIJnMI5BHAFNbiDOjSAwSM8wyu8edp78d69j0VrwctnjuEPvM8fuOaPNg==</latexit><latexit sha1_base64="g+2jxkXUunqEZJKUuHts8poz87s=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSEGYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTKSw6PvfXmFtfWNzq7hd2tnd2z8oHx41rU4N4w2mpTbtkFouheINFCh5OzGcxqHkrXB8O/NbT9xYodUDThLei+lQiUgwik5q1vuZjab9csWv+nOQVRLkpAI56v3yV3egWRpzhUxSazuBn2AvowYFk3xa6qaWJ5SN6ZB3HFU05raXza+dkjOnDEikjSuFZK7+nshobO0kDl1nTHFkl72Z+J/XSTG67mVCJSlyxRaLolQS1GT2OhkIwxnKiSOUGeFuJWxEDWXoAiq5EILll1dJ86Ia+NXg/rJSu8njKMIJnMI5BHAFNbiDOjSAwSM8wyu8edp78d69j0VrwctnjuEPvM8fuOaPNg==</latexit>

Pso
<latexit sha1_base64="82r3tFxyEcbLlp+MFB5LvBNWENw=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOOsmY2ZllZlYIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSgQ31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVqhg2mhNLtiBoUXGLDciuwnWikcSSwFY1vZ37rCbXhSj7YSYJhTIeSDzij1knNei8zatorV/yqPwdZJUFOKpCj3it/dfuKpTFKywQ1phP4iQ0zqi1nAqelbmowoWxMh9hxVNIYTZjNr52SM6f0yUBpV9KSufp7IqOxMZM4cp0xtSOz7M3E/7xOagfXYcZlklqUbLFokApiFZm9TvpcI7Ni4ghlmrtbCRtRTZl1AZVcCMHyy6ukeVEN/Gpwf1mp3eRxFOEETuEcAriCGtxBHRrA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPxpOPPw==</latexit><latexit sha1_base64="82r3tFxyEcbLlp+MFB5LvBNWENw=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOOsmY2ZllZlYIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSgQ31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVqhg2mhNLtiBoUXGLDciuwnWikcSSwFY1vZ37rCbXhSj7YSYJhTIeSDzij1knNei8zatorV/yqPwdZJUFOKpCj3it/dfuKpTFKywQ1phP4iQ0zqi1nAqelbmowoWxMh9hxVNIYTZjNr52SM6f0yUBpV9KSufp7IqOxMZM4cp0xtSOz7M3E/7xOagfXYcZlklqUbLFokApiFZm9TvpcI7Ni4ghlmrtbCRtRTZl1AZVcCMHyy6ukeVEN/Gpwf1mp3eRxFOEETuEcAriCGtxBHRrA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPxpOPPw==</latexit><latexit sha1_base64="82r3tFxyEcbLlp+MFB5LvBNWENw=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOOsmY2ZllZlYIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSgQ31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVqhg2mhNLtiBoUXGLDciuwnWikcSSwFY1vZ37rCbXhSj7YSYJhTIeSDzij1knNei8zatorV/yqPwdZJUFOKpCj3it/dfuKpTFKywQ1phP4iQ0zqi1nAqelbmowoWxMh9hxVNIYTZjNr52SM6f0yUBpV9KSufp7IqOxMZM4cp0xtSOz7M3E/7xOagfXYcZlklqUbLFokApiFZm9TvpcI7Ni4ghlmrtbCRtRTZl1AZVcCMHyy6ukeVEN/Gpwf1mp3eRxFOEETuEcAriCGtxBHRrA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPxpOPPw==</latexit><latexit sha1_base64="82r3tFxyEcbLlp+MFB5LvBNWENw=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOOsmY2ZllZlYIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSgQ31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVqhg2mhNLtiBoUXGLDciuwnWikcSSwFY1vZ37rCbXhSj7YSYJhTIeSDzij1knNei8zatorV/yqPwdZJUFOKpCj3it/dfuKpTFKywQ1phP4iQ0zqi1nAqelbmowoWxMh9hxVNIYTZjNr52SM6f0yUBpV9KSufp7IqOxMZM4cp0xtSOz7M3E/7xOagfXYcZlklqUbLFokApiFZm9TvpcI7Ni4ghlmrtbCRtRTZl1AZVcCMHyy6ukeVEN/Gpwf1mp3eRxFOEETuEcAriCGtxBHRrA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPxpOPPw==</latexit>

Ptsf
<latexit sha1_base64="N3yOiTS5XAgS6dE7m1voIHrdiwo=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6ONp72K1W/5s9BVklQkCoUaPQrX72BZlnCFTJJre0GfophTg0KJvm03MssTykb0yHvOqpowm2Yz8+dknOnDEisjSuFZK7+nshpYu0kiVxnQnFkl72Z+J/XzTC+CXOh0gy5YotFcSYJajL7nQyE4QzlxBHKjHC3EjaihjJ0CZVdCMHyy6ukdVkL/FrwcFWt3xZxlOAUzuACAriGOtxDA5rAYAzP8ApvXuq9eO/ex6J1zStmTuAPvM8fkDmPtA==</latexit><latexit sha1_base64="N3yOiTS5XAgS6dE7m1voIHrdiwo=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6ONp72K1W/5s9BVklQkCoUaPQrX72BZlnCFTJJre0GfophTg0KJvm03MssTykb0yHvOqpowm2Yz8+dknOnDEisjSuFZK7+nshpYu0kiVxnQnFkl72Z+J/XzTC+CXOh0gy5YotFcSYJajL7nQyE4QzlxBHKjHC3EjaihjJ0CZVdCMHyy6ukdVkL/FrwcFWt3xZxlOAUzuACAriGOtxDA5rAYAzP8ApvXuq9eO/ex6J1zStmTuAPvM8fkDmPtA==</latexit><latexit sha1_base64="N3yOiTS5XAgS6dE7m1voIHrdiwo=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6ONp72K1W/5s9BVklQkCoUaPQrX72BZlnCFTJJre0GfophTg0KJvm03MssTykb0yHvOqpowm2Yz8+dknOnDEisjSuFZK7+nshpYu0kiVxnQnFkl72Z+J/XzTC+CXOh0gy5YotFcSYJajL7nQyE4QzlxBHKjHC3EjaihjJ0CZVdCMHyy6ukdVkL/FrwcFWt3xZxlOAUzuACAriGOtxDA5rAYAzP8ApvXuq9eO/ex6J1zStmTuAPvM8fkDmPtA==</latexit><latexit sha1_base64="N3yOiTS5XAgS6dE7m1voIHrdiwo=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6ONp72K1W/5s9BVklQkCoUaPQrX72BZlnCFTJJre0GfophTg0KJvm03MssTykb0yHvOqpowm2Yz8+dknOnDEisjSuFZK7+nshpYu0kiVxnQnFkl72Z+J/XzTC+CXOh0gy5YotFcSYJajL7nQyE4QzlxBHKjHC3EjaihjJ0CZVdCMHyy6ukdVkL/FrwcFWt3xZxlOAUzuACAriGOtxDA5rAYAzP8ApvXuq9eO/ex6J1zStmTuAPvM8fkDmPtA==</latexit>

Ptso
<latexit sha1_base64="02BmCjS2ViCPeCpLHWfPXp1vhM0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OVk/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPneaPvQ==</latexit><latexit sha1_base64="02BmCjS2ViCPeCpLHWfPXp1vhM0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OVk/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPneaPvQ==</latexit><latexit sha1_base64="02BmCjS2ViCPeCpLHWfPXp1vhM0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OVk/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPneaPvQ==</latexit><latexit sha1_base64="02BmCjS2ViCPeCpLHWfPXp1vhM0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OVk/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPneaPvQ==</latexit>

Pttf
<latexit sha1_base64="7wc9cP+E/DdHDV1hSrORtxrf06k=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OGE/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPkb+PtQ==</latexit><latexit sha1_base64="7wc9cP+E/DdHDV1hSrORtxrf06k=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OGE/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPkb+PtQ==</latexit><latexit sha1_base64="7wc9cP+E/DdHDV1hSrORtxrf06k=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OGE/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPkb+PtQ==</latexit><latexit sha1_base64="7wc9cP+E/DdHDV1hSrORtxrf06k=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OGE/7lapf8+cgqyQoSBUKNPqVr95AsyzhCpmk1nYDP8UwpwYFk3xa7mWWp5SN6ZB3HVU04TbM5+dOyblTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhjfhLlQaYZcscWiOJMENZn9TgbCcIZy4ghlRrhbCRtRQxm6hMouhGD55VXSuqwFfi14uKrWb4s4SnAKZ3ABAVxDHe6hAU1gMIZneIU3L/VevHfvY9G65hUzJ/AH3ucPkb+PtQ==</latexit>

Ptto
<latexit sha1_base64="CxQC791Vfte0emKX4GicCQugJd0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OqKf9StWv+XOQVRIUpAoFGv3KV2+gWZZwhUxSa7uBn2KYU4OCST4t9zLLU8rGdMi7jiqacBvm83On5NwpAxJr40ohmau/J3KaWDtJIteZUBzZZW8m/ud1M4xvwlyoNEOu2GJRnEmCmsx+JwNhOEM5cYQyI9ythI2ooQxdQmUXQrD88ippXdYCvxY8XFXrt0UcJTiFM7iAAK6hDvfQgCYwGMMzvMKbl3ov3rv3sWhd84qZE/gD7/MHn2yPvg==</latexit><latexit sha1_base64="CxQC791Vfte0emKX4GicCQugJd0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OqKf9StWv+XOQVRIUpAoFGv3KV2+gWZZwhUxSa7uBn2KYU4OCST4t9zLLU8rGdMi7jiqacBvm83On5NwpAxJr40ohmau/J3KaWDtJIteZUBzZZW8m/ud1M4xvwlyoNEOu2GJRnEmCmsx+JwNhOEM5cYQyI9ythI2ooQxdQmUXQrD88ippXdYCvxY8XFXrt0UcJTiFM7iAAK6hDvfQgCYwGMMzvMKbl3ov3rv3sWhd84qZE/gD7/MHn2yPvg==</latexit><latexit sha1_base64="CxQC791Vfte0emKX4GicCQugJd0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OqKf9StWv+XOQVRIUpAoFGv3KV2+gWZZwhUxSa7uBn2KYU4OCST4t9zLLU8rGdMi7jiqacBvm83On5NwpAxJr40ohmau/J3KaWDtJIteZUBzZZW8m/ud1M4xvwlyoNEOu2GJRnEmCmsx+JwNhOEM5cYQyI9ythI2ooQxdQmUXQrD88ippXdYCvxY8XFXrt0UcJTiFM7iAAK6hDvfQgCYwGMMzvMKbl3ov3rv3sWhd84qZE/gD7/MHn2yPvg==</latexit><latexit sha1_base64="CxQC791Vfte0emKX4GicCQugJd0=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeUCyhNnJbDJkdmaZ6RXCko/w4kERr36PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+m/ntJ26s0OoRJykPEzpUIhaMopPajX6OqKf9StWv+XOQVRIUpAoFGv3KV2+gWZZwhUxSa7uBn2KYU4OCST4t9zLLU8rGdMi7jiqacBvm83On5NwpAxJr40ohmau/J3KaWDtJIteZUBzZZW8m/ud1M4xvwlyoNEOu2GJRnEmCmsx+JwNhOEM5cYQyI9ythI2ooQxdQmUXQrD88ippXdYCvxY8XFXrt0UcJTiFM7iAAK6hDvfQgCYwGMMzvMKbl3ov3rv3sWhd84qZE/gD7/MHn2yPvg==</latexit>

g(· , φ)
<latexit sha1_base64="iwGSIPnMtxDGwhoocuQannUPSZQ=">AAAB9XicbVBNSwMxEJ2tX7V+VT16CRahgpRdEfRY9OKxgv2A7lqy2bQNzSZLklXK0v/hxYMiXv0v3vw3pu0etPXBwOO9GWbmhQln2rjut1NYWV1b3yhulra2d3b3yvsHLS1TRWiTSC5VJ8SaciZo0zDDaSdRFMchp+1wdDP1249UaSbFvRknNIjxQLA+I9hY6WFQ9UkkTXLmJ0N22itX3Jo7A1omXk4qkKPRK3/5kSRpTIUhHGvd9dzEBBlWhhFOJyU/1TTBZIQHtGupwDHVQTa7eoJOrBKhvlS2hEEz9fdEhmOtx3FoO2NshnrRm4r/ed3U9K+CjIkkNVSQ+aJ+ypGRaBoBipiixPCxJZgoZm9FZIgVJsYGVbIheIsvL5PWec1za97dRaV+ncdRhCM4hip4cAl1uIUGNIGAgmd4hTfnyXlx3p2PeWvByWcO4Q+czx+39pH9</latexit><latexit sha1_base64="iwGSIPnMtxDGwhoocuQannUPSZQ=">AAAB9XicbVBNSwMxEJ2tX7V+VT16CRahgpRdEfRY9OKxgv2A7lqy2bQNzSZLklXK0v/hxYMiXv0v3vw3pu0etPXBwOO9GWbmhQln2rjut1NYWV1b3yhulra2d3b3yvsHLS1TRWiTSC5VJ8SaciZo0zDDaSdRFMchp+1wdDP1249UaSbFvRknNIjxQLA+I9hY6WFQ9UkkTXLmJ0N22itX3Jo7A1omXk4qkKPRK3/5kSRpTIUhHGvd9dzEBBlWhhFOJyU/1TTBZIQHtGupwDHVQTa7eoJOrBKhvlS2hEEz9fdEhmOtx3FoO2NshnrRm4r/ed3U9K+CjIkkNVSQ+aJ+ypGRaBoBipiixPCxJZgoZm9FZIgVJsYGVbIheIsvL5PWec1za97dRaV+ncdRhCM4hip4cAl1uIUGNIGAgmd4hTfnyXlx3p2PeWvByWcO4Q+czx+39pH9</latexit><latexit sha1_base64="iwGSIPnMtxDGwhoocuQannUPSZQ=">AAAB9XicbVBNSwMxEJ2tX7V+VT16CRahgpRdEfRY9OKxgv2A7lqy2bQNzSZLklXK0v/hxYMiXv0v3vw3pu0etPXBwOO9GWbmhQln2rjut1NYWV1b3yhulra2d3b3yvsHLS1TRWiTSC5VJ8SaciZo0zDDaSdRFMchp+1wdDP1249UaSbFvRknNIjxQLA+I9hY6WFQ9UkkTXLmJ0N22itX3Jo7A1omXk4qkKPRK3/5kSRpTIUhHGvd9dzEBBlWhhFOJyU/1TTBZIQHtGupwDHVQTa7eoJOrBKhvlS2hEEz9fdEhmOtx3FoO2NshnrRm4r/ed3U9K+CjIkkNVSQ+aJ+ypGRaBoBipiixPCxJZgoZm9FZIgVJsYGVbIheIsvL5PWec1za97dRaV+ncdRhCM4hip4cAl1uIUGNIGAgmd4hTfnyXlx3p2PeWvByWcO4Q+czx+39pH9</latexit><latexit sha1_base64="iwGSIPnMtxDGwhoocuQannUPSZQ=">AAAB9XicbVBNSwMxEJ2tX7V+VT16CRahgpRdEfRY9OKxgv2A7lqy2bQNzSZLklXK0v/hxYMiXv0v3vw3pu0etPXBwOO9GWbmhQln2rjut1NYWV1b3yhulra2d3b3yvsHLS1TRWiTSC5VJ8SaciZo0zDDaSdRFMchp+1wdDP1249UaSbFvRknNIjxQLA+I9hY6WFQ9UkkTXLmJ0N22itX3Jo7A1omXk4qkKPRK3/5kSRpTIUhHGvd9dzEBBlWhhFOJyU/1TTBZIQHtGupwDHVQTa7eoJOrBKhvlS2hEEz9fdEhmOtx3FoO2NshnrRm4r/ed3U9K+CjIkkNVSQ+aJ+ypGRaBoBipiixPCxJZgoZm9FZIgVJsYGVbIheIsvL5PWec1za97dRaV+ncdRhCM4hip4cAl1uIUGNIGAgmd4hTfnyXlx3p2PeWvByWcO4Q+czx+39pH9</latexit>

g(· , φ)
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Figure 7.1: The segmentation network can be trained to consider the domain shift
problem by forcing the source and target features to lie in the same distribution with
adversarial training. Note that labels are not required for the target images.

domain shift. It would be greatly desirable for one model trained on one dataset

from one hospital to be generalizable to the datasets from other hospitals. In [142],

we have demonstrated that the segmentation network can be trained to consider the

domain shift problem by forcing the source and target features to lie in the same

distribution with adversarial training. In the future, we plan to explore using more

domain adaptation techniques [143, 144, 142] to address this problem.

Second, as hierarchically structured DNNs are extremely complex, they are usually

regarded as “black boxes” [145]. If provided with a sufficient amount of training data,

they can be trained to produce accurate enough predictions. However, in the field

of MIA, the reasoning process is also vitally important. This has led to a surge of

research in the direction of interpretability of DNNs [146, 147], including “Explainable

AI” launched by DARPA. There is also a second line of research that tries to make

DNNs more trustworthy by producing predictions as well as uncertainty estimates.

For instance, Bayesian deep learning [148, 149] integrates Bayesian inference with

deep learning to estimate uncertainty. Interestingly, in addition to generating un-
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certainty estimates, these approaches can also be used to defend against adversarial

attacks [149].

In vitro diagnostic 
devices

Training set

Training Model Model

New data

New data

Training Small
Model Deploy

Deploy

Inference

Figure 7.2: Top: In the standard machine learning pipeline, a large deep model is
trained and then deployed into a server with high-performance computing resources.
Bottom: In the MIA setting, the reasonable processing time is required to apply
CAD algorithms in the clinical setting. It is more desirable that the trained model
can be deployed into a small device without high-performance computing resources,
e.g., in vitro diagnostic devices.

Third, one challenge often encountered in MIA is dealing with very large images,

such as megabyte WSI [150] and 3D CT images. As is illustrated in Fig. 7.2, in

the standard machine learning pipeline (top), a large deep model is trained and then

deployed into a server with high-performance computing resources. However, in the

MIA setting, the reasonable processing time is required to apply CAD algorithms in

the clinical setting [151]. It is more desirable that the trained model can be deployed

into a small device without high-performance computing resources (bottom), e.g., in

vitro diagnostic devices. Therefore, reducing the processing time without losing accu-

racy is pivotal. How to maintain the prediction accuracy while at the same time make

the MIA systems significantly more efficient? We presented a preliminary framework

with two key techniques to answer this question in [33]. First, a significant amount

of speedup can be achieved by designing a compact network. Second, in order to
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maintain accuracy, a large-capacity network trained on the training set is employed

to supervise the training of the compact network. Together, these two approaches

ensure the efficiency of our network without too much loss of the performance. Re-

cently, neural architecture search [152] has become increasingly popular. It has been

widely used to search for small yet effective deep learning architectures. We expect

it to be even more popular in the upcoming years.
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