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Abstract
This thesis aims to improve convolutional neural networks (CNNs) for image segmenta-
tion under class imbalance, which is referred to the problem of training dataset when the
class distributions are unequal. We particularly focus on medical image segmentation
because of its imbalanced nature and clinical importance.

Based on our observations of model behaviour, we argue that CNNs cannot generalize
well on imbalanced segmentation tasks, mainly because of two counterintuitive rea-
sons. CNNs are prone to over�t the under-represented foreground classes as it would
memorize the regions of interest (ROIs) in the training data because they are so rare.
Besides, CNNs could under�t the heterogenous background classes as it is dif�cult to
learn from the samples with diverse and complex characteristics. Those behaviours of
CNNs are not limited to speci�c loss functions.

To address those limitations, �rstly we propose novel asymmetric variants of popu-
lar loss functions and regularization techniques, which are explicitly designed to in-
crease the variance of foreground samples to counter over�tting under class imbalance.
Secondly we propose context label learning (CoLab) to tackle background under�tting
by automatically decomposing the background class into several subclasses. This is
achieved by optimizing an auxiliary task generator to generate context labels such that
the main network will produce good ROIs segmentation performance. Then we propose
a meta-learning based automatic data augmentation framework which builds a balance
of foreground and background samples to alleviate class imbalance. Speci�cally, we
learn class-speci�c training-time data augmentation (TRA) and jointly optimize TRA and
test-time data augmentation (TEA) effectively aligning training and test data distribution
for better generalization. Finally, we explore how to estimate model performance under
domain shifts when trained with imbalanced dataset. We propose class-speci�c vari-
ants of existing con�dence-based model evaluation methods which adapts separate
parameters per class, enabling class-wise calibration to reduce model bias towards the
minority classes.
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Chapter �

Introduction

�.� Motivation
�

Machine learning algorithms, which are optimized to learn the mapping between input and out-
put factors with varied types of models, can discover hidden pattern from data implicitly. Neural
networks, as one of the most prevalent machine learning models, are inspired by biological neural
networks and consist of a group of connected neurons. A deep neural network (DNN) is a neural
network with multiple layers and can be utilized to solve many real world learning tasks includ-��

ing speech recognition [��, ���], natural language processing [�8, ���] and computer vision [�8,
���]. Speci�cally, DNNs provide the level of performance comparable to human expert for appli-
cations such as recognizing human faces [�6], playing the board game Go [���] and interpreting
radiographs [���].

Semantic segmentation is one of the computer vision tasks, requiring to partition an image into��

multiple image segments with semantic meanings [��6]. As one of the semantic segmentation
tasks, medical image segmentation is the process of delineating the contour of regions of inter-
est (ROIs) in medical images such as magnetic resonance (MR) or computerised tomography (CT)
images. Medical image segmentation aims to isolate speci�c anatomical regions from the back-
ground for subsequent analysis with clinical or research purposes, such as volumetric and shape��

analysis [��6]. For example, we show the example of brain lesion segmentation from T� weighted
magnetic resonance imaging (MRI) in Fig. �.�(a). Speci�cally, to segment brain lesion can facilitate
treatment planning, improve diagnostics and growth rate prediction [���]. However, the segmen-
tation process is time-consuming and needs reference to expert knowledge. Therefore, automatic
segmentation is favorable for clinical applications and has been one of the most important tasks��

for medical image computing.

Recently, deep learning has shown promising results in automatic image segmentation in terms
of both accuracy and computational speed [��, �6�]. Deep learning approaches learn features
directly from the training data with a supervised learning paradigm, where experts have annotated
the semantic content. However, its success heavily depends on the quality and amount of labelled��

training data from which the models can learn. In practice, a large amount of high-quality data for
medical image segmentation is hard to obtain. Therefore, the under-represented training data is
the bottleneck of model performance. Speci�cally, we �nd class imbalance and domain shifts in
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(c) Chapter 4: Understanding 
underfitting of heterogenous 

background samples

(a) Ideal 
segmentation

(b) Chapter 3: Understanding 
overfitting of under-represented 

foreground samples

(d) Chapter 6: Effect of class 
imbalance on out-of-distribution 

generalization

: Decision boundary: Foreground/ Background/

Figure �.�: Thesis motivations. The summary of our observations on neural networks based
image segmentation under class imbalance. (Top part) We show the ground truth manual
labels for brain lesion in red regions, predictions in blue boundaries. (Bottompart)We illustrate
the corresponding learned logits (activations of the classi�cation layer). We �nd that when
trained for small lesion segmentation, (b) neural networks tend to systemically under-segment
the ROIs because of over�tting of foreground samples and (c) over-segment the targets as a
result of under�tting of background samples. (d) We also observe that neural networks are
prone to under-segment the small ROIs with the existence of domain shifts.

medical imaging would always impede deep learning models to generalize well. Motivated by this,
in this work we analyze network behaviours under such conditions and propose several learning��

strategies to improve the robustness and reliability of deep learning models.

Class imbalance in nature is a common issue for medical image segmentation as medical imaging
are mostly three-dimensional (�D) scans while ROIs are relatively small compared with the large
volume of background voxels [���, ���]. For example, as shown in Fig. �.�(a), the size of brain
lesion region in MR images is less than �/�,��� the size of the image volume. Under such im-��

balanced distribution, we �nd that a DNN cannot always generalize well mainly because of two
reasons.

• Firstly, instead of extracting generalizable features, DNN would just memorize the small ROIs
in the training data because they are so rare. In that case, which is referred as over�tting,
the class bias and the limited amount of training data would lead to a systematic under-��

segmentation of small structures on unseen test data, as shown in Fig. �.�(b).

• Secondly, we �nd that DNN cannot �t the background training data well because of the large
intra-class variance of heterogeneous background samples. As a result this under�tting prob-
lem, DNN would fail to identify the background samples sharing similar characteristics with
the ROIs. Consequently, the models would produce false positive predictions, leading to sys-��

tematic over-segmentation, as illustrated in Fig. �.�(c).

As in practice the segmentation is affected by the interaction of both factors, few previous studies
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�.�. Motivation

explain and analyze these problems in a clear way. More importantly, there is a need for advanced
DNN learning strategies to improve small ROI segmentation accuracy by combating foreground
over�tting and background under�tting.��

A domain shift refers to the setting in which a machine learning model is deployed and trained
with different data distributions [��]. As a data-driven approach, current DNN could perform poorly
under domain shifts in an unexpected way. Speci�cally, models trained with data from the source
domain always cannot generalize well on data from the target domain if domains vary greatly.
For example, neural network would fail to segment brain lesion with noisy MR images, as shown in6�

Fig. �.�(d). In practice, domain shifts in medical imaging could due to different acquisition settings,
different imaging contrast, different annotations or/and different populations [��]. Speci�cally, we
�nd domain shifts are always entangled with class imbalance for medical image segmentation
and neural networks tend to under-perform the segmentation of the under-represented classes.
Detecting such failures automatically at the deployment stage is crucial for safety-critical applica-6�

tions such as medical imaging.

Data augmentation, as a common regularization technique for machine learning models, can im-
prove the generalization capacity of DNN by extending the training dataset with arti�cial sam-
ples [��6, ���]. The data augmentation policy would bene�t network training if the augmented
samples show characteristics which is similar to that of data it encounters when deployed but has��

not caught with the original training dataset. As anatomy heterogeneity and imaging quality differ
across datasets, optimal data augmentation policy varies considerably. Designing a set of effective
data augmentation policy is a crucial but laborious task for medical imaging practioners.

�



Introduction

�.� Objectives, Thesis Outline, Contributions and
Publications

��
Taking the factors above into consideration, in this thesis, we focus on analyzing the effects of
class imbalance on neural networks for image segmentation and advancing the learning of neu-
ral networks for robust and reliable generalization. Speci�cally, we have three complementary
goals:

• To investigate the effects of class imbalance on model behaviours for image segmentation.8�

In order to gain a deep understanding of model generalization and identify the limitation of
DNNs under class imbalance, we monitor the learned network logit distributions with exten-
sive systematic experiments.

• To advance learning strategies for neural networks to improve segmentation accuracy under
class imbalance. Beyond empirical analysis, we aim to improve neural networks for small ROI8�

segmentation with speci�c learning strategies including novel loss functions, regularization
techniques and multi-task learning.

• To develop performance estimation algorithms to facilitate safe deployment of DNNs in real-
world settings. We seek to detect the failure of machine learning models under the setting
of domain shifts. In particular, we take class imbalance into account and calibrate model��

con�dence to match class-wise accuracy.

(a) Chapter 3: 
Asymmetric 

regularizations

(b) Chapter 4: 
Context Label 

Learning (CoLab)

(c) Chapter 5: An automatic data 
augmentation framework with 
class-specific transformations

(d) Chapter 6: Performance 
estimation with class-

specific confidence scores

: Decision boundary: Foreground/ Background/

Figure �.�: Methodological contributions. The summary of the main methodological con-
tributions of this thesis. (a) We propose a series of asymmetric loss functions and regular-
ization techniques to alleviate the over�tting of foreground samples. (b) We propose con-
text label learning (CoLab) for background class decomposition to reduce the under�tting
of background samples. (c) We propose an automatic data augmentation framework with
class-speci�c transformations, building a balance of foreground and background samples to
mitigate the class imbalance issues. (d) We propose to utilize class-wise calibration within
the framework of con�dence based performance estimation, reducing the biases induced by
class imbalance.
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�.�. Objectives, Thesis Outline, Contributions and Publications

The remainder of this thesis is organized as below.

Chapter � introduces the basic concepts of neural networks, with a focus on deep learning and its
applications on computer vision. It also highlights the class imbalance and domain shifts problems
in image segmentation. This background information is necessary for us to clarify our motivations��

and back up our arguments.

Chapter � analyzes and alleviates the over�tting of under-represented foreground samples for im-
age segmentation. We �nd empirically that when training with limited data and strong class imbal-
ance, at test time the distribution of logit activations may shift across the decision boundary, while
samples of the well-represented class seem unaffected. This bias leads to a systematic under-���

segmentation of small structures, as shown in Fig. �.�(b). Hereby, we introduce new asymmetric
variants of popular loss functions and regularization techniques which are explicitly designed to
counter logit shift of the under-represented classes as illustrated in Fig. �.�(a).

Chapter � investigates and tackles the under�tting of heterogeneous background samples for im-
age segmentation. We �nd the distribution over background logit activations may also shift across���

the decision boundary even with suf�cient training data, leading to systematic over-segmentation,
as shown in Fig. �.�(c). Motivated by the observations that human-de�ned context labels would
bene�t model training, we propose CoLab to improve the context representations by decomposing
the background class into several subclasses, as illustrated in Fig. �.�(b). Speci�cally, we train an
auxiliary network as a task generator, along with the primary segmentation model, to automatically���

generate context labels that positively affect the segmentation accuracy.

Chapter � introduces a general automatic data augmentation framework for image segmentation,
with a special concern about the class imbalance problem. Speci�cally, we propose to adopt dif-
ferent kinds of training-time data augmentation (TRA) for training samples from different classes,
effectively extending the training data distribution and alleviating the class imbalance issue by���

adaptively balancing the variances of augmented foreground and background samples. We demon-
strate this idea in Fig. �.�(c). In addition, we jointly optimize TRA and test-time data augmentation
(TEA), which are closely connected as both aim to align the training and test data distribution but
were so far considered separately in previous works.

Chapter 6 focuses on identifying performance degradation under domain shifts without the ground���

truth. Model con�dence of predictions on the unlabeled test data can be utilized to estimate the
model performance. Existing methods calibrate model con�dence based on the data from the
source domain to achieve high estimation accuracy. However, we �nd these methods would be
always under con�dent about the minority classes as a result of class imbalance. This is because
the class bias would make the decision boundary systematically shift toward the minority classes���

under domain shifts, as shown in Fig. �.�(d). Therefore, we derive class-speci�c modi�cations of
state-of-the-art (SOTA) con�dence-based model evaluation methods which adapt separate param-
eters per class, enabling class-wise calibration. We illustrate this idea in Fig. �.�(d).
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Introduction

Chapter � summarizes the main �ndings and contributions of this thesis. We look into other ma-
chine learning research problems and highlight some opening challenges which are related to our���

investigations on class imbalance.

This thesis is based on the following research publications:

�. Z. Li, K. Kamnitsas and B. Glocker. Over�tting of Neural Nets Under Class Imbalance: Analy-
sis and Improvements for Segmentation. International Conference on Medical Image Comput-
ing and Computer-Assisted Intervention, ����: ���-���. [��6]���

�. Z. Li, K. Kamnitsas and B. Glocker. Analyzing Over�tting Under Class Imbalance in Neural
Networks for Image Segmentation. IEEE Transactions on Medical Imaging, ����, ��(�): ��6�-
����. [���]

�. Z. Li, K. Kamnitsas, C. Ouyang, C. Chen and B. Glocker. Context Label Learning: Improving
Background Class Representations in Semantic Segmentation. IEEE Transactions on Medical
Imaging, ����, Provisionally Accepted. [���]

���

�. Z. Li, K. Kamnitsas, Q. Dou, C. Qin and B. Glocker. Joint Optimization of Class-Speci�c
Training- and Test-Time Data Augmentation in Segmentation. resubmitted to IEEE Transac-
tions on Medical Imaging.

�. Z. Li, K. Kamnitsas, M. Islam, C. Chen and B. Glocker. Estimating Model Performance under
Domain Shifts with Class-Speci�c Con�dence Scores. International Conference on Medical
Image Computing and Computer-Assisted Intervention, ����: 6��-���. [��8]

���

During my PhD study, I also got involved in other research projects. Although those works are not
included in this thesis, they are all closely related to the research topics. Here follows the complete
list of published works:���

�. Z. Li, H. Li, H. Han, G. Shi, J. Wang and S. K. Zhou. Encoding CT Anatomy Knowledge
for Unpaired Chest X-ray Image Decomposition. International Conference on Medical Image
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�. H. Li, H. Han, Z. Li, L. Wang, Z. Wu, J. Lu and S. K. Zhou. High-Resolution Chest X-Ray Bone
Suppression Using Unpaired CTStructural Priors. IEEE Transactions onMedical Imaging, ����,
��(��): ����-��6�. [���]

���

�. H. Luo, Q. Zhuang, Y. Wang, A. Abudumijiti, K. Shi, A. Rominger, H. Chen, Z. Yang, V. Tran,
G. Wu, Z. Li, Z. Fan, Z. Qi, Y. Guo, J. Yu and Z. Shi. A Novel Image Signature-Based Radiomics
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Chapter �

Background
This chapter outlines some basic concepts of machine learning along with a few relevant technical���

details. We will then describe our contributions in the following chapters on the basis of these
fundamental concepts.

Neural networks, also known as arti�cial neural networks (ANNs), are one of the key
components of this thesis. Here we �rst introduce some fundamentals of neural net-
works, with a focus on the generalization capacity under different conditions. We also���

explain the concepts of meta-learning which is a learn strategy with high-level objec-
tives.

Modern deep neural networks (DNNs) rely on regularization techniques to generalize
well. Data augmentation is a de facto standard regularization for DNNs. We review
varied data augmentation techniques for computer vision as they are related to some���

technical aspects of our contributions.

Image segmentation is the image analysis task we study in this thesis. We particularly
introduce and focus onmedical image segmentation due to its technological challenges
and clinical importance. We describe convolutional neural networks (CNNs), a class of
neural network designed for computer vision, and its usage in segmentation.���

As a data-driven approach, the success of DNNs heavily depends on the quality of the
data it trained with. We highlight class imbalance and domain shifts as two main data
limitations that impede DNNs generalization for medical image segmentation.
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�.� Neural Networks
���

Neural networks are one of the probabilistic classi�ers or regressors used in machine learning
algorithms. DNNs, or deep learning, allow to make predictions with high speed and great accuracy.
Neural networks have been successfully applied to a wide variety of applications such as computer
vision [�8, ���] and speech recognition [��, ���], where the probability of an outcome is predicted
given a set amount of input data [��, ���]. This work focuses on improving state-of-the-art (SOTA)���

DNNs, particularly with a focus on the task of image segmentation. In this section, wewill introduce
some fundamentals of neural network and its advanced learning algorithms, as the basis of the
subsequent works in this thesis.

�.�.� Fundamentals
Weconsider a supervised learning paradigmand neural networks for the classi�cation taskwith the���

data drawn from the distributionD. Normally, we are given a training datasetDtrain = {(xi,yi
)}N

i=1

with N samples, where xi 2 IRd is the observation such as an image or pattern and y
i
is the de-

sired outcome. y
i
2 IRc is commonly encoded with the one-hot encoding vector such that its j ’th

element is corresponding to the j ’th class such as yij 2 {0, 1}while 1·y
i
= 1 8 i. A classi�cation

model f , such as a neural network, is the function that maps the input samples to the label space.���

The parameters of f are learnt with the training dataset Dtrain. The learned model is expected to
be deployed to the unseen test dataset Dtest with minor modi�cations. In addition to the training
dataset Dtrain and the test dataset Dtest, typically we have another validation dataset which can
help us choose hyper-parameters for model training.

Neuron is the basic predictive model of neural networks which is inspired by the neuron in a bio-���

logical brain. We illustrate the structure of a neuron in Fig. �.�(a). A neuron utilizes a set of weight
wo = [wo

1, w
o

2, w
o

3] and bias b
o to connect two layers of nodes including an input layer xi and

an output layer ho

i
. Speci�cally, ho

i
is obtained as the linear combination of xi and the network

parameters including wo and bo:

h
o

i
= woxi + b

o =
3X

j=1

w
o

j
xij + b

o
, (�.�)

In order to model the non-linear relationship between the two nodes, an activation function � is���

always adopted to transform h
o

i
to the �nal output zo

i
:

z
o

i
= �(ho

i
), (�.�)

The activation function is a core design for neural network. In practice, activation functions such
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Figure �.�: The illustration of a multilayer perceptron (MLP). (a) The structure of a neuron,
which consists of two layers of nodes: an input layer xi and an output layer ho

i
/zo

i
. The two

layers are connected with weight wo and bias bo. The neuron uses an activation function to
produce the output po

i
given the input from the previous layer zo

i
. (b) The structure of an MLP

with a single hidden layer h1
i
/z1

i
. Except for the input layer, each layer contains an activation

function.

sigmoid, recti�ed Linear Unit (ReLU) [�6�], gaussian error linear unit (GELU) [�8] and leaky ReLU [�6�]
as are chosen for different applications.

An MLP, which is a simple version of neural network, is the combination of a series of stacked���

neurons. We illustrate a MLP with three layers of nodes in Fig. �.�(b). Different from a neuron, a
mlp contains at least a hidden layer between the input and output layer. Speci�cally, by calculating

using the weight and bias of the hidden layerw1 =

"
w

1
1,1 w

1
2,1 w

1
3,1

w
1
1,2 w

1
2,2 w

1
3,2

#
and b1 = [b11, b

1
2], we can

obtain:

h
o

i
= wo(w1xi + b1) + b

o
. (�.�)

Similarly, more hidden layers can be added into the structure of MLP. DNNs refers to neural net-���

works with multiple hidden layers [���]. The use of advanced specialized electric circuit such as
graphics processing unit (GPU) makes it possible for the ef�cient training and inference of mod-
ern DNNs containing an enormous number of network parameters with hundreds of hidden lay-
ers [�6�].

The network parameters ✓ = (w1
, b1,wo

, b
o) are learned with the training dataset Dtrain. Typi-�6�

cally, we aim to minimize the expected riskRL,D(f✓), which is measure of model performance on
a known set of training data. However, the expected riskRL,D(f✓) cannot be calculated as the real
data distribution D � Dtrain is usually inaccessible. Instead, ✓ is optimized based on empirical
risk minimization (ERM). Speci�cally, given any cost function L, the empirical risk of the model f✓
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is de�ned asRL,Dtrain(f✓) =
1
N

P
N

i=1 L(f✓(xi),yi
). We aim to calculate the optimal ✓⇤ such that�6�

✓
⇤ = argmin

✓
RL,Dtrain(f✓). The optimization process is always achieved with gradient descend

based techniques for neural networks. Speci�cally, the parameter ✓ is updated step by step with
the calculated gradient of the cost L with respect to the parameters:

✓
t+1 = ✓

t
� ↵

@L(f✓(xi),yi
)

@✓t
, (�.�)

where ↵ is the learning rate.

In practice, the gradients in neural networks are computed with backpropagation [���]. Speci�cally,���

in order to �t neural networks, the gradients on ✓ are calculated with the partial derivative of the
cost functionL using the chain rule. Comparedwith the direct computation of gradients, backprop-
agation is computationally ef�cient and memory ef�cient as the gradients are computed one by
one from the last layer, avoiding the redundant computation and store of the immediate results of
the chain rule. The ef�ciency makes it possible for the optimization of multi-layer networks.���

For example, w1 can be updated with the gradient calculated as:

@L(f✓(xi),yi
)

@w1
=

@L(f✓(xi),yi
)

@zo
i

@z
o

i

@ho

i

@h
o

i

@z1
i

@z1
i

@h1
i

@h1
i

@w1
. (�.�)

In similar ways, all the gradient of the network parameters can calculated with low computation as
the forward intermediate results are stored. After then optimization algorithms such as stochastic
gradient descent (SGD) [���] and Adam [���] can be utilized to update the network parameters
✓.�8�

Therefore, DNNs is data-driven approacheswhich can learn hierarchicalmulti-layer representations
directly from the training samples, in contrast to conventional machine learning approaches where
features are designed based on prior knowledge such as Gaussian derivatives and the Histogram
of Oriented Gradients (HOG) features [���, �66]. This is part of the reason why DNNs are more
powerful as the learned features are more complex than hand-engineered features and especially�8�

tailored for the given tasks and data.

�.�.� Generalization in Deep Learning
It is important to understand model generalization to identify and tackle limitations of DNNs that
restrict the adaptation to complex applications. After the model f✓ is learned with the training
dataset Dtrain, we want it to perform well with the real data distribution D. In other words, we���

aim to make expected risk RL,D(f✓) as low as possible. As we cannot access the all the data in
D, practically we utilize a test dataset Dtest ⇢ D, which is drawn from the same distribution but
does not overlap with Dtrain to quantify the model performance. Then, the empirical risk on the
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test data RL,Dtest(f✓) is calculated as a representative of the expected risk RL,D(f✓).

Given a model f✓ , its expected risk RL,D(f✓) would be low when f✓ �ts the data in an optimal���

way. Generally speaking, a machine model cannot �t the data perfectly mainly due to two reasons
including over�tting and under�tting, as demonstrated in Fig �.�. Over�tting and under�tting may
exist simultaneously in some real-world applications.
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Figure �.�: The schematic diagrams of good �tting, over�tting and under�tting for the
classi�cation problem. (a) The learning curves of different situations. In practice, the gen-
eralization gap is calculated as the discrepancy between the training and the test errors. The
model test error cannot be decreased due to either over�tting or under�tting. (b) The feature
embeddings and decision boundaries of different situations. When the model over�ts the
training datasets, it would build an over complex decision boundary very close to the training
samples but cannot generalize well on unseen test data. On the contrary, the model would fail
to correctly classify representative training samples with an over simpli�ed decision boundary
due to under�tting.

�.�.�.� Over�tting

The generalization gap G of the model f✓ is de�ned as the discrepancy between the empirical risk���

of the test and training data:

G := RL,Dtest(f✓)�RL,Dtrain(f✓). (�.6)

In the case of over�tting, the model can performwell on the training data but cannot adapt properly
to the test data. As illustrated in middle part of Fig. �.�(a), the test error of the over�tting model is
high even though the training error is reasonably low.

Over�tting happenswhen amodel hasmany parameters and the training data is under-represented.���

For example, modern DNNs would contain a large amount of network parameters, which can feasi-
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bly memorize everything in the training data including noise [��6]. In most cases of deep learning,
the generalization errors cannot be decreased because themodel over�ts the training data. Specif-
ically, the decision boundary of the DNNs would be affected by the biases introduced by noise or
spurious patterns in the training data, as described in the middle diagram of Fig. �.�(b).���
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Figure �.�: The generalization gaps when increasing model complexity of different ma-
chine learning models. (a) Classic machine learning models are prone to over�t the training
datasets when containing toomany parameters. (b) However, deep learningmodels are found
to have the phenomenon of double descent in the generalization gaps when adding model
complexity. In other words, deep learning models are unlikely to suffer from over�tting as a
result of increasing model capacity.

�.�.�.� Under�tting

When a model under�ts the training data, it would fail to �t the data well, failing to reduce the
empirical risk of the training dataRL,Dtrain(f✓). In this case, even though the model has relatively
small generalization gap, it cannot perform well on the unseen test data. As shown in the right part
of Fig. �.�(a), the training and test errors remain high during the training process.���

Aneural networkwould under�t the training datawhen f✓ is simple and the training data distribution
is dif�cult to model. In this case, the model cannot extract discriminative features to represent the
training data, thus cannot build good decision boundaries to correctly classify the training samples.
As illustrated in the right part of Fig �.�(b), an under�ttedmodel makes predictions only using weak
features and fails to recognize patterns hidden behind the training data.���

�.�.�.� Generalization Capacity

The generalization capacity of DNNs is the model’s ability to perform well on the previously unseen
test data Dtest. Improving the generalization capability of neural networks is an important and
fundamental problem of deep learning. It can lead to reliable model and help us achieve optimal
results for unseen data with better understanding [�8�]. Identifying the factors that can affect���
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model generalization capacity can help us design the model for tasks and datasets with speci�c
complexity.

Classic statistical learning theories such asRademacher complexity [��] and the Vapnik–Chervonenkis
(VC) dimension [���] analyze the generalization based on a low-capacity class of hypotheses. From
the perspective of small class capacity, the generalization capacity is determined by many factors���

including the real data distribution D, the training data distribution Dtrain, the model f and the
hypothesis space F 3 f . For example, the generalization gap would become larger as the model
complexity, which is the VC dimension of F , increases. As a result, traditional learning theory be-
lieves that a machine learning model should be as simple as possible to have good generalization
[��, ���], as shown in Fig �.�(a). That is to say, the simplest model which has the equally lowest���

RL,Dtrain(f✓) should have the lowest RL,Dtest(f✓).

The above mentioned statistical learning theories provide a theoretical bound and probability to
analyze the generalization of neural networks. In contrast, recently many empirical studies on
deep learning reveal that DNNs would not suffer from the generalization drop no matter how much
parameters the model have [�8�, ���]. Their experiments demonstrate that the more parameters���

the model has, the better the performance is and the lower the generalization gap is, although
there is not a good explanation for this phenomenon. Speci�cally, empirical results show that the
generalization gap would become large as the model complexity increase in some regions, but
eventually would be small as the model complexity is large enough [�8�]. We illustrate this double
descent phenomenon in Fig �.�(b). In this case, the generalization capacity of DNNs seems to be���

completely determined by the real data distributionD, the training data distributionDtrain and the
model f [���, ��6]. The model complexity would no longer affect the generalization gap.

Model generalization generally is in�uenced by the penalties of model complexity and the penalties
of data complexity. As abovementioned, the impact of model complexity on DNNs remains unclear
and dif�cult to be optimized. In contrast, the impact of dataset complexity is clear and intuitive: the���

more datawe get, the noisewould have less impact on the training data, thus the generalization gap
would be smaller [���]. Therefore, in this thesis we aim to provide alternative algorithms to improve
the generalization capability of neural networks by reducing the penalties of dataset complexity,
which is related to regularization techniques such as data augmentation.

�.�.� Meta-Learning���

Meta-learning, or learning to learn, is a learning strategy that optimizes high-level objectiveswith hy-
per networks [���]. Instead of solving the speci�c taskswith pre-con�gured settings, meta-learning
can modify the model architectures and hyper-parameters to �t the tasks well. We illustrate the
idea of meta-learning in Fig. �.�. Meta-learning optimizes themeta-knowledge! such that the task
objectives can be of bene�t. The parameter! can be designed to represent a wide range of options�6�

or matters related to the learning process. Speci�cally, ! can be explicitly set as hyper-parameters
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such as learning rate [��, ���], the choices of optimizer [���], cost functions [���], data augmen-
tation [��] and network architectures [�8, ���]. Moreover, meta-learning can also implicitly learn
to initialize the network parameter ✓ such as the model can produce generalizable features [��,
���].�6�

Meta-Learning

Hyper-parameters Network architecture Towards new tasks

Optimize Optimize

Optimize

𝑓𝜃

𝜔

Figure �.�: The illustration of meta-learning. Traditional machine learning algorithms solve
speci�c tasks with pre-con�gured models. On the contrary, meta-learning learns the way to
solve machine learning problems. In other words, meta-learning aims to optimize the algo-
rithm itself for better generalization. Speci�cally, meta-learning can learn to optimize hyper-
parameters, network architecture for given tasks. Furthermore, it can explicitly improvemodel
generalization towards new tasks without �ne tuning.

The meta-learning task is always taken as a bi-level optimization problem, where one optimization
process is constrained by the other optimization [���]. Given ameta-training datasetDmeta�train =

{(xi,yi
)}N

i=1 and ameta-test datasetDmeta�test = {(x̃i, ỹi
)}M

i=1, the objectives ofmeta-learning
can be formulated as:

min
!

1

M

MX

i=1

Lval(f✓⇤(x̃i),!, ỹi
) (�.�)

s.t. ✓
⇤ = argmin

✓

1

N

NX

i=1

Ltrain(f✓(xi),!,yi
), (�.8)

where Lval is the cost function related to high-level objectives and Ltrain is the cost function���

used to update the model parameter ✓. Note that for some cases, Dmeta�test can be the same
as Dmeta�train [�].

Themeta-learning process is always divided into two procedures including the inner and outer loop.
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The inner loop shown in Eq. �.8 is conditioned on ! to achieve a local optimal ✓⇤. The outer loop
described in Eq. �.� learns ! such that ✓⇤ performs well on Lval after training with Ltrain.���

The optimization process is typically done in theway of epoch training. During each epoch,Dmeta�train

and Dmeta�test are sampled separately from the data distribution. The outer loop optimization
would be operated after the inner optimization function is satis�ed. The outer optimization could
contain second order optimization and can be solved based on gradient [��], reinforcement learn-
ing [��] or evolution [���, ���]. Gradient based optimization methods calculate @Lval(f✓⇤ (x̃i),!,ỹi)

@!
�8�

based on the chain rule of differentiation. Optimizing the outer loop based on gradient makes
the process ef�cient but require the meta-objective to be differentiable. On the contrary, the op-
timization methods based on reinforcement learning and evolution can deal with meta-objective
that is not differentiable but require more time and might need additional efforts to make sure the
optimization process can converge. Therefore, reinforcement learning and evolution based opti-�8�

mization aremore commonly adopted to reinforcement learning applications which always contain
multiple non-differentiable steps [��, ���].
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�.� Regularization in Deep Learning
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Figure �.�: An overview of different data augmentation methods for image processing.
In the view of whether classi�ers are involved in generating synthesized samples, data aug-
mentation approaches can be categorized into task-independent data augmentation and task-
driven data augmentation. For task-independent data augmentation, it can be further divided
into symbolic transformations and conditional generative model according to whether a gen-
erative model is utilized to produce the synthesized samples. For task-driven data augmenta-
tion, it can be further divided into validation-driven model and prediction-driven model based
on whether the accuracy of a hold-out dataset is taken into account.

In order to improve the generalization capability of neural network from the data perspective, many���

regularization techniques have been proposed. We will discuss data augmentation, which is one of
the major concerns of our study, in detail in the following section and introduce other data based
regularization techniques in section �.�.�.

Data augmentation, which aims to enlarge the dataset by adding synthesized training data using
varied transformation T (·), is a common practice in machine learning applications and has been���
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proven to steadily improve the generalization [���].

As summarized in Fig. �.�, according to whether the classi�cation model is involved to produce the
synthesized samples, recent data augmentation methods for deep learning models can be catego-
rized into two groups: �) Task-independent data augmentation, of which augmented samples are
generated by only using the images and task independent. �) Task-driven augmentation, of which���

the augmented samples are generated by taking use of the gradients from the training of speci�c
tasks.

�.�.� Task-Independent Data Augmentation
Data augmentation policies are often pre-designed based on heuristics and kept the same during
the model training. According to the formulation of the transformation T (·), task-independent���

data augmentation can be further categorized into symbolic transformations based or conditional
generative model based data augmentation.

�.�.�.� Symbolic Transformations

Hand-designed transformation is a well-studied data augmentation method and can be applied to
computer vision tasks along with neural networks from the very beginning. The transformations���

are designed to mimic possible variants of unseen data based on human knowledge. It has been
proven to be widely effective but not much changes are made among different tasks for following-
up studies. Intuitively, the noise can be added to the input images to make the model stronger and
more robust to perturbations [��]. Conventionally, the training samples are augmented based on
transformations including rotations, �ipping, translation, projection, inverting, shearing, contrast-���

changing, color-changing, brightness-changing, sharpness-changing, solarization, posterization,
histogram matching, intensity shifts and nonlinear deformations [��, ���]. These transformations
would simulate the test conditions under which the models would be deployed.

Recently, some simple but effective data augmentation strategies are proposed, such as cutout and
super-pixel. The former method randomly pads the original images with gray patches, while the���

latter one enrichs the training dataset with samples using superpixel based pre-processing. They
show evident improvements for image classi�cation [6�] and gland segmentation [�6�]. While
simple, those heuristic approaches are widely adopted to improve generalization for varied appli-
cations.

The abovementioned data augmentationmodels adopt the same set of transformation for different���

classes. Except for those data augmentation stategies which would apply the same transforma-
tions for different samples from different categories, some methods generate additional samples
based on the relationship between samples. In order to take advantage of inner-class relationship,
synthesized samples can be generated by the co-registration of training samples from the same
class [��]. Speci�cally, they align image pairs from the same class, with an assumption that the la-���
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tent spatial transformation between them s belongs to a large class of diffeomorphisms They show
improvements on the MNIST datasets but the idea can be naturally extended to medical imaging.
Taking consideration of inter-class relationship, mixup randomly combines two samples including
images and labels in a linear way and is reported to show signi�cant improvements for both image
classi�cation [�6�] and image segmentation [66]. Although mixup seems to be a counterintuitive���

transformation, but it works as it could locally linearizes the landscape of the loss.

In order to addmore variations and realistic transformations to the training data, a group of studies
try to include more knowledge which is distilled from the unlabeled images. Some data augmenta-
tion methods can be extended to the setting of semi-supervised learning with minor modi�cations.
In order to enlarge datasets based on fair symbolic transformations, synthesized images can be���

generated by combining the content of labeled data and the the intensity and spatial appearances
of unlabeled data [�6�]. The intensity and spatial transformations are learned in pairwise com-
parison by two separate models. The ground truth labels are transformed in the same way. The
authors [�6�] validate their method on the task of one-shot brain segmentation and show that the
augmented samples can improve the brain segmentation performance.���

�.�.�.� Conditional Generative Model

Generative models, such as generative adversarial network (GAN), variational autoencoder (VAE)
and diffusion models, aim to model the data generating process and have shown strong ability to
generate synthetic but realistic and diverse samples. Some methods extend the training datasets
using samples produced by generative models. In order to synthesize samples for a certain class,���

GAN produces realistic samples such that it can fool a discriminator model. Speci�cally, GAN is
trained to maximize the cost function of the discriminator model and minimize the cost funciton
of the generative model to �gure out the generated samples from real samples. The generated
samples can boost the network performances on many image classi�cation datasets [�].

Similar ideas are applied to the classi�cation of liver lesion classi�cations [��]. Different liver lesion���

regions of interest (ROIs) are synthesizedwith the same size from the input noise. In order to gener-
atemore stable and realistic samples, an image-to-image generativemodel which is trained tomap
non-nodule regions to nodule regions is adopted to improve the segmentation of lung [���]. Similar
image translation approach is adopted by [8�] to improve the performance of bone lesion classi-
�cation. Assuming that not all the generative samples are usefully, poorly generated samples are�6�

�ltered out based on the reactions of the normally trained classi�er, showing further performance
improvements.

Conditional generative models can be used to generate samples by building bridges between la-
beled and unlabeled images. The utilization of unlabeled data for generativemodels is also straight
forward. [��] adopt a conditional GAN to generate realistic training samples based on intensity and�6�

spatial transformations. The discriminator is trained to differentiate the generated samples from
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both the labeled images and unlabeled images. They report that the model can largely bene�t from
the augmented samples for cardiac segmentation. Assuming that the symbolic transformations
rarely map between classes, [���] proposes to learn a series of realistic transformation functions
just using unlabeled data based on GAN. The transformations which can make the images look the���

most realistic are applied to the labeled data. They report that the realistic transformations can
outperform totally random symbolic augmentations.

�.�.� Task-Driven Data Augmentation
The above mentioned data augmentation methods generate new training samples without consid-
ering speci�c tasks. That is to say, the data augmentation strategies can be the same for different���

tasks with the same dataset. However, a more effective way is to produce speci�c and effective
samples for the given tasks. This data augmentation process can be integrated along with model
training.

Recently, many methods have made attempts to generate task-driven data augmentation by taking
consideration of the network output of the augmented samples. The schemes of these task-driven�8�

data augmentation algorithms can be roughly categorized into two groups, according to whether
the accuracy of a held-out dataset is considered in the optimization process. Validation-driven
models utilize another model to adjust the data augmentation strategies based on the model per-
formance on the held-out dataset. On the contrary, another group of methods aims to learn trans-
formations for data augmentation based on the prediction of training data, with the criterion of�8�

label preserving or controllable hardness.

�.�.�.� Validation-Driven Model

In practice, data augmentation policies are usually adjusted based on the model performance on
the validation dataset. Typically, the data augmentation parameters could be obtained by grid
search based on the validation performance [�8]. Motivated by this process, the empirical risk on a���

held-out dataset is explicitly formulated as the cost functions to optimize the data augmentation.
Speci�cally, reinforcement learning algorithms are utilized to �nd the transformations which can
make the model generalize well. These methods work well with symbolic transformations as they
do not require the transformations to be differentiable. In addition, the optimization of discrete
variables is easier as it simpli�es searching space.���

[��] proposes AutoAugment to learn data augmentation strategies based on reinforcement learn-
ing and created new SOTA results on several authoritative image classi�cation datasets including
CIFAR, SVHN and ImageNet. Although their results are quite impressive, their idea is actually very
simple: to use a searching algorithm to �nd the best augmentation policies which can make the
model perform better on a separate validation data. Interestingly, although they included �� sym-���

bolic transformations in their study, the �nally results are achieved just by using some classic
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transformations such as rotation and histogram matching instead of more complicated transfor-
mations such as cutout or mixup. Follow-up works reduce the optimization time of AutoAugment
by density matching [8�, ���] or meta-learning [���].

�.�.�.� Task-Speci�c Constrains���

Task-specific constraints

Feature space exploration

: Positive/negative samples/ Decision boundary
: Augmented positive/negative samples/

Before optimization After optimization

Before optimization After optimization

Optimization direction

Figure �.6: The comparison of different prediction-driven model based data augmentation
methods. Task-speci�c constraints encourage the generated samples to be well-classi�ed
and representative for the given tasks. On the contrary, feature space exploration aims to
generate dif�cult samples to build robust decision boundaries.

Currently there are totally two different ways to utilize the supervision from the classi�er based
on different assumptions, as demonstrated in Fig. �.6. These methods are usually built with gen-
erative models because the generator can be adjusted by optmizing the loss and following the
gradient. In this way, the data augmentation process can be feasibly connected with the training
of the desired classi�er. The �rst group, of which samples are usually generated from noises, as-���

sumes that the generated samples are quite random and need to be regularized. Therefore, they
encourage the generative model to produce the augmented samples which can be correctly classi-
�ed. The second group, of which samples usually generated from prior information, assumes that
the generated samples should stay near the original images. Therefore, they largely explore the
feature space by adversarial loss or Kullback–Leibler (KL) divergence to encourage the generative���

model to produce samples which are closer to the decision boundary and hard to classify.

When the generated samples can be produced just from noises, the samples have little class-
conditional properties and lack �delity. Therefore, many methods try to involve the supervision
of classi�er networks into the training process to both generate class-conditional images and im-
prove the performance of the classi�er. Developed upon the backbone of conditional GAN, [���]���
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learned the data distribution of the training dataset using the supervision of classi�er. Then they
treats the synthesized data as missing variables and generates the samples based on the learned
distribution. A similar triple-network architecture is also proposed in [�6] but in a semi-supervised
way. They both show evident improvements on image classi�cation.

Task-speci�c constrains can also help reduce the noisy samples from the generated images. In���

this case, the classi�er is separately trained and just serves as an auxiliary task. Although the
generative model is built based on image-to-image architecture which can generate stable images,
[��] encourages the generative model to produce well-classi�ed images by using the supervision
of augmented samples. Similarly, in order the guarantee that the generated samples have enough
lesion-like properties, [8�] chooses the generated samples which have high responses when pre-���

dicted as the lesion class.

�.�.�.� Feature Space Exploration

In another aspect, some methods generate synthesized samples to explore the feature space. The
synthesized samples are generated by optimizing with the inverted gradient from the classi�er in
the input space. Speci�cally, they try to improve model performance by training with hard samples,���

which have high classi�cation loss when being processed by the network. Most of the studies are
developed based on the idea of adversarial training [��], of which adversarial samples are generated
by adding small but intentionally worst-case perturbations to the input images. The adversarial
training samples are generated based on reverse gradient [���]. Adversarial training encourages
the neural network to behave constantly within the local neighborhood. Speci�cally, a function g���

parameterized by ! is utilized to transform the input image xi. The !adv is optimized to maximum
the cost function of the generated samples:

!adv = argmax
!;k!�!advk<✏

L(f✓(g!(xi)),yi
), (�.�)

where ✏ is a small vector that restricts the variance of the generated samples. In practice, !adv is
obtained with one or a few steps of gradient ascent. In order to make sure the generated samples
are from the same distribution with the original data, g! is formulated as simple functions such as���

addition or af�ne transformations [��]. [���] produces adversarial samples which near the decision
boundary based on geometric transformation. They show improved accuracy and robustness in
the task of skin lesion and breast tumor classi�cations. [���] proposes to generate adversarial
samples in the feature space. The adversarial features which can make the classi�er uncertain
about the prediction are generated. In addition, they utilize an attention mask based on entropy to���

encourage the network to focus on the regions which are the most relative with the classi�cation
task. They show SOTA results on few-shot classi�cation tasks.

[���] learns to select useful transformations including scaling, rotating and occluding in the training
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processing of the classi�cation model. In each training epoch, they �rst input random transformed
images into the network and then �nd the most hard augmentation samples to train the network.���

The hard examples are de�ned as the augmented samples which can enlarge the KL divergence
of the network output of the augmented and original samples. They show that their augmentation
training methods can improve the accuracy of human pose estimations.

Adversarial training can provide the direction towards the decision boundary, however, it cannot
exactly decide the location of the adversarial samples in the feature space. On the contrary, some�6�

studies generated samples with certain feature location by making changes directly in the feature
space. [�6�] synthesize samples in the features space based on the relationship of a pair of sam-
ples from different classes. First, they generate feature samples based on the linear interpolation
of a negative pair. Then, they build another generator to map the features back to the previous fea-
ture spacewith label-preserving constraints. Finally, the augmented features are utilized to train the�6�

network. They show that this method can exploit more information buried in the training samples
and provided competitive results in some image classi�cation tasks.

�.�.� Other Regularization Approaches
Following the idea of choosing the appropriately simple architecture for neural networks, many
practical regularization methods such as early stopping [��], residual connections [��], weight de-���

cay [��8], parameter constrains [���], dropout [���] and spectrum normalization [���] have been
proposed from the model perspective.

In addition to data augmentation, many regularization techniques have been explored to improve
the generalization capability of neural networks from the data perspective.

Besides the input space, adding noise can be also added to other places of the models to improve���

robustness. Noise can be added to the weights to enhance the model ability to handle uncer-
tainty [�8�]. In addition, noise can be included in the labels and therefore generate soft labels.
Label smoothing can prevent the pursuit of the �tting with hard probabilities and extreme cases.
For example, in image classi�cation the one-hot encoded labels can be degraded by a factor in-
stead of being � to improve the generalization capability [�8�].�8�

Model ensemble is a widely adopted technique to improve model generalization, which averages
the prediction results from multiple models. As being initialized with random weights, neural net-
works always obtain different optimal parameters even with the same training dataset [���]. Av-
eraging model predictions is empirically powerful and reliable because it can remove inconsistent
errors [��].�8�

Embedding more knowledge by adding more information in the input or output space is another
way to improve generalization. More information can help the model gain stronger statistical
strength [��]. For example, multi-model images can be fed together into the neural network to help
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the network understand the image better and avoid local optimum [���]. More recently, the joint
modeling of images and languages [���] has shown promising results in image generation.���

Multi-task learning requires a model to learn different tasks at the same time to make the model
regularize well by �tting different tasks with shared model parameters [��]. In multi-task learn-
ing, neural networks are driven to build more generic features, if the tasks are chosen properly
[���].

When additional unlabeled data are available, semi-supervised learning can improve the general-���

ization by encoding more prior image information [�6]. Semi-supervised learning encourages the
neural network to learn better representation by prior constrains such as entropy minimization [��]
and consistency regularization [���, ���].
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�.� Image Segmentation
6��

Image segmentation is a computer vision task by which the boundaries of ROIs in images are de-
lineated through machine learning algorithms. Image segmentation can partition an image into
several regions with speci�c semantic meanings, making the image easier to analyze for down-
stream tasks such as autonomous driving [��], disease diagnosis [���] and computer assisted
surgery [6�]. Image segmentation can also be an objective itself such as visualization.6��

This study focuses on the problem of medical image segmentation considering its high clinical rel-
evance and challenging nature. Medical image segmentation aims to identify the anatomical struc-
tures or other ROIs inmedical imaging such asmagnetic resonance imaging (MRI) or computerised
tomography (CT). We show an example of brain tumor segmentation in MRI from varied registered
sequences using data from brain tumor segmentation (BraTS) challenge in Fig. �.�. The segmen-6��

tation of brain tumor can help evaluate the progress of the disease and the success of a chosen
treatment [���]. However, the segmentation process is always challenging and time-consuming as
the ROI appearance is heterogeneous while the three-dimensional (�D) imaging volume is huge.
When the imaging data are collected with thick slices, manual delineation is can be rather inaccu-
rate. Automating the procedure of medical image segmentation can save doctors a great deal of6��

clinical time.

T1 T1 weighted T2 T2 FLAIR Segmentation 

Axial plane

Sagittal plane

Frontal plane

Figure �.�: An example of medical image segmentation. We visualize the task of brain
tumor segmentation using data from BraTS challenge. This task requires to segment the
three classes of brain tumors based on four �DMRI sequences. We showmagnetic resonance
(MR) images together with their corresponding segmentation in three planes. Different colors
represent different classes of brain tumors.
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�.�.� Medical Image Segmentation
Medical image segmentation, as one of the main medical image computing tasks, provides crit-
ical clinical information and serves as a prerequisite for subsequent image-base diagnosis pro-
cess [��6]. It has been an important research focus for decades. Many methods have been pro-6��

posed to make this process semi-automatic or fully automatic, with an aim for high accuracy and
ef�ciency.

Early attempts for solving medical image segmentation are mostly based on deformable mod-
els [�6�] such as active contour [��6] which aim to match prede�ned deformable models based
on energy minimization. By being a deformable models, active contour models are robust and6��

can automatically adapt to images with different conditions. However, they are sensitive to initial
states and local minima states. Level-set method [��8] was thereafter proposed to reformulate
the curve evolution function with level set equations, facilitating the models to follow shape that
change topology without having to paramterize these objects. Level-set method is computational
expensive as it solves the curve evolution problem with a higher dimension function.6��

Statistical models [���] including Markov random �eld (MRF) [���] are also utilized to delineate the
object outlines bymodeling the spatial interactions between nearby pixels. Graph cut [��] partitions
an image into sub-regions by maximizing the �ow in the graph, which minimizes energy in a form
of MRF. These methods are known to straggle to �t a small contour as they are optimized to �nd
a minimum cut.6��

The anatomical structures are consistent between different subjects. Therefore, registration tech-
niques [���] are widely adapted to segmentation by registering the target images to different at-
lases [�]. The segmentation results are obtained by wrapping the atas segmentation maps with
the reversed transformation �elds. These registration based segmentation methods are robust
and effective for the segmentation of objects with consistent structures such as brain and car-6��

diac, however cannot segment objects of which appearances vary case to case, such as tumor
and lesion.

The segmentation task can be seen as dense prediction on pixels. In this way, discriminative mod-
els such as random forests [��] and sparse representation [���] can be utilized tomake predictions
on features with sliding windows. The effectiveness of these classical feature extraction tech-6��

niques highly relies on the quality of the crafted features. However, the optimal features, might
differ from case to case. More recently, the strong recognition ability of DNN in image classi�-
cation has been transferred to image segmentation. Neural networks learn the features and the
classi�er together during the training process, therefore the features are always tailored to the
given tasks. DNN has been successfully adapted to varied medical image segmentation [��8, ���],6��

showing SOTA segmentation accuracy with high speed. Therefore, this thesis would focus on seg-
mentation with neural networks.
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�.�.� Segmentation with Neural Networks
�.�.�.� Convolutional Neural Networks

Neural networks such as MLPs are not ef�cient for computer vision applications where data are6��

always high-dimensional. We illustrate an example of calculating a hidden layer with an image in
Fig. �.8(a).
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Figure �.8: The illustration of a convolutional layer in CNN processing two-dimensional
(�D) inputs. (a) Calculating the hidden layer hi with �D input layer xi using MLP. As all input
elements are connected to calculate the output elements, the parameterwwould be huge and
the calculation would be expensive when xi becomes larger. (b) In contrast, calculating the
hidden layer hi using convolutional layer is computationally more ef�cient. As hi is calculated
with sliding window, the parameter w can stay small regardless of input size. (c) The convolu-
tional layer would be relatively more ef�cient when compared with MLP for �D images. Note
that here we omit all biases b for simplicity.

In image processing, the responses of neurons when processing an �D features are named as
features maps. Speci�cally, the feature map of the hidden layer hi is calculated as:
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As MLPs calculate the output at each pixels by using all the input pixels, the networks parameters66�

would increase in a square number as the size of a �D input image increases. Moreover, the com-
putational complexity when processing an �D image would grow cubically with large image size.
Fully connected weights contain much redundant details, which are not necessary for recognition
as signi�cant image features always exist only in speci�c regions of the images. In addition, the
large amount of network parameters make it inef�cient for the optimization and inference of neural66�

networks. Therefore, MLPs, which are multiple fully connected layers, are always only utilized on
the top of extracted features as a classi�cation layer. Instead, the features are always extracted by
a convolutional layer, which is the core component of CNNs.

Most neural networks based segmentation methods are developed based on CNNs, because of its
high computational ef�ciency and strong capability of recognition, especially when working with6��

high-resolution images. Different from an MLP, a convolutional layer calculates the feature maps
using convolutional kernels with �xed kernel size. During the forward propagation, the feature
maps are obtained with the dot product between the input and the �lter kernels. As illustrated in
Fig. �.8(b) and Fig. �.8(c), the whole feature maps are generated by sliding the convolutional kernel
along the input features with shared weights. Therefore, feature maps can be calculated using the6��

same convolutional kernels for images with arbitrary image size. Given the same input image xi,
the feature map hi is calculated with:
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We can �nd that the learnable parameters in Eq. �.�� aremuch less than the ones in Eq. �.��, making
CNNs less likely to over�t the training data. Padding could be utilized to keep the dimensions of the
input and output layer the same, which refers to the addition of zero valued pixels to the boundaries68�

of the input feature map. For example, we can add �-pixel pad to the input layer xi in Fig. �.8(b)
to make it �⇥�, yielding the output layer hi with size �⇥�. Note that an MLP which fully connects
features from different dimensions can be seen as a convolutional layers with �⇥� kernels.

In order to reduce the computation costs, the size of feature maps can be intentionally reduced
by using pooling layers. Alternatively, convolving with stride larger than �, which is the step length68�
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when the convolutional kernels are applied to the features maps, can also reduce the size of fea-
tures maps. Pooling layers do not contain any parameters that should be optimized. In contrast,
pooling layers only downsample the feature maps with operations such as max or average. Simi-
larly, the feature maps could be upsampled with unpooling layers where the features are interpo-
lated to higher resolution.6��

The convolutional layer introduces some favourable inductive biases, which refer to the characteris-
tics brought by the architecture design, for image recognition. Locality and translation equivariance
are the two main inductive biases of CNNs. Locality means that the CNNs make the prediction of
a pixel based on the features of its near neighbors. This characteristic can enhance the spatial
consistency of the segmentation results. For example, CNNs are capable of identifying the pixels6��

in tumor regions sharing similar appearance. As the feature maps are the �lter responses of local
features, a convolutional layer would produce the the same outputs with local features regardless
of its spatial positions. This property refers to translation equivariance. This property reduces the
risks of over�tting for CNNs as the object recognition is no more related to the object positions.
For example, once the tumor regions are learned with CNNs, it can recognize tumor with varied���

locations and different context, even if the images are shifted or cropped.

�.�.�.� Network Architecture

The research focus of visual recognition has shifted from feature engineering to architecture de-
signing for better accuracy, ef�ciency and scalability [�6�]. A common limitation of CNNs is the lack
of the ability to model long range spatial correspondence. The receptive �eld of CNNs refers to the���

area in input image which contribute to feature calculation in the last layer. A convolutional layer
has small receptive �eld due to the small size of the convolutional kernels. As a result, the feature
maps are calculated based on local patterns and cannot utilize the global information.

Increasing the receptive �eld of CNNs is one of the motivations for the design of network architec-
tures. For example, the receptive �eld can be enlarged by increasing network depth [��8], choosing���

dilated convlutional kernels [��] or utilizing attention mechanism [6�]. DeepMedic [���] and �D
U-Net [���] are two popular network architecture designed speci�cally for medical image segmen-
tation in �D volume such as MRI or CT with large receptive �elds.

We illustrate the architecture of DeepMedic in Fig. �.�(a). DeepMedic gains large receptive �eld by
utilizing multiple pathways to process the input images with different scaling. Speci�cally, the con-���

text is downsampled in three or �ve times and fed into separate network pathways. The information
is then aggregated before the fully connected layers. DeepMedic can model the local pattern well
as it contains multiple convolutional layers with high-resolution input images. However, the infer-
ence of DeepMedic is computationally inef�cient as it processes images with small patches. In
addition, the context knowledge might not be fully utilized as the downsampling process would���

cause the loss of information.
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Figure �.�: Two segmentation network architectures with successive convolutional layers.
(a) DeepMedic enlarges the receptive �eld by taking use of low-resolution paths processing
the large context. (b) �D U-Net adopts a encoder-decoder architecture. The encoder consists
of several convolutional and pooling layers, where the resolutions of features maps are de-
creased because of stride larger than �. The decoder combines the upsampled features and
intermediate high-resolution features of the encoder.

Another popular network architecture is U-Net, which is the most widespread segmentation CNN.
We illustrate the architecture of U-Net in Fig. �.�(b). U-Net utilizes an encoder to extract context
information with a few downsampling steps. Its encoder-decoder architecture enables U-Net to
extract features in an ef�cient way as the computation with the downsampled feature maps is���

less expensive. A key component of U-Net is the skip connection between the encoder and de-
coder, making it easier to optimize. U-Net is one of the most successful network architectures
for medical image segmentation, still showing competitive segmentation performance after it was
proposed for many years [��6]. Due to its simplicity and effectiveness, many variants of U-Net in-
cluding residual connection [���], dense connection [���], attention module [�86] and transformer���

module [��] have been proposed afterwards.

Deep learning models are always designed for general purpose and can be applied to varied image
segmentation tasks with minor modi�cations [��6]. This study will utilize either or both architec-
tures for the experiments.
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�.� Data Limitations in Medical Image Segmenta-
tion

���

Medical images usually have very imbalanced distributions for lesion segmentation and disease
classi�cation. In addition, when compared with natural images, medical images have different
patterns and appearances. For examples, becausemedical imaging is complicated to be collected,
it is more dif�cult to build large medical imaging dataset. Medical images sometimes have similar���

structures and features, therefore it is harder to distinguish one subtype from others.

These certain characteristics of medical imaging present obstacles to the optimization of neural
networks. The learned neural networks could be biased because of noises but ignore the intrinsic
patterns of medical imaging and lack generalization [���]. Thus, it is important to develop dedi-
cated algorithms and build datasets with strong representative to improve generalization capability���

for medical image segmentation.

�.�.� Class Imbalance
Class imbalance, which refers to the imbalanced classes of samples from different categories, is
a common issue in image classi�cation and image segmentation. We show some examples of
medical image segmentation in Fig. �.��. As the ROIs such as tumors and small abdominal organs���

are always rare, the foreground samples only occupy a small part of the �D volume.

(a) Brain lesion (b) Brain tumor (glioma) (c) Brain tumor (vestibular schwannomas)

(d) Liver tumor (e) Kidney tumor (f) Colon tumor

(g) Pancreas tumor (h) Abdominal organs (i) Prostate

Figure �.��: The illustration of class imbalance in medical image segmentation. We visu-
alize both �D slice and �D scatter plots for all the datasets we study in this thesis. The ROIs,
marked with red color for binary segmentation or varied colors for multi-class segmentation,
are relatively small when compared with background samples.

The success of CNNs is strongly linked with the availability of large scale, representative datasets.
However, in many real-world applications such as medical image segmentation, the availability of
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large, annotated datasets is still limited. But evenwhen there is a suf�cient number of images avail-
able, the fundamental problem of class imbalance remains where ROIs (i.e. foreground classes)���

are heavily under-represented in the training data [�6, ���].

Similar to [��], the class imbalance ratio of one image can be de�ned as the ratio between the
number of pixels of the background class (which is commonly the most frequent class) and the
number of pixels of different object classes. The class imbalance ratio of a whole dataset would
then be reported as the average class imbalance ratio of all images in the set. Class imbalance�6�

ratios of ���:� or higher are not uncommon in applications such as lesion segmentation, as shown
in Table �.�.

Table �.�: The statistics and class imbalance ratios of the four datasets used in this study.
Class imbalance ratio is de�ned as the average ratio between the number of the background
(BG) pixels and the foreground (FG) pixels over all images. We obtain this statistic information
based on the original images without any data augmentation.

Dataset Total FG pixels Total BG
pixels

Class imbalance
ratio (avg. ± std.)

BraTS [��] �.� ⇥ ��7 ���.� ⇥ ��7 ���.8 ± ��6�.�
Anatomical tracings of lesions after stroke (ATLAS) [���] �.6 ⇥ ��6 ���8.6 ⇥ ��6 ��68.� ± 6���.8

Kidney tumor segmentation (KiTS) [�6]-Kidney ��.� ⇥ ��6 �66�.� ⇥ ��6 ���.8 ± 6�.�
KiTS [�6]-Tumor �.� ⇥ ��6 �66�.� ⇥ ��6 6��6.6 ± ����.�

Abdomen [���]-Gallbladder �.� ⇥ ��5 �6��.� ⇥ ��5 �88�.� ± �8��.�
Abdomen [���]-Aorta �.8 ⇥ ��5 �6��.� ⇥ ��5 8��.� ± 686.�

Abdomen [���]-Vena cava �.� ⇥ ��5 �6��.� ⇥ ��5 8��.� ± ��8.�
Abdomen [���]-Vein �.� ⇥ ��5 �6��.� ⇥ ��5 ���6.� ± ���.�

Class imbalance has been the focus of many previous works [��, ���]. In the following, we discuss
related work categorized by different methodological approaches.

�.�.�.� Re-weighting�6�

A common approach to tackle class imbalance is class-level re-weighting, which assigns higher
weights or higher sampling probability to the under-represented classes based on sample fre-
quency [���, ���] or advanced rules [��]. Beyond that, sample-level re-weighting strategies are
also proposed to build a balanced model. For example, hard sample mining was proposed to avoid
the dominant effect of majority classes [6�]. Similarly, focal loss and its variants were proposed to���

weight dif�cult samples over easy samples [�, 88, ���, ���] to steer the learning towards small ob-
jects. However, the under-represented samples are not necessarily dif�cult to predict during train-
ing. Margin based loss functions were proposed to learn discriminative embeddings and widely
adopted to metric-learning and face recognition [�6, �6�].
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�.�.�.� Data synthesis���

Our work is related to data synthesis methods [��, 8�] which generate synthetic samples of the
minority classes based on intra-class relationship between samples to increase the variance of
under-represented class.

�.�.�.� Other methods

The above mentioned methods are all based on changing the training data distribution to tackle�8�

class imbalance. In contrast, some other approaches try to counter class imbalance by modifying
the training strategy. Speci�cally, [��] �rstly trained their model with data which is sampled from
each class with the same probability. Thereafter, they only retrain the output layer with uniformly
sampled data while freezing all other network parameters. In this way, they could separately learn
a diverse representation and a classi�er for realistic data distribution. Similar strategies, which�8�

aim to change the decision boundary at test-time, are also proposed recently for long-tailed recog-
nition [��8, ��6, �6�]. Other learning paradigms such as meta-learning [��8] and transfer learn-
ing [�6�] were also recently proposed for long-tail learning.

�.�.�.� Segmentation

The problem of class imbalance in image segmentation is different from that in image recogni-���

tion [�6�] because the dominating class in image segmentation is the background class with di-
verse characteristics, and its segmentation accuracy is highly robust. In contrast, the accuracy for
the majority classes in long-tailed image recognition can degrade with common techniques such
as re-weighting [��8]. In addition, the evaluation of segmentation performance mostly relies on
the foreground classes, and therefore, the focus is on improving accuracy in those classes. For���

example, recent studies proposed to provide a better trade-off between sensitivity and precision
for segmentation [88, ���]. This is achieved by training with loss functions based on Dice similar-
ity coef�cient (DSC) but containing different weights for sensitivity and precision. However, these
strategies yield little improvements when processing highly imbalanced datasets, as shown in our
experiments. This is because a DNNmay achieve near-perfect training accuracy even for the under-8��

represented sampleswithout bene�tting from themodi�ed loss function. Class imbalance in image
segmentation has been also approached via a boundary loss [���]. However, it is only applicable
to segmentation but cannot generalize to classi�cation. The authors show promising results with
suf�cient training data, but the model may still be prone to over�t the under-represented class with
limited dataset. Other work adopted multi-stage approaches with candidate proposals and back-8��

ground suppression [���, ���]. However, the candidate prediction process may still suffer from
class imbalance. In addition, any missed candidates in one stage cannot be recovered in a later
stage.
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�.�. Data Limitations in Medical Image Segmentation

�.�.� Domain Shifts
The success of deep learning models depends on the assumption that the learned model would8��

be deployed with data that is drawn from the same distribution with the training data. However,
in practice, Dtrain can be different from Dtest. The discrepancy between the training and test
data is known as domain shift. As a data driven model, DNN cannot perform well under domain
shifts. Domain shift is common issue in medical imaging as the medical images can be collected
with different parameters from different clinical sets [��]. For example, we show an example of8��

prostate MRI [���] from six different scanners in Fig. �.��. Apart from the acquisition shift, the
training dataset could be also biased because of imbalanced distributions of gender, age and eth-
nicity [���].

Domain 1 Domain 2 Domain 3 Domain 4 Domain 5 Domain 6

Figure �.��: The illustration of domain shifts in medical imaging. We visualize prostate
T� weighted MR images collected with six different scanners. The ROIs are marked with red
color. The appearance and contrast are different across different domains, causing dif�culties
for CNN when trained with data from one domain but tested on others.

Many methods have been proposed to improve cross-domain performance of DNNs. Assuming
that we can access unlabeled images from the target domains, domain adaptation methods [��6,8��

���] are proposed to align the learned features between the source and target domains. Further-
more, domain generalization [6�, �6�] and domain randomization [��] methods do not have any
assumptions on the unseen target domains and aim to learn domain invariant features.

Although domain robustness can be improved by these techniques, it is hard to validate the model
performance if we cannot access the ground truth labels in the target datasets. It is hard to notice8��

model failure of a modern DNN as it is likely to produce over-con�dent predictions [8�].

Performance estimation methods such as automated quality control (QC) aim to assess the pre-
diction accuracy without the need of the ground truth labels [���]. Performance estimation without
the ground truth is a valuable tool for the safe deployment of a machine learning model and also
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a focus of this study. For example, the clinicians can decide whether to deploy the given learned8��

DNN to prostate MRI from local machines based on the prediction accuracy of few unlabeled im-
ages.
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Chapter �

Over�tting under Class Imbalance8��

The work presented in this chapter is inspired by the �ndings that neural networks aremore likely to
under-segment small regions of interest (ROIs) with the presence of class imbalance. This chapter
starts from analyzing the effects of class imbalance on model training. We aim to gain a better
understanding of network behaviours with the plots of logit distribution. The work in this chapter
is based on the publications:8��

�. Z. Li, K. Kamnitsas and B. Glocker. Over�tting of Neural Nets Under Class Imbalance: Analy-
sis and Improvements for Segmentation. International Conference on Medical Image Comput-
ing and Computer-Assisted Intervention, ����: ���-���.

�. Z. Li, K. Kamnitsas and B. Glocker. Analyzing Over�tting Under Class Imbalance in Neural
Networks for Image Segmentation. IEEE Transactions on Medical Imaging, ����, ��(�): ��6�-
����.

8��

Class imbalance poses a challenge for developing unbiased, accurate predictive mod-
els. In particular, in image segmentation neural networks may over�t to the foreground
samples from small structures, which are often heavily under-represented in the train-
ing set, leading to poor generalization. In this study, we provide new insights on the8��

problem of over�tting under class imbalance by inspecting the network behavior. We
�nd empirically that when training with limited data and strong class imbalance, at test
time the distribution of logit activations may shift across the decision boundary, while
samples of the well-represented class seem unaffected. This bias leads to a systematic
under-segmentation of small structures. This phenomenon is consistently observed for8��

different databases, tasks and network architectures. To tackle this problem, we intro-
duce new asymmetric variants of popular loss functions and regularization techniques
including a large margin loss, focal loss, adversarial training, mixup and data augmenta-
tion, which are explicitly designed to counter logit shift of the under-represented classes.
Extensive experiments are conducted on several challenging segmentation tasks. Our86�

results demonstrate that the proposed modi�cations to the objective function can lead
to signi�cantly improved segmentation accuracy compared to baselines and alternative
approaches.
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�.� Introduction
86� When machine learning model is trained with imbalanced datasets, it can over�t to the training

samples from the under-represented classes and may not generalize well during test time. How-
ever, the effects of over�tting under class imbalance on the model behavior is not well understood.
In this study, we investigate how the distribution of activations of the classi�cation layer (logits)
changes when the model is trained using different amounts of training data with strong class im-8��

balance. As the model is trained with fewer training data and over�t the under-represented classes
more, we �nd that the model projects unseen samples of the under-represented classes closer
to and even across the decision boundary, while samples of the over-represented classes remain
unaffected. This biased distribution shift leads to under-segmentation of under-represented class.
Current solutions to address class imbalance or to mitigate over�tting do not explicitly consider8��

this asymmetric logit shift and are unable to lead to signi�cant improvements, as we show through
an extensive set of experiments.

This study sheds new light on the problem of over�tting in the presence of class imbalance by
making the following key contributions: �) Via inspection of the network behavior on four segmen-
tation tasks and datasets, and two popular model architectures, we �nd that over�tting under class88�

imbalance consistently leads to decreased performance on under-represented classes speci�cally
in terms of low sensitivity. Here, we provide a new angle on the problem from model behavior.
Compared with the literature on class imbalance, a key contribution of this study is the focus on
the model behaviour when it over�ts to the under-represented classes with a detailed analysis
and potential solutions. �) We identify the shift in the logit distribution of unseen test samples of88�

under-represented classes as a result of over�tting under class imbalance. �) Based on our ob-
servations, we propose simple yet effective asymmetric variants of �ve loss functions and regular-
ization techniques which are explicitly designed to change the network behavior yielding improved
segmentation accuracy for the under-represented classes.

Our �ndings here con�rm our initial observations about the biased behavior of neural networks. The8��

behavior of logit distribution shift is consistently observed across different types of data, tasks and
architectures. Our work highlights the importance of the issue of over�tting under class imbalance.
The quantitative evaluation further supports our proposal of taking class imbalance into account
when designing the learning objective.
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�.�. Related Works

�.� Related Works8��

�.�.� Class Imbalance
In this study, we explore re-weighting as a baseline approach in all experiments where we train the
models with patches which are separately sampled from different classes with the same prob-
ability. In fact, as we show empirically, the training samples of the under-represented classes���

are learned well due to over�tting. In this case, we �nd that a focal loss may even decrease the
performance when processing imbalanced datasets because it reduces the focus on the under-
represented samples. Therefore, in this study, we improve upon focal loss by removing the atten-
uation of under-represented classes.

Large margin loss is a regularized loss function which assigns margins on model outputs to make���

the models map their predictions away from the decision boundary and therefore learn discrimina-
tive features [�6�]. Margin losses can be seen as a kind of re-weighting approach which changes
the magnitude of the gradient of the network output by multiplying a scalar. We propose to only
assign margins for the under-represented classes. The design of uneven margins for imbalanced
datasets was �rst proposed in [���] for document categorisation problems. Recently, large margin���

local embedding (LMLE) was proposed to set more constraints to the under-represented classes
by only applyingmultiple margins to theminority classes, with a computationally expensivemetric-
learning based framework [���]. More recently, two concurrent studies were also proposed to set
larger margins for the under-represented classes from the perspective of uncertainty [���] or gen-
eralization bound [��, �68]. In this study, we empirically show that one should not assign margins���

for the over-represented classes based on the observations of asymmetric logit distribution under
class imbalance. Different from current methods based on data synthesis, we create synthetic
samples in the latent feature space rather than image space and provide two new ways to syn-
thesize samples of the under-represented classes for modern machine learning models. We also
propose to adopt stronger data augmentation for the under-represented classes by changing the���

augmentation probabilities to alleviate over�tting. Our methods also are complementary to solu-
tions based on changing training strategy and could be combined. The solutions proposed here
are general loss functions that can be incorporated into any model or learning approach and is
potentially applicable beyond image segmentation.

�.�.� Regularization Techniques���

To improve generalization of deep neural networks, a number of regularization techniques are avail-
able. This includes dropout [���], weight decay [��8], data augmentation [��, ��], data mixing [���,
�6�], and adversarial training [��, ���]. However, most of these techniques were proposed for gen-
eral image classi�cation tasks where class imbalance is not explicitly addressed. It is also unclear
how these techniques affect the network behavior in this setting.���
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�.� Analysis

Small organs segmentationBrain tumor segmentation

Kidney tumor segmentation

Amount of training data

Amount of training data
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Kidney tumorKidney
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Kidney tumorKidney
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Figure �.�: Performance on brain tumor core, brain stroke lesion, small organs, kidney and
kidney tumor segmentation with varying amounts of training data. The foreground (FG) and
background (BG) samples are highly imbalanced. With less training data, performance drops
due to the decrease of sensitivity, while the precision is largely retained. We train DeepMedic
with cross entropy (CE) while �DU-Net with a combination of CE and Dice similarity coef�cient
(DSC).

�.�.� Under-Segmentation due to Class Imbalance
To explore the effects of over�tting on the network behavior, we train convolutional neural net-
works (CNNs) using different amounts of data, on segmentation tasks that exhibit strong class���

imbalance. We conduct experiments on challenging segmentation tasks using data from the brain
tumor segmentation (BraTS) challenge [��], the anatomical tracings of lesions after stroke (AT-
LAS) dataset [���], small organ segmentation (data from [���]) and kidney tumor segmentation
(KiTS) challenge [�6]. The statistics of those four datasets are summarized in Table �.�. To en-
sure our �ndings generalize across models, in our investigation we employ two convolutional net-���

work architectures that have been proven potent in a variety of segmentation tasks: We employ a
DeepMedic architecture [���] for the experiments on brain lesions and multi-organ segmentation
tasks on which it has previously shown high performance [���, ��8], and a three-dimensional (�D)
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Figure �.�: Visualization of different datasets and segmentation results with different por-
tions of training data. With less training data, the models are prone to under-segment the
under-represented classes. The proposed regulation methods can alleviate the over�tting of
under-represented classes and provide segmentation results with higher sensitivity and over-
all accuracy. Best viewed in color.

U-Net [���] for the experiments on kidney tumor segmentation on KiTS data, which is the base
model of the winning entry of KiTS challenge [�6]. The detailed network con�gurations are sum-���

marized in Section �.�.

The observations on the test and training set are summarized in Fig. �.�. With less training data,
we notice a clear decrease of segmentation accuracy on test data while the accuracy on training
data increases due to easier over�tting, as expressed by DSC (de�ned as DSC = 2 SEN·PRC

SEN+PRC ). We
observe that over�tting leads to a reduction of sensitivity while precision remains largely stable. In���

all settings and tasks, the speci�city of the foreground always remains near-perfect (>�.���) with
different amounts of training data, indicating the predictions of background samples are stable (not
shown in Fig. �.� to avoid cluttering). We also provide some corresponding visualization examples
in Fig �.�.

Our observations on four different datasets show that this behavior is consistent when foreground���

classes are under-represented and is not speci�c to particular tasks and model architectures. Our
�ndings reveal that models that over�t to imbalanced training data have a bias to under-segment
the under-represented class on unseen test data. We �nd our observations are not limited to spe-
ci�c loss functions as we train DeepMedic with CE while �D U-Net with a combination of CE and
DSC.�6�
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Figure �.�: Logit distributions when processing BraTS with DeepMedic. (Left part) Activa-
tions of the classi�cation layer (logit z0 for background, logit z1 for brain tumor core) when
processing (top) tumor and (bottom) background samples of BraTS with DeepMedic, using
different amounts of training data. The CNN maps training and testing samples of the back-
ground class to similar logit values. However, mean activation for testing data shifts sig-
ni�cantly for the tumor class towards and sometimes across the decision boundary. (Right
part) The shift of mean value of logits observed when processing training and testing data
(�ẑ = ẑtest � ẑtrain).

�.�.� Logit Distribution Shift

To obtain a better understanding of the network behavior after training on imbalanced data, we
monitor the logit distribution when processing training and unseen test samples. The observa-
tions we make for the tasks of brain tumor core, kidney tumor and brain stroke lesion segmenta-
tion are summarized in Fig. �.�, �.� and �.�, respectively. We notice that the logit distribution of�6�

foreground samples shifts signi�cantly towards and even across the decision boundary, while the
logit distribution of background samples remains stable. The shift of the foreground logits results
in a higher number of false negatives, which causes a drastic decrease of sensitivity (calculated as

TP
TP+FN ). This biased logit shift under class imbalance may also occur in other tasks such as image
classi�cation. However, it is particularly prevalent in image segmentation with small structures-of-���

interest.

We �nd that this shift of logits correlates with howmuch a model over�ts to the under-represented
class. Training with less data leads to more over�tting, and the logit distribution shift becomes
larger. Moreover, we �nd that the logit shift also correlates with the size of structures repre-
sented by the foreground class. The rarest class shifts the most, as shown in the right part of���

Fig. �.�.

In image segmentation, a CNN is optimized to push the logits of different classes away from each
other and far from the decision boundary. It is relatively easy for a deep CNN to build an embed-
ding for the training samples from the under-represented class because it just needs to build a set
of case-speci�c �lters to facilitate memorization. For example, as a CNN will only observe very�8�
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Figure �.�: Logit distributions when processing KiTS with �D U-Net. (Left part) Activations
of the classi�cation layer (logit z0 for background, logit z1 for kidney, logit z2 for kidney tumor)
when processing (top) tumor, (middle) kidney and (bottom) background samples of KiTS with
�D U-Net, using different amounts of training data. The CNN also fails to map the training and
testing samples of the tumor class in a similar position. (Right part) The shift of mean value
of logits.

few training samples of the foreground class, a CNN can dedicate speci�c model parameters to
memorize all foreground samples, even if the individual patterns are rather complex. Speci�cally,
we �nd a CNN seems to be more con�dent about foreground samples during training, mapping
them farther away from the decision boundary when over�tting, as shown in Fig. �.�, Fig. �.� and
Fig. �.�. However, these tailored �lters will not generalize to unseen test data. The �lters are opti-�8�

mized to have large activations when processing training data with speci�c patterns. The patterns
of unseen samples, however, could have discrepancy from the training data. As a result, the sub-
optimal pattern matching of �lters and unseen samples would decrease the activation magnitude.
Therefore, the activations for test samples of the under-represented class are smaller in magni-
tude on average, leading to the observed distribution shift. In contrast, a CNN has to build generic���

�lters for a well represented class to represent many different characteristics of the same class,
leading to good generalization. Such �lters will map unseen samples to similar locations in logit
space and no shift between the embeddings of training and test samples is observed. As a result
of class imbalance and over�tting, a CNN may underperform on the under-represented class while
still generalizing well for the well-represented class.���

While the negative effect of class imbalance and over�tting on model performance is well known,
to our knowledge there has been little work investigating the speci�cs how the network behav-
ior is affected. Only by understanding better the implication of class imbalance, we can devise
mitigation strategies. Previous loss functions and regularization techniques that aim to prevent
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Figure �.�: Logit distributions when processing ATLAS with DeepMedic. (Left part) Acti-
vations of the classi�cation layer when processing lesion samples of ATLAS with DeepMedic,
using different amounts of training data. (Right part) The shift of mean value of logits.

over�tting did not take the behavior that we observe into account, and thus show limited success����

for improving segmentation accuracy in the setting of limited data with strong class imbalance.
Here, we propose solutions via new asymmetric variants of existing objective functions leading to
better feature embeddings for the under-represented samples, leading to signi�cant improvements
in segmentation accuracy for small structures-of-interest.
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Figure �.6: The illustration of the proposed asymmetric modi�cations for the existing loss
functions and regularization techniques. We optimize the logit activations of foreground
class to stay far away from the decision boundary by setting a bias for the foreground class
in different ways.

Based on our observations above about the biased behavior of CNNs, we design modi�cations to
existing loss functions and training strategies to prevent the logit distribution shift. Speci�cally,
we add a bias for the under-represented class. Although the original techniques were proposed
for different purposes, our modi�cations share a common goal: to keep the logit activations of����

the under-represented class away from the decision boundaries. Even if the logit of a foreground
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sample shifts towards the decision boundary as long as it does not cross it, its prediction remains
correct (cf. Fig. �.6).

�.�.� Asymmetric Large Margin Loss
We consider a CNN for the task of semantic segmentation. Following the notions in section �.�.�,����

given a training dataset {(xi,yi
)}N

i=1 withN samples, we denote a training sample withxi and its
corresponding one-hot vector y

i
. If c is the total number of classes of the task, y

i
has c elements,

with its j ’th element yij 2 {0, 1} corresponding to the j ’th class. yij equals to 1 if j is the real
class of xi, or 0 otherwise. With this notation, the CE loss can be written as�:

LCE(xi,yi
) = �

cX

j=1

yij log(pij), (�.�)

where pij is the predicted probability by the network that the real class of xi is j. Probability pij����

is commonly obtained via a softmax function over the c activations {(zij)cj=1 2 IRc
} that the

network outputs and activations for xi at its last layer, which we refer to logits. With this, pij is
given by:

pij =
ezijP
c

j=1 e
zij

. (�.�)

Besides CE, the smooth version of the DSC metric is an alternative choice for the loss function
which is widely used for medical image segmentation [���]. DSC loss can be calculated in the����

form of 1� DSC = FP+FN
2 TP+FP+FN ), which is:

LDSC(xi,yi
) =

cX

j=1

⇣(1� yij)pij + yij(1� pij)

yij + pij

⌘
. (�.�)

There could be other forms for DSC loss. Here, we choose this formulation for simplicity.

The large margin loss was proposed for increasing the Euclidean distances between logits for
different classes to learn discriminative features [���]. Symmetrically, it is implemented by adding
a margin on the logits of every class:����

LCEM (xi,yi
) = �

cX

j=1

yij log(qij), (�.�)

in which we require:
�We formulate CE as sum over classes, as opposed to sum over samples, to make class speci�c modi�cations.
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qij =
ezij�yijm

P
c

j=1 e
zij�yijm

, (�.�)

wherem is a hyper-parameter for themargin. Although the largemargin loss encourages themodel
to map different classes away from each other, the decision boundary remains in the center. Ac-
cording to our observations, class imbalance causes shifts of unseen foreground samples towards
the background class. Tomitigate this, a regularizer may aim tomove the decision boundary closer����

to the background class. Our asymmetric modi�cation only sets the margin for the rare classes.
We de�ne r as a one-hot vector with c elements, with its j ’th element rj 2 {0, 1} corresponding
to the j ’th class and rj equals to � if j is taken as the rare class. With the indication of r, we derive
the asymmetric large margin loss as:

L̂CEM (xi,yi
) = �

cX

j=1

yij log(q̂ij), (�.6)

where we require:����

q̂ij =
ezij�yijrjm

P
c

j=1 e
zij�yijrjm

, (�.�)

In this study, we de�ne rj as � for the foreground samples and � for the background samples.
In other applications, rj can also be de�ned as a continuous variable indicating the rarity of the
classes with rj 2 [0, 1], for methods in Section �.�.�, �.�.� and �.�.�. Similarly, the symmetric and
asymmetric large margin loss for DSC loss can be derived by substituting equation �.�:

LDSCM (xi,yi
) =

cX

j=1

⇣(1� yij)qij + yij(1� qij)

yij + qij

⌘
, (�.8)

and����

L̂DSCM (xi,yi
) =

cX

j=1

⇣(1� yij)q̂ij + yij(1� q̂ij)

yij + q̂ij

⌘
. (�.�)

�.�.� Asymmetric Focal Loss
The focal loss was proposed for small object detection by reducing the weight for well-classi�ed
samples and focusing on samples which are near the decision boundary [���]. It adds attenuation
inside the loss function based on the logit activations:
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LCEfocal
(xi,yi

) = �

cX

j=1

(1� pij)
�
yij log(pij), (�.��)

where � is the hyper-parameter to control the focus. The symmetric focal loss prevents logits����

from being too large and makes every class stay near the decision boundary. However, this makes
it likely for the unseen foreground samples to shift across the decision boundary. We remove the
loss attenuation for the foreground class to keep it away from the decision boundary:

L̂CEfocal
(xi,yi

) =
cX

j=1

⇣
� rjyij log(pij)� (1� rj)(1� pij)

�
yij log(pij)

⌘
. (�.��)

Inspired by the focal loss [���], related work integrates a similar attenuation term into the DSC
loss [�, ���]. In practice, we �nd that the logarithmic DSC loss [���] signi�cantly changes the����

magnitude of DSC loss making it dif�cult to be combined with other losses. The attenuation in
the focal Tversky loss [�] is very large and may overly suppress the easier class. Here, we propose
another form of DSC loss with an adaptive weight preserving a similar loss magnitude. Speci�cally,
we add the attenuation term to the false negatives part of the function and prevent the network
being too con�dent about its prediction:��6�

LDSCfocal
(xi,yi

) =
cX

j=1

⇣(1� yij)pij + (1� pij)�yij(1� pij)

yij + pij

⌘
, (�.��)

Compared with the original version of the CE loss, this formulation for the DSC loss has a similar
effect of reducing the penalty for the well-classi�ed samples while keeping the magnitude of the
loss similar to the original one. We refer to this as the focal DSC loss in the following. Similarly,
the asymmetric version of the focal DSC loss is derived by removing the attenuation term for the
foreground class:��6�

L̂DSCfocal
(xi,yi

) =
cX

j=1

⇣(1� yij)pij + rjyij(1� pij)

yij + pij

+
(1� yij)pij + (1� rj)(1� pij)�yij(1� pij)

yij + pij

⌘
.

(�.��)

�.�.� Asymmetric Adversarial Training
Adversarial training was proposed to learn more robust classi�ers by training with dif�cult sam-
ples [��] of which network predictions have large discrepancy from the ground truth. The network
is trained by considering adversarial samples as additional training data [���, ���]:
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Ladv(xi,yi
) = L(xi,yi

) + L(xi + l ·
dadv

kdadvk2
,y

i
), (�.��)

with dadv = argmax
d;kdk<✏

L(xi + d,y
i
). (�.��)

Here, dadv is the direction of the generated adversarial samples, l and ✏ are the magnitude and the����

range of the adversarial perturbations, respectively. L is the chosen loss function, which can be
LCE and/orLDSC . In practice, we optimize dadv with one step of gradient descend. Similar to the
large margin loss, symmetric adversarial training preserves the decision boundary and may cause
dif�culties for unseen foreground samples, which tends to shift towards background class. Our
proposed asymmetric adversarial training aims to produce a larger space between the foreground����

class and the decision boundary. Speci�cally, we generate samples by considering more from the
rare classes:

d̂adv = [yi·r>0] argmax
d;kdk<✏

L(xi + d,y
i
� r), (�.�6)

where “�” refers to the element product, “·” refers to the dot product and [yi·r>0] 2 {0, 1} is an
indicator function which is equal to � if and only if y

i
· r > 0.

�.�.� Asymmetric Mixup��8�

Mixup is a simple yet effective data augmentation algorithm to improve generalization by gener-
ating extra training samples by using the linear combination of pairs of images and their labels
[�6�]:

Lmixup(xi,yi
,xk,yk

) = L(xi,yi
) + L(x̃i, ỹi

), (�.��)

where (x̃i, ỹi
) is the generated training sample:

x̃i = �xi + (1� �)xk, ỹ
i
= �y

i
+ (1� �)y

k
. (�.�8)

Here, � is randomly selected based on a beta distribution, (xk , yk
) is another random training sam-��8�

ple. Mixup regularizes the model by centering the decision boundary between classes which helps
very little in our setting. Different from the originalmixup, which generates sampleswith soft labels,
our modi�cation generates hard labels by considered augmented samples near to the foreground
samples as foreground class. Asymmetric mixup can keep the decision boundary away from the
foreground class and increase the area of the foreground logit distribution. This prevents unseen����
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under-presented samples from shifting across the decision boundary. Speci�cally, themixed image
x̃i which has a certain distance from the background class, is taken as a foreground sample:

ˆ̃y
i
=

8
>><

>>:

y
i

if
�
� > m and y

i
· r(1� y

k
· r) = 1

�
or y

i
= y

k
,

y
k

if
�
1� � > m and y

k
· r(1� y

i
· r) = 1

�
or y

i
= y

k
,

0 otherwise,

(�.��)

where m is the margin to guarantee that the augmented samples are not getting too close to
background samples. In practice, we do not update the model using training samples with ˆ̃y

i
= 0.

Compared with the original mixup, the proposed asymmetric variant would make the model bias����

towards the minority classes.

�.�.� Asymmetric Data Augmentation
In order to extend the latent space of the foreground class, we also evaluate a simple method to
compensate class imbalance by adjusting the magnitude of augmentation for different classes.
Standard data augmentation methods would preserve the label yi and adopt the same set of����

heuristic transformations such as scaling and rotations to the original training sample xi for dif-
ferent classes. The generated training sample x̃i can be obtained using:

x̃i = T (xi), (�.��)

where T is the chosen transformation with certain probability. When the dataset is highly imbal-
anced, adding more synthesized background samples is not necessary. Our simple variant of data
augmentation reduces the number of transformed samples for the background classes. In this����

asymmetric setting, the generated sample x̃i is obtained using:

ˆ̃xi =

(
T (xi) if y

i
· r = 1,

Tsmall(xi) otherwise,
(�.��)

where Tsmall is transformations with smaller probability.

�.�.6 The Combination of Asymmetric Techniques
The above-mentioned modi�cations would introduce more variances for the under-represented
classes in the latent space or the image space by adding a bias for the foreground class from����

different perspectives. In practice, some or all of the techniques can be integrated into a single
model to combat over�tting under class imbalance.
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Speci�cally, during each iteration, we can �rst generate different sets of online augmented samples
following the asymmetric adversarial training, the asymmetric mixup and the asymmetric augmen-
tation following equation �.�6, �.�� and �.��, separately. The network can then be optimized using����

the extended training set with the loss functions combined with the asymmetric large margin loss
and asymmetric focal loss:

L̂CEcombine
(xi,yi

) =
cX

j=1

⇣
� rjyij log(q̂ij)� (1� rj)(1� q̂ij)

�
yij log(q̂ij)

⌘
. (�.��)

A combined DSC loss can be formulated in a similar way.

�.�.� The Analysis of Large Margin Loss from a Sample Re-weighting
Perspective����

Some of the proposed methods are based on two well known loss functions, noted as focal loss
and large margin loss. We argue that these two loss functions can be both seen as sample-level re-
weighting methods, which change the magnitude of gradient of the network output by multiplying
a scalar. Speci�cally, focal loss would decrease the weights of well-classi�ed samples, while large
margin loss would increase the weights of all samples, especially for well-classi�ed samples. Here,����

we provide an analysis of these loss functions from sample re-weighting perspective.

Following the formulation in themain text, we �rst consider a CNN trained using cross-entropy loss
with one sample xi and its one-hot label y

i
:

LCE(xi,yi
) = �

cX

j=1

yij log(pij) = �y
i
· log(p

i
), (�.��)

wherep
i
is the calculated probability, which is a normalized term from the network outputzi:

p
i
=

ezi

ezi · 1
. (�.��)

Let’s look at the gradient of a general loss function L(xi,yi
) with respect to the network parame-����

ters ✓:

@L(xi,yi
)

@✓
=

@L(xi,yi
)

@zi

@zi

@✓
, (�.��)

where the former term is associated with the design of loss functions and the latter is related to
the network architecture. Considering a cross entropy loss LCE(xi,yi

), we can have:
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@LCE(xi,yi
)

@zi

=
@LCE(xi,yi

)

@p
i

@p
i

@zi

= �
1

p
i
· y

i

p
i
· y

i
(y

i
� p

i
) = p

i
� y

i
.

(�.�6)

In instance-level, we can assign different weights for different samplesxi with different scalarswi.
The weights could be derive based on the frequency of samples or other heuristic rules. Typically,����

we multiply LCE(xi,yi
) by wi, and the gradient after re-weighting would become:

@

⇣
wiLCE(xi,yi

)
⌘

@zi

= wi(pi
� y

i
). (�.��)

It can be seen that re-weighting would change the gradient of the network output for different
samples and make the model �t better the chosen samples, which are assigned a larger weight
wi.

Similarly, we can also derive the gradient of the focal loss as:����

@

⇣
LCEfocal

(xi,yi
)
⌘

@zi

=
@

⇣
LCEfocal

(xi,yi
)
⌘

@p
i

@p
i

@zi

=
⇣
(1� p

i
· y

i
)� � �p

i
· y

i
log(p

i
· y

i
)(1� p

i
· y

i
)��1

⌘
(p

i
� y

i
)

= wifocal
(p

i
� y

i
),

(�.�8)

The weight term of focal loss wifocal
is a scalar and related to the sample probability p

i
· y

i
.

Generally speaking, wifocal
would decrease when p

i
· y

i
is large, therefore focal loss would make

the model �t the easy cases less.

More interestingly, we next look into the effect of large margin loss on the gradient. Large margin
loss would change the calculation of probability for the training process. Speci�cally, we substitute����

p
i
with q

i
to calculate the loss function, where we require:

q
i
=

ezi�yim

ezi�yim · 1
, (�.��)

where m is the hyper-parameter for the margin. In this case, the gradient of large margin loss can
be derived as:

@LCEM (xi,yi
)

@zi

=
@LCE(xi,yi

)

@q
i

@q
i

@zi

=
ezi · 1

ezi�yim · 1
(p

i
� y

i
) = wiM (p

i
� y

i
).

(�.��)
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Theweight term of largemargin losswiM is also a scalar and related to the network outputzi ·yi
. It

can be seen that the existence of a marginm would increase the gradient of sample xi. Moreover,����

wiM would be larger as zi · yi
becomes larger, therefore large margin loss would make the model

�t the easy cases more, and keep the distribution of zi away from the decision boundary.

The analysis for LDSC can be done in a similar way.
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�.� Experiments
����

�.�.� Experimental Setup
We demonstrate the effect of our proposed modi�cations with a variety of medical image segmen-
tation tasks using different models and training scenarios. Here, we summarize the dataset splits
and experimental settings, which are the same as motivational experiments in Section �.�. We
keep the hyper-parameters of the methods the same for the original baselines and our modi�ed��6�

techniques.

Table �.�: Evaluation of brain tumor core segmentation using DeepMedic with different
amounts of training data and different techniques to counter over�tting. The results are
calculated with post-processing. Results which have worse DSC than the vanilla baseline are
highlighted with shading. The best and second best results are in bold with the best also
underlined.

Method �% training ��% training ��% training ��% training
DSC SEN PRC HD DSC SEN PRC HD DSC SEN PRC HD DSC SEN PRC HD

Vanilla - CE [���] ��.� ��.� 8�.� �8.� 6�.� �6.� 8�.� ��.� 6�.� ��.8 8�.� ��.8 6�.� 6�.� 8�.� ��.�
Vanilla - CE - 8�% tumor ��.� �6.� 86.� ��.8 6�.� ��.� 8�.� �8.� 6�.� ��.6 8�.� ��.� 68.6 6�.� 86.� ��.8

Vanilla - F� (DSC) ��.� ��.� 86.6 ��.� �8.� ��.� 8�.6 ��.� 6�.� �8.� 8�.� �6.� 6�.� 6�.� 86.� ��.�
Vanilla - F� [88] ��.8 �6.� 8�.� ��.� ��.� ��.� 8�.� �8.� 66.� 6�.� 8�.� ��.� 68.8 66.� 8�.� ��.�
Vanilla - F� [88] ��.6 ��.� 8�.8 �8.� ��.6 ��.� 8�.� �8.� 6�.� 6�.� 8�.� ��.� 6�.� 6�.� 8�.� ��.�
Vanilla - F8 [88] ��.� �8.� 8�.� ��.6 ��.8 ��.� 8�.� ��.� 6�.� 6�.� 8�.� ��.� 6�.� 6�.� 8�.6 ��.�

Large margin loss [�6�] ��.� ��.� 8�.8 ��.� 6�.� ��.� 8�.� ��.6 6�.� 6�.6 86.� ��.� 66.� 6�.� 88.� ��.�
Asymmetric large

margin loss
�6.8 �8.� 8�.� ��.� 6�.� �6.8 8�.� ��.� 6�.� 6�.� 8�.� ��.� 68.� 6�.� 86.� ��.�

Focal loss [���] ��.� ��.8 8�.6 �6.� 6�.6 ��.� 8�.� ��.� 6�.� 6�.� 8�.� ��.� 6�.� 6�.� 8�.� �6.�
Asymmetric focal loss �8.8 ��.� 8�.6 ��.� 66.8 6�.� 8�.� ��.� 68.� 66.� 8�.� ��.� ��.� ��.6 8�.� ��.�
Adversarial training [��] ��.� ��.6 8�.� ��.� 6�.� ��.� 8�.8 ��.6 6�.6 ��.� 8�.6 ��.� 6�.6 6�.� 86.� ��.�
Asymmetric adversarial

training
�8.� ��.8 8�.� �6.� 6�.� �8.� 8�.� ��.� 6�.� 6�.� 8�.� ��.� ��.� 68.� 8�.� ��.8

Mixup [�6�] ��.� ��.� 8�.� ��.6 6�.� ��.� 8�.� ��.� 6�.� �8.� 8�.� �8.� 66.� 6�.� 86.8 ��.�
Asymmetric mixup ��.8 �6.8 ��.� ��.� 68.� 6�.� 8�.� ��.� ��.8 6�.� 8�.� ��.6 ��.� 6�.� 8�.� ��.8

Symmetric combination ��.� ��.� 8�.6 ��.� 6�.� ��.� 8�.� ��.� 6�.� �8.� 86.6 ��.� 6�.� 6�.� 86.6 ��.�
Asymmetric
combination

6�.� 6�.� ��.� ��.� ��.� ��.� �8.� ��.8 ��.6 ��.� 8�.� ��.� ��.� �6.� 8�.� ��.�

�.�.�.� Brain tumor segmentation

We �rst evaluate the asymmetric techniques for the case of binary brain tumor core segmentation
using the DeepMedic network architecture, a well performing method for this task [���]. To inves-
tigate the behavior under over�tting and to isolate better the effect of the objective functions, we��6�

do not use dropout, weight decay or data augmentation in this experiment. We train the network
with CE loss, unless otherwise speci�ed. By default, we sample ��% training samples from the
foreground class. We conduct experiments using the training dataset of BraTS���� dataset [��]
which contains �8� four modalities magnetic resonance (MR) images. The MR images all have the
same voxel space of �.�⇥�.�⇥�.� mm. We test on �� cases and train separate models using �������
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Table �.�: Evaluation of brain stroke lesion segmentation on ATLAS based on DeepMedic
with different amounts of training data and different techniques to counter over�tting. The
results are calculated with post-processing. Results which have worse DSC than the vanilla
baseline are highlighted with shading. The best and second best results are in bold with the
best also underlined.

Method ��% training ��% training ���% training
DSC SEN PRC HD DSC SEN PRC HD DSC SEN PRC HD

Vanilla - w/ augmentation [���] ��.� �8.� 6�.� �8.6 ��.� ��.� ��.� ��.� ��.� ��.� 6�.� ��.�
Vanilla - w/o augmentation ��.� ��.� ��.� ��.� ��.� ��.� ��.� ��.� ��.� �8.� 6�.� ��.�

Vanilla - asymmetric
augmentation

��.� �8.8 �8.� ��.� ��.� ��.� ��.� ��.� �6.� ��.� 6�.8 �8.�

Large margin loss [�6�] �8.� ��.8 6�.� �8.8 ��.� ��.� 6�.� �6.8 ��.� ��.� ��.� �8.�
Asymmetric large margin loss ��.� ��.8 �8.6 ��.� ��.� ��.� �8.� ��.8 ��.6 ��.� 6�.6 ��.8

Focal loss [���] ��.� �6.� 6�.� ��.� �6.� ��.8 6�.� ��.� �6.� ��.8 6�.� ��.�
Asymmetric focal loss �6.� ��.� ��.� �6.� ��.� ��.8 �6.� ��.� �6.6 6�.� ��.6 ��.�
Adversarial training [��] ��.� �6.� ��.� �6.� ��.� ��.6 6�.6 ��.� ��.� �8.� 6�.� ��.�

Asymmetric adversarial training �8.� ��.� 6�.� ��.� ��.� �6.� 6�.� ��.6 ��.� ��.6 6�.� ��.6
Mixup [�6�] ��.� ��.� ��.� ��.� ��.� ��.� ��.� ��.� ��.8 ��.� 6�.8 ��.�

Asymmetric mixup ��.8 ��.� ��.� ��.� ��.� ��.� ��.� ��.� ��.� ��.� ��.6 ��.�
Symmetric combination ��.� ��.� 66.� ��.� �8.� ��.� 6�.� ��.6 �6.� ��.� ��.� ��.�
Asymmetric combination ��.� ��.� ��.6 ��.� ��.� ��.6 ��.� ��.8 �8.� ��.� ��.� ��.�

(���%), �� (��%), �8 (��%), �� (��%) and �� cases (�% of full training set).

�.�.�.� Brain stroke lesion segmentation

We also evaluate the asymmetric techniques for the case of brain stroke lesion segmentation [���]
again using DeepMedic. Here, we use a more realistic setting, employing standard regularization
techniques including dropout, weight decay and data augmentation, as in the original work where����

the model achieved high performance for stroke lesion segmentation [���]. We implement our
asymmetric techniques with the default training setting and default network architecture. The aug-
mentation includes small intensity shifts and �ipping in the sagittal plane with probability �.�. The
network is always trained with CE loss. We conduct experiments using ATLAS dataset [���] which
contains ��� T�-weighted MR images. The MR images have the same voxel space of �.�⇥�.�⇥�.���8�

mm. We test on �� cases and train separate models using ��� (���%), �� (��%), �� (��%) and ��
cases (��% of full training set).

�.�.�.� Small organ segmentation

For organ segmentation in Section �.�, we use a default DeepMedic network. We conduct ex-
periments using the training datatset of the abdominal organ segmentation challenge [���] which��8�

contains �� computerised tomography (CT) scans. We train the network to segment thirteen ab-
dominal organs. We test on �� cases and trainmodels using �� (���%) and � cases (��%of training
set). We resample all the MR images to a common voxel spacing of �.�⇥�.�⇥�.� mm. We show
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Table �.�: Evaluation of kidney and kidney tumor segmentation based on �D U-Net with
different amounts of training data and different techniques to counter over�tting. The
results are calculated with post-processing. Results which have worse DSC than the vanilla
baseline are highlighted with shading. The best and second best results are in bold with the
best also underlined.

Method
Kidney

��% training ��% training ���% training
DSC SEN PRC HD DSC SEN PRC HD DSC SEN PRC HD

Vanilla - w/ augmentation [���] ��.� ��.� �6.� �.� �6.� ��.8 ��.� �.� �6.6 �6.� ��.� �.�
Vanilla - w/o augmentation ��.� 8�.� �6.8 ��.� �6.� ��.6 �6.� �.8 �6.� ��.8 �6.� �.�

Vanilla - asymmetric
augmentation

��.� ��.� ��.� �.� ��.� ��.� ��.� �.� �6.� ��.8 �6.� �.8

Large margin loss [�6�] ��.6 ��.� ��.� �.8 �6.� ��.� ��.� �.8 �6.� ��.� �6.� �.�
Asymmetric large margin loss ��.8 ��.� ��.� �.� �6.� ��.� �6.� �.� �6.8 �6.6 ��.� �.�

Focal loss [���] ��.� 8�.� ��.� ��.6 ��.� 8�.6 ��.� �.� ��.� ��.� ��.� �.�
Asymmetric focal loss ��.� 86.� ��.� 6.� ��.� ��.� �8.� �.� ��.8 ��.� ��.� �.�
Adversarial training [��] ��.� ��.� ��.� �.� �6.� ��.� ��.� �.6 �6.6 �6.� ��.� �.�

Asymmetric adversarial training ��.� ��.� ��.� �.� �6.6 �6.� ��.� �.� �6.8 �6.� ��.� �.�
Mixup [�6�] ��.� ��.� ��.� �.� �6.8 �6.� ��.� �.� �6.� �6.� ��.� �.�

Asymmetric mixup ��.6 ��.6 ��.� �.� �6.� ��.� ��.� �.� �6.� ��.� ��.� �.�
Symmetric combination ��.� ��.� ��.� �.� ��.6 ��.� �8.� �.� �6.� �6.� ��.� �.�
Asymmetric combination ��.� 8�.� �8.� �.� ��.� ��.� �8.� �.� �6.� ��.6 ��.� �.�

Method
Kidney tumor

��% training ��% training ���% training
DSC SEN PRC HD DSC SEN PRC HD DSC SEN PRC HD

Vanilla - w/ augmentation [���] ��.6 �6.� 8�.� ��.� �6.� ��.8 86.� ��.� ��.� ��.� 86.� ��.8
Vanilla - w/o augmentation ��.� ��.� 6�.6 �6.� 6�.8 �8.� ��.� ��.8 ��.� 6�.� 8�.� �8.�

Vanilla - asymmetric
augmentation

��.� �8.� �6.� ��.� ��.� ��.� 8�.� ��.� �8.� �6.� 8�.� ��.8

Large margin loss [�6�] ��.� ��.� ��.� 68.� �8.� ��.� 8�.8 �6.6 8�.� ��.� 8�.� ��.�
Asymmetric large margin loss ��.� �8.� ��.� ��.6 �8.� ��.� 8�.� ��.� 8�.� 8�.� 86.� �6.�

Focal loss [���] ��.� ��.� �8.� ��.� ��.� 66.� 8�.6 ��.� ��.� ��.� ��.� ��.�
Asymmetric focal loss ��.� �8.� �8.� 6�.� ��.� ��.� 8�.� ��.� 8�.� 8�.6 86.� ��.�
Adversarial training [��] ��.� ��.� 8�.� 6�.� ��.� 6�.6 8�.� ��.� 8�.� 8�.� 8�.8 ��.6

Asymmetric adversarial training ��.� ��.8 ��.6 66.� �8.� ��.� 8�.� ��.� 8�.� 8�.� 8�.� ��.�
Mixup [�6�] ��.� ��.� 8�.6 ��.8 ��.� ��.� 8�.� ��.� 8�.� �8.� 8�.� ��.�

Asymmetric mixup �6.8 �8.� 8�.6 66.� ��.� ��.� 8�.� ��.� ��.� �8.� 8�.� ��.�
Symmetric combination ��.� ��.� 8�.� ��.� ��.� 6�.� 8�.� ��.6 8�.� ��.� 86.� ��.6
Asymmetric combination ��.� ��.� 8�.� ��.� ��.� ��.� 86.� ��.� 8�.� 8�.� 8�.� �8.8

the segmentation results of representative small organs including gallbladder, aorta, inferior vena
cava as well as portal vein and splenic vein in Fig. �.�. Here, we use this dataset to further con�rm����

the observations about the effect on sensitivity when training with varying amounts data.

�.�.�.� Kidney tumor segmentation

In addition, we evaluate the asymmetric techniques for the case of kidney tumor segmentation.
We train a well con�gured �D U-Net [���] which includes extensive data augmentation with scal-
ing, rotations, brightness, contrast, gamma and Gaussian noise augmentations with a prede�ned����

policy [�6]. We also train DeepMedic with similar augmentation strategies yielding lower accuracy
on this task. Therefore, we evaluate the asymmetric regularization techniques on the U-Net with
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kidney tumor segmentation. The task includes the segmentation of both the kidney and kidney
tumor. As the segmentation of kidney is relatively easy, in this experiment we only focus on tu-
mor segmentation and only take kidney tumor as the foreground class to implement asymmetric����

techniques. To be speci�c, we always set r as [0, 0, 1]|. The network is always trained with both
CE and sample-wise DSC loss. The two losses have the same weight. We conduct experiments
using the training dataset of KiTS�� dataset [�6] which contains ��� CT images. We resample all
the CT images to a common voxel spacing of �.6⇥�.6⇥�.� mm following [���]. The original and
asymmetric techniques are implemented on both loss functions with the same hyper-parameters.����

We test on �� cases and train separate models using ��� (���%), �� (��%), �8 (��%), �� (��%) and
� cases (�% of full training set). Note, we do not manually clean the training dataset or employ
deep supervision as done in [���], therefore the absolute performance of our U-Net is not directly
comparable with the reported challenge results.

�.�.� Quantitative Results����

Taking the provided manual segmentations as the ground truth, we calculate DSC, SEN, PRC and
��% Hausdorff distance (HD) (mm) to evaluate the segmentation accuracy. The initial segmen-
tation results of our method always have higher sensitivity and DSC, but sometimes would cause
more false positive predictions and therefore lead to worse distance-based metrics such as HD.
We argue that in practice this problem can be addressed by taking advantage of some connected����

component-based post-processing, which is widely adopted in many segmentation methods [���].
Speci�cally, we assume there is only one target component and suppress all but the largest region.
We report results with these post-processing operations. The quantitative segmentation results on
BraTS, ATLAS and KiTS datasets using different amounts of training data with post-processing are
summarized in Table �.�, �.� and �.�, respectively. We also evaluate one of the proposed methods,����

asymmetric focal loss, with abdominal organ segmentation in which multiple classes are consid-
ered under-represented.

Class imbalance affects the segmentation sensitivity of the under-represented class, as shown in
Section �.�. We �nd that previous attempts to tackle class imbalance do not improve sensitivity,
while our asymmetric methods do lead to better results with higher sensitivity across different����

tasks. This indicates that the proposed methods may effectively mitigate over�tting under class
imbalance. These results in turn support our previous analysis of logit shift under class imbalance
and indicate that considering this implication would help build unbiased network.

�.�.�.� Baseline experiments

We perform baseline experiments with binary brain tumor core segmentation, as shown in Ta-����

ble �.�. We show that increasing the weight of tumor samples (from ��% to 8�%) decreases
performance when the dataset is highly imbalanced. This is because increasing the weight en-
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courages the network to memorize the under-represented samples and may actually lead to more
over�tting, thus being counter-productive. Simply changing the objective function to F-score (de-
�ned as F� = (1+ �

2) SEN·PRC
�2SEN+PRC ), which is a balancing loss and weights sensitivity �-times more����

than precision [88, ���], only shows little improvements increasing the sensitivity slightly. Chang-
ing the sampling weights or training with a loss function using F-scores seems to have little impact
when foreground training samples are limited, with training accuracy close to ���%, as shown in
Fig. �.�.

A common approach to alleviate under-segmentation is to adjust thresholds of decision boundaries����

based on validation sets. In this work, however, we observe distribution shift on unseen test data,
which can signi�cantly differ from the training/validation sets. Hence, a threshold selected on
validation datamay not be optimal for new test data. Due to the lack of ground truth, it is practically
not possible to optimise the decision thresholds for a speci�c test set. As one of the future works,
we might consider all thresholds with a receiver operating characteristic (ROC) curve.����

�.�.�.� Asymmetric large margin loss

The original large margin loss decreases performance in some cases, while our modi�cation yields
improvements over the symmetric version in all cases.

�.�.�.� Asymmetric focal loss

The original focal loss also decreases the sensitivity in some cases and leads to worse perfor-����

mance. It is because the focal term would decrease the weight of foreground samples and push
its logit closer to the decision boundary, making it easier to cause false negative predictions. Our
modi�cation removes the loss attenuation for the under-represented class and improve the per-
formance in all cases. We notice that the asymmetric focal loss would make the performance of
other class (kidney) over�t more, but it is not the focus of this study and can be easily addressed����

by just keeping focal term for the background class.

�.�.�.� Asymmetric adversarial training

When the network is trained without data augmentation (as shown in Table �.�), the original adver-
sarial training seems to be effective when little training data is available while our modi�cations
can further improve the sensitivity and boost the performance substantially.��6�

When the network is trained with data augmentation (as shown in Table �.� and �.�), we �nd the
original adversarial training does not improve the performance when training data is limited. It
indicates that in this case the augmented samples by adversarial training might not add anything
on top of intensity augmentation. In contrast, our proposed modi�cations seem to help always
leading to better segmentation performance.��6�
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�.�.�.� Asymmetric mixup

We �nd the original mixup can be effective for the well-represented class. For example, it always
improve the segmentation performance of kidney, as shown in Table �.�. However, the original
mixup leads to lower sensitivity for the under-represented class. We �nd that the asymmetricmixup
can improve the performance for BraTS to a large extent, as shown in Table �.�. However, we also����

�nd it to be less effective for ATLAS and KiTS which only have one image channel, as shown in
Table �.� and �.�. This may be because the intensity distributions of healthy and lesion regions
in ATLAS and KiTS overlap too much. In this case, the mixed samples, which are very similar
to the background samples in intensity but are taken as the foreground samples, may confuse
the network. For BraTS, however, four image channels are available with the healthy and tumor����

regions show larger differences in T� and �uid-attenuated inversion recovery (FLAIR) sequences.
The mixed samples seem to take good advantage of the intensity relationship.

�.�.�.6 Asymmetric augmentation

Despite its simplicity, we �nd asymmetric augmentation to be an effective method to improve seg-
mentation performance of the under-represented classes in most cases in terms of DSC and sensi-��8�

tivity, as summarized in Table �.�. However, we also notice that it could decrease the performance
when data augmentation is strong and training data is suf�cient, as shown in Table �.�. It might
be because the strong asymmetric augmentation would drive the model to focus too much on the
foreground samples, making the background samples under-represented. We could address this
by optimizing another meta-learner to choose the optimal data augmentation strategies, as we will��8�

discuss in Chapter �.

�.�.�.� The combination of asymmetric techniques

We also combine the asymmetric techniques which are found to improve the segmentation accu-
racy. The combination of the asymmetric techniques is a safe choice leading to the overall best
segmentation results with improved sensitivity in all cases. In contrast, the combination of the����

symmetric counterparts is unable to mitigate over�tting and often decreases sensitivity.

�.�.� Logit Distribution Changes
The effects of all the techniques on the logit distributions of BraTS using �% training data is pre-
sented in Fig. �.�. Asymmetric techniques would increase the variances of the foreground class
and expand its logit distribution. The original large margin loss and adversarial training try to push����

samples from different classes far from each other, however, the logits of unseen data remain in
the center around the decision boundary and thus the predictions are not improved. The original
largemargin loss results in even larger shifts for the foreground samples. For our asymmetricmod-
i�cations only the logits of foreground samples are pushed away and the unseen foreground logits
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Original/asymmetric
large margin loss

Original/asymmetric 
focal loss

Original/asymmetric  
mixup

Vanilla

Symmetric/asymmetric 
combination

Original/asymmetric 
adversarial training

Figure �.�: Activations of the classi�cation layer when processing tumor (top) and back-
ground (bottom) samples of BraTS with DeepMedic, using �% training data. Asymmetric
modi�cations lead to better separation of the logits of unseen tumor samples.

tend to remain on the correct side of the decision boundary. The original focal loss encourages����

the network to prevent the logits of each class from staying too far from the decision boundary.
However, it allows foreground logits to remain near the decision boundary which can result in false
negative predictions on unseen samples. Our asymmetric focal loss removes the constraints for
foreground samples. Original mixup encourages the symmetric distributions of different classes
but does not consider class imbalance. Asymmetric mixup exploits the latent space based on the����

relationship between samples to generate foreground samples and make the decision boundary
stay near the background class. This leads to the largest improvement by increasing the region for
the foreground logit distribution and reduce logit shift of unseen foreground samples. The combi-
nation of the four asymmetric techniques can stabilize the logits further more.

The effects of all the techniques on the logit distribution of KiTS using ��% training data is summa-����

rized in Fig. �.8. The original data augmentation can reduce the logit shift of both unseen kidney
and kidney tumor samples although it is not speci�cally designed to regularize the logit distribu-
tion. The asymmetric augmentation can further reduce the logit shift of the unseen tumor samples.
The asymmetric large margin loss reduces the tumor logit shift towards the kidney class. Although
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Symmetric/asymmetric 
combination

Original/asymmetric
large margin loss

Original/asymmetric 
focal loss

Original/asymmetric  
mixup

Original/asymmetric 
adversarial training

w/o
augmentation

Original/asymmetric
augmentation

Figure �.8: Activations of the classi�cation layer for tumor (top), kidney (middle) and back-
ground (bottom) samples of KiTS with �D U-Net, using ��% training data. Asymmetric mod-
i�cations also lead to better separation of the logits of unseen tumor samples and is comple-
mentary to standard data augmentation.

the logit distribution is already regularized by the strong augmentation, the proposed asymmetric����

techniques provide further bene�ts in stabilizing the logits.

�.�.� Sensitivity Analysis
We conduct a series of controlled experiments with different hyper-parameters to provide more
practical details of the proposed regularization techniques. Speci�cally, we use a baseline DeepMedic
model for brain tumor core segmentation with �% training data of BraTS. The experimental details����

are consistent with descriptions in Section �.�. We summarize the results with post-processing
in Table �.�. We can see from the results that the proposed methods can improve the baseline
segmentation results with varied hyper-parameters in most cases. Speci�cally, asymmetric large
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margin loss yields improvements for most cases, however, a speci�c hyper-parameter may yield
unexpected results (i.e. m = 0.5). A potential reason is that the model which focuses on a small����

portion of easy under-represented samples (c.f. Eq. �.��) would over�t more. Asymmetric large
margin loss with larger m makes the model emphasize on more under-represented samples and
therefore generalize better. Asymmetric adversarial training and asymmetric mixup yields con-
siderable improvements when the perturbation in data augmentation is large (i.e. l > 2.5 for
asymmetric adversarial training and m < 0.8 for asymmetric mixup). Asymmetric focal loss is����

robust and can improve the segmentation results with all chosen hyper-parameters. Therefore, we
recommend to choose asymmetric focal loss at �rst for new applications.

Table �.�: The sensitivity analysis of different hyper-parameters. We conduct experiments
with different parameters with brain tumor core segmentation (�% training data) with BraTS
using DeepMedic. The results are calcualted with post-processing. Results which have worse
DSC than the vanilla baseline are highlighted with gray shading.

Method Parameter DSC SEN PRC HD
Vanilla - CE —— ��.� ��.� 8�.� �8.�

Asymmetric
large

margin loss

m = �.� ��.6 ��.8 8�.8 ��.6
m = �.� �8.� ��.� 8�.� �6.�
m = � �6.8 �8.� 8�.� ��.�
m = �.� ��.� ��.6 8�.� ��.�
m = � ��.6 ��.8 8�.� �6.�
m = � ��.� ��.� 8�.� ��.�

Asymmetric
focal loss

� = �.� ��.� ��.8 ��.6 �6.6
� = � ��.� ��.� 8�.� ��.�
� = �.� �6.� �8.� 8�.8 ��.8
� = � �8.8 ��.� 8�.6 ��.�
� = � ��.� ��.� 8�.� ��.�
� = � ��.� �8.� �8.� ��.�

Asymmetric
adversarial
training

✏ = �e-� l = �.� ��.� ��.8 8�.� ��.�
✏ = �e-� l = � �8.� ��.� 8�.� ��.�
✏ = �e-� l = �� �8.� ��.8 8�.� �6.�
✏ = �e-� l = �� ��.8 �6.� 8�.� �6.�
✏ = �e-� l = �� �6.6 ��.� �6.� �8.8
✏ = �e-� l = �� ��.6 ��.� �8.� �6.�
✏ = �e-6 l = �� �6.� �8.� 8�.� ��.8

Asymmetric
mixup

m = �.� ��.� ��.� ��.8 ��.�
m = �.�� �8.� ��.� ��.� ��.�
m = �.� ��.8 �6.8 ��.� ��.�
m = �.�� 6�.� ��.� 8�.� ��.6
m = �.� ��.� ��.� 8�.� ��.�
m = �.� ��.� ��.� 8�.� ��.�
m = �.8 ��.� ��.6 8�.� ��.�

�.�.� The Intensity Histograms of Different Datasets
Empirically, we �nd the asymmetric mixup is the most effective method for tumor segmentation
with BraTS. However, asymmetric mixup show limited improvements for ATLAS and KiTS. We think����

it is because the multi-channel information in BraTS could create more useful information, as
shown in Figure �.�.
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(a)

(b) (c)

T1 T1-weighted

T1-weighted

T2 FLAIR

CT

Figure �.�: The intensity histogram of different datasets. (a) The intensity histogram of
BraTS, (b) ATLAS and (c) KiTS. The intensity of the foreground and background classes overlap
a lot for ATLAS and KiTS. This can be a potential factor due to which the asymmetric mixup
does not create useful synthetic samples and cannot improve the segmentation performance
that much.

�.�.6 Quantitative Results of Abdominal Organ Segmentation

We evaluate one of our proposed techniques, asymmetric focal loss, with the application of abdom-
inal organ segmentation to demonstrate ourmethod can be feasibly applied tomulti-class segmen-����

tation. Speci�cally, we train a model of basic DeepMedic using ��% of the training data, with the
same settings in empirical experiments in Section �.�. Considering the class distribution of the
dataset, as shown in Fig. �.��, we take class � (gallbladder), class � (esophagus), class 8 (aorta),
class � (vena cava), class �� (vein), class �� (pancreas), class �� (right adrenal) and class �� (left
adrenal) as rare classes. Speci�cally, we initiate the one-hot vectorr as [0, 0, 0, 0, 1, 1, 0, 0, 1, 1, 1, 1, 1, 1]|.����

We use � = 4 in this experiments. We adopt post-processing described in Section �.� separately
to the results of every class. The results are shown in Table �.�. The asymmetric focal loss can get
better overall segmentation results than cross entropy or its symmetric variant. More importantly.
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it can get better segmentation results with higher sensitivity for most rare classes. Speci�cally,
asymmetric focal loss can improve the average DSC of rare classes by �.�%. We also notice that����

asymmetric focal losswould decrease the segmentation performance of esophaguswhich is taken
as a rare class. It is because esophagus is small and thin, and post-processing would remove the
correct segmentation regions by mistake but leave the false positive predictions. We think more
advanced post-processing would help improve the segmentation in this case.

×104

26304.8

Figure �.��: The class distribution of the abdominal organ dataset we use in this study.
We summarize the total pixel number of different classes. We take class �, �, 8, �, ��, ��, ��
and �� as rare classes.
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Table �.�: Evaluation of abdominal organ segmentation with ��% of training data with sym-
metric (sy.) and asymmetric (asy.) focal loss. The rare classes are marked with r. AVG is
the average performance of all classes. AVGr is the average performance of all rare classes.
The best results are in bold.

c� (spleen) c� (right kidney) c� (left kidney) c� (gallbladder) r c� (esophagus) r

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

DSC 8�.� �8.� 8�.� �8.� 8�.� 68.� 8�.� 8�.� 8�.6 ��.6 ��.� ��.� ��.� ��.� ��.8
SEN 8�.� ��.� �6.� ��.� ��.� 6�.� ��.� ��.� ��.8 ��.8 ��.� �6.� ��.� �8.� ��.8
PRC ��.6 �6.� ��.� 8�.6 ��.8 �6.� ��.� ��.� ��.� �8.� 68.� 68.� ��.� 6�.� ��.�

c6 (liver) c� (stomach) c8 (aorta) r c� (vena cava) r c�� (vein) r

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

DSC 8�.� 88.� 88.6 ��.� ��.� ��.� 8�.� 8�.� 8�.� 6�.� 66.� ��.� ��.� �6.� ��.�
SEN 8�.� 8�.� 8�.� �8.8 �8.� ��.� �6.6 ��.� 8�.� �6.8 6�.� �6.� �8.� �6.� ��.�
PRC ��.� ��.8 ��.� ��.� 8�.� 86.� ��.6 ��.� 86.� 86.� ��.� ��.� ��.� 8�.� 8�.�

c�� (pancreas) r c�� (right adrenal) r c�� (left adrenal) r AVG AVGr

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

vanilla
- CE

sy.
focal
loss

asy.
focal
loss

DSC ��.� ��.� �6.� ��.� ��.8 ��.� ��.8 �8.� ��.� �8.� ��.� 6�.� �8.� ��.8 ��.�
SEN ��.� ��.� �8.� ��.� ��.� ��.� ��.� ��.� ��.6 ��.� �8.� ��.� ��.� ��.6 �8.�
PRC �6.6 ��.� 6�.� ��.� 6�.8 6�.� 6�.� ��.� 6�.6 8�.� �8.� �6.� �6.8 6�.6 68.�

�.6 Conclusion����

We study over�tting of neural networks under class imbalance by inspecting network behavior.
We observe that when processing unseen under-represented samples, the logit activations tend to
shift towards the decision boundary and the sensitivity decreases. This phenomenon is con�rmed
across a variety of different tasks and two popular different network architectures. We derive sim-��6�

ple yet effective asymmetric variants of existing loss functions and regularization techniques to
prevent over�tting. We show that our proposed methods can substantially improve segmentation
performance under class imbalance in terms of DSC and increased sensitivity, outperforming pre-
vious solutions.

We validate our proposed methods with extensive experiments of binary segmentation tasks and��6�

show promising improvements. When we extend our methods to multi-class segmentation such
as kidney and kidney tumor segmentation, we �nd the proposed methods can improve the seg-
mentation performance of speci�ed rare class (kidney tumor), but could sometimes decrease the
performance of other foreground class (kidney). We think it could be resolved by adopting a ro-
bust r for the network training. For example, we could consider to increase the rareness rj for the����

kidney class. This could be a possible direction of future works.

In this study, we analyze the problem of class imbalance in the context of image segmentation,
where the foreground class has disproportionate number of samples. The proposed loss functions
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and regularization techniques are general for neural networks and could be extended to classi�ca-
tion tasks. However, the performance needs to be demonstrated in the future. We believe more����

regularization methods can be derived to alleviate this problem by considering the biased network
behavior. It would be particularly interesting to extend the variance of foreground samples by taking
use of the geometric information and design data augmentation strategies with shape constraints
to decrease the logit shifts.

We believe that the plotting logit distributions may be useful network inspection tool and help to��8�

gain a better understanding network behavior under different training scenarios. In future work,
we will investigate if monitoring of intermediate activations may provide further insights for other
challenging settings such as domain shift or self-supervised learning. In the next chapter, we would
also utilize the logit plots to help us understand the over-segmentation problem caused by class
imbalance.��8�
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Chapter �

Under�tting under Class Imbalance
After investigating the reason of under-segmentation due to class imbalance in Chapter �, here we
look into the reasons of over-segmentation. Thework in this chapter originates from the question of����

how the label space of the context information would affect the model training. Similar to the work
in the previous chapter, here we aim to identify the effects of under�tting on the model behaviour.
We investigate the representation learning of heterogeneous background classes. The work in this
chapter is based on the publications:

�. Z. Li, K. Kamnitsas, C. Ouyang, C. Chen and B. Glocker. Context Label Learning: Improving
Background Class Representations in Semantic Segmentation. IEEE Transactions on Medical
Imaging, ����, Provisionally Accepted.

����

Background samples provide key contextual information for segmenting regions of in-
terest (ROIs). However, they always cover a diverse set of structures, causing dif�cul-
ties for the segmentation model to learn good decision boundaries with high sensitivity����

and precision. The issue concerns the highly heterogeneous nature of the background
class, resulting in multi-modal distributions. Empirically, we �nd that neural networks
trained with heterogeneous background struggle to map the corresponding contextual
samples to compact clusters in feature space. As a result, the distribution over back-
ground logit activations may shift across the decision boundary, leading to systematic����

over-segmentation across different datasets and tasks. In this study, we propose con-
text label learning (CoLab) to improve the context representations by decomposing the
background class into several subclasses. Speci�cally, we train an auxiliary network as
a task generator, along with the primary segmentation model, to automatically generate
context labels that positively affect the ROI segmentation accuracy. Extensive exper-����

iments are conducted on several challenging segmentation tasks and datasets. The
results demonstrate that CoLab can guide the segmentation model to map the logits
of background samples away from the decision boundary, resulting in signi�cantly im-
proved segmentation accuracy.
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�.� Introduction����

Convolutional neural networks (CNNs) are the state-of-the-art approach for semantic image seg-
mentation and other applications. Their large number of trainable parameters make them capable
to �t to different kinds of tasks yielding high performance in terms segmentation accuracy [���].
Yet, in real world applications, CNNs seem sometimes unable to capture and generalize from com-����

plex, heterogeneous training sets when the amount of training data is limited [�8�]. Speci�cally,
in the case of medical image segmentation, samples from the background class, which provide
essential contextual information for regions of interest (ROIs), make up the majority of the training
set while also containing diverse sets of structures with heterogeneous characteristics, making it
hard for the segmentation model to learned accurate decision boundaries.����

When trainedwith datasetswith a highly heterogeneous background class, the segmentationmodel
is prone to under�tting these contextual samples and failing to separate the ones which share char-
acteristics similar to the ROI samples, which are usually one of the foreground samples. Themodel
then produces false positives (FPs), yielding systematic over-segmentation. In this study, we argue
that under�tting of the contextual information is a main cause of degraded segmentation perfor-����

mance by affecting precision (calculated as TP
TP+FP ). We observe that better context representation

where the background class is decomposed into several subclasses, for example, using additional
anatomic labels, signi�cantly improves the ROI segmentation accuracy. Context labels are labels
of the background class which assign different labels to different background subregions. For
medical imaging applications, context labels could be designed based on anatomy knowledge. We����

show some examples of human-de�ned context labels in Fig. �.�(a). In the case of liver tumor
segmentation, for example, it is bene�cial to also have labels for the liver available in addition to
the tumor class. Empirically, we �nd that when training with human-de�ned context labels, the
segmentation model can yield better performance in terms of Dice similarity coef�cient (DSC) and
��% Hausdorff distance (HD), as shown in Fig. �.�(b). However, these human-de�ned context la-����

bels are not always available and dif�cult and time-consuming to obtain. In many applications, only
the ROI labels, e.g., tumor class, are available. Here, we propose context label learning (CoLab),
which automatically generates context labels to improve the learning of a context representation
yielding better ROI segmentation accuracy. As demonstrated in Fig. �.�(b), CoLab can bring similar
improvements when compared with training with human-de�ned context labels, without the need����

for expert knowledge.

The contribution of this study can be summarized as follows: �) With the observations of six
datasets, we conclude that under�tting of the background class consistently degrades the seg-
mentation performance by decreasing precision. �) We �nd that better context representations
with a decomposition of the background class can improve segmentation performance. �) We����

propose CoLab, a �exible and generic method to automatically generate soft context labels. We
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validate CoLab with extensive experiments and �nd consistent improvements where the segmen-
tation accuracy is en par and sometimes better compared to the case where human annotated
context labels are available.
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Figure �.�: Effects of context labels on the segmentation accuracy. (a) Examples of ROI
classes (in red color) along with human-de�ned context labels and context labels generated
automatically by the proposed CoLab in background (in green, blue and other colors). Here,
human-de�ned context labels (e.g., liver, kidney, brain tissue) provide additional anatomical
information to bene�t representation learning. In a similar manner, CoLab automatically �nds
and labels task-related tissues/structures in background to bene�t corresponding ROI seg-
mentation, see Fig. �.� for more details. (b) Self-supervised context labels generated by Co-
Lab can signi�cantly improve the segmentation of different structures with improved DSC and
reduced HD, compared to the one trained w/o context labels. The performance gains are com-
parable and sometimes even higher than the ones using human-de�ned context labels.
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�.� Related Works����

�.�.� Class Imbalance
CoLab is related to the class imbalance problem, which we have introduced in Section �.�.�, as
background commonly constitutes the majority class in image segmentation. However, methods
to combat class imbalance mostly focus explicitly on improving the performance of the minor-��6�

ity categories [��8, �6�, ���]. Most approaches ignore the characteristics of majority background
class as it is not contributing much to the common evaluation metrics of sensitivity, precision,
and DSC of the ROI classes. CoLab focuses speci�cally on the representation of the background
class and is complementary to methods tackling class imbalance such as loss reweighting strate-
gies [��].��6�

Previous studies adopt coarse-to-�ne strategies to reduce FP in segmentation tasks with class
imbalance [���, ���, ���]. However, ROI samples missed in the coarse stage cannot be recovered
with later stages. In contrast, CoLab is trained in an end-to-end manner and can reduce varied
kinds of FPs.

�.�.� Multi-task Learning����

CoLab, which is formulated as multi-label classi�cation, can be seen as a form of multi-task learn-
ing (MTL). Current MTL methods train the model with different prede�ned tasks together with the
main task using a shared feature representation [��, ���, ��6]. Previous works also attempted to
incorporate spatial prior [�8, ���] or task prior [��8, �6�] into model training with some prede�ned
auxiliary tasks and optimization functions. In contrast, CoLab reformulates the main task by de-����

composing the background class with context labels and automatically generate the auxiliary task
in a self-supervised manner. We argue that CoLab can have a direct impact on the main task by
extending the label space.

Themainmethodology of the CoLab strategy is inspired by some recently proposedmethodswhich
aim to generate the weights for pre-de�ned auxiliary tasks or labels through a similar meta-learning��8�

framework [�6�, �8�]. In this study, CoLab is speci�cally designed for semantic segmentation with
heterogeneous background classes which is a common scenario in medical imaging.
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Figure �.�: Visualization of different datasets and segmentation results on test data when
training w/o and w/ different types of context labels. (a) Models trained without any context
labels are prone to over-segmentation of the ROI (red/red + orange) with different kinds of
FP (marked with red boxes). For reference, we also zoom-in the corresponding regions of the
ground truth label map. (b) Empirically, we observe that adding human-de�ned context labels
such as anatomy masks for supervision helps reduce FP and therefore obtains higher overall
segmentation accuracy. (c) The proposed CoLab achieves a similar bene�t without requiring
additional human annotation by producing context labels automatically.

�.�.� Preliminaries��8�

We consider CNNs for multi-class segmentation with a total of c classes. Given a training dataset
D = {(xi,yi

)}N
i=1 with N samples, where y

i
2 IRc is the one-hot encoded label for the cen-

tral pixel in the image sample xi 2 IRd, such that 1 · y
i
= 1 8 i. A segmentation model

f�(·) learns class representations of the input sample xi, noted as zi = f�(xi) 2 IRc. We
obtain the predicted probability p

i
that the real class of xi is j via a softmax function with pij =����

ezij/
P

c

j=1 e
zij . Typically the model is optimized by minimizing the empirical risk RLseg(f�) =

1
N

P
N

i=1 Lseg(f�(xi),yi
) computed on the training set. The segmentation loss Lseg can be de-

�ned as the sum of losses L over c classes:
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Lseg(f�(xi),yi
) =

cX

j=1

L(pij, yij) =
c�1X

j=1

L(pij, yij)

| {z }
ROI classes

+ L(pic, yic)| {z }
background class

,
(�.�)

where L is a criterion for a speci�c class, such as cross entropy (CE) or soft DSC [���]. Here, we
further decompose Lseg into two terms, including an ROI loss (computed on c � 1 foreground����

classes) and a background loss (computed on the background class, only).

We aim to improve segmentation performance by augmenting the background class with auxiliary
context classes. Speci�cally, we propose to utilize context labels assigned to different and decom-
posed background regions. In order to divide the background class into t > 1 classes, we create
another model f̃✓(·) with z̃i = f̃✓(xi) 2 IRc+t�1 and predicted probability p̃

i
. We also require an����

additional one-hot label ỹ
i
2 IRc+t�1, where we require ỹij = yij 8 i, j 2 {1, · · · , c � 1} and

P
c+t�1
j=c

ỹij = yic 8 i. With this notion, the segmentation loss can be written as:

Lseg(f̃✓(xi), ỹi
) =

c+t�1X

j=1

L(p̃ij, ỹij) =
c�1X

j=1

L(p̃ij, ỹij)

| {z }
ROI classes

+
c+t�1X

j=c

L(p̃ij, ỹij)

| {z }
background classes

,
(�.�)

In the following method section, we always consider a simpli�ed but common case where we only
have one ROI class (c = 2) for simplicity. In other words, we only consider binary ROI segmentation
with f�(xi) 2 IR2, although the method can be naturally extended to multi-class ROI segmenta-����

tion. With this assumption, Eq. �.� can be simpli�ed as:

Lseg(f̃✓(xi), ỹi
) = L(p̃i1, ỹi1)| {z }

ROI class

+
t+1X

j=2

L(p̃ij, ỹij)

| {z }
background classes

(�.�)

�.�.� False Positives on Background Class
To better understand the effect of the background class on the model learning, we train multiple
CNNs on segmentation datasets which contain heterogeneous background. We conduct experi-
ments on challenging tasks including liver tumor segmentation in computerised tomography (CT)����

images [�8], kidney tumor segmentation in CT images [�6], colon tumor segmentation in CT im-
ages [���], vestibular schwannoma (VS) segmentation in T�-weighted magnetic resonance (MR)
images [���], brain stroke lesion segmentation in T�-weighted MR images [���] and pancreatic
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tumor segmentation in CT images [���]. We adopt a three-dimensional (�D) U-Net [��6] as the seg-
mentationmodel for all the experiments, which has been demonstrated to yield competitive results����

across different medical image segmentation tasks. The detailed data and network con�gurations
are summarized in Section �.�.

Visualizations of the segmentation results are shown in Fig. �.�(a). When trained with binary seg-
mentation tasks and without context labels, the models are prone to over-segment the ROIs with
many FPs. Speci�cally, the model trained on the binary liver tumor task predicts other organs out-����

side liver as liver tumor; the model trained on the binary kidney tumor task predicts parts of the
healthy kidney regions as kidney tumor; while the model trained on the binary brain tumor task
predicts the surrounding brain tissue as brain tumor; the model trained on the binary brain lesion
task predicts unrelated healthy brain regions as brain lesion.
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Figure �.�: The distribution of activations (logits) after the classi�cation layer using ROI
(blue) or background samples (orange) of test data as network input. Here, z1 denotes
logits for ROI classes, while zi (i > 1) denotes logits for background classes. We also report
the number of pixel-level predictions that are FP. Without context labels (a, d, g), CNNs fail to
map the background samples to compact clusters. This is because CNNs are forced to learn
generic �lters for the background samples, yielding similar activations regardless of different
background structures with diverse patterns/appearance. Consequently, the logit distribution
of background samples would spread across the decision boundary, leading to increased FP.
Extending the label space with anatomy masks (b, e, h) or CoLab (c, f, i) can alleviate this
issue.
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Figure �.�: Effects of context labels on the learning of neural networks. Performance on
liver tumor, kidney tumor and brain tumor segmentation on training data (lower part) and test-
ing data (upper part) when networks were trained w/o and w/ context labels. Extending the
label space with anatomy masks can help the model improve the performance by increasing
the precision, while the sensitivity is largely retained.

�.�.� Under�tting of Background Samples����

To study themodel behavior when trainedwith heterogeneous background classes, we canmonitor
the logit distribution of samples from ROI and background classes for the test data. Our observa-
tions for liver tumor, kidney tumor, and brain tumor segmentation are summarized in Fig. �.�(a, d,
g). We �nd that the CNNmodels map the ROI samples to a compact cluster in the logit space while
background samples form amore dispersed distribution. This indicates that themodel cannot eas-����

ily map all background samples to a single cluster representing the background class. Although
the model seems to separate ROI from background samples in the feature space, it builds complex
background representations and unable to capture an accurate decision boundary between ROI
and immediate context. A possible reason is that the CNN uses most of its capacity to extracted
the common features among background regions with different characteristics. Unfortunately,����

these shared features are not very discriminative. Speci�cally, we observe that the logit distribu-
tion of background samples overlaps with the learned decision boundary. This is the reason why
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the model predicts many FP leading to over-segmentation of ROI structures when the background
class is heterogeneous. We hypothesise that the width of the distribution serves as an indicator
of the heterogeneity of a speci�c class and is a sign of the dif�culty during learning. As a result of����

sample heterogeneity, a CNN may struggle to reduce intra-class variation of the background class
and under�t the background samples, failing to recognize the background samples that share sim-
ilar characteristics with ROI samples.

It should be noted that we do not observe signi�cant difference between the logit distribution of
training background samples and test background samples, as also shown in previous studies [��6,����

���], indicating that the logit shift of background samples is indeed due to under�tting instead of
over�tting. Speci�cally, we show the network behaviour with the training data in Fig. �.�. The
behaviour is similar to the ones with test data. We observe little performance gap between the
training and test data. This indicates that the reason why the model cannot recognize the back-
ground sample well is that it under�ts the training data. In consequence, themodel is likely tomake����

false positives even for the training data. We �nd anatomy masks and CoLab both can alleviate
this issue.
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Figure �.�: The distribution of activations (logits) after the classi�cation layer using ROI
(blue) or background samples (orange) of training data as network input. Activations of
the classi�cation layer (logit z1 for ROI, other logits for background) when processing the ROI
(blue) or background sample (orange) of training data. It seems dif�cult for a CNN to learn
good representations over heterogeneous background samples due to the varying character-
istics leading to diverse feature embeddings. Extending the label space with anatomy masks
or CoLab can help CNN reduce FPs and �t the training data better.
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�.�.� The Effect of Context Labels
The availability of context labels greatly helps with the ROI segmentation, which provide additional
signals to CNN to �t the training data of heterogeneous background samples. We con�rm this����

empirically by including human-de�ned context labels in the model training. Speci�cally, we adopt
liver masks (t = 2) for liver tumor segmentation, kidney masks (t = 2) for kidney tumor segmen-
tation, brain tissue masks including ventricles, deep grey matter, cortical grey matter, white matter
and other tissues (t = 6) for brain tumor segmentation. The kidney and liver masks are manually
annotated, while the brain tissue masks are generated automatically using the paired T�-weighted��6�

MR images and a multi-atlas label propagation with expectation–maximisation based re�nement
(MALP-EM) [��6]. In order to make a fair comparison, we make sure that all the experiments share
the same training schedule except the label space. We sample the training patches only consid-
ering ROIs. As the image size is quite large, here we train the �D U-Net with patches which are
sampled from the training data. Speci�cally, we make sure ��% training patches to contain ROIs��6�

and sample the other half of the training patches uniformly.

The observations on test and training set are summarized in Fig. �.�. We �nd that the models
yield overall better performance when trained with anatomy masks, as indicated by improved DSC
(de�ned as DSC = 2 SEN·PRC

SEN+PRC ). Furthermore, we observe that the model trained with context labels
yields higher precision while preserving similar sensitivity. The observation is consistent with the����

visualization results in Fig. �.�(b), where we �nd the models trained with human-de�ned context
labels reduce FP.

Similarly, we visualize the corresponding network behaviour in Fig. �.�(b, e, h). As we only con-
sider the segmentation performance of the ROI (class �), we visualize the logits in the plane of (z1,
max(z2, ..., zt+1)). We observe that the model trained with anatomy masks maps the background����

samples to a narrower distribution and reduces the background logits shift across the decision
boundary. This indicates that the models �t the training data better with the help of context labels.
Instead of building generic �lters for all the background samples, the CNNs can dedicate speci�c
�lters to model a more homogeneous subparts of the background samples that share common
characteristics. The models are faced with a simpli�ed segmentation task with homogeneous��8�

background subclasses yielding better overall performance with the same model capacity.

Although anatomy masks are found to be effective context labels, they are not always available in
real-world applications. Speci�cally, acquiringmanually annotated context labels is time-consuming
and would require signi�cant efforts from human experts to generate annotations at large scale.
Therefore, we propose CoLab which can automatically discover speci�c soft context labels using��8�

a meta-learning strategy. CoLab bene�ts the segmentation model training by making it to �t the
background samples better, achieving comparable or even better performance when compared
with models trained on manually de�ned anatomy masks.

��



Under�tting under Class Imbalance

�.� Method
����

!"!∗!"!

g"

$#$

%&#

'#

g"('#)

Label 
aggregation 

One-step optimization
* optimizationSegmentation model !"!
+ optimizationTask generator g"

① ,%&#

'#

Context 
constraints

ℳ#

④

∇!ℒ%&'( !"!('#), ,%&#)

ℒ%&'( !"!('#), ,%&#)

③
Second-order 

optimization based on 
ℒ()*( !"!∗('#), &#)

w.r.t. +
②

'# : Image sample
&# = ($#$, $#+): Ground truth label
$#$: Ground truth of the ROI class
%&#: Extended label ,%&#: Distance constrained label

ℳ#: Soft dilated mask

Figure �.6: The illustration of the training process of CoLab g!(·) is optimized to generate
context labels such that it can help reduce the training loss of the ROI in the most effective
way, see Section �.� for more details.

Now we consider CNNs for binary semantic segmentation. Typically, we are given a segmentation
model f�(·) that maps the input image xi to the label space f�(xi) 2 IR2. In order to �t the label
space with context labels, we �rst extend the classi�cation layer of f�(·) with additional t � 1

output neurons and obtain f̃✓(·)which mapxi to f̃✓(xi) 2 IRt+1. We employ another model g!(·)
as the task generator parameterized by ! to produce context labels, with the network output oi =����

g!(xi) 2 IRt. We have no requirements for the backbone of g!(·) and empirically keep it the same
with that of f�(·).

We illustrate the training process of the proposed CoLab in Fig. �.6. At the beginning of each itera-
tion, we obtain the context labels termed as distance constrained label ˆ̃y

i
by taking use of oi and

the ground truth y. This process is marked with �� and will be illustrated in Section �.�.� and �.�.�.�6��

Then, we calculate a new ✓
⇤ with one step of gradient descent with �� to access the impact of ˆ̃y

i

onmodel training of ROI segmentation. Next, we optimize! based on the second-order derivatives
through a meta learning scheme with ��, which would be demonstrated in Section �.�.�. Finally,
we optimize the segmentation model f̃✓(·) based on the updated context labels with ��.

�.�.� Label Aggregation�6��

We calculate the context probability (qij)tj=1 based on oi via the softmax function as:

qij =
eoij

P
t

j=1 e
oij

. (�.�)

The extended label ỹ
i
2 IRt+1 is calculated by aggregating the original label y

i
= (yi1, yi2) and
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the context probability q
i
with:

ỹij =

8
>><

>>:

yi1 if j = 1,

qij if j > 1 and yi1 = 0,

0 otherwise.
(�.�)

The label aggregation process is also illustrated in Fig. �.�. By doing so, we can decompose the
background class yi2 into t subclasses while ensure that the ỹ

i
contains suf�cient information�6��

about the ROI segmentation. For multi-class segmentation with totally c classes, ỹ
i
can be calcu-

lated as:

ỹij =

8
>><

>>:

yij if j < c,

qij if j � c and yij = 0 8j < c,

0 otherwise.
(�.6)

෥𝒚𝑖 ∈ ℝ𝑡+1

…

0෤𝑦𝑖1 1

෤𝑦𝑖2 0

෤𝑦𝑖3 0

෤𝑦𝑖(𝑡+1) 0

𝒒𝑖 ∈ ℝ𝑡

…

𝑞𝑖𝑡

𝑞𝑖2

𝑞𝑖1

𝒚𝑖 ∈ ℝ2

𝑦𝑖1 0 1

𝑦𝑖2 01

Figure �.�: The illustration of the label aggregation process. We generate the extended
label ỹ

i
by aggregating the original label y

i
with the context probability q

i
.

�.�.� Context Constraints
Compared with background samples which are further away, the ones closer to the ROIs share
similar characteristics with ROI samples and are more likely to be misclassi�ed. In order to make�6��

the segmentation model focus more on those hard background samples that are close to ROIs , we
make an assumption that all sampleswhich are distant from the ROI need less attention and should
be safely assigned the same background label. Speci�cally, we create a hard label bi 2 IRt+1 to
represent the the background samples that are far from the ROI:
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bij =

(
1 if j = 2,

0 otherwise.
(�.�)

By utilizing the ROI label y
i
, we calculate the corresponding distancemap di which is the Euclidean�6��

distance of a pixel to the closest boundary point of the ROI of any class. We set di to be zero for
pixels inside the ROI.

We then calculate a soft dilated mask Mi based on di:

Mi =

(
1 if di < m,

e
�di+m

⌧ otherwise,
(�.8)

where m is the margin controlling the model’s focus on the pixels which are neighbouring to ROI
and ⌧ is the temperature to control the probabilities of the dilated regions. Empirically, m is set�6��

as �� units and ⌧ is set as �� for all our experiments. Mi would be � for pixels around ROIs and
decrease close to � for pixels far from ROIs . We visualize an example of Mi with liver tumor in
Fig. �.8. The distance constrained label then is calculated as:

ˆ̃y
i
= Miỹi

+ (1�Mi)bi. (�.�)

ℳ
𝑖

𝑑𝑖

Figure �.8: The illustration of context constraints. The task generator focuses on the con-
text which is near to the ROI. To do so, we train the segmentation model to classify the pixels
which are outside the soft dilated ROI as the same class (pixels marked without color in the
right �gure). (Left part) The value of a soft dilated maskMi withm = 30 and ⌧ = 20. (Right
part) The visualization of the dilatedmaskMi (blue) with a liver tumor (red) of a training case.

In this way, only the regions neighbouring to the tumor are considered to be classi�ed as the contex-
tual background class. Speci�cally, both f̃✓(·) and g!(·) would be trained to focus on the regions�6��

which are close to ROIs .
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�.�.� Task Generator Optimization with Meta-Gradients
We formulate the optimization of CoLab as a bi-level problem:

min
!

1

N

NX

i=1

LROI(f̃✓⇤(xi),yi
) (�.��)

s.t. ✓
⇤ = argmin

✓

1

N

NX

i=1

Lseg(f̃✓(xi), ˆ̃yi
)), (�.��)

whereLROI(f̃✓(xi),yi
) = Lc(p̃i1, yi1) is computed on the ROI class. Different fromL, we choose

Lc to be a criteria that can be calculated in the one-versus-all manner, such as binary cross entropy�6��

(BCE) and soft DSC loss, to represent the binary segmentation performance of the ROI class with
more than two output logits.

We train the model using a batch of training samples with batch size n. For simplicity, we shorten
1
n

P
n

i=1 LROI(f̃✓⇤(xi),yi
) asLROI(✓⇤) and 1

n

P
n

i=1 Lseg(f̃✓(xi), ˆ̃yi
) asLseg(✓,!) in the follow-

ing descriptions. The bi-level optimization problem de�ned in Eq. �.�� and �.�� can be solved with�6��

gradient descent [��, ���]. Speci�cally, the derivative of LROI(✓⇤) w.r.t. ! can be calculated by
applying the chain rule:

r!LROI(✓
⇤) = (

@✓
⇤

@!
)|r✓LROI(✓

⇤), (�.��)

wherer! = ( @

@!
)| andr✓ = ( @

@✓
)|. One can compute @✓

⇤

@!
based on implicit function theorem [��].

However, the derived result would contain a Hessian which is computational expensive and not
always possible to access for deep neural networks. Among the many heuristics for the gradient�6��

approximation [��, ���, ���], we follow the solution described in [��, ���] to approximate ✓
⇤ by

a single optimization step. Speci�cally, we sample a batch of training data and approximate the
optimal inner variable ✓⇤ with a step of gradient decent:

✓
⇤
⇡ ✓ � ↵r✓Lseg(✓,!), (�.��)

where ↵ is step size, which is kept the same with the learning rate of ✓. We differentiate this
equation w.r.t. ! from both sides yielding:�6��

@✓
⇤

@!
= �↵r

2
✓,!

Lseg(✓
⇤
,!), (�.��)

where r
2
✓,!

= @r✓
@!

. By substituting Eq. �.�� into Eq. �.��, we can obtain the gradient on ! and
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update it with:

!
t+1 = !

t
� �r!tLROI(✓

⇤)

= !
t + ↵�r

2
!t,✓Lseg(✓

⇤
,!

t)r✓LROI(✓
⇤),

(�.��)

where � is the learning rate to update !. In this way, the task generator g! is explicitly trained to
produce effective context labels with the second-order gradients. Although Eq. �.�� contains an
expensive vector-matrix product, it is feasible to calculate with prevailing machine learning frame-�6��

works such as PyTorch [���]. We �nd CoLab can be ef�cient as it costs as little as ��% additional
training time. The full algorithm is summarized in Algorithm �.

Algorithm � CoLab
Require:

D = {(xi,yi
)}N

i=1: training data; t: the number of context classes, f�(·): the segmentation
model which produces f�(xi) 2 IR2; g!(·): the task generator which produce g!(xi) 2 IRt.
↵, �: learning rates to update ✓ and !.

�: Extend the classi�cation layer of f�(·) to get f̃✓(·) which produce f̃✓(xi) 2 IRt+1.
�: for each iteration do
�: Sample a batch of data B = {(xi,yi

)}n
i=1 from D.

�: for a number of steps do . Note: One step is suf�cient in our experiments.
�: Generate the context probability q

i
based on the output of task generator g!(xi) via

Eq. �.�.
6: Generate the extended label ỹ

i
by aggregating the context probability q

i
with y

i
via

Eq. �.�.
�: Calculate a loss mask Mi via Eq. �.8 and generate the distance constrained label ˆ̃y

i

via Eq. �.�.
8: Calculate a new ✓

⇤ with the gradient descent optimization algorithm via Eq. �.��.
�: Optimize ! based on meta-gradients via Eq. �.��. . Training the task generator.

��: end for
��: Update ✓ with gradient decent based on updated !. . Training the segmentation model.
��: end for

�.�.� Implementation Details
�.�.�.� Derivatives calculation based on implicit function theorem

One can obtain @✓
⇤

@!
based on implicit function theorem [��]. In order to compute @✓

⇤

@!
, one can�66�

assume that r✓Lseg(✓⇤,!) is continuously differentiable around 0 w.r.t. ! following [���], and
calculate the total derivative of r✓Lseg(✓⇤,!) = 0 w.r.t. ! from both sides:

@r✓Lseg(✓⇤,!)

@✓

@✓
⇤

@!
+

@r✓Lseg(✓⇤,!)

@!
= 0. (�.�6)

With the assumption that r2
✓
Lseg(✓⇤,!) is invertible, one can yield:
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@✓
⇤

@!
= �(r2

✓
Lseg(✓

⇤
,!))�1

r
2
✓,!

Lseg(✓
⇤
,!), (�.��)

However, the Hassian r
2
✓
Lseg(✓⇤,!) is expensive to compute. Therefore, in this study we follow

some heuristics such as [��] to approximate @✓
⇤

@!
.�66�

�.�.�.� Meta-gradient calculation

In our study, we further simplify the calculation of Eq. �.�� with the �nite difference approximation
following [���]. We calculate network parameters ✓

± = ✓ ± ✏r✓LROI(✓⇤) given some small
scalars ✏ = 0.01/ kr✓LROI(✓⇤)k2. With this notion, the second-order gradient can be written
as:�6��

r
2
!t,✓Lseg(✓

⇤
,!

t) ⇡
r!tLseg(✓+,!t)�r!tLseg(✓�,!t)

2✏r✓LROI(✓⇤)

, r
2
!t,✓Lseg(✓

⇤
,!

t)r✓LROI(✓
⇤) ⇡

r!tLseg(✓+,!t)�r!tLseg(✓�,!t)

2✏
.

(�.�8)

In this way, we reduce the calculation complexity fromO(|!||✓|) toO(|!|+ |✓|) and can approxi-
mate Eq. �.�� with two forward passing of f̃✓⇤ .

�.�.�.� Update of task generator

We �nd the segmentation model would not learn well if the context labels changes too frequently.
Therefore, we only update the task generator once several epochs. Speci�cally, we only update !�6��

following step 8 in Algorithm � once �� epochs. Another bene�t of updating ! once several epochs
is that we do not need much more time than the vanilla training process. In practice, we �nd CoLab
just adds extra ��% to ��% of the vanilla training time.
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�.� Experiments
�68�

�.�.� Experimental Setup

�.�.�.� Network con�gurations

We use a state-of-the-art (SOTA) �D U-Net [��6] as the network backbone for both the segmenta-
tion model f�/f̃✓ and the task generator g!. We normalize all datasets with the built-in pipeline
following [��6]. Speci�cally, we adopt case-wise Z-score normalization within brain masks for MR�68�

images, while we employ dataset-wise Z-score normalization based on ROI samples for CT images
after clipping the Houns�eld units (HU) from �.�% to ��.�%. We utilize the default data augmenta-
tion policies for all experiments. We adopt a combination of CE and sample-wise soft DSC loss with
equal weight forL while using BCE forLc. We use a batch size of � and patch size of 8�⇥8�⇥8�.
We train the networks for ���� epochs for brain tumor and lesion segmentation and ���� epochs�6��

for liver, kidney, colon and pancreas tumor segmentation as we observed that the network needed
more iterations to converge latter tasks. All reported results are the average of two runs with dif-
ferent random seeds.

�.�.�.� Liver tumor segmentation

We evaluate CoLab for liver tumor segmentation with the training dataset from the liver tumor seg-�6��

mentation (LiTS) challenge which contains ��� CT images. We exclude the samples which do not
contain any liver tumor leaving ��8 cases. We resample all CT images to a common voxel spacing
of �.�⇥�.�⇥�.� mm following [��6]. We train models with 8� cases and test on �� cases.

�.�.�.� Kidney tumor segmentation

We further conduct experiments using the training dataset of the kidney tumor segmentation (KiTS)����

challenge which contains ��� CT images. We resample all CT images to a common voxel spacing
of �.6⇥�.6⇥�.� mm following [��6]. We tested on �� cases and used the other ��� cases as the
training data.

�.�.�.� Colon tumor segmentation

Weevaluate CoLab for the case of colon tumor segmentation fromCT images. We collect ��6 colon����

cancer CT images from the training dataset of theMedical Segmentation Decathlon challenge [���].
We resample all CT images to the voxel spacing of �.6⇥�.6⇥�.� mm following [��6]. We train
models with 88 cases and test on the other �8 cases.
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�.�.�.� Brain tumor segmentation

We also conduct experiments for brain tumor segmentation using the VS dataset [���] which con-����

tains ��� paired T�-weighted and T�-weighted MR images. We only used T�-weighted MR images
for evaluating CoLab but used T�-weighted MR images to generate the brain structure masks with
MALP-EM. We did not use brain masks for the histogram normalization of this task because VS
can appear at the brain boundary and may be excluded when using common brain extraction al-
gorithms. All MR images have the same isotropic voxel spacing of �.� mm3. We train the models����

with ��6 cases and test on �6 cases following [���].

�.�.�.6 Brain stroke lesion segmentation

Additionally, we evaluate CoLab with brain stroke lesion segmentation using the anatomical trac-
ings of lesions after stroke (ATLAS) dataset [���] which contains ��� T�-weighted MR images.
The MR images all have the same voxel spacing of �.� mm3. We randomly selected ��� cases as����

training data and left the rest �� cases for testing.

�.�.�.� Pancreas and pancreatic tumor mass segmentation

We further evaluate CoLab in the setting of multi-class segmentation. Speci�cally, we train the
segmentation model to segment three classes including pancreas, pancreatic tumor mass and
background. We aim to �nd the context labels which can bene�t the segmentation of both fore-����

ground classes. We collect �8� CT images containing pancreas tumor from the training dataset
of the Medical Segmentation Decathlon challenge [�, 6, ��, ���]. We resample all the CT images
to the voxel spacing of �.�⇥�.�⇥�.6 mm following [��6]. We randomly split the dataset into ���
cases for training and 8� cases for testing.

�.�.� Compared Methods and Processing����

�.�.�.� Context labels based on k-means

We compare CoLab with alternative approaches for context label generation, including a context
label generation via clustering. Here, we take pixels inside the body masks or brain masks as
samples and employ k-means [�] to construct t clusters. We kept t the same with the class number
of human-de�ned anatomymasks. Speci�cally, we chose t = 2 for liver, kidney, colon and pancreas����

tumor segmentation and t = 6 for brain tumor and brain stroke lesion segmentation.

�.�.�.� Context labels based on dilated masks

We also compare with a baseline using dilated masks of the ROI as the context labels. This idea is
somewhat similar to label smoothing [��8, ���] where models are trained with blurred ROI labels.
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Speci�cally, we take the soft dilated masks Mi de�ned in Eq. �.8 and set the context probability����

as p
i
= [1�Mi,Mi]|.

�.�.�.� Context labels predicted with external datasets

We further evaluate and compare to an approach which leverages prior knowledge from other
datasets. Speci�cally, we trained a segmentation model with �� CT images using data from [���]
which contains labels of �� abdominal organs including liver and kidney. We resample the �� CT����

images to the voxel spacing of �.6⇥�.6⇥�.� mm. We reduce the dependency of the model on lon-
gitudinal axis and trained the segmentation model with a patch size of ��8⇥��8⇥�� as the slice
numbers differ across datasets. We then apply this segmentation model to the resampled training
split of LiTS as well as KiTS, and extract the liver and kidney masks as the automatically generated
contextual anatomy masks.����

�.�.�.� Post-processing

We also compare with a common strategy to suppress FP in segmentation based on component-
based post-processing, which is widely adopted in many segmentation pipelines [��6]. Speci�cally,
we assume there is always one ROI and remove all but the largest region.

�.�.� Quantitative Results����

We summarize the quantitative results of the models trained with different types of context labels
on �ve binary segmentation datasets in Table �.� and one multi-class segmentation dataset in
Table �.�. We separate the results according to whether expert knowledge and manual labeling
efforts are needed. Taking the manual segmentation results as the ground truth, we calculate
DSC, SEN, PRC and HD. We show some segmentation results with CoLab in Fig. �.�(c) and also��6�

summarize all the corresponding context labels in Fig. �.�. We provide additional examples of
context labels in Fig. �.��.

As discussed in Section �.�, the baseline segmentationmodel seems to under�t the heterogeneous
background samples resulting in many FPs and decreased precision. We �nd most evaluated con-
text labels approaches can improve the models overall segmentation accuracy with increased pre-��6�

cision. We observe that adding contextual labels consistently bene�tsmodel training and improves
performance.

�.�.�.� Performance of baseline methods

K-means based context labels divide the background samples into different classes based on pixel
intensity. Those context labels seem to help the segmentation model separating the abdominal����

organs and bones from background such as fat and air for the abdominal CT images while in the
case of brain magnetic resonance imaging (MRI), it may help segmenting the images into different
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Image Anatomy masks Model-predicted
anatomy masks

CoLab
! = 2

CoLab
! = 4

CoLab
! = 6 K-means Dilated masks

Liver tumor

Kidney tumor

Colon tumor
Human-defined 

context labels are 
unavailable

Human-defined 
context labels are 

unavailable

Brain tumor
Human-defined 

context labels are 
unavailable

Brain lesion
Human-defined 

context labels are 
unavailable

Human-defined 
context labels are 

unavailable

Pancreas and 
pancreatic 

tumor mass

Human-defined 
context labels are 

unavailable

Human-defined 
context labels are 

unavailable

Figure �.�: Examples of the results f̃✓(xi) of training data with different types of context
labels. The binary ROI masks are shown in red, while multi-class ROI masks are shown in red
and orange. The context labels are visualized using other colors The context labels which ben-
e�t ROI segmentation most and generated without human input are marked with red boxes.
CoLab learns to generate speci�c structure masks for different tasks. This helps the segmen-
tation network to learn better feaure representations for the background class.

regions such as white matter and ventricles. We �nd these k-means based context labels are effec-
tive for liver and kidney tumor segmentation, while being less effective for colon tumor, brain tumor,
brain lesion and pancreas tumor segmentation. This may be due the distinct intensities of large����

organs and background in CT where the generated labels have meaningful semantic information,
bene�ting the model training by enhancing the context representations of kidney and liver tumor.
Because the appearance of colon tumor is heterogeneous, its segmentation depends more on
spatial information and cannot bene�t from purely intensity based context labels. As the pancreas
label already provides enriched context information for pancreatic tumor segmentation, we �nd��8�

baseline context label techniques such as k-means and dilated masks cannot provide additional
bene�t. The structure of the brain anatomy in MR is more complex and the classes generated by
k-means would be noisy and disconnected. Here, the k-means generated labels are less bene�cial
for as they provide insuf�cient context for the ROI.

The context labels based on dilated masks make the segmentation model aware of regions neigh-��8�

bouring the ROIs. We �nd those context labels are effective for liver tumor, kidney tumor, colon
tumor, brain lesion and pancreas segmentation but yield limited improvements for brain tumor
segmentation. This may be because liver tumors, kidney tumors, colon tumors and brain lesions
appear in varying parts of the primary organ. If trained as binary tasks, the segmentation model
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Image Anatomy masks Model-predicted
anatomy masks

CoLab
! = 2

CoLab
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CoLab
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Human-defined 
context labels are 
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Human-defined 
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Human-defined 
context labels are 
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Figure �.��: Additional examples of the results f̃✓(xi) of training data with different types
of context labels. The binary ROI masks are shown in red, while multi-class ROI masks are
shown in red and orange. The context labels are visualized using other colors. The context
labels which bene�t ROI segmentation most and generated without human input are marked
with red boxes.

predicts FP outside the liver, kidney and colon regions or in anatomically unrelated parts of the����

brain because these samples share similar characteristics with the ROIs, as shown in Fig. �.�(a).
In this case, the dilated masks could enhance the spatial relationship between the ROI and the
surrounding context. For example, the dilated masks would connect the liver tumor segmentation
with liver context and avoid FPs outside the liver regions. However, the samples of VS dataset only
contain one ROI per case and VS always appear around the superior vestibular area. Therefore,����

the segmentation model does not need more spatial information to locate the ROIs and does not
bene�t from the dilated masks.

As shown in the third column of Fig. �.�, we obtain high-quality automatic segmentations of liver
and kidney regions as the segmentation of large organs is relatively easy and robust in CT images.
The model-predicted masks show similar improvements compared to using the manually labeled�8��

anatomy masks. However, this approach is not applicable when we do not have prior knowledge
available about the ROIs or when we do not have access to external, manually labelled datasets to
train supervised models for context label generation.

�.�.�.� CoLab

As illustrated in Fig. �.�(c), CoLab can effectively reduce different types of false positive predic-�8��

tion and improve precision while preserving sensitivity. CoLab can be applied to different tasks

88



�.�. Experiments

with similar hyper-parameters and show consistent improvements (+�.� to +8.� points of DSC).
We �nd CoLab yields better segmentation results than all the other context label approaches that
do not use expert knowledge. Moreover, CoLab shows similar improvements compared to using
organ masks for liver and kidney tumor segmentation and even better performance for brain tumor�8��

segmentation, compared with using tissue masks. It is particularly interesting to �nd that CoLab
can improve the segmentation performance of pancreatic tumor mass, on the top of its strong
context label of pancreas. It indicates that there is still room to improve the context representa-
tion for segmentation tasks with human de�ned context labels. CoLab is a �exible and generic
method and can be directly applied to boost performance for a variety of segmentation tasks with�8��

heterogeneous background classes.

We evaluate CoLab with different number context classes t. We �nd that when the segmentation
model tends to make false positive predictions far from the ROI such as liver tumor, kidney tumor,
colon tumor, brain lesion and pancreas tumor, t = 2 is the most effective. This may indicate
that the segmentation would need the context labels to provide mostly spatial information and�8��

t = 2 makes CoLab focus on the location of the ROI as the task generator only needs to separate
one class of context from the remaining background. This single class would enhance the spatial
relationship between the ROI and its surrounding objects. This is consistent with the observations
of the results as shown in Fig. �.�. Speci�cally, the context labels generated with t = 2 highlight
the region next to the liver, kidney and colon regions and could implicitly help the segmentation�8��

model focus on the vicinity of the ROI boundaries.

When the baseline segmentation model is making false positive predictions around the ROIs such
as in the case of VS segmentation, t = 4 and t = 6 seem more effective. This is probably
because the segmentation requires more structured information of surrounding objects and the
complicated context of brain anatomy could be better represented when divided into more than ��8��

classes. As illustrated in Fig. �.�, context labels generated with t = 4 highlight structure informa-
tion around the ROIs. Speci�cally, CoLab generates segmentations of the superior vestibular area
for VS segmentation where the baseline had predicted FP. Similarly, with the task of brain lesion
segmentation, the context labels highlight the regions around ventricles to avoid FP in this area. By
doing so, the model learns spatial information by building speci�c representations for the ventricle�8��

regions.

We should note that CoLab may not be very effective with large t, speci�cally we �nd CoLab with
t = 6would not bring much improvements for kidney tumor, colon tumor and brain lesion segmen-
tation. As shown in Fig. �.�, we observe that the generated context labels could yield checkerboard
patterns. This might be because further decomposing the background class cannot make the task�8��

easier to learn. In this case, we �nd the task generator cannot generate coherent labels and pro-
duce similar probabilities for the different classes in those regions, making the context labels trivial
and hard to learn.
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In general, we �nd t = 2 is most effective for most cases, especially for tumor segmentation in
abdominal CT images. Speci�cally, we suggest the use of t = 2 when the baseline model makes�8��

false positive predictions distant from the ROIs, and t = 4 when over-segmentation is observed
closer to the ROIs.

�.�.� Results with Post-processing
We summarize all the results with component-based post-processing [��6] in Table �.� and Ta-
ble �.�. We �nd this post-processing would always decrease the segmentation performance for�8��

liver tumor, colon tumor and brain lesion as there always exist multiple ROIs per case for those
tasks. This indicates that the FPs next to ROIs cannot be eliminatedwith simple post-processing. In
the future, we could consider to utilize Markov random �eld (MRF) to eliminate FPs for these cases.
For kidney tumor, brain tumor and pancreas tumor segmentation, post-processing can improve
overall segmentation performance with higher precision for most cases. After post-processing,�8��

we �nd CoLab can help the model achieve the best segmentation performance when compared
with other context label generation approaches without human efforts.

�.�.� Effect on Logit Distributions
We also show the effect of CoLab (t = 2 for liver and kidney tumor segmentation and t = 4

for brain tumor segmentation) on the logit distributions in Fig. �.�(c, f, i). We �nd CoLab has a�86�

similar regularization effect than using anatomy masks. By decomposing the background class,
the segmentation model can robustly map the background samples to different locations away
from the decision boundary, reducing the logit shifts, and thus yielding fewer FPs.

�.�.6 Intensity Histograms of ROIs and Context Labels
We analyze the intensity of context labels of different datasets and summarize the intensity his-�86�

tograms in right part of Fig. �.��. K-means based context labels are generated based on pixel
intensity, therefore the histograms of different classes generally distribute in separate regions. Dif-
ferent classes of dilated masks based context labels always share similar intensity distributions,
as dilated masks only takes spatial information into account and does not contain much seman-
tic meanings. CoLab learns to generate context labels within the dilated regions based on meta-�8��

learning. Similar to anatomy masks, CoLab would highlight related semantic regions which similar
to ROIs but differ from other background samples. The intensity of one of the generated context
labels is always similar to that of ROIs. This might indicates that CoLab can generate useful and
semantic context labels which can help the segmentation model better distinguish ROIs from simi-
lar background samples. We should note that here we only analyze the context labels learned in the�8��

�nal models for CoLab. As the task generator would also be optimized during the training process,
it is hard to interpret how CoLab help the segmentation model learn better.
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We also look into the intensity histograms of ROIs in left part of Fig. �.��. We �nd the intensity
histograms of ROIs always largely overlap with that of background samples. The model might re-
quire external spatial information to enhance the prior knowledge of ROI location. t = 2 could�88�

make CoLab highlight the surrounding regions which can help the model reduce false positive pre-
dictions on samples with similar intensity but distant from ROIs. In this case, the model cannot
bene�t from more detailed class representation with t > 2 which would further focus on decom-
posing the samples around ROIs. On the contrary, we notice only the intensity distributions of brain
tumor would differentiate from that of background samples. In order to further improve the seg-�88�

mentation accuracy, the model might require more speci�c subregion information to discriminate
between ROIs and the regions with similar intensity. Perhaps for brain tumor segmentation, the
model can bene�t from knowing the regions which share the most similar intensity distributions
with the ROIs, thus requiring more classes of context labels. This can be a potential factor due to
which only the optimal context class t of brain tumor segmentation is � instead of �. Practitioners�8��

could utilize the intensity histograms of ROI to choose the optimal t. According to these �ndings,
we suggest to choose t = 2 for ROIs having similar intensity with the background samples, while
choose t > 2 for ROIs with distinct intensity distributions from the background samples.
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Table �.�: Evaluation of different binary segmentation tasks with different types of context
label generation approaches. We divide the results according to whether expert knowledge
and labeling efforts are included. The best and second best results without human efforts are
in bold with the best also underlined.

Task Method t DSC SEN PRC HD

Liver tumor [�8]

w/o liver masks � ��.� �8.8 �8.� ���.�
K-means [�] � 6�.� 6�.� 6�.� ��.�

Dilated masks [���] � 6�.� ��.8 68.� 6�.6
CoLab � 6�.� 6�.8 6�.� 6�.�
CoLab � ��.� 6�.� 6�.� �6.�
CoLab 6 ��.� 6�.� 6�.� ��.6

w/ model-predicted liver masks [���] � 6�.� 6�.6 ��.6 ��.�
w/ liver masks [�8] � 6�.8 6�.� 6�.� ��.�

Kidney tumor [�6]

w/o kidney masks � ��.� 8�.� ��.� ���.�
K-means [�] � �6.8 8�.� ��.� 8�.�

Dilated masks [���] � �6.� 8�.� ��.� ��.�
CoLab � �8.� 8�.� ��.� ��.�
CoLab � �6.� 8�.6 �6.� 6�.�
CoLab 6 ��.� 8�.� ��.� ��.�

w/ model-predicted kidney masks [���] � ��.� 8�.� 8�.� �8.�
w/ kidney masks [�6] � ��.� 8�.� �8.� ��.�

Colon tumor [���]

w/o context labels � ��.6 ��.� ��.� ���.�
K-means [�] � ��.� ��.� �8.� ���.�

Dilated masks [���] � ��.� ��.8 ��.8 8�.�
CoLab � �8.� ��.� ��.� 86.�
CoLab � ��.� �8.� ��.� 8�.�
CoLab 6 �6.� ��.� ��.� 88.�

Brain tumor [���]

w/o tissue masks � 8�.� ��.� 8�.� ��.�
K-means [�] 6 8�.� ��.� 8�.� �.�

Dilated masks [���] � 8�.8 ��.6 8�.� 8.8
CoLab � 8�.� ��.� 8�.� �.8
CoLab � 8�.� ��.� 86.� �.�
CoLab 6 8�.� ��.� 8�.� �.�

w/ tissue masks [��6, ���] 6 88.� ��.� 86.� �.�

Brain lesion [���]

w/o context labels � �8.� 68.� �8.6 ��.�
K-means [�] 6 6�.� 6�.� ��.� ��.�

Dilated masks [���] � 6�.� 6�.8 6�.� ��.�
CoLab � 6�.8 68.� 6�.� �8.�
CoLab � 6�.6 68.� 6�.� ��.�
CoLab 6 6�.� 66.� 6�.� ��.�
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Table �.�: Evaluation of different binary segmentation tasks with different types of context
labels approaches with post-processing. The results are calculated with component-based
post-processing. We divide the results according to whether expert knowledge and labeling
efforts are included. The best and second best results without human efforts are in bold with
the best also underlined.

Task Method t DSC SEN PRC HD

Liver tumor [�8]

w/o liver masks � ��.� ��.� 6�.6 ���.�
K-means [�] � ��.� ��.� 6�.� ���.8

Dilated masks [���] � ��.� ��.� ��.� ��8.8
CoLab � �8.� ��.� ��.� ��6.8
CoLab � ��.6 ��.� 6�.� ���.8
CoLab 6 ��.� ��.� 66.� ��.�

w/ model-predicted liver masks [���] � �6.� ��.6 ��.� ��.�
w/ liver masks [�8] � ��.8 �6.� ��.� ���.�

Kidney tumor [�6]

w/o kidney masks � �8.� ��.� ��.8 ��.�
K-means [�] � �8.� ��.� ��.� ��.�

Dilated masks [���] � ��.� �8.6 ��.� ��.�
CoLab � 8�.� 8�.� 8�.� ��.6
CoLab � �6.� �6.� �8.6 ��.�
CoLab 6 ��.� �6.� �6.� ��.�

w/ model-predicted kidney masks [���] � ��.� �8.� 8�.� �6.�
w/ kidney masks [�6] � 8�.� 8�.� 8�.� ��.6

Colon tumor [���]

w/o context labels � �8.� �8.8 ��.� ��.6
K-means [�] � ��.� ��.� ��.� ��.�

Dilated masks [���] � �6.6 �6.� ��.� 6�.�
CoLab � ��.� �6.� ��.� ��.�
CoLab � ��.6 ��.� ��.� ��.�
CoLab 6 ��.� ��.6 ��.8 �8.�

Brain tumor [���]

w/o tissue masks � 8�.� 8�.� 8�.� �.�
K-means [�] 6 86.� ��.� 8�.� �.6

Dilated masks [���] � 8�.� 8�.� 8�.� �.6
CoLab � 8�.� 86.� 8�.� �.�
CoLab � 8�.� ��.� 86.� �.�
CoLab 6 88.6 ��.� 86.� �.�

w/ tissue masks [��6, ���] 6 88.� ��.� 8�.� �.�

Brain lesion [���]

w/o tissue masks � ��.8 ��.� 68.� ��.�
K-means [�] 6 �8.6 �6.� ��.6 ��.6

Dilated masks [���] � 6�.8 6�.� 6�.6 ��.6
CoLab � 6�.� 6�.� ��.� ��.6
CoLab � 6�.� 6�.8 ��.� ��.�
CoLab 6 ��.� �8.� 6�.� ��.6
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Table �.�: Evaluation of pancreas and pancreatic tumor mass segmentation with different
types of context label generation approaches. The best and second best results are in bold
with the best also underlined.

Model t
Pancreas Tumor mass

DSC SEN PRC HD DSC SEN PRC HD
w/o context labels � 8�.� 8�.� 8�.� ��.� �8.� ��.� ��.� ��.�

K-means [�] � 8�.� 8�.� 8�.6 ��.6 ��.8 ��.� ��.8 6�.�
Dilated masks [���] � 8�.� 8�.6 8�.� ��.� �8.� �8.� �8.� �8.�

CoLab � 8�.� 8�.� 8�.� �.� ��.� ��.8 6�.� ��.8
CoLab � 8�.� 8�.� 86.� �.� �8.� ��.� 6�.� ��.�
CoLab 6 8�.� 8�.� 8�.� 8.� ��.6 �8.� 6�.� ��.8

Table �.�: Evaluation of pancreas and pancreatic tumor mass segmentation with different
types of context label generation approaches with post-processing. The results are calcu-
lated with component-based post-processing. The best and second best results are in bold
with the best also underlined.

Model t
Pancreas Tumor mass

DSC SEN PRC HD DSC SEN PRC HD
w/o context labels � 8�.� 8�.� 8�.� �.� ��.� �8.� ��.� ��.6

K-means [�] � 8�.� 8�.� 86.� �.� ��.� ��.� �8.� ��.6
Dilated masks [���] � 8�.� 8�.� 8�.� 8.� ��.� �8.� 6�.� ��.�

CoLab � 8�.� 8�.� 8�.� �.� ��.6 ��.8 6�.� ��.�
CoLab � 8�.� 8�.� 8�.8 8.� ��.� ��.� 6�.� 6�.�
CoLab 6 8�.� 8�.� 8�.8 8.� ��.8 �8.� 6�.� ��.�
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ROI vs Background Anatomy masks K-means Dilated masks

Liver tumor

Kidney tumor

Colon tumor Human-defined context 
labels are unavailable

Brain tumor

Brain lesion Human-defined context 
labels are unavailable

Pancreas and 
pancreatic 

tumor mass

Human-defined context 
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CoLab
! = 2
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! = 4
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! = 6
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Figure �.��: The intensity histogram of ROIs calculated based on y
i
and the different con-

text labels calculated based on f̃✓(xi). The histograms of context labels which bene�t ROI
segmentation most and generated without human input are marked with red boxes.
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�.6 Conclusion
�8�� In this chapter, we �nd that segmentation models are prone to over-segment the ROIs in the pres-

ence of heterogeneous background classes. With the observation of network behaviour across
multiple segmentation tasks, we conclude that this is due to the model being unable to learn dis-
criminative representations from the background samples and the models can be signi�cantly im-
proved by incorporating context labels during training.����

We present CoLab, a generic method to automatically generate effective context labels through
a meta-learning scheme. We show that CoLab improves overall segmentation performance sub-
stantially for several challenging segmentation tasks, without the need of expert knowledge and
laborious labeling efforts. Speci�cally, we �nd the models trained with CoLab have better segmen-
tation accuracy with higher precision.����

As the generated context labels are not always similar to human-de�ned context labels, we believe
the optimal context labels are not unique. In other words, there exist many kinds of context labels
that can bene�t the learning of heterogeneous background samples. It would be interesting to
explore the generalization ability of the generated context labels. Speci�cally, one can investigate
if a kind of generated context labels is bene�cial for different tasks.����

In future work, we will evaluate CoLab in settings such as domain shifts. It will also be interesting to
explore automatic context label generation in multi-task settings where a shared backbone model
is trained to automatically identify interesting subclasses across tasks and even datasets.

In the next chapter, we would explore to alleviate the under�tting of background samples from a
data distribution perspective. We will focus on improving the heuristic data augmentation to �t the����

imbalanced dataset better.
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Chapter �

Joint Optimization of Class-Speci�c
Training- and Test-Time Data����

Augmentation
Data augmentation is crucial for medical imaging segmentation. However, current data augmen-
tation strategies are not always optimal for imbalanced datasets. In Chapter � we already shows
the effectiveness of adapting different transformations for different categories. The work in this
chapter aims to extend that �nding and learn the data augmentation policies automatically. The����

work in this chapter is based on the publications:

�. Z. Li, K. Kamnitsas, Q. Dou, C. Qin and B. Glocker. Joint Optimization of Class-Speci�c
Training- and Test-Time Data Augmentation in Segmentation. resubmitted to IEEE Transac-
tions on Medical Imaging.

This work presents an effective and general data augmentation framework for medical����

image segmentation. We adopt a computationally ef�cient and data-ef�cient gradient-
based meta-learning scheme to explicitly align the distribution of training and validation
datawhich is used as a proxy for unseen test data. We improve the current data augmen-
tation strategies with two core designs. First, we learn class-speci�c training-time data
augmentation (TRA) effectively increasing the heterogeneity within the training subsets����

and tackling the class imbalance common in segmentation. Second, we jointly optimize
TRA and test-time data augmentation (TEA), which are closely connected as both aim
to align the training and test data distribution but were so far considered separately
in previous works. We demonstrate the effectiveness of our method on four medical
image segmentation tasks across different scenarios with two state-of-the-art (SOTA)����

segmentation models, DeepMedic and nnU-Net. Extensive experimentation shows that
the proposed data augmentation framework can signi�cantly and consistently improve
the segmentation performance when compared to existing solutions.
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�.� Introduction
����

Data augmentation is a de facto standard in neural networks and has shown to improve model
generalization [���]. According to the stage when its performed, we can divide data augmentation
into TRA and TEA. TRA aims to increase the variation captured by the training dataset by adding
perturbed samples with the goal to effectively capture the unseen test data distribution. TEA robus-
ti�es the �nal prediction by averaging predictions of prede�ned, assumed non-causal variations of����

test data, to which the model should be robust [��6]. An alternative approach for TEA is to modify
the test data to achieve higher accuracy with the pretrained model by transforming the test sam-
ples to match the distribution of the training data, which is the opposite direction of TRA. Here, we
consider to make TRA and TEA complement each other towards the goal of more accurate and
robust predictions.����

Common data augmentation strategies are usually designed based on heuristics and manually
tuned con�gurations with respect to reducing validation error [��6, ���]. However, strategies de-
signed for one task may not be optimal for another task or dataset. Consequently, data augmen-
tation without considering data and task characteristics may not always improve the model per-
formance. In particular, different medical image segmentation tasks may require different data��6�

augmentation settings, due to changes in image acquisition protocols, modalities, and anatom-
ical structures of interest [��6]. It is tedious to hand-engineer suitable augmentation strategies
for each individual task. Therefore, methods have been proposed to automatically learn effective
augmentations directly from the available training data [��, ���, ���, ���, ���, ���, ��8].

However, we argue that there are two major limitations constraining the performance of current��6�

handcrafted and data-driven data augmentation scheme. First, previous studies [��, ���, ���, ���]
mostly focus on either TRA or TEA separately, without considering their connections, despite the
two being closely linked. This could lead to suboptimal results as the test condition can be adapted
through TEA which is not taken into account by TRA when the two are considered in isolation.
Second, most TRAs adopt the same transformations for all the samples without considering the����

different properties existing in different classes. Speci�cally, the foreground samples in segmenta-
tion are more prone to over�tting than background samples and are underrepresented due to class
imbalance [���]. Current data augmentation strategies fail to model the heterogeneity of samples
from different classes and the resultingmodel performancemay suffer from over�tting under class
imbalance.����

In this study, we aim to bridge the gap between TRA and TEA by presenting a gradient-based meta-
learning framework to automatically discover optimal TRA and TEA strategies, simultaneously.
As illustrated in Fig. �.�(a,b,c,d), data augmentation improves model generalization by making the
training and underlying test data distribution overlap more. Speci�cally, TRA would make the train-
ing distribution much wider to better cover the test distribution. Our data augmentation framework��8�
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(c.f. Fig. �.�(e, f)) further takes class properties and test condition into account, fundamentally
restructuring the data distributions aiming for an increased overlap.

The contributions of this work can be summarized as follows: �)We build a bridge between TRA and
TEA through joint optimization of data augmentation policies during the training process, which in-
creases the intersection of training and test sample distributions and yields better generalization.��8�

�) We introduce a method that automatically �nds different TRA policies for training samples from
different classes, implicitly addressing the class imbalance problem. �) We design a transforma-
tion set for TRA with �� cascaded transformations and �� operations in total, as well as a transfor-
mation set with 8� operations for TEA. These transformation sets cover most transformations in
medical image segmentation and can also be easily extended and applied to other applications. �)����

Extensive experiments performed on four datasets with two state-of-the-art segmentation models
show that our method can consistently improve segmentation performance in various applications
and demonstrate the potential to replace the heuristically chosen augmentation policies currently
used in most previous works.
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(a) w/o Data Augmentation

(e) Learned Class-Specific Training-Time Data Augmentation

(f) Joint Learned Class-Specific Training- and Test- time Data Augmentation
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Figure �.�: Data augmentation improves model performance by aligning the training and
validation/test data distribution. As illustrated in (b) [��], (c)[��, ��6, ���, ���, ���] and
(d) [���, ���], current methods optimize the data distributions by using a validation set as
a proxy for unseen test data. Our framework improves the data augmentation by integrat-
ing two conceptually simple and intuitive ideas: (e) We adopt different kinds of training-time
data augmentation (TRA) for training samples from different classes, effectively extending
the training data distribution and alleviating the class imbalance issue. (f) We jointly optimize
TRA and test-time data augmentation (TEA) during every training iteration, making the data
distributions overlaps more.
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�.� Related Works����

�.�.� Data Augmentation Model
The majority of data augmentation strategies consist of a set of transformations de�ned based
on domain knowledge to represent the heterogeneity of the test data. Examples include rotations,
�ipping, and intensity shifts [��, ���]. On the other hand, there are also heuristic perturbation tech-����

niques such as cutout [6�] and mixup [�6�] that, even though they lead to unrealistic synthetic
samples, have been empirically found to improve model generalization. More realistic transforma-
tions can be generated based on properties matching [�6�] or generative adversarial networks [8�].
Although these techniques have promising performance, the design of data augmentation is dif�-
cult because it requires prior knowledge about the task at hand. Optimal strategies, however, may����

differ signi�cantly between different tasks, datasets and types of input modalities, and thus are
dif�cult to hand engineer [��, ��6]. In this study, we aim to automate the process of designing data
augmentation.

Currentlymost TRAmethods adopt the same transformations to all the training samples except [���],
which proposed to increase the variance of foreground samples by heuristically reducing the num-����

ber of transformed samples for the background classes in order to alleviate class imbalance. How-
ever, they found different hyper-parameters are optimal for different datasets, and the chosen trans-
formations and hyper-parameters were based on heuristics. In contrast, our method automatically
learns different transformations for different classes and discovers the rules from the training data
by itself.����

�.�.� Learning Based Training-Time Data Augmentation
There have been many attempts to optimize TRA along with the training process to obtain task-
speci�c TRA policies. Most of the studies are developed based on the idea of adversarial train-
ing [��]. The basic adversarial augmentation might not improve generalization on real data as the
constructed samples are not realistic. Recent methods attempt to improve real data heterogeneity����

by adopting an advanced augmentation model [��] or restricting the search space [���], which re-
quire strong prior knowledge. Different from these, some methods were proposed to generate arti-
�cial samples with task constraints [��], which encourage a generativemodel to produce additional
well-classi�ed images with class properties to enlarge the training data distribution. However, the
well-classi�ed samples might not be very useful when the training data is suf�cient as they would����

not make signi�cant changes to the learning of the decision boundary.

Our method is closely related to the line of research which optimizes TRA based on the validation
performance such that the learned model can best generalize [��]. Those methods �nd the sets
of augmentation policies that are optimal for a speci�c training database, out of a pool of possible
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transformations, based on reinforcement learning [��, ��8], meta-learning [���, ���], or density����

matching [���]. In our study, we consider to learn the parameters of a probability distribution over
TRA with a meta-learning scheme. The meta-learner parameters are optimized with the aim of
enabling the task segmentation network to perform better on a validation set. In this way, the
meta-learner is explicitly trained to select augmentations that improve generalization. Our method
improves existing solutions by the joint optimization of TRA and TEA as well as learning a separate����

augmentation per class. In addition, the de�ned transformation pool in our work is more compre-
hensive than previous studies for medical image segmentation, making it feasible to improve upon
current heuristic solutions.

�.�.� Learning Based Test-Time Data Augmentation
In TEA, class-posterior probabilities from multiple predictions are averaged after applying prede-����

�ned transformations to the test sample, which is found to be effective to improve accuracy. Re-
cently, some methods were proposed to learn TEA by choosing the transformations obtaining low
loss values on the validation set based on a pre-trained model [���, ���]. Test-time adaptation
is another kind of learning based TEA where the pre-trained model is adapted to �t a single test
sample based on denoising autoencoder [���] or self-supervision [��]. These learning based TEA����

strategies can be seen as a post-processing to the segmentation and do not contribute to the learn-
ing of the model. In contrast, our method proposes to combine the optimization of TRA and TEA
during training, which leads to not only learning the optimal TRA and TEA transformations that
complement each other, but also learning optimal model parameters given the speci�c set of data
transformations.����

���



�.�. Method

�.� Method
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Figure �.�: The optimization process of the proposed method. In this study, data augmen-
tation is formulated as the probability distribution of multiple prede�ned transformations, as
demonstrated in ��, �� and ��. During the same iteration, class-speci�c TRA is optimized
based on meta-gradients with �� while TEA is optimized based on the validation losses of Z
transformed samples with 6�.

�.�.� Preliminaries
We consider the image segmentation problem with c total number of classes. A training dataset
DT = {(xi,yi

)}N
i=1 withN samples is given, where xi is a training image and y

i
corresponds to����

the segmentation label map with individual labels yip 2 {1, ..., c} for each image pixel p. Assum-
ing a segmenter f✓ parameterized by ✓, our aim is to learn optimal ✓⇤ parameters, such that f✓⇤(·)
minimizes the empirical risk over the training data. For any training loss function Ltrain, the em-
pirical risk of the segmentation model f✓ is de�ned as RLtrain(f✓) =

1
N

P
N

i=1 Ltrain(f✓(xi),yi
).

Apart from DT , we usually have a validation dataset DV = {(x̃i, ỹi
)}M

i=1 with M samples along��6�

with a validation loss Lval, which is taken as a proxy for unseen test data and used to tune the
hyper-parameters including learning rates [���], network architecture [���] and data augmentation
policies [��]. Note that DV could come from a different distribution from DT , based on different
assumptions of unseen test data.

�.�.� Sampling Transformations��6�

For a sample xi (or x̃i), we will apply transformation Ti(·) which is speci�c to the i-th sample.
Ti is obtained by sampling from a set ofK operations {O1

, ...,O
K
} based on the corresponding

probability distribution p = [p1, ..., pK ]|. In this study we represent with a different Oj operation
not only transformations of different type (for example rotations, contrast enhancement, etc.) but
also transformations of the same type but different magnitudes (for example rotations of different����
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degree). We do not further optimize the prede�ned magnitudes of transformations during training.
Our method will optimize during training the sampling distribution p of different transformations
for data augmentation, so that we learn which transformations are most appropriate for the given
dataset and task.

In order to include the distribution into the gradient based optimization through the non-differentiable����

sampling process, we reparameterize the categorical distribution using theGumbel-Softmax trick [���].
We calculate the probability of assigning sample xi (or x̃i) with operation Oj as:

sij =
epj+gij

P
K

v=1 e
pv+giv

, for j = 1, ..., K, (�.�)

where gij is a sample drawn from the Gumbel distribution, i.e., gij = –log(–log(")), in which "

is a random number by drawing " ⇠ Uniform(�, �). It then holds that
P

K

j=1 sij = 1 and 0 

sij  1, 8j. In this way, the stochasticity involved in the sampling process is removed from the��8�

computational graph of network’s training and the process of choosing augmentation Ti based on
probability distribution p now becomes differentiable. Speci�cally, Ti is chosen asOj

⇤ where j⇤ =
argmax

j
(sij). The sampling probabilityp, which wewould like to optimize, can still not be updated

via backpropagation, both due to the non differentiable argmax and because the transformations
are non-differentiable in the general case. To work around this, we also calculate a weight wi that��8�

corresponds to the sample xi (or x̃i) with:

wi = max
j

(sij) + (1�max
j

(sij))
| {z }
does not require gradient

, (�.�)

which is a function of the sampling probability sij and is always equal to �. In this way, we can use
wi as a means to optimize p with gradient descend. With this notion, we add the weight into the
empirical risk as R

0
Ltrain

(f✓) = 1
N

P
N

i=1 wiLtrain(f✓(xi),yi
). In this manner, wi and therefore

sij are part of the total loss and hence can be straightforwardly optimized.����

For distinction between TRA and TEA, in the following paragraphs we de�ne the probability distri-
bution and transformation of TRA as p

T
and T̂i while denoting the ones of TEA as p

V
and Vi un-

less otherwise noted. Note that we are considering the problem of image segmentation, therefore
the spatial transformations are always applied to y

i
simultaneously but we omit this for simplic-

ity.����

�.�.� Learning Scheme
We describe the high-level learning scheme of the proposed method in Fig. �.�. During an opti-
mization process (commonly stochastic gradient descent for neural networks), we minimize the

���
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Ltrain over all training data and yield the learned parameters ✓T⇤. In practice, the learned ✓
T⇤ is

sub-optimal for validation data because the training data cannot cover all the underlying data prop-����

erties. Data augmentation is widely utilized to implicitly reduce the generalization gap ✓T⇤
! ✓

V ⇤

by using additional arti�cial training samples T (DT ). However, it is not guaranteed that T (·) is
always effective during this process.

We propose to explicitly close the generalization gap by aligning the training and test data distri-
bution. We optimize the model parameter from ✓

T⇤ to ✓
T̃⇤ by learning a TRA model with a meta-����

learning scheme. Meanwhile, we transform the validation data in the way it can be easier to be
recognized and change the target optimal parameters of validation from ✓

V ⇤ to ✓
Ṽ ⇤. By the joint

optimization of TRA and TEA, we are able to close the generalization gap from ✓
T⇤

! ✓
V ⇤ to ✓

T̃⇤

! ✓
Ṽ ⇤.

meta-learning

∇ෝ𝒑𝑇ℒ𝑣𝑎𝑙(𝓥(𝒟𝑉))

𝜃𝑇∗ = 𝑎𝑟𝑔min
𝜃

ℒ𝑡𝑟𝑎𝑖𝑛(𝒟𝑇)

learning

learning gradient
the status of model 
parameter 𝜃

𝜃𝑉∗ = 𝑎𝑟𝑔min
𝜃

ℒ𝑣𝑎𝑙(𝒟𝑉)

𝜃

𝜃𝑉∗

𝜃𝑇∗∇𝜃ℒ𝑡𝑟𝑎𝑖𝑛(𝒟𝑇)
∇𝜃ℒ𝑡𝑟𝑎𝑖𝑛(𝓣(𝒟𝑇))

𝜃 ෨𝑇∗

Typical 
generalization 

gap

𝜃෩𝑉∗ = 𝑎𝑟𝑔min
𝜃

ℒ𝑣𝑎𝑙(𝓥(𝒟𝑉))
𝜃෩𝑉∗

Our 
generalization gap

𝜃 ෨𝑇∗ = 𝑎𝑟𝑔min
𝜃

ℒ𝑡𝑟𝑎𝑖𝑛(𝓣(𝒟𝑇))

Figure �.�: The learning scheme of the proposed method. When we train the model with
the training data DT and the training criterion Ltrain, the model does not always generalize
well on the validation data DV . We aim to close this generalization gap explicitly by the joint
optimization of TRA T (·) and TEA V(·).

�.�.� Overview of the Training Process����

We aim to reduce the generalization gap explicitly by optimizing a probability distribution over data
augmentations p

T
(or p

V
) based on the gradient from the validation datarpT

Lval (orrpV
Lval).

Thus, p
T
(or p

V
) is automatically adapted to the underlying task-speci�c characteristics.

We formulate the TRA policy as the meta-learning parameters, and similar to our solutions for con-
text label learning (CoLab) as described in Section �.�. We develop a training framework based on����

meta-learning via second-order optimization to accomplish this. The optimization process of the
proposed method is illustrated in Fig. �.�. During the sampling process, we �rst obtain the trans-
formed training data with �� and optimize the model to f✓⇤ with �� based on a single optimization
step; then we pass the transformed validation data with �� through f✓⇤ to compute the second-
order gradients �� and backprop to ��, to learn TRA that leads to learning ✓⇤ that best generalizes����

on validation data transformed with TEA; meanwhile, we also apply varied transformations of TEA
to a single validation sample with �� and we try to learn TEA p

V
which can transform a single

���
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validation sample x̃i to have the lowest validation error with 6�.

Algorithm � Joint Optimization of Class-Speci�c Training- and Test-Time Data Augmentation in
Segmentation
Require:

DT = {(xi,yi)}
N

i=1: training data, DV = {(x̃i, ỹi)}
M

i=1: validation data; f✓(·): the segmentation
model, T̂i(·): TRA which is determined by drawing from class-speci�c probability p̂T , Vi(·): TEA which
is determined by drawing from probability pV .
↵, �, �: learning rate to update ✓, p̂T and pV .

�: Initialize p̂T , pV with heuristic policies referring to the ones in DeepMedic [���] or nnU-Net [��6].
�: for each iteration do
�: Sample a batch of training dataBT = {(xi,yi)}

n

i=1 fromDT and a batch of validation dataBV =
{(x̃i, ỹi)}

m

i=1 from DV .
�: for a number of steps do . Note: One step is suf�cient in our experiments.
�: Sample a set of {T̂i(·)}ni=1 with Gumbel-Softmax distribution parameterized by pT

j based on
sample class.

6: Sample {Vi(·)}mi=1 and {Vk(·)}Zk=1 with Gumbel-Softmax distribution parameterized by pV .
�: Calculate ✓⇤ with an optimization step via Eq. �.6.
8: Optimize p̂T based on normalized meta-gradients:
�: p̂t+1

T
= p̂t

T � �rp̂t
T

1
m

P
m

i=1 Lval(f✓⇤(Vi(x̃i)), ỹi). . Learning of TRA.
��: Optimize pV based on normalized gradient via Eq. �.��. . Learning of TEA.
��: end for
��: Update ✓ to ✓⇤. . Training the segmentation model.
��: end for

�.�.� Learning of Class-Speci�c Training-TimeDataAugmentation
�.�.�.� The design of prede�ned transformations����

Following the design of data augmentation in manymedical image segmentation frameworks [��6,
���], we design the transformation set withL=�� cascaded operations including rotation, mirroring,
gamma correction, histogram transformations, blurring, sharpening, adding noise, and simulat-
ing low resolution. The operation magnitudes are decided by uniformly sampling from prede�ned
ranges. We summarize the detailed information about the operations in Table �.�. Speci�cally,����

the probability distribution and transformations of TRA is extended as p
T

= (p1
, ...,pL) and

T̂i = {T
1
i, ..., T

L
i}.

We ensure that our design of TRA is able to accomplish the same functionality with the built-in data
augmentation in prevailing frameworks such as DeepMedic [���] and nnU-Net [��6], therefore our
method can act as a replacement for heuristic TRA. We initializep

T
with heuristic policies provided����

by these frameworks, as shown in Fig. �.�.

�.�.�.� Class-speci�c data augmentation

We adopt different TRAs for training samples from different classes. Speci�cally, we extend the
probability distribution to p̂

T
= (p

T

1
, ...,p

T

c) which contains different probability distributions

��6
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for c classes. In this way, TRA becomes more �exible and powerful as it gains the ability to draw����

T̂i from different distributions for different classes.

In practice, we determine the class of a training patch with the central pixel of the patch. Note that
in this study we only regard the training samples to come from � classes consisting of foreground
(tumor, lesion, and organs) and background.

�.�.�.� Policy optimization with meta-gradients����

Similar to previous works on learning TRA [��, ���], we aim to learn TRA based on the performance
of validation data and formulate the optimization of TRA as a bi-level optimization problem:

min
p̂T

1

M

MX

i=1

Lval(f✓⇤(x̃i), ỹi
) (�.�)

s.t. ✓
⇤ = argmin

✓

1

N

NX

i=1

Ltrain(f✓(T̂i(xi)),yi
). (�.�)

We propose to solve this based on gradient descent following [��, ���]. We train the model with a
training batch containing n samples and a validation batch consisting of m samples. For simplic-
ity, we shorten 1

n

P
n

i=1 Ltrain(f✓(T̂i(xi),yi
)) asLtrain(✓, p̂T

) and 1
m

P
m

i=1 Lval(f✓⇤(x̃i), ỹi
)) as����

Lval(✓⇤) in the following paragraphs. Based on the chain rule, the gradient of validation loss w.r.t.
p̂
T
is derived as:

rp̂T
Lval(✓

⇤) = (
@✓

⇤

@p̂
T

)|r✓Lval(✓
⇤), (�.�)

where rp̂T
= ( @

@p̂T
)| and r✓ = ( @

@✓
)|. The calculation of @✓

⇤

@p̂T
can be derived based on implicit

function theorem [��]. However, the calculation would introduce a Hessian which is not practical
to calculate with the parameters of deep nerual network as the number of parameters is too large.����

There are many methods to approximate the gradient without Hessian calculation [��, ���, ���], in
this study we choose to approximate ✓

⇤ by using a single training step [��, ���]. Speci�cally, we
approximate the optimal ✓⇤ via a standard training step with:

✓
⇤
⇡ ✓ � ↵r✓Ltrain(✓, p̂T

). (�.6)

Here,↵ is the step lengthwhichwe set equal to the learning rate of the taskmodel. Eq. �.6 evaluates
the effectiveness of the sampled data augmentation. We differentiate this equation w.r.t. p̂

T
from��6�

both sides and yield:

���
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@✓
⇤

@p̂
T

= �↵r
2
✓,p̂T

Ltrain(✓
⇤
, p̂

T
), (�.�)

where r2
✓,p̂T

= @r✓
@p̂T

. By substituting Eq. �.� into Eq. �.�, now we can update p̂
T
with:

p̂t+1
T

= p̂t

T
� �rp̂t

T
Lval(✓

⇤)

= p̂t

T
+ ↵�r

2
p̂t
T ,✓

Ltrain(✓
⇤
, p̂t

T
)r✓Lval(✓

⇤),
(�.8)

which can be interpreted as a gradient of the gradient from the task-driven training. In the above,
� is the learning rate for determining the probability distribution. In this way, we can optimize the
distribution p̂

T
explicitly with the aim to improve generalization of the segmentation model using��6�

the validation data. Eq. �.8 includes a second-order gradient. As the distribution p̂
T
is represented

with only a few parameters (K , which is in the order of ��-���), we �nd the complexity of the
gradient computation to beO(|p̂

T
||✓|)which is feasible and can be handled by prevailing toolboxes

such as PyTorch and Tensor�ow.

After updating p̂
T
, we update f✓ to f✓⇤ to �t the updated TRA policy for the next iteration. We����

optimize p̂
T

along with the training of the task model, and at the end of the training we may have
higher performance than any model learned with a random or manually con�gured augmentation
policy.

�.�.�.� Gradient normalization

We normalize the gradient from different classes of training samples, as we notice that the contri-����

butions of training samples from different classes to the reduction of the validation loss varied a
lot. For example, the foreground samples are more effective for reducing the validation loss, result-
ing in increased probabilities of the policies associated with the foreground samples. Speci�cally,
if we rewrite the gradient in Eq. �.� by the chain rule as:

rp̂T
Lval(✓

⇤) =
nX

i=1

rwiLval(✓
⇤)(

@wi

@p̂
T

)|, (�.�)

we would �nd themagnitude ofrwiLval(✓⇤) is signi�cantly larger for the foreground samples than��8�

the background samples. To resolve this, we rewrite Eq. �.� as rp̂T
Lval(✓⇤) =

P
n

i=1 hi(
@wi
@p̂T

)|

with the normalized gradient hi:

hi = rwiLval(✓
⇤)�

P
n

j=1 [yjc=yic]rwjLval(✓⇤)P
n

j=1 [yjc=yic]
(�.��)
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where yic is the central pixel label of the segmentation label map y
i
and yjc=yic 2 {0, 1} is an

indicator function which is equal to � if and only if yjc = yic. Thus, the gradients are normalized
for different classes. Another bene�t of gradient normalization is that we can guarantee that the��8�

probability of transformation which is not sampled in one iteration would remain unchanged.

�.�.�.� Sampling normalization

We notice that the optimization process could also be biased towards transformations with high
probability. Because the more frequently one transformation is sampled, its probability would be
increased more as long as it is more effective than the majority of the transformations in the same����

batch. As a consequence, it would be likely to be trapped in a local minimum and the probability
of any preferable transformation which is frequently sampled by chance could be increased a lot.
Therefore, we also normalize hi with the sampling frequency and obtain ĥi as:

ĥi =
hiP

n

v=1 [argmaxj(svj)=argmaxj(sij)]
. (�.��)

�.�.6 Learning of Test-Time Data Augmentation
�.�.6.� The design of prede�ned transformations����

We design the transformation set for TEA with K=8� kinds of deterministic operations including
identity along with �� spatial transformations, �� intensity transformations, and �� noise transfor-
mations. For TEA, we use a single transformation for a test data, which is a common practice for
current solutions. Concatenated operations are rarely utilized and might not be necessary for this
setting. This might be because we cannot adopt too many TEA transformations, which will largely����

increase the inference time.

We summarize the detailed information about those transformations in Table �.�. We make sure
the test-time data augmentation is realistic by restricting the prede�ned parameters of the oper-
ations from which the algorithms can choose. We initialize p

V
referring to the heuristic policies

used in nnU-Net [��6] which comprises mirroring and 180° rotation in three directions, as shown����

in Fig. �.�.

�.�.6.� Policy optimization based on reverted predictions

The optimization of TEA is straightforward. We update p
V

by choosing the transformations which
have the lowest validation loss with the same validation sample:

pt+1
V

= pt

V
� �rpV

1

Z

ZX

k=1

L̃val(Vk
�1(f✓(Vk(x̃i))), ỹi

), (�.��)
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where � is the learning rate to update the probability and L̃val is the validation loss function for����

TEA optimization, which can differ from Lval.

�.�.6.� Sampling normalization

Similar to TRA, we notice that the optimization of p
V

would be biased due to the sampling results.
We simplify the second term on the right of Eq. �.�� torpV

L̃val(✓), and derive the gradient based
on the chain rule:����

rpV
L̃val(✓) =

ZX

k=1

h̃k(
@wk

@p
V

)|. (�.��)

Similarly, we normalize the gradients based on sampling frequency and calculate h̃k as:

h̃k =
rwk

L̃val(✓)P
Z

v=1 [argmaxj(svj)=argmaxj(skj)]

. (�.��)

�.�.� Inference of Test-Time Data Augmentation
Given unseen test data, we adopt the learned TEA policy to transform the image. Speci�cally, in
order to simplify the inference process, we do TEA at test time with the weighted sum of operations
that have the highest z probability (z=8 for three-dimensional (�D) U-Net and z=� for DeepMedic).����

The weight of operation O
j is set as the corresponding sampling probability which is calculated

as epj/
P

K

v=1 e
pv .

�.�.8 Joint Learning of Training- andTest-TimeDataAugmentation
We propose to jointly optimize TRA and TEA, and speci�cally we optimize p̂

T
with the transformed

validation data based on pt

V
and rewrite Eq. �.� and �.� as:����

min
p̂T

1

M

MX

i=1

Lval(f✓⇤(Vi(x̃i)), ỹi
) (�.��)

s.t. ✓
⇤ = argmin

✓

1

N

NX

i=1

Ltrain(f✓(T̂i(xi)),yi
). (�.�6)

Note that we optimize both p̂
T
and p

V
in one training iteration. Bridging the optimization process

of p̂
T

and p
V

has two advantages: First, we can reduce the risk of over�tting on the validation
data as it is extended with augmented samples. Second, the model can generalize well to the
transformations we adopt at test time. In this way, TRA and TEA can inform each other during the
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learning process. The full procedure is summarized in Algorithm �. The training process of one����

iteration is illustrated in detail in Fig. �.�.

(2) Sample test-time data augmentation 
policy with the Gumbel distribution 𝒈𝑖

𝒱𝑖
𝒑𝑉

𝒈𝑖

(3) Calculate a new 𝜃∗ with an optimization 
step using the augmented training set 𝓣(𝒟𝑇)

𝓣 𝑓𝜃 𝑓𝜃∗𝑇𝒟𝑇

(4) Calculate the loss with 
augmented validation set 𝓥(𝒟𝑉)

𝑓𝜃∗𝓥𝑇𝒟𝑉

(5) Optimize ෝ𝒑𝑇 based on the meta-gradients 
∇ෝ𝒑𝑇

1
𝑚
σ𝑖=1
𝑚 ℒ𝑣𝑎𝑙(𝑓𝜃∗(𝒱𝑖(෥𝒙𝑖), ෥𝒚𝑖))

𝑓𝜃 𝑓𝜃∗𝓣𝑇𝒟𝑇

(6) Optimize 𝒑𝑉 based on the 
aggregated loss using 𝑍 augmented 

validation samples 𝒱𝑘(෥𝒙𝑖) with 
∇𝒑𝑉

1
𝑍
σ𝑘=1
𝑍 ሚℒ𝑣𝑎𝑙(𝒱𝑘−1 (𝑓𝜃(𝒱𝑘(෥𝒙𝑖))), ෥𝒚𝑖)
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…
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distribution 𝒈𝑖 based on sample class

𝒈𝑖

…
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from 𝜃 to 𝜃∗

𝑓𝜃𝑓𝜃∗

Figure �.�: The illustration of one iteration during the training process. It is consistent with
Algorithm �.

�.�.� List of Operations for Training-Time Data Augmentation
We list all the operations O we use for TRA in Table �.�. Note that we design most operations
with stochastic magnitudes in a symmetric way. That is to say, the transformed image could be
transformed back to the original image using the same operation, with the probability of ��%. In����

this way, we can increase the variance of training dataset with more realistic and potentially useful
samples.

Different from the operation set in AutoAugment which includes operationswith deterministicmag-
nitudes [��], we design each operation with stochastic magnitudes which are sampled from a uni-
form sampling probability. In this way, we can cover transformations with larger variance and����

realize similar functionalities with TRA used in prevailing segmentation methods.

A straightforward question is whether we can further improve TRA by �) adding the number of pre-
de�ned transformations, �) optimizing the magnitude of transformations as well or �) including
more complicated transformations such as generative models (i.e. utilizing a network to gener-
ate the augmented samples). In fact, we �nd that if we extend the transformation set with more����

choices (i.e. largerK), the performance would not be better. It is because enlargingK wouldmake
transformations being sampled less and make TRA harder to optimize. We �nd �-�� is a reason-
able range for K . It would be feasible to additionally optimize the magnitude of the operations.
However, we �nd that it would make the optimization process unstable when we also optimize
the operation magnitudes. This is might because controlling the operation magnitude is hard and����

the transformed images could become unrealistic. In addition, we are not sure if the function of
changing operation magnitude is continuous in reducing the validation loss.
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We also try to utilize a neural network to transform the training samples. Nevertheless, our ini-
tial experimental results show that the model would easily over�t the validation data but cannot
perform well with unseen test data. The transformation model can easily align the training and����

validation data very well as the transformation model has a large mount of parameters. However,
the relationship is too speci�c and does not generalize well on underlying test data. We observe
that reducing model parameters of the transformation models or adding model regularization can
alleviate the over�tting issue but it is still hard to achieve similar results with heuristic TRA strate-
gies.��6�

Table �.�: List of all operations that our method can choose for TRA.We formulate TRA as a
composition of L=�� types of operations, with each operation hasK choices of magnitudes.
K varies from � to �.

Category Series
ID Operation Name Description Range of magnitudes

Spatial
transformations

� Scaling Scale up/ down the image with factor
�+M

[[�, �.�), [�.�, �.�),
[�.�, �.�), [�.�, �.�),

[�.�, �.�)]

� RotateFrontal Rotate the image along frontal axis
anticlockwise/ clockwise

[[�, ��°), [��°, ��°),
[��°, ��°), ��°]

� RotateSagittal Rotate the image along sagittal axis
anticlockwise/ clockwise

[[�, ��°), [��°, ��°),
[��°, ��°), ��°]

� RotateLongitudinal Rotate the image along longitudinal axis
anticlockwise/ clockwise

[[�, ��°), [��°, ��°),
[��°, ��°), ��°]

� MirroringSagittal Flip the sample in sagittal planes None
� MirroringFrontal Flip the sample in frontal planes None
6 MirroringAxial Flip the sample in axial planes None

Intensity
transformations

� Gamma correction Scale x to [�,�], then O(x) = x(1+�)±1 ,
and scale it back

[[�, �.�), [�.�, �.�),
[�.�, �.6)]

8 Inverted gamma
correction

Do the gamma correction with the
inverted image

[[�, �.�), [�.�, �.�),
[�.�, �.6)]

� Shifting intensity
histogram O(x) = x± shift [[�, �.�), [�.�, �.�),

[�.�, �.�)]

�� Scaling intensity
histogram O(x) = x * (� + scale)±1 [[�, �.�), [�.�, �.�),

[�.�, �.�)]

�� Contrast
Reduce the image mean, then O(x) = x
* (� + scale)±1, and add the mean value

back

[[�, �.�), [�.�, �.�),
[�.�, �.�)]

Noise
transformations

��

Blurring Blur the image using Gaussian �lter with
different standard deviations

[[�.�, �.6), [�.6, �.8),
[�.8, �)]

Sharpening
Sharpen the image using Laplacian of
Gaussian �lter with different standard

deviations

[[�.8, �), [�.6, �.8),
[�.�, �.6)]

�� Adding Gaussian
noise

Add Gaussian noise with different
standard deviations

[[�, �.��), [�.��, �.��),
[�.��, �.��)]

�� Simulating low
resolution Scale down the image, and scale it back [[�.8, �), [�.6, �.8),

[�.�, �.6)]
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�.�.�� List of Transformation for Test-Time Data Augmentation

We list all the operationsOwe use for TEA in Table �.�. Note that the operations always have deter-
ministic magnitudes. In this way, we canmake sure we would apply the same set of transformation
to a test sample. We show the example the transformations in TEA in Fig. �.�.

Identity

Spatial 
Transformations

×41

Intensity
Transformations

×30

Noise 
Transformations

×12

Figure �.�: Visualization ofK=8� choices of transformations for TEA we use in this study.
We apply different transformations to a test sample of kidney tumor segmentation (KiTS).
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�.�.�� Implementation Details��6�

�.�.��.� Derivatives calculation based on implicit function theorem

Similar to the descriptions in Section �.�, in order to compute @✓
⇤

@p̂T
, one can calculate the total

derivatives on r✓Ltrain(✓⇤, p̂T
) = 0 w.r.t. p̂

T
from both sides, assuming that r✓Ltrain(✓⇤, p̂T

)

is continuously differentiable at 0 [��, ���]:

@r✓Ltrain(✓⇤, p̂T
)

@✓

@✓
⇤

@p̂
T

+
@r✓Ltrain(✓⇤, p̂T

)

@p̂
T

= 0. (�.��)

Then, with the assumption that the Hessain r2
✓
Ltrain(✓⇤, p̂T

) is invertable, we can yield:����

@✓
⇤

@p̂
T

= �(r2
✓
Ltrain(✓

⇤
, p̂

T
))�1

r
2
✓,p̂T

Ltrain(✓
⇤
, p̂

T
). (�.�8)

The results contain a Hessian r
2
✓,p̂T

Ltrain(✓⇤, p̂T
) and not practical to compute. Therefore, we

follow the heuristics used in [��] to compute the derivatives.

�.�.��.� Meta-gradient calculation

The gradient calculation in Eq. �.8 can be further simpli�ed based on �nite difference approximation
following [���], similar towhatwe have done in Section �.�. With some small ✏ = 0.01/ kr✓Lval(✓⇤)k2,����

we calculate two new parameters with ✓± = ✓± ✏r✓Lval(✓⇤). With this notion, the second-order
gradient can be written as:

r
2
p̂t
T ,✓

Ltrain(✓
⇤
, p̂t

T
) ⇡

rp̂t
T
Ltrain(✓+, p̂

t

T
)�rp̂t

T
Ltrain(✓�, p̂

t

T
)

2✏r✓Lval(✓⇤)

, r
2
p̂t
T ,✓

Ltrain(✓
⇤
, p̂t

T
)r✓Lval(✓

⇤) ⇡
rp̂t

T
Ltrain(✓+, p̂

t

T
)�rp̂t

T
Ltrain(✓�, p̂

t

T
)

2✏
.

(�.��)

In this way, we reduce the calculation complexity from O(|p̂
T
||✓|) to O(|p̂

T
| + |✓|) and can ap-

proximate Eq. �.8 with two forward processes of f✓⇤ .

�.�.��.� Ef�cient data augmentation sampling��8�

Sampling and applying different transformations tox (or x̃i) during each iteration is time-consuming.
In practice, we bypass this bottleneck by fetching a number of transformed samples in advance.
Then when we input the transformed samples into themodel, we sample from the probability again
and get the corresponding si as if it is sampled from the current distribution. In this way, the sam-
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pling and data augmentation process can be done in parallel with network training and does not��8�

need additional time.

�.�.��.� Ef�cient optimization

The proposedmethod described in Algorithm �would triple the training time compared with vanilla
training process. However, the training time can be reduced by updating the data augmentation
policies (step 8 and � in Algorithm �) once several iterations. We �nd we can achieve similar results����

when the policies are updated once �� iterations, only increasing the training time by ��%.

���
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Table �.�: List of all operations that our method can choose for TEA. There are �� types of
operations with a total of K=8� choices.

Category Operation
ID Operation Name Description Range of magnitudes

Identity � Identity No augmentation, O(x) = x None

Spatial
transformations

�,�,�,�,� Scaling down Scale down the image by factor � +
M

[�.��, �.��, �.��,
�.��, �.��]

6,�,8,�,�� Scaling up Scale up the image by factor � + M [�.��, �.��, �.��,
�.��, �.��]

��,��,��,��,�� RotateFrontal ACW Rotate the image along frontal axis
anticlockwise

[�°, ��°, ��°, ��°,
�8�°]

�6,��,�8,�� RotateFrontal CCW Rotate the image along frontal axis
clockwise [�°, ��°, ��°, ��°]

��,��,��,��,�� RotateSagittal ACW Rotate the image along sagittal axis
anticlockwise

[�°, ��°, ��°, ��°,
�8�°]

��,�6,��,�8 RotateSagittal CCW Rotate the image along sagittal axis
clockwise [�°, ��°, ��°, ��°]

��,��,��,��,��RotateLongitudinal ACW Rotate the image along longitudinal
axis anticlockwise

[�°, ��°, ��°, ��°,
�8�°]

��,��,�6,�� RotateLongitudinal CCW Rotate the image along longitudinal
axis clockwise [�°, ��°, ��°, ��°]

�8,��,��,�� Mirroring Flip the sample in different planes [Sagittal, Frontal,
Axial, All]

Intensity
transformations

��,��,�� Gamma expansion Scale x to [�,�], then O(x) = x1+� ,
and scale it back [�.�, �.�, �.�]

��,�6,�� Gamma compression Scale x to [�,�], thenO(x) = x1/(1+�),
and scale it back [�.�, �.�, �.�]

�8,��,�� Inverted gamma
expansion

Do the gamma compression with the
inverted image [�.�, �.�, �.�]

��,��,�� Inverted gamma
compression

Do the gamma expansion with the
inverted image [�.�, �.�, �.�]

��,��,�6 Adding intensity O(x) = x + shift [�.��, �.��, �.��]
��,�8,�� Subtracting intensity O(x) = x - shift [�.��, �.��, �.��]

6�,6�,6� Scaling up intensity
histogram O(x) = x * (� + scale) [�.��, �.��, �.��]

6�,6�,6� Scaling down intensity
histogram O(x) = x / (� + scale) [�.��, �.��, �.��]

66,6�,68 Increasing contrast
Reduce the image mean, then O(x) =
x * (� + scale), and add the mean

value back
[�.��, �.��, �.��]

6�,��,�� Decreasing contrast
Reduce the image mean, then O(x) =
x / (� + scale), and add the mean

value back
[�.��, �.��, �.��]

Noise
transformations

��,��,�� Blurring Blur the image using Gaussian �lter
with different standard deviations [�.�, �.�, �.�]

��,�6,�� Sharpening
Sharpen the image using Laplacian

of Gaussian �lter with different
standard deviations

[�.�, �.�, �.�]

�8,��,8� Adding Gaussian noise Add Gaussian noise with different
standard deviations [�.���, �.���, �.���]

8�,8�,8� Simulating low
resolution

Scale down the image, and scale it
back [�.�, �.�, �.�]
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�.� Experiments

�.�.� Experimental Setup
�.�.�.� Network con�gurations����

Our experiments are performed with DeepMedic [���] and a �D U-Net [��6]. We normalize all
datasets using the pipeline of nnU-Net. Speci�cally, we adopt case-wise Z-score normalization for
magnetic resonance (MR) images, and we normalize computerised tomography (CT) images with
dataset-wise Z-score normalization based on foreground samples after clipping the Houns�eld
units (HU) values from �.�% to ��.�%. We choose cross entropy (CE) as Ltrain for DeepMedic����

and an equal combination of CE and soft Dice similarity coef�cient (DSC) for �D U-Net. We �nd
that the optimal choice of Lval varies for different datasets. We adopt soft DSC for L̃val for all
the experiments. We choose the batch sizes n and m to be ��. We set the primary patch size
as ��⇥��⇥�� for all the experiments with DeepMedic and a patch size of 6�⇥6�⇥6� for all the
applications with �D U-Net except prostate segmentation. We choose a patch size of 6�⇥6�⇥������

for prostate segmentation with �D U-Net because images in this dataset have fewer slices. We
train the networks for �,��� epochs except for kidney and kidney tumor segmentation where we
train for �,��� epochs, as we observed that the networks need more iterations to converge on this
task. All the reported results are the average of two runs with different random seeds.

�.�.�.� Brain stroke lesion segmentation����

We �rstly evaluate the proposed method with binary brain stroke lesion segmentation using the
dataset of anatomical tracings of lesions after stroke (ATLAS) [���]. The images have a voxel
spacing of �.�⇥�.�⇥�.� mm. With a total of ��� T�-weighted MR images, we randomly select
�� (��%) or ��� (���%) for training, �� for validation, and �� for test. Note that this data split is
different from what had in previous Chapters as previously we did not reserve data for validation����

but utilized data either for training or testing.

�.�.�.� Kidney and kidney tumor segmentation

Secondly, we evaluate the proposed method with kidney and kidney tumor segmentation using the
training dataset of KiTS challenge [�6] which contains ��� CT images. We resample all images to
voxel spacing of �.6⇥�.6⇥�.� mm. We randomly select �� (��%) or ��� (���%) for training, �8 for����

validation, and �� for test.

�.�.�.� Abdominal organ segmentation

Wealso evaluate the proposedmethodwith the task of abodominal organ segmentationwhich con-
tains �� classes including spleen (SP), right kidney (RK), left kidney (LK), gallbladder (GB), esopha-
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gus (E), liver (LIV), stomach (STO), aorta (AO), inferior vena cava (IVC), portal vein and splenic vein����

(V), pancreas (PA), right adrenal gland (RA) and left adrenal gland (LA). We resample all images to
a voxel spacing of �.6⇥�.6⇥�.� mm. We randomly select �� for training, � for validation, and 6 for
test.

�.�.�.� Cross-site prostate segmentation

Additionally, we utilize our method to align training data and validation data of prostate segmen-����

tation from two different sites A and B [��8]. Speci�cally, we utilize �� T�-weighted MR images
from site A [��] which were collected with �.�T Philips magnetic resonance imaging (MRI) machine
with endorectal coil and �� T�-weighted MR images from site B [���] which were collected with
�T Siemens MRI machines without endorectal coil. We resample all the images to a voxel spacing
of �.8⇥�.8⇥�.� mm. We investigate the scenario where the target domain (site B) has limited la-����

beled data. We select �� cases from site A for training, � cases for validation, and 6 cases for test.
We select � case from site B for validation and use �8 cases for testing. Note that for cross-site
prostate segmentation, we report results with models trained with both training data and validation
data as this serves as a fairer baseline compared to using training data only.

�.�.� Compared Methods����

�.�.�.� Heuristic

Wecomparewith the heuristic TRA andTEAwhich are set as the default con�gurations in DeepMedic [���]
and nnU-Net [��6]. We also report a few results based on models trained using both the training
and validation data with heuristic TRA.

�.�.�.� Learned TRA����

We compare with methods that adopt the data augmentation policies based on the validation per-
formance without considering class dependency [��, ���, ���].

�.�.�.� TRA with different transformation magnitudes

We also compare with RandAugment [��], which only changes the transformation magnitudes
based on grid searching. Speci�cally, we keep the data augmentation probability and replace the����

operations of the same type with different magnitudes, yielding RandAugment-S, RandAugment-M
and RandAugment-L.

We implement RandAugment [��] based on the heuristic TRA policies of nnU-Net [��6]. Speci�cally,
we keep the probability of adopting operations and substitute all the heuristic operations within the
same type with the ones having certain magnitude. We create three RandAugment policies based����

on varied magnitudes, denoted as RandAugment-S, RandAugment-M and RandAugment-L. The
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sampling distribution of these TRA policies are shown in Fig. �.6. We choose small transforma-
tions for RandAugment-S, middle transformations for RandAugment-M and large transformations
for RandAugment-L. In Fig. �.6, we utilize darkness of different pie chart segments to represent
the magnitudes of the operations. For example, the lightest grey segments refer to the operation��6�

without any transformations and the darkest (black) segments represent the operations with large
transformations.

Sharping

Blurring

Sharping

Blurring

Sharping

Blurring

Heuristic training-time augmentation policies of 3D U-Net with varied magnitudes
Heuristic small augmentation (S) Heuristic middle augmentation (M) Heuristic large augmentation (L)

Figure �.6: The sampling distribution for three heuristic TRA policies. The policies are are
created by only changing the transformation magnitudes, referring to [��].

�.�.�.� Learned TEA

We compare with methods which optimize TEA based on a pretrained segmentation model [���,
���]. Speci�cally, after training the model with proposed TRA, we re�ne TEA as described in Sec-��6�

tion �.�.6.

�.�.� Quantitative Results
Taking the manual segmentation as the ground truth, we calculate evaluation metrics including
DSC, sensitivity (SEN), precision (PRC) and ��% Hausdorff distance (HD). The results are summa-
rized in Table �.�, �.�, �.� and �.6, separately. The learned probability distributions over augmenta-����

tions for brain lesion segmentation based on different models with ���% ATLAS training data are
summarized in Fig. �.�.

�.�.�.� The effectiveness of class-speci�c TRA

Heuristic TRAs, which were tuned based on varied segmentation tasks [��6, ���], signi�cantly help
improve the segmentation performance in all cases compared with models trained without TRA.����

This indicates that TRA is vital for medical image segmentation as limited training data and class
imbalance can easily lead to model over�tting [���].

Learned TRA, which is optimized with validation data, can provide application-speci�c policies and
is more effective than heuristic TRA in most cases. We �nd that the models trained with learned
TRA can even outperform the ones trained with heuristic TRA that use both training and validation��8�
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Table �.�: Evaluation of brain stroke lesion segmentation on ATLAS based on different
network architectures with different amounts of training data using different data augmen-
tation methods. The best and second best results are in bold with the best also underlined.

Model Training-time
augmentation

Test-time
augmentation

��% training data ���% training data
DSC SEN PRC HD DSC SEN PRC HD

DeepMedic [���]

None None ��.� ��.6 6�.� ��.� ��.� ��.� 6�.� ��.�
Heuristic [���] None �8.� 6�.� 6�.� �6.8 �8.� 6�.� 6�.� ��.6
Heuristic† [���] None ��.� 6�.� 6�.� ��.� ��.� 6�.� 6�.� ��.�

Learned [��, ���, ���] None ��.� 6�.� 68.� ��.� �8.� 6�.� 6�.� �6.�
Learned Class-Speci�c None ��.� 6�.� 68.� �6.� 6�.� 66.� 6�.� ��.�

Heuristic [���] Heuristic [��6] 6�.� 6�.� 68.� ��.� 6�.6 6�.� 6�.� ��.6
Learned Class-Speci�c Heuristic [��6] 6�.� 6�.� ��.� ��.6 6�.6 66.� 68.6 ��.�
Learned Class-Speci�c Learned [���, ���] 6�.� 6�.� ��.8 ��.� 6�.6 66.� 6�.� ��.�

Joint Learned Class-Speci�c 6�.� 6�.� ��.� ��.� 6�.� 6�.� ��.� ��.�

�D U-Net[��]

None None ��.6 �6.� 6�.� ��.6 �6.� �8.8 6�.8 ��.�
Heuristic [��6] None �8.� 66.� 6�.� ��.� �8.� 6�.� 6�.6 ��.�
Heuristic† [��6] None �8.8 6�.8 ��.8 ��.� �8.� 6�.� �6.� �8.6

Learned [��, ���, ���] None ��.� 66.6 6�.� ��.� ��.� 6�.� 6�.� �8.�
Learned Class-Speci�c None 6�.� 68.8 66.� ��.8 6�.� 68.� 6�.8 ��.8

Heuristic [��6] Heuristic [��6] 6�.� 6�.� 6�.6 ��.� 6�.� 68.6 68.� ��.�
Learned Class-Speci�c Heuristic [��6] 6�.8 66.� ��.� ��.� 6�.� 68.� ��.� ��.�
Learned Class-Speci�c Learned [���, ���] 6�.� 66.� 6�.� ��.� 6�.� 68.� ��.� ��.�

Joint Learned Class-Speci�c 6�.� 6�.� 6�.� �8.� 6�.� 68.� ��.� ��.�
†We train these models with both training and validation data.

data, as shown in Table �.�. This may indicate that it will be more effective to increase the hetero-
geneity within the training data by adopting application-speci�c TRA than adding a small amount
of training data. We �nd RandAugment with speci�c magnitude could be more effective than the
learned one in some cases. Speci�cally, RandAugment-L is better than the learned ones for kidney
tumor segmentation under speci�c setting, as shown in Table �.�. This might indicate that learned��8�

TRA is prone to over�tting the validation data and the optimized policies are not guaranteed to be
optimal for unseen test data, as also found in [��].

In contrast, class-speci�c TRA can better model the heterogeneity of the real data by taking class
imbalance into account, and thus over�t less and perform better on unseen test data than alterna-
tive methods. We argue that class-speci�c TRA is important as it concerns the imbalanced nature����

of the segmentation datasets and directly regularizes the training data in an implicit way. As shown
in Fig. �.�, compared with heuristic TRA, the learned policies tend to generate larger transforma-
tions for foreground samples while adopting smaller transformations to background samples. In
segmentation, foreground classes are typically underrepresented and a learned baseline model
would be biased towards the majority class. As a result, the model would map the foreground����

samples near the decision boundary and cause false negatives, as shown in [���]. Class-speci�c
TRA can mitigate the class imbalance problem by inducing larger variance within the foreground
samples, making the model learn a better decision boundary, consistently leading to better seg-
mentation results with higher sensitivity. Particularly, we �nd class-speci�c TRA would improve
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Table �.�: Evaluation of kidney and kidney tumor segmentation based on different network
architectures with different amounts of training data using different data augmentation
methods. The best and second best results are in bold with the best also underlined.

Model Training
data

Training-time
data augmentation

Test-time
data augmentation

Kidney Tumor
DSC SEN PRC HD DSC SEN PRC HD

DeepMedic [���]

��%

None None ��.6 8�.� ��.� 8.� ��.� ��.� �6.� ��.�
Heuristic [���] None ��.� ��.� �6.� �6.� 66.6 6�.� ��.� �6.�

Learned [��, ���, ���] None ��.8 ��.� �6.� ��.� 6�.� ��.� ��.� 6�.8
Learned Class-Speci�c None ��.� ��.� �6.� �.8 ��.6 ��.8 �6.8 66.�

Heuristic [���] Heuristic [��6] ��.8 ��.� ��.� ��.� ��.� ��.� �8.� �8.�
Learned Class-Speci�c Heuristic [��6] ��.� ��.� ��.� 6.� ��.� ��.� �8.� �8.�
Learned Class-Speci�c Learned [���, ���] ��.8 ��.� ��.� �.� ��.8 ��.6 �8.� ��.�

Joint Learned Class-Speci�c ��.8 ��.� ��.� ��.� ��.� ��.� ��.� �8.�

���%

None None ��.� ��.� �6.� ��.6 ��.� ��.� 6�.� ��.8
Heuristic [���] None �6.� �6.8 ��.� �8.� 6�.� ��.� 6�.8 �6.�

Learned [��, ���, ���] None ��.� ��.� ��.� ��.� 6�.� ��.� 6�.6 8�.�
Learned Class-Speci�c None ��.8 ��.� ��.8 ��.� ��.� �8.� ��.� 88.�

Heuristic [���] Heuristic [��6] �6.� �6.8 �6.� ��.� ��.� ��.� ��.� 6�.�
Learned Class-Speci�c Heuristic [��6] �6.� ��.� ��.� ��.� ��.� ��.� ��.� ��.�
Learned Class-Speci�c Learned [���, ���] �6.� ��.� ��.� ��.� ��.� ��.� ��.6 6�.�

Joint Learned Class-Speci�c �6.� �6.8 ��.� ��.� ��.� ��.6 ��.� ��.�

�D U-Net [��]

��%

None None ��.� ��.� ��.� �.� ��.� ��.� 6�.� ���.6
Heuristic [��6] None �6.6 �6.� �6.� �.6 �6.6 8�.� ��.� ��.6

RandAugment-S [��] None �6.� �6.� ��.� �.� ��.� �6.6 �8.� ��.�
RandAugment-M [��] None �6.� ��.� ��.� �.8 ��.� ��.� ��.� ��.�
RandAugment-L [��] None �6.� �6.� ��.� �.� ��.6 8�.� ��.� 6�.�
Learned [��, ���, ���] None �6.� �6.� �6.8 �.8 �6.� 8�.� �6.� ��.�

Learned Class-Speci�c None �6.8 �6.6 �6.� �.� �8.� 8�.� �8.� ��.�
Heuristic [��6] Heuristic [��6] �6.� �6.6 ��.� �.� �8.8 8�.� ��.� ��.�

Learned Class-Speci�c Heuristic [��6] �6.8 �6.� ��.� �.� �8.� 8�.� ��.6 ��.�
Learned Class-Speci�c Learned [���, ���] �6.8 �6.� ��.� �.� �8.8 8�.� ��.6 ��.�

Joint Learned Class-Speci�c ��.� �6.� ��.� �.� ��.� 8�.� ��.� ��.�

���%

None None �6.� ��.8 ��.� �.8 6�.� ��.� ��.6 �8.�
Heuristic [��6] None �6.� ��.� �6.� �.� ��.6 8�.� ��.6 ��.�

Learned [��, ���, ���] None �6.8 ��.� �6.8 �.� �8.� 8�.� ��.� ��.6
Learned Class-Speci�c None �6.8 �6.8 �6.8 �.� �8.� 8�.� �8.� �8.8

Heuristic [��6] Heuristic [��6] ��.� ��.� ��.� �.� ��.� 8�.� ��.� ��.�
Learned Class-Speci�c Heuristic [��6] ��.� ��.� ��.� �.� 8�.� 8�.� 8�.� ��.�
Learned Class-Speci�c Learned [���, ���] ��.� ��.� ��.� �.� 8�.6 8�.� 8�.� �8.�

Joint Learned Class-Speci�c ��.� ��.� ��.� �.� 8�.� 8�.� 8�.6 �8.6

the segmentation performance of rare classes more signi�cantly (c.f. Table �.�) as it can enhance����

the rare class representation by increasing the heterogeneity of foreground sample variation. We
also �nd that the probabilities of spatial transformations change more signi�cantly compared to
intensity transformations. This might indicate that spatial transformations are more effective in
increasing the heterogeneity within training data. We report the segmentation results of both site
B and site A with cross-site prostate segmentation in Table �.6. Although the learned data aug-����

mentation is optimized based on the validation data from site B (target domain), the models can
still generalize well on site A. This indicates that our method can be a safe choice to calibrate the
segmentation performance of different domains within multi-domain learning.

We �nd that class-speci�c TRA could be less effective with �DU-Net on prostate segmentation. It is
mainly because the sampled patches always contain foreground, as the image size of this dataset����
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Table �.�: Evaluation of abdominal organ segmentation based on different network archi-
tectures using different data augmentation methods. The best and second best results are
in bold with the best also underlined. AVGr is the average performance of all rare classes
including GB, E, AO, IVC, V, PA, RA and LA.

Model Training-time
data augmentation

Test-time
data augmentation

DSC
SP RK LK GB E LIV STO AO IVC V PA RA LA AVG AVGr

DeepMedic [���]

None None 8�.� 8�.� ��.6 �8.� ��.� ��.8 �6.� 8�.8 8�.� 6�.� ��.� ��.� ��.� ��.� 6�.�
Heuristic [���] None ��.� ��.� ��.8 ��.8 ��.� ��.� ��.� 8�.� 8�.� 6�.8 6�.� 6�.� 66.� �8.� ��.�

Learned [��, ���, ���] None ��.� ��.8 ��.� 6�.6 �6.� ��.� 8�.� 86.� 8�.� ��.� 66.� 68.� 6�.6 ��.� ��.6
Learned Class-Speci�c None ��.8 8�.� ��.� 6�.� �6.6 ��.� ��.6 8�.� 8�.� 6�.� 68.� 6�.� 66.8 ��.� ��.�

Heuristic [���] Heuristic† [��6] ��.� ��.6 ��.� 6�.� �8.6 ��.� �8.� 8�.� 8�.� ��.� 66.� 6�.� 6�.� �8.� ��.�
Learned Class-Speci�c Heuristic† [��6] ��.� ��.� ��.� 6�.� ��.� ��.� 8�.8 86.6 86.� 6�.� 68.� 66.� 6�.� ��.� ��.�
Learned Class-Speci�c Learned [���, ���] ��.� 8�.� ��.� 6�.6 ��.� ��.� 8�.� 86.� 86.� 6�.� 68.8 68.� 66.6 ��.8 ��.�

Joint Learned Class-Speci�c ��.� ��.� ��.� 6�.� ��.6 ��.� 8�.� 86.� 8�.� 6�.� 68.� 66.� 66.8 ��.6 ��.�

�D U-Net [��]

None None 8�.� ��.6 ��.� ��.� 6�.8 ��.� 86.� 88.� 86.� 6�.� 6�.� ��.8 6�.� ��.� 6�.�
Heuristic [��6] None ��.� ��.� ��.6 ��.� ��.� �6.� 8�.� ��.6 88.� ��.� ��.� 6�.� 6�.8 8�.� ��.�

Learned [��, ���, ���] None ��.6 ��.� ��.8 ��.� �6.6 �6.� ��.� ��.8 88.� ��.� ��.� 6�.� 66.� 8�.� ��.�
Learned Class-Speci�c None ��.� ��.� ��.� ��.� �6.� �6.� 88.� ��.� 88.� ��.8 ��.� 6�.� ��.6 8�.8 ��.�

Heuristic [��6] Heuristic [��6] ��.� ��.6 ��.8 �8.� ��.� �6.� ��.� ��.8 88.6 ��.6 ��.� 6�.� 6�.� 8�.8 ��.�
Learned Class-Speci�c Heuristic [��6] ��.� ��.� ��.� ��.� ��.� �6.� 8�.� ��.� 88.� �6.� ��.� 6�.8 ��.8 8�.� ��.�
Learned Class-Speci�c Learned [���, ���] ��.� ��.� ��.� �6.� ��.6 �6.� 8�.� ��.� 88.� ��.� ��.� 6�.8 ��.6 8�.� ��.�

Joint Learned Class-Speci�c ��.� ��.� ��.� 6�.8 8�.8 �6.� 8�.� ��.� 8�.� ��.� ��.6 66.� ��.� 8�.8 �6.�

†We adopt a heuristic TEA policy with larger probability of identity transformation here
because typical ones would decrease the performance.

is relatively small. In this case, the optimization could be misled by the class-speci�c constraints.
In practice, this could be resolved by adopting a smaller patch size or restricting the regions of loss
calculation.

�.�.�.� The effectiveness of joint optimization

We �nd heuristic TEA can help the pretrained models produce better overall segmentation results����

with higher precision. This is because the ensemble of multiple predictions can reduce false pos-
itives as the models are unlikely to produce the same kind of false positives with all the trans-
formed images. However, when TRA is optimized based on validation data without TEA , heuristic
TEA might not work well as the model may over�t to the original data distribution and thus fail to
generalize to the transformed data. Speci�cally, we observe that heuristic TEA would decrease the����

model performance for �D U-Net trained with ��% ATLAS training data (-�.� in terms of DSC, c.f.
Table �.�) and Deepmedic trained for prostate segmentation (-�.� in terms of DSC, c.f. Table �.6)
using learned class-speci�c TRA. In comparison, learned TEA can re�ne the transformations to �t
the pretrained models and improve the results for most cases.

However, learned TEA alone does not affect model training and cannot change the results signi�-����

cantly compared to heuristic TEA . In contrast, our method optimizes TRA based on TEA along the
training process, jointly aligning the data distributions resulting in larger overlaps. For example, as
illustrated in Fig. �.�(a), the learned TEA policy would increase the probability of �ipping in sagittal
planes for DeepMedic trained with ���% ATLAS training data. Correspondingly, TRA would tune the
training data distribution with more samples �ipped in the sagittal planes. It might be because the����

left and right hemispheres of human brains are generally symmetric. In this way, the segmentation
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Table �.6: Evaluation of cross-site prostate segmentation based on different network ar-
chitectures using different data augmentation methods. The best and second best results
are in bold with the best also underlined.

Model
Site A Site B Site B Site A

Training-time
data augmentation

Test-time
data augmentation DSC SEN PRC HD DSC SEN PRC HD

DeepMedic [���]

None None ��.� ��.6 ��.� ��.6 8�.� ��.� ��.� 6.�
Heuristic [���] None �6.� ��.� ��.� �6.� 88.� 8�.� ��.� �.8
Heuristic† [���] None �6.� �6.� ��.� �.� ��.6 ��.� 8�.� �8.�
Heuristic‡ [���] None 6�.� 6�.� ��.� ��.� 88.� 8�.8 ��.� �.�

Learned‡ [��, ���, ���] None 6�.8 6�.8 ��.� ��.� 8�.� 8�.� ��.6 �.6
Learned Class-Speci�c‡ None ��.� 68.� ��.� �8.� 88.� 8�.6 ��.� �.�

Heuristic‡ [���] Heuristic [��6] 6�.� 66.� �6.� 8.� 88.� 8�.6 ��.6 �.6
Learned Class-Speci�c‡ Heuristic [��6] 6�.� 66.� 8�.� 8.� 88.8 86.� ��.� �.�
Learned Class-Speci�c‡ Learned [���, ���] ��.� 6�.� ��.6 ��.� 88.� 86.� ��.� �.6

Joint Learned Class-Speci�c‡ ��.8 ��.� �6.6 �.� 88.� 8�.� ��.8 �.�

�D U-Net [��]

None None ��.� ��.8 6�.� ��.� 8�.� 8�.� ��.� �.�
Heuristic [��6] None 6�.� 8�.� ��.� 6�.� 8�.� 88.� ��.8 �6.�
Heuristic† [��6] None 68.� 6�.� 8�.� �.8 ��.6 �8.6 ��.� ��.�
Heuristic‡ [��6] None ��.� 88.� 6�.6 6�.� 8�.� 88.� ��.� �8.�

Learned‡ [��, ���, ���] None �6.� 8�.8 6�.� ��.� 8�.� 8�.� 8�.� �6.�
Learned Class-Speci�c‡ None ��.� ��.� 6�.� ��.� 8�.� 8�.6 86.6 ��.�

Heuristic‡ [��6] Heuristic [��6] �8.� ��.� ��.� �8.� 8�.� 8�.� ��.6 ��.�
Learned‡ [��, ���, ���] Heuristic [��6] �8.� 8�.� ��.6 ��.� 88.� 8�.� 8�.� ��.8
Learned‡ [��, ���, ���] Learned [���, ���] ��.6 8�.� ��.� ��.6 8�.� 8�.� 8�.� ��.�

Joint Learned‡ 8�.� 88.� ��.� �8.� ��.� 8�.� ��.� ��.8
†We pretrain these models with training data from site A and �ne-tune with validation data

from site B.
‡We train these models with both training data from site A and validation data from site B.

models not only have lower risks of making the same false positives but also generalize better
on varied transformed samples. As a result, we �nd that the joint optimization further boosts the
segmentation performance by achieving higher precision and sensitivity.

We argue that the joint optimization is crucial for data augmentation as it explicitly aligns the train-����

ing and test-time conditions. Otherwise, the model may get stuck into a local minimum where we
cannot �nd effective test-time transformations to �t the training data distribution. For example, we
�nd that when comparedwith segmentationwithout TEA, learned TEA brings limited improvements
for �DU-Net trained with ��%KiTS training data (�.� in terms of DSC, c.f. Table �.�) and DeepMedic
trained for prostate segmentation (�.� for site B in terms of DSC, c.f. Table �.6). This indicates that����

the predictions on most chosen transformations cannot contribute much to the results on top of
the predictions of the original test images. In contrast, the joint optimization leverages the var-
ied test-time transformations and improve the segmentation (�.� and �.8 separately in terms of
DSC). We notice that the learned TEA policies would generally prefer the original images (identity).
In addition, the transformations which are not included in heuristic TEA are hardly useful. These����

�ndings indicate that we may not need to apply large transformations to the test data to improve
generalization.
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(a) Final learned policy of DeepMedic with 100% ATLAS training data
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(b) Final learned policy of 3D U-Net with 100% ATLAS training data
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Figure �.�: The heuristic data augmentation policy and the learned probability distributions
over augmentations based on different segmentation models for brain stroke lesion seg-
mentation with ���% ATLAS training data. We also visualize an example of the transformed
foreground training sample with different sampling distributions for TRA. Our framework pro-
vides application-speci�c and class-speci�c data augmentation policies. We �nd the learned
policies would adopt larger transformations to the foreground (FG) than the background (BG)
samples, implicitly alleviating the class imbalance issue.

We visualize some segmentation results in Fig. �.8. Similar to the �ndings in a previous study [���],
the model trained with imbalanced dataset would be prone to undersegment the foreground sam-
ples as a result of over�tting under class imbalance. Our class-speci�c TRAmodel can signi�cantly����

reduce false negatives and improve the sensitivity of segmentation results. We observe heuristic
TEA could cause under-segmentation while the joint optimization can further help the model im-
prove segmentation performance by identifying more foreground samples.

�.�.� Learned Policies with Different Settings
We summarize all the learned policies for different tasks based on different models. We expect it����

to be taken as a reference for participants to collect datasets and design transformations for data
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Figure �.8: Visualization of different datasets and segmentation results with different data
augmentation methods. The proposed data augmentation framework can help the model
produce overall better segmentation results with higher sensitivity. Best viewed in color.

augmentation. The data augmentation policies for different network architectures are initialized
with the heuristic policies provided by these frameworks. These default policies are designed for
general purpose and speci�cally to �t the properties of different segmentation models. Therefore,
the learned policies also differ considerably between models.��6�

We summarize the learned data augmentation policies for brain stroke lesion segmentation with
��% ATLAS training data in Fig. �.�, As brain stroke lesion is relatively small and always under-
represented, we �nd the learned TRA policies tend to apply transformations with larger magni-
tude to foreground samples and transformations with smaller magnitude to background samples.
Speci�cally, when compared with heuristic policies, the learned policies would increase the proba-��6�

bilities of adopting transformations for foreground samples while decrease these probabilities for
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Figure �.�: The learned probability distributions over augmentations based on different
segmentation models for brain stroke lesion segmentation with ��% ATLAS training data.
We also visualize an example of the transformed foreground training sample with different
sampling distributions for TRA.

background samples. We observe consistent changes in all kinds of transformations. This indi-
cates that the segmentation models would bene�t from foreground samples with more variances
and background samples with limited transformations.

We �nd the probabilities of spatial transformations such as scaling and rotation would be largely����

increased. This indicates that spatial transformations make more differences to the training data
distributions. We also �nd that the policies learned with ���% training data would often adopt
larger transformations when compared with the ones learned with ��% training data. This indi-
cates that the optimal TRA policies vary for training datasets with different amounts of samples.
Speci�cally, we should utilize larger transformations to effectively extend the data distributions����

with suf�cient training data. It may be because small transformations are hard to add more infor-
mation to the training datasets on the top of suf�cient training data.

We �nd the learned TEA policies for DeepMedic often increase the probabilities of �ipping in sagit-
tal planes. It might be because the initialized TRA policy for DeepMedic has large probabilities
of �ipping in the sagittal planes (which is designed by taking into account the symmetrical brain��8�

structure). We also notice the learned TEA policies would always largely increase the probabilities
of identity for both DeepMedic and �D U-Net. This indicates that the predictions of images in the
original data distribution are fairly accurate.

We summarize the learned data augmentation policies for kidney and kidney tumor segmentation
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Figure �.��: The learned probability distributions over augmentations based on different
segmentation models for kidney and kidney tumor segmentation with ��% KiTS training
data. We also visualize an example of the transformed foreground training sample with dif-
ferent sampling distributions for TRA.

with ��% KiTS training data in Fig. �.�� and ���% KiTS training data in Fig. �.��. We �nd when the��8�

segmentation models are trained with ��% training data, the learned TRA policies tend to generate
larger transformations for foreground samples, similar to the case of brain stoke lesion segmenta-
tion. This might be because the kidney and kidney tumor are under-represented with less training
data. In contrast, the policies learned with ���% training data do not have consistent bias towards
the foreground samples. This may be because the class imbalance problem probably would not����

affect the learning process too much as the training datasets contain a suf�cient amount of fore-
ground samples. Under such condition, the policies are learned to generate class-speci�c trans-
formations. Speci�cally, the learned policies increase the probabilities of scaling for foreground
samples while increase the probabilities of noise transformations such as sharpening and simu-
lating low resolution for background samples.����

When compared with brain stroke lesion segmentation in T�-weighted MR images, we �nd the
learned policies prone to adopting intensity transformations such as gamma correction and inten-
sity shifting and noise transformations such as adding Gaussian noise and simulating low reso-
lution for TRA for kidney and kidney tumor segmentation in CT images. This is may because the
objects in CT images have low contrast and blurred boundaries. In this case, the simulated images����

with varied imaging quality can help the segmentation model generalize better with unseen image
conditions.
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Figure �.��: The learned probability distributions over augmentations based on different
segmentation models for kidney and kidney tumor segmentation with ���% KiTS training
data. We also visualize an example of the transformed foreground training sample with dif-
ferent sampling distributions for TRA.

We summarize the learned data augmentation policies for abdominal organ segmentation in Fig. �.��.
The learned policies for abdominal organ segmentation are quite different from the cases of brain
stroke lesion and kidney tumor segmentation. This is may due to the complexity of foreground����

class which contains many different classes of abdominal organs. We �nd the learned TRA poli-
cies are prone to adopt large scaling transformations to the background samples. This maybe
because some background objects which are similar to the foreground objects vary in size. The
segmentation models can perform better when learned simulated background objects with varied
scales. Similar to the case of kidney tumor segmentation in CT images, the learned TRA policies����

tend to adopt many intensity and noise transformations. We think this is also related to the low
imaging contrast and blurry boundaries of CT.

We �nd the default TEA policy would decrease the performance of the segmentation model, there-
fore we utilize and initialize with a TEA policy with increased probability of identity, as shown in the
upper part of Fig. �.��. The learned TEA policy for DeepMedic further increases the probability of����

identity. This indicates that DeepMedic cannot perform well with transformed images. This is be-
cause the initialized TRA policies for DeepMedic do not contain large transformations. This could
be also related to the network architecture of DeepMedic which contains more convolutional layers
in the original size. The network design drives DeepMedic to make predictions relying more on the
local features, potentially being more sensitive to noise.����
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Figure �.��: The learned probability distributions over augmentations based on different
segmentation models for abdominal organ segmentation. We also visualize an example of
the transformed foreground training sample with different sampling distributions for TRA.

We summarize the learned data augmentation policies for cross-site prostate segmentation in
Fig. �.��. We �nd the learned TRA policies are generally very close to the initialized ones. This
indicates that the default TRA policies �t this task well. We notice the learned TRA policies for
background adopt more intensity transformations such as intensity shifting and noise transforma-
tions such as simulating low resolution which downsamples the image and scale it back. Those����

transformations might help align the MRI datasets acquired with different settings.

�.�.� Logit Distribution Maps
To obtain a better understanding of network behaviour after training with different data augmen-
tation methods, we monitor the network activations when processing test samples of different
classes. The logit distributions of DeepMedic trained with ���% ATLAS training data and ��% KiTS����

training data are both summarized in Fig. �.��. We �nd that data augmentation can always help the
model build better representation, especially for the minority classes such as lesion and kidney tu-
mor. Without data augmentation, themodel wouldmap the samples from theminority class across
the decision boundary, causing false negatives. We observe that heuristic data augmentation can
help the model map the logits of the samples from the minority classes away from the decision����

boundary. The proposed data augmentation strategy can help the model further reduce logit shifts
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(a) Final learned policy of DeepMedic with cross-site prostate segmentation

Training-time data augmentation for FG
Joint learned class-specific sampling distribution

Training-time data augmentation for BG Test-time data augmentation

(b) Final learned policy of 3D U-Net with cross-site prostate segmentation
Joint learned class-specific sampling distribution

Training-time data augmentation Test-time data augmentation

Heuristic TRA policy
One transformed training sample (DeepMedic)

Learned FG TRA policyIdentity Heuristic TRA policy
One transformed training sample (3D U-Net)

Learned TRA policyIdentity

Figure �.��: The learned probability distributions over augmentations based on different
segmentation models for cross-site prostate segmentation. We also visualize an example
of the transformed foreground training sample with different sampling distributions for TRA.

of the minority classes and build a better decision boundary. Moreover, it can make the model map
the logits of samples from the same class to amore compact cluster. This indicates that themodel
trained with our method can implicitly encourage the feature to have better inter-class separability
and intra-class compactness, thus generalize well.����

�.�.6 Visualization of Validation Loss
We visualize validation loss curves of four settings in Fig. �.�� and Fig. �.�6. We �nd when the
model is trained without TRA, it would be very likely to over�t the training dataset as we observe
that the calculated CE of validation data would even increase during the training process, but not
for DSC. This might indicate that the model becomes overcon�dent with the prediction of the hard����

cases.

Heuristic and learned TRA can help the model decrease the validation loss, while the proposed
learned class-speci�c TRA is the most effective to decrease the validation loss. This indicates
that our class-speci�c transformation model is more capable of mimicking the underlying data
distribution and thus help the segmentation model generalize better.����
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DeepMedic with 100% ATLAS training data

DeepMedic with 50% KiTS training data
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Figure �.��: The logit distribution learned with different data augmentation policies. (Uppr
part) Activations of the classi�cation layer (logit z0 for backround and logit z1 for lesion) when
processing the lesion (blue) or background samples (orange) of test data with different data
augmentation methods. (Lower part) Activations of the classi�cation layer (logit z0 for back-
round, logit z1 for kidney and logit z2 for kidney tumor) when processing the kidney tumor
(blue), kidney (yellow) and background samples (orange) of test data with different data aug-
mentationmethods. Compared with training without data augmentation or heuristic data aug-
mentation, the proposed framework can make the model better separate the samples from
different classes.
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Validation loss curves of DeepMedic with 100% KiTS training data
ℒ𝑣𝑎𝑙: 𝐶𝐸 ℒ𝑣𝑎𝑙: 𝐷𝑆𝐶

Validation loss curves of 3D U-Net with 50% KiTS training data
ℒ𝑣𝑎𝑙: 𝐶𝐸 ℒ𝑣𝑎𝑙: 𝐷𝑆𝐶

Figure �.��: Validation loss curves of different models trained for kidney and kidney tumor
segmentation with KiTS. Compared with heuristic and learned class-agnostic data augmen-
tation, the learned class-speci�c data augmentation can decrease the loss more. This may
indicate that class-speci�c data augmentation is more effective in aligning the training and
validation data distribution.

Validation loss curves of DeepMedic with 100% ATLAS training data
ℒ𝑣𝑎𝑙: 𝐶𝐸 ℒ𝑣𝑎𝑙: 𝐷𝑆𝐶

Validation loss curves of 3D U-Net with 50% ATLAS training data
ℒ𝑣𝑎𝑙: 𝐶𝐸 ℒ𝑣𝑎𝑙: 𝐷𝑆𝐶

Figure �.�6: Validation loss curves of different models trained for brain lesion segmenta-
tion with ATLAS. The learned class-speci�c data augmentation can decrease the loss more
in comparison with the alternative methods.
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�.� Conclusion
We presented a general data augmentation framework for medical image segmentation. Com-
pared with current solutions, our method aims to bridge the gap between training and test data
distributions by class-speci�c TRA and joint optimization of TRA and TEA. We observe promising����

improvements in various tasks and models, making the proposed framework an attractive alterna-
tive to heuristic data augmentation strategies.

The proposed data augmentation framework determines the sample class according to the cate-
gory of the center pixel of the patch. We think class-speci�c TRA �ts the task of image classi�-
cation well and should perform well with long-tailed classi�cation tasks. However, this could be��6�

not compatible with segmentation tasks when training with large patch size, as in this case each
patch would contain all classes of samples. In the future, we could improve our method to over-
come this limitation by restricting the regions for loss calculation. Speci�cally, we can apply varied
class-speci�c TRA to the same patch and calculate the cost functions only with pixels from speci�c
classes.��6�

Our data augmentation framework does not include any new kinds of data augmentation but search
the optimal ones within the prede�ned searching pool. The learned data augmentation could not
bring much bene�ts when the initialized policies already �t the given task well. We can extend the
transformation sets for both TRA and TEA with more advanced data augmentation strategies for
speci�c tasks to achieve better performance.����

We summarize all the learned policies of our experiments with varied tasks andmodels. We believe
that the learned policies can provide valuable insights for practitioners to inform dynamic data
collection and future designs of image transformations for data augmentation.
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Chapter 6
����

Estimating Performance under Domain
Shifts with Class-Speci�c Con�dence
Scores
Motivated by the observation of performance degradation when amodel is deployedwith data from
different sites in Chapter �, in this chapter we look into the safe deployment of pretrained model��8�

under domain shifts. Similar to class-speci�c modi�cations in Chapter �, we adopt class-speci�c
parameters for different classes, aiming at improving model performance accuracy. The work in
this chapter is based on the publication:

�. Z. Li, K. Kamnitsas, M. Islam, C. Chen and B. Glocker. Estimating Model Performance under
Domain Shifts with Class-Speci�c Con�dence Scores. International Conference on Medical
Image Computing and Computer-Assisted Intervention, ����: 6��-���.

��8�

Machine learning models could fail to perform well in an unexpected way because of
domain shifts. If we could estimate the performance that a pre-trained model would
achieve on data from a speci�c deployment setting, for example a certain clinic, we
could judge whether the model could safely be deployed or if its performance degrades����

unacceptably on the speci�c data. Existing approaches estimate this based on the
con�dence of predictions made on unlabeled test data from the deployment’s domain.
We �nd that existing methods struggle with data that present class imbalance, be-
cause the methods used to calibrate con�dence do not account for bias induced by
class imbalance, consequently failing to estimate class-wise accuracy. We introduce����

class-wise calibration within the framework of performance estimation for imbalanced
datasets. Speci�cally, we derive class-speci�c modi�cations of state-of-the-art (SOTA)
con�dence-based model evaluation methods including temperature scaling (TS), differ-
ence of con�dences (DoC), and average thresholded con�dence (ATC). We also extend
the methods to estimate Dice similarity coef�cient (DSC) in image segmentation. We�6��

conduct experiments on four tasks and �nd the proposed modi�cations consistently
improve the estimation accuracy for imbalanced datasets. Our methods reduce the
estimation error by �8% in classi�cation under natural domain shifts, and reduce the es-
timation accuracy by ��% on segmentation tasks, when compared with prior methods.
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6.� Introduction�6��

Based on the independently and identically distributed (IID) assumption, one can estimate the
model performance with labeled validation data which is collected from the same source domain
as the training data. However, in many real-world scenarios where test data is typically sampled
from a different distribution, the IID assumption does not hold anymore and the model’s perfor-�6��

mance tends to degrade because of domain shifts [��]. It is dif�cult for practitioner to assess the
model reliability on the target domain as labeled data for a new test domain is usually not available.
It would be of great practical value to develop a tool to estimate the performance of a trainedmodel
on an unseen test domain without access to ground truth [6�]. For example, for a skin lesion classi-
�cation model which is trained with training data from the source domain, we can decide whether�6��

to deploy it to a target domain based on the predicted accuracy of a few unlabeled test images. In
this study we aim to estimate the model performance by only making use of unlabeled test data
from the target domain.

Optimization with validation set Deployment with test set𝒟V = (𝒙𝑖, 𝑦𝑖) 𝑖=1
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Figure 6.�: Effect of class imbalance on con�dence-based model evaluation methods. (a)
The pipeline for model evaluation [��, 8�], which estimates the accuracy under domain shifts
with average con�dence (AC) after obtaining calibrated probabilities p̂

i
. (b) The con�dence

scores are biased towards the majority classes. (c) Prior methods reduce all probabilities in
the samemanner to match overall AC with the overall accuracy, but fail to calibrate class-wise
probability. (d) Our proposed method with class-speci�c calibration parameters successfully
reduces the bias and signi�cantly increases the model estimation accuracy. The shown ex-
ample is for imbalanced CIFAR-��.

The prediction results by AC are likely to be higher than the real accuracy as modern neural net-
works are known to be over-con�dent [8�]. A few methods, such as temperature scaling (TS) [8�],�6��

difference of con�dences (DoC) [8�], and average thresholded con�dence (ATC) [��], have been
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proposed to calibrate the probability of a trained model with validation data with the expectation
to generalize well to unseen test data, as depicted in Fig. 6.�(a). We argue that those methods
do not generalize well to imbalanced datasets, which are common in medical image classi�cation
and segmentation. Speci�cally, previous work found that a model trained with imbalanced data is�6��

prone to predict a test sample from aminority class as a majority class, but not vice versa [���]. As
a result, such models tend to have high classi�cation accuracy but are under-con�dent on samples
predicted as the minority classes, with opposite behaviour for the majority classes, as illustrated
in Fig. 6.�(b). Current post-training calibration methods adopt the same parameter to adjust the
probability, which would increase the estimation error for the minority class samples and thus,�6��

does not generalize well, as shown in Fig. 6.�(c). We introduce class-speci�c parameters into the
performance estimation framework using adaptive optimization, alleviating the con�dence bias
of neural networks against minor classes, as demonstrated in Fig. 6.�(d). It should be noted that
our method differs from other TS methods with class-wise parameters such as vestibular schwan-
noma (VS) [8�], class-distribution-aware TS [���] and normalized calibration (NORCAL) [�8�] as �)�6��

our parameters are optimized so that class-speci�c con�dence matches class-speci�c accuracy,
whereas their parameters are optimized such that overall-con�dence matches overall-accuracy; �)
we determine the calibrated class based on prediction instead of ground truth, therefore the model
predictions would not be affected by the calibration process; �) we apply the proposed methods to
model evaluation; �) we also consider other calibration methods than TS.�6��

This study sheds new light on the problem of model performance estimation under domain shifts
in the absence of ground truth with the following contributions: �) We �nd that existing solutions
encounter dif�culties in real-world datasets as they do not consider the con�dence bias caused
by class imbalance; �) We propose class-speci�c variants for three state-of-the-art (SOTA) ap-
proaches including TS, DoC and ATC to obtain class-wise calibration; �) We extend the con�dence-�6��

based model performance framework to segmentation and prediction of Dice similarity coef�cient
(DSC); �) Extensive experiments performed on four tasks with a total of ��� test settings show
that the proposed methods can consistently and signi�cantly improve the estimation accuracy
compared to prior methods. Our methods can reduce the estimation error by �8% for skin lesion
classi�cation under natural domain shifts and reduce the estimation error by ��% in segmenta-�6��

tion.
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6.� Related Works
Many methods have been proposed to tackle the problem of model estimation and they can be
categorized into three groups.�6��

The �rst line of research is based on the calculation of a distance metric between the training
and test datasets [��, ��]. The model performance can be obtained by re-weighting the validation
accuracy [��] or training a regression model [��].

The second type of methods is based on reverse testing which trains a new reverse classi�er using
test images and predicted labels as pseudo ground truth [��, ���]. The model performance is then�66�

determined by the prediction accuracy of the reverse classi�er on the validation data.

The third group of methods is based on model con�dence scores [��, 8�, 8�]. The accuracy of a
trained model can be estimated with the AC which is the mean value of the maximum softmax
con�dence on the target data. Previous studies have shown that con�dence-based methods show
better performance than the �rst two methods [68, ��] and are ef�cient as they do not need to train�66�

additional models. We focus on con�dence-based methods in this study.
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6.� Method

6.�.� Problem Setup

We consider the problem of c-class image classi�cation. We train a classi�cation model f that�6��

maps the image space X ⇢
d to the label space Y = {1, 2, . . . , c}. We assume that two sets

of labeled images: DTr = {(xi, yi)}Ii=1 and D
V = {(xi, yi)}Ni=1 drawn from the same source

domain are available for model training and validation. After being trained, the model is applied
to a target domain DTe whose distribution is different from the source domain, which is typical in
the real-world applications. We aim to estimate its accuracy ↵Te on the target domain to support�6��

decision making when there is only a set of test images DTe = {xTe

i
}
M

i=1 available without any
ground-truth.

6.�.� A Uni�ed Test Accuracy Framework Based on Model Calibra-
tion

To achieve this goal, we �rst provide a uni�ed test accuracy estimation framework that is com-�68�

patible with existing con�dence-based methods. Let p
i
be the predicted probability for input xi,

which is obtained by applying the softmax function to the network output logit: zi = f(xi). The
predicted probability for the j ’th class is computed as pij = �(zi)j =

ezijPc
j=1 e

zij , and the predicted
class y0

i
is associated with the one of the largest probability: y0

i
= argmax

j
pij . The test accuracy

on the test set ↵Te can be estimated via AC [8�]: ↵Te

AC
= 1

N

P
N

i=1 maxj pTe

ij
, which is an average�68�

of the probability of the predicted class j: maxj pTe

ij
for every test image xTe

i
. ↵Te

AC
is useful to

estimate the test accuracy ↵Te as we assume that the model should be aware of the possibility of
making wrong predictions.

Yet, directly computing over the softmax output pTe

ij
for estimation can be problematic as the pre-

dicted probability cannot re�ect the real accuracy with modern neural networks [8�]. It is essential�6��

to use calibrated probability p̂Te

ij
instead to estimatemodel accuracywith ↵̂Te

AC
= 1

N

P
N

i=1 maxj p̂Te

ij
.

Ideally, the calibrated probability p̂Te

ij
is supposed to perfectly re�ect the expectation of the real

accuracy. To adjust p̂ij , it is a common practice to use validation accuracy, which is de�ned as
↵
V = 1

N

P
N

i=1 [y0i=yi]
�, as an surrogate objective to �nd the solution as there is no ground truth

labels for test data [68, ��, 8�]. On top of this pipeline which is also illustrated in Fig. 6.�(a), we�6��

will introduce state-of-the-art calibration methods including TS, DoC, and ATC and our proposed
class-speci�c modi�cations of them (cf. Fig. 6.�), alleviating the calibration bias caused by the
common class imbalance issue in medical imaging mentioned earlier.

� is an indicator function which is equal to � when the underlying criterion satis�es and 0 otherwise.
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Figure 6.�: The illustration of proposed Class-Speci�c modi�cations for four existing
model evaluationmethods. We show the calibration process of an under-con�dent prediction
made for sample from minority class c= 2. Prior calibration methods use a global parame-
ter for all classes, which leads to sub-optimal calibration and therefore bias for the minority
class. The proposed variants adapt separate parameters per class, enabling improved, class-
wise calibration. Please refer to the content of text for details.

6.�.� Class-Speci�c Temperature Scaling

The TS method [8�] rescales the logits using temperature parameter T . Calibrated probability is����

obtained with p̂ij = �(zi/T )j . To �nd T such that the estimated accuracy will approximate the
real accuracy, we obtain optimal T ⇤ using DV with:

T
⇤ = argmin

T

���
1

N

NX

i=1

max
j

�(
zi

T
)j � ↵

V

���. (6.�)

To enable class-speci�c calibration, we extend temperature to vector T with c elements, where
j ’th element Tj corresponds to the j ’th class. The calibrated probability is then written as p̂ij =

�(zi/T
⇤
y0i
)j , where T ⇤

j
is optimized with:����

T
⇤
j
= argmin

Tj

���
1

Nj

NX

i=1

ij max
j

�(
zi

Tj

)j � ↵
V

j

���, (6.�)

where ij = [y0i=j] is � if the predicted most probable class is j and 0 otherwise,Nj =
P

N

i=1 ij

and↵V

j
is the accuracy for class j on the validation setwhich is calculated as↵V

j
= 1

Nj

P
N

i=1 ij [y0i=yi].
This way we ensure optimized T ⇤ leads to p̂

i
matching the class-wise accuracy.
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6.�.� Class-Speci�c Difference of Con�dences
The DoC method [8�] adjusts pi by subtracting the difference d = ↵

V

AC
� ↵

V between the real����

accuracy ↵V and ↵V

AC
from the maximum probability:

p̂ij =

(
pij � d if y

0
i
= j,

pij +
d

c�1 otherwise.
(6.�)

The two parts of Eq. 6.� ensure that the class-wise re-calibrated probabilities remain normalized.
We propose a class-speci�c DoCmethod, where we de�ne the difference vector dwith c elements,
with its j ’th element dj corresponding to the j ’th class’s difference. The class-wise calibrated
probability p̂ij is then obtained via:����

p̂ij =

(
pij � dj if y

0
i
= j,

pij +
dy0

c�1 otherwise,
(6.�)

where dj = 1
Nj

P
N

i=1 ij maxj pij�↵
V

j
is the difference between the average predicted probability

for samples predicted that they belong to class j and ↵V

j
. In this way, the probabilities of samples

which are predicted as the minority classes would not be affected by the majority classes and thus
be less biased.

6.�.� Class-Speci�c Average Thresholded Con�dence����

The original ATC [��] proposes predicting the accuracy as the portion of samples with p
i
that is

higher than a learned threshold t. t is obtained via:

t
⇤ = argmin

t

���
1

N

NX

i=1

[maxj pij>t] � ↵
V

���. (6.�)

We can then use t
⇤ to compute p̂ij = [pij>t⇤] for each test sample to calculate the estimated

test accuracy, ↵̂Te

AC
, de�ned previously. We should note that for ATC, p̂ij is no longer a calibrated

probability but a discrete number 2 {0, 1}. For class-speci�c calibration, we propose learning a����

set of thresholds given by vector t with c elements, one per class, where j ’th element is obtained
by:

t
⇤
j
= argmin

tj

���
1

Nj

NX

i=1

ij [maxkpik>tj ] � ↵
V

j

���. (6.6)

We can then calibrate probabilities as p̂ij = [pij>t⇤
y0i
] based on predicted class y0

i
. Hence the prob-

abilities of samples that are predicted as different classes are discretized using different thresholds
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t
⇤
y0i

to compensate the bias incurred by class imbalance. ATC can be combined with TS, by applying����

it to p̂
i
which is calibrated by TS, and we denote this method as TS-ATC. By combining our class-

speci�c modi�cations of TS and ATC, we similarly obtain the class-speci�c variant CS TS-ATC (cf.
Fig. 6.�).

6.�.6 Extension to Segmentation
We propose extending con�dence-based model evaluation methods to segmentation by predicting����

the DSC that the model would achieve on target data, instead of the accuracy metric that is more
appropriate for classi�cation. For this purpose, we slightly modify notation and write that the vali-
dation dataset consists of Z segmentation cases asDV = {Sz}

Z

z=1, with Sz all the training pairs
for the case z consisting of totally n pixels, de�ned as Sz = {(xzi, yzi)}ni=1, wherexzi is an image
patch sampled from case z and yzi is the ground truth class of its central pixel. We then denote����

pzij as the predicted probability of sample xzi for the j ’th class and its calibrated version as p̂zij .
The estimated DSC can then be calculated using the predicted probabilities, in a fashion similar to
the common soft DSC loss [���, ���]. Speci�cally, DSCj , which is real DSC ofDV for the j ’th class,
is estimated with:

sDSCj =
1

Z

ZX

z=1

2
P

n

i=1 [argmaxk pzik=j]p̂zijP
n

i=1 [argmaxk pzik=j] +
P

n

i=1 p̂zij
. (6.�)

For the CS TS, CS ATC and CS TS-ATC, we �rst calibrate pzij of the background class by matching����

class-wise average con�dence and accuracy ↵V

j
, then calibrate pzij of the foreground class j by

matching sDSCj and DSCj , in order to adjust the model to �t the metric of DSC. We calibrate the
background class according to accuracy instead of DSC because the sDSCj is always very high
and cannot be easily decrease to match DSCj , which we found makes optimization to match them
meaningless. For CS DoC, as dj cannot be calculated with the difference between sDSCj and����

DSCj , we keep p̂zij = pzij and estimate DSC on the target dataset DTe on j ’th class simply by
DSCTe

CSDoCj
= DSCj � sDSCj + sDSCTe

j
.

���



Performance Estimation with Class-Speci�c Con�dence Scores

6.� Experiments

Figure 6.�: Real versus predicted accuracy/DSC for classi�cation/segmentation tasks re-
spectively. Each point represents model performance on the unseen target data. We plot a
baseline method (AC) in blue, the best among previous methods in orange, the best among
the proposed methods in red and its class-agnostic counterpart in green. Best methods de-
termined based on mean absolute error (MAE).

6.�.� Setting����

In our experiments, we �rst train a classi�er f with D
Tr , then we make predictions on D

V and
optimize the calibration parameters based on model output and the validation labels. Finally, we
evaluate our model on DTe and estimate the quality of the predicted results based on p̂

i
.

In addition to the con�dence-based methods described in Sec. 6.�, for the segmentation tasks, we
also compare with a neural network based quality control (QC) method [���]. Following [���], we��6�

train a three-dimensional (�D) ResNet-�� that takes as input the image and the predicted segmen-
tation mask and predicts the DSC of the predicted versus the manual segmentation. For fair com-
parison, we train the QC model with the same validation data we use for model calibration.

We implement VS [8�] as a base line, which is similar to TS but adopt different temperature pa-
rameter Tj and bias bj for different classes. Speci�cally, the calibrated probability is written as��6�

p̂ij = �(zi/Tj + bj)j . Although VS utilizes class-speci�c parameters, it is optimized to match the
global accuracy and the global con�dence, similar to Eq. 6.�.

We also implement NORCAL [�8�], of which temperature parameters are scaled based on the class
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frequency. Similar idea is adopted in class-distribution aware TS [���]. Speci�cally, the class-
speci�c temperature parameter of class j is Tj = TN/Nj , where N is the number of the data����

samples in the training dataset and Nj is the number of samples belonging to class j.

6.�.� Datasets
We visualize all the datasets containing domain shifts in Fig. 6.�.

Training 
dataset

CIFAR-10 HAM10000 ATLAS Prostate

Test 
domain 
shifts

Synthetic Synthetic Natural Synthetic Synthetic Natural

Figure 6.�: Visualization of the datasets containing domain shifts.

6.�.�.� Imbalanced CIFAR-��

We train a ResNet-�� [��] with imbalanced CIFAR-�� [��6], using imbalance ratio of ��� follow-����

ing [��]. Speci�cally, we intentionally resample the training datatset to have {����, ����, ���6,
����, 6��, �8�, ���, ���, 8�, ��} samples for each class. We employ synthetic domain shifts using
CIFAR-��-C [��] that consists of �� distinct corruptions.

6.�.�.� Skin lesion classi�cation

We train ResNet-�� for skin lesion classi�cationwith c=7 includingmelanocytic nevi (nv), melanoma��8�

(mel), basal cell carcinoma (bcc), dermato�broma (df), nenign keratosis (bkl), vascular (vasc) and
actinic keratoses (akiec), following [�68, ���]. We randomly select ��% data from HAM����� [��8]
as the training source domain and leave the rest as validation. We also create synthetic domain
shifts based on the validation data following [��], obtaining �8 synthetic test datasets with do-
main shifts. We additionally collect 6 publicly available skin lesion datasets which were collected��8�
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in different institutions including BCN [��], VIE [���], MSK [86], UDA [86], D�P [���] and PH� [���]
following [���]. The detailed dataset statistics are summarized in Table 6.�.

Table 6.�: Dataset statistics of skin lesion classi�cation datasets.

nv (%) mel (%) bcc (%) df (%) bkl (%) vasc (%) akiec (%) total

HAM [��8] 6���
(6�) ���� (��) ��� (�) ��� (�) ����

(��) ��� (�) ��� (�) �����

BCN [��] ���6
(��)

�8��
(��)

�8��
(��) ��� (�) ���8 (�) ��� (�) ��68 (�) �����

VIE [���] ����
(��) �� (�) � � � � � ��6�

MSK [86] ����
(6�) 8�6 (��) �� (�) � (<�) ��� (��) � � (<�) ����

UDA [86] ��8 (6�) ��� (��) � (<�) � (<�) � (�) � � 6��
D�P [���] ���� (6�) ��� (�6) 8� (�) �� (�) �� (�) �8 (�) � ����
PH� [���] �6� (8�) �� (��) � � � � � ���

6.�.�.� Brain lesion segmentation

We apply nnU-Net [��6] for all the segmentation tasks. We evaluate the proposed methods with
brain lesion segmentation based on T�-weightedmagnetic resonance (MR) images using data from����

anatomical tracings of lesions after stroke (ATLAS) [���] for which classes are highly imbalanced.
We randomly select ��� cases for training and leave �� cases for validation. We create synthetic
domains shifts by applying 8� distinct transformations, including spatial, appearance and noise
operations to the validation data. Details on implementation are in Fig. �.�.

6.�.�.� Prostate segmentation����

We also evaluate on the task of cross-site prostate segmentation based on T�-weighted MR im-
ages following [��8]. We use �� cases collected with �.�T magnetic resonance imaging (MRI)
machines from [��] as the source domain. We randomly select �� cases for training and �� cases
for validation. We create synthetic domains shifts using the same 8� transformations as for brain
lesions. As target domain, we use the � datasets described in [��, ���, ��6], collected from different�8��

institutions using scanners of different �eld strength and manufacturers.

6.�.� Results and Discussion
We calculate the MAE and R� Score between the predicted and the real performance (accuracy or
DSC).We summarizeMAE results in Table 6.� andR�Score results in Table 6.�. We also summarize
the boxplots of the results in Fig. 6.�. We show scatter plots of predicted versus real performance in�8��

Fig. 6.�. Each reported result is the average of two experiments with different random seeds.
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We observe in Table 6.� that our proposed modi�cations for class-speci�c calibration improve all
baselines. Improvements are especially profound in segmentation tasks, where class imbalance is
very high. It might be because previous model calibration methods bias towards the background
class signi�cantly as a result of class imbalance. These results clearly demonstrate the importance�8��

of accounting for class imbalance in the design of performance-prediction methods, to counter bi-
ases induced by the data. Fig. 6.� shows that the predicted performance by AC baseline is always
higher than real performance because neural networks are commonly over-con�dent [8�]. QC is
effective in predicting real DSC under synthetic domain shifts but under-performs with natural do-
main shifts. Results in both Table 6.� and Fig. 6.� show that CS ATC (or CS TS-ATC) consistently�8��

performs best, outperforming prior methods by a large margin.

Table 6.�: Evaluation on different tasks under varied types of domain shifts based onMAE.
Lower MAE is better. Best results with lowest MAE in bold. Class-speci�c calibration as pro-
posed (CS methods) improves all baselines. This is most profound in segmentation tasks,
which present extreme class imbalance.

Task Classi�cation Segmentation
Training dataset CIFAR-�� HAM����� ATLAS Prostate
Test domain

shifts Synthetic Synthetic Natural Synthetic Synthetic Natural

AC ��.� ± 8.� ��.� ± �.� ��.� ± ��.� ��.6 ± �.� 8.� ± �.� �8.� ± �.�
QC [���] —– —– —– �.� ± �.� �.� ± 6.6 ��.� ± �.�
TS [8�] �.� ± �.6 �.� ± �.� ��.� ± 8.� �.� ± �.� �.� ± �.� �.� ± �.�
VS [8�] �.8 ± �.� �.� ± �.� ��.6 ± �.6 ��.� ± �.� �.8 ± �.� ��.� ± �.�

NORCAL [�8�] �.6 ± �.8 �.� ± �.6 ��.� ± �.6 6.� ± �.� �.8 ± �.� �.� ± �.�
CS TS �.�⇠ ± �.6 �.�⇠ ± �.� ��.�⇠ ± 8.� �.6⇤⇤ ± �.8 �.�⇤⇤ ± �.� �.8⇤⇤ ± �.8

DoC [8�] ��.8 ± 8.� �.6 ± �.� ��.� ± �.� �.� ± �.� �.� ± �.8 ��.� ± 6.�
CS DoC �.�⇤⇤ ± �.� �.�⇠ ± �.� ��.�⇤ ± �.� �.�⇤⇤ ± �.� �.�⇤ ± 6.� ��.�⇤ ± �.�
ATC [��] �.6 ± �.� �.� ± �.� �.� ± 6.� ��.� ± �.8 8.6 ± �.� �6.� ± �.�
CS ATC �.8⇤⇤ ± �.� �.�⇠ ± �.8 �.8⇠ ± �.6 �.6⇤⇤ ± �.� �.�⇤⇤ ± �.� �.�⇤⇤ ± �.�

TS-ATC [��, 8�] �.� ± �.� �.� ± �.� �.� ± �.� ��.� ± �.8 8.� ± �.� �6.� ± �.�
CS TS-ATC �.�⇤⇤ ± �.� �.�⇠ ± �.� �.�⇠ ± 8.� �.�⇤⇤ ± �.� �.�⇤⇤ ± �.� �.�⇤⇤ ± �.�

⇤p-value < �.��; ⇤⇤p-value < �.��; ⇠p-value � �.�� (compared with their class-agnostic counterparts)
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Table 6.�: Evaluation on different tasks under varied types of domain shifts based on R�
Score. Higher R� Score is better. The best results are in bold.

Task Classi�cation Segmentation
Training dataset CIFAR-�� HAM����� ATLAS Prostate
Test domain

shifts Synthetic Synthetic Natural Synthetic Synthetic Natural

AC -�.88 -�.�� -�.�� -���.�� -�.�� -�.��
QC [���] —– —– —– -�.�� -�.6� -�.��
TS [8�] �.�6 �.�� �.�8 -��.�� �.�� -�.�6
VS [8�] �.8� �.�8 �.�� -�6.�� -�.�� -�.�6

NORCAL [�8�] �.�� �.�� �.�� -�.�6 -�.�� -�.��
CS TS �.�8 �.�� �.�� �.�8 �.�� -�.��

DoC [8�] -�.�� -�.�� �.�� -�.�� -�.�8 -�.�8
CS DoC -�.�� -�.�� �.�� �.�� -�.�� -�.��
ATC [��] �.66 �.�� �.�� -���.�� -�.�� -�.��
CS ATC �.86 �.�� �.�� �.�� �.�� �.6�

TS-ATC [��, 8�] �.6� �.�� �.�� -���.8� -�.�� -�.��
CS TS-ATC �.8� -�.�� �.�� �.�� �.�� �.68
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CIFAR-10 Synthetic HAM10000 Synthetic

HAM10000 Natural ATLAS Synthetic

Prostate Synthetic Prostate Natural

Figure 6.�: Boxplots of the MAE results for different methods. The methods with the same
original formulation are grouped together.
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6.� Conclusion
In this chapter, we propose estimating model performance under domain shift for medical image
classi�cation and segmentation based on class-speci�c con�dence scores. We derive the class-�8��

speci�c variants for SOTA methods to alleviate calibration bias incurred by class imbalance, which
is profound in real-world medical imaging databases, and show very promising results.

We observe that our proposedmethod cannot improvemuch for the synthetic domain shifts of skin
lesion classi�cation. This is may because the synthetic transformations were initially designed for
natural image classi�cation but might not be realistic for dermatoscopic images. In the future, a�8��

�ne analysis of the estimation results with class accuracy or Expected Calibration Error (ECE) could
help us better understand our algorithms.

We extend the con�dence scores based model estimation methods to segmentation tasks by es-
timating DSC. We only utilize the pixel-wise probability to estimate the segmentation accuracy. In
the future, we should also consider to take account the shape information of regions of interest�8��

(ROIs) for segmentation tasks.

We study con�dence scores based model estimation methods and only utilize the maximum of
prediction probability after softmax as con�dence scores. Future works could consider to investi-
gate the impact of class imbalance with other kinds of con�dence scores [�6] such as Monte-Carlo
dropout [�6], TrustScore [���], DOCTOR [8�] and DUQ [���].�8��

We expect the proposedmethods to be useful for safe deployment ofmachine learning in real world
settings, for example by facilitating decisions such as whether to deploy a given, pre-trained model
based on whether estimated model performance on the target data of a deployment environment
meets acceptance criteria.
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Conclusions
This thesis is essentially concerned with the class imbalance problem of neural network training
for segmentation. For this purpose, we analyze model behaviours based on empirical observations
under the setting of class imbalance. Beyond the analysises of foreground over�tting and back-�8��

ground under�tting, we propose several learning strategies to make neural network generalize bet-
ter, showing promising improvements. Furthermore, we focus on accessing model performance
under class imbalance and domain shifts, which is crucial for safe-critical applications such as
medical image segmentation.

This chapter summarizes the main arguments and contributions we make in Chapter �, Chapter �,�8��

Chapter � and Chapter 6. Most of our �ndings are general for neural networks trained with data
that presents class imbalance. Subsequently, we discuss some open challenges in the context of
class imbalance for wider machine learning applications.

We provide the code for all of the experiments to facilitate future works:

�. Chapter �: https://github.com/ZerojumpLine/Over�ttingUnderClassImbalance�8��

�. Chapter �: https://github.com/ZerojumpLine/CoLab

�. Chapter �: https://github.com/ZerojumpLine/JCSAugment

�. Chapter 6: https://github.com/ZerojumpLine/ModelEvaluationUnderClassImbalance
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�.� Summary of Contributions
�86�

Class imbalance widely exists in the datasets for semantic segmentation and restricts the perfor-
mance of neural networks, especially in medical imaging. Analyzing the effects of class imbalance
on model training can help us identify and tackle the limitations of neural networks trained with
imbalanced training data. In this thesis, we systematically look into the effects of class imbalance
onmodel behaviors in Chapter � and Chapter �with empirical experiments. Speci�cally, we trained�86�

neural networks with different amounts of data and different kinds of context labels. Wemonitored
the logit distribution when the segmentation models processing training and unseen test samples.
In addition, we extended our �ndings to domain shifts in Chapter 6. In summary, we shed new
lights on the analysis of class imbalance by making following contributions:

• With the examination of four segmentation tasks and two popular segmentationmodels, we �nd�8��

that when machine learning model were trained with limited data with class imbalance, it con-
sistently shows decreased segmentation performance with reduced sensitivity. Furthermore,
with the comparison of the logit distributions when the model processes training data or un-
seen test data, we conclude that neural networks tend to map the foreground samples close to
the decision boundaries as the result of over�tting under class imbalance.�8��

• Via the inspection of six medical image segmentation tasks, we �nd that neural networks sys-
tematically over-segment small regions of interest (ROIs) with diverse background. Moreover,
we �nd that neural networks cannot map the heterogeneous background samples to compact
clusters in feature space. As a result, the logit activations of the background samples approach
and even move across the decision boundary. Empirically, we observe that model can learn�88�

stable representation by manually decomposing the background class into several subclasses.

• Based on the observations of model performance under domain shifts when model trained with
data that presents class imbalance, we �nd that neural networks are prone to predicting a sample
from aminority class as a majority class under domain shifts. We �nd this is consistent with our
observations of over�tting under class imbalance, which may become more substantial under�88�

domain shifts. As a result, models are likely to be under-con�dent about the minority classes
and over-con�dent about the majority classes.

Based on our �ndings and analysis, we propose new learning strategies for neural networks to
improve segmentation performance. We advance neural networks with novel loss functions, regu-
larization techniques and multi-task learning, showing promising improvements for varied medical�8��

image segmentation tasks. Speci�cally, we tackle over�tting of foreground samples and under�t-
ting of background samples in Chapter � and Chapter �. We propose to alleviate both over�tting
and under�tting under class imbalance with by learning class-speci�c data augmentation strate-
gies in Chapter �. We summarize our contributions as follow:
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• We introduce new asymmetric variants of popular loss functions and regularization techniques�8��

including a large margin loss, focal loss, adversarial training, mixup and data augmentation,
which are explicitly designed to counter logit shift of the minority classes. We validate the
proposed methods with two convolutional neural network (CNN) models and four challeng-
ing segmentation tasks. We �nd that our methods can explicitly reduce the logit shifts of the
under-represented classes at test time, yielding consistently improved segmentation accuracy����

for small ROI segmentation with higher sensitivity when compared to baselines.

• We propose context label learning (CoLab) to improve the context representations by decom-
posing the background class into several subclasses. Speci�cally, we train an auxiliary network
as a task generator, along with the primary segmentation model, to automatically generate con-
text labels that positively affect the ROI segmentation accuracy. We validate CoLab with six����

segmentation datasets which contain heterogeneous background samples, showing improved
segmentation accuracy with higher precision. CoLab has similar and sometimes better effect in
improving segmentation accuracy when compared with human-de�ned context labels.

• We propose to adopt different kinds of training-time data augmentation (TRA) for training sam-
ples from different classes, effectively extending the training data distribution and alleviating����

the class imbalance issue. In addition, we jointly optimize TRA and test-time data augmentation
(TEA), which are closely connected as both aim to align the training and test data distribution but
were so far considered separately in previous works. We validate the proposed data augmenta-
tion framework with extensive experiments based on four segmentation datasets and two CNN
models, consistently improving the segmentation performance when compared to existing so-����

lutions.

The success of neural networks relies on the assumption that the model is deployed and trained
with data from the same distribution. However, the assumption does not always hold for real-world
applications where neural networks could perform badly in an unexpected way. Estimating the
performance under domain shifts is important for building reliable machine learning models. This����

thesis investigates the problem of performance estimation with the existence of domain shifts
in Chapter 6. Speci�cally, we propose to reduce the class bias in con�dence based model esti-
mation methods with class-speci�c calibration parameters. In sum, we make following contribu-
tions:

• We identify the limitations of current con�dence-based performance estimation methods for����

real-world datasets that present class imbalance. We �nd existing post-training calibrationmeth-
ods do not account for the bias induced by class imbalance. Speci�cally, current methods adopt
the same parameters for different classes without considering that domain shifts are prone to
making neural networks under-con�dent about the predictions of the minority classes. Con-
sequently, such approaches would increase the estimation error for the minority classes and����

cannot generalize well.
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• We derive class-speci�cmodi�cations of con�dence-basedmodel evaluationmethods including
temperature scaling (TS), difference of con�dences (DoC) and average thresholded con�dence
(ATC) which adapt separate parameters per class, enabling class-wise calibration. We validate
our methods with four tasks across image classi�cation and image segmentation. We �nd that����

the proposed modi�cations can consistently improve the estimation accuracy when models are
trained with imbalanced data.
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�.� Open Challenges and Future Outlook
In this work, we �nd that class imbalance would have a negative impact on the learning of neural����

networks for image segmentation. We think that the class imbalance problem would also affect
other machine learning tasks as real-world data would always follows a long-tailed distribution [6�,
�6�]. Here, we discuss some research directions to advance neural networks in other computer
vision and healthcare problems, where class imbalance could also affect the performance.

�.�.� Class Imbalance in Other �D Vision Tasks����

Compared with two-dimensional (�D) problems, the class imbalance ratio becomes even more
extreme in three-dimensional (�D) tasks as small objects account for a small proportion in the
�D space. In this case, small �D objects which are rare or indiscernible are easier to be under-
represented by machine learning models. For example, learning-based multi-view stereo methods
do not perform well on the depth estimation of textureless and re�ective surfaces [�] which are����

hard for multi-view matching. Eye localization and alignment in �D fetal brain ultrasound [�8�] is
dif�cult as eyes only appear in a small proportion of the sampled slices.

A nature extension of our study is to analyze the failure reasons caused by class imbalance beyond
classi�cation problems in �D vision such as �D reconstruction, detection and alignment, from the
perspective of model behavior. A systematic comparison of the network representations of under-����

represented classes and those of well-represented classes could be considered to complement
our �ndings. Speci�cally, the under-represented regions could be determined with uncertainty. For
the task of �D reconstruction, the knowledge from other samples could be utilized to provide cus-
tomized inductive biases [���] for better representations. The investigation of an active model
to guide the practitioner to collect additional �D data for better under-represented classes perfor-��6�

mance is also a promising research direction.

Video includes �D scenes as time can be taken as the third dimension. The class imbalance prob-
lem exists in the problem of action recognition as the number of video clips per class would be
different, and could be a bottleneck as rare classes are found to have a poor yield rate [��]. Sim-
ilarly, some anatomical categories are imbalanced in fetal ultrasound scan videos [���], affecting��6�

the classi�cation performance of minority classes. The investigation of the different classes under
class imbalance for video recognition and the development of algorithms to improve the yield rate
of rare classes can be considered as a future direction of our work. Speci�cally, the comparison of
the local and generic representations learned for different classes could be made by performing
gradient descent on random inputs [��]. Our analysis of class imbalance could be also extended����

to the task of video retrieval [�6�], which also demands robust representations of the minority
classes. As videos contain motion information and the networks can learn local representations
that are highly class-speci�c [��], it could also be interesting to study how the motion information
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connect to class imbalance and how it can affect the network behavior. The representation of rare
classes could be enhanced by augmenting with synthesized motion, by means of mixup [�6�] or����

causal intervention [�6�].

�.�.� Class Imbalance in Self-Supervised Learning
Recently, self-supervised learning (SSL) has been found to be an effective pre-training approach to
achieve better networkweight initialization. Current SSLmethods, such as contrastive learning [��],
would adopt the same training strategy for all the samples, despite their categories. As previous��8�

studies found that incorporating semantic class into SSL [8�] can largely boost the performance
of downstream tasks, there could be many valuable and unexplored questions under the setting
of class imbalance: Can we improve SSL for class imbalanced training dataset by cluster-speci�c
weighting or implicitly encouraging the number of cluster samples based on class imbalance ra-
tio? How does the representation obtained with SSL differ between the majority classes and the��8�

minority classes?

Analysis could be started with visual representation learning of single modality and then extended
to the settings of multi-modality contrast learning such as image and motion in video representa-
tion [8�] as well as video and speech in ultrasound imaging [���], which are more challenging as
the implicit class distribution may differ across modalities. In a broader context, further research����

is needed to facilitate the pre-training using SSL on large scale imbalanced datasets containing
paired or unpaired multi-modality images, which is important for medical imaging as the labels are
scarce and medical images are always collected in the form of different modalities.

�.�.� Class Imbalance in Multi-Modality Learning
Beyond image classi�cation, machine learning models can help us build connections between im-����

ages and data from other modalities, such as image and language [��8] or image and patient phe-
notypes [8]. The class imbalance problem also exists in the problem of multi-modality learning as
language and patient phenotypes could also follow long-tailed distributions. It would be potentially
valuable to �nd a way to enhance the representation of the minority classes by complementing the
information from different modalities. However, few studies focus on how to effectively fuse data����

from different modalities to alleviate class imbalance in multi-modality learning. A follow-up study
of our class imbalance observations could be the investigation of how data from different modal-
ities or different kinds of combinations affect model behavior. It would be particularly interesting
to look into the phenome-wide associations of different diseases to discover underlying valuable
imaging biomarkers. Perhaps the class imbalance in regression [���] should also be considered in����

this setting as data from other modalities could be continuous, such as age. For example, when the
models are trained with datasets which contain more elder people but are expected to be deployed
to datasets containing more younger people.

���



�.�. Conclusions

�.� Conclusions
���� In this thesis, we shed new light on neural networks for semantic segmentation with systematical

analysis and novel learning strategies. We propose to tackle class imbalance and domain shifts,
which exist simultaneously in real world datasets and limit the performance of modern machine
learning models when deployed to medical image segmentation.

Motivated by the empirically observations of model performance and model behaviours, we con-����

clude that class imbalance causes under-segmentation because of over�tting foreground sam-
ples, while over-segmentation because of under�tting background samples. Although these biases
caused by class imbalance are partially noticed by previous works, few studies identify and analyze
those challenges in a systematical way.

Beyond our analysis, we propose several learning strategies to alleviate class imbalance under����

different experiment settings. Speci�cally, we have following main �ndings: �) Asymmetric loss
functions and regularization techniques help counter over�tting under class imbalance. �) Context
labels help alleviate under�tting under class imbalance. �) Class-speci�c parameters are bene�cial
for improving data augmentation and tackling domain shifts.

We expect the proposed methods to be useful for robust and safe deployment of machine learning����

in real-world settings.
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