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Abstract

Pre-training is a well-developed technique to extract general feature rep-
resentations from abundant data. However, the factors affecting how pre-
training works in medical imaging is rarely studied. In this work, we fully
explore the essence of pre-training in medical imaging and provide compre-
hensive analysis. We conclude that both the target task complexity and the
pre-trained data modality have considerable impact on the effectiveness of
pre-training in medical imaging. In addition, we analyze the trainable pa-
rameter vy in batch normalization (BatchNorm) and establish an original stan-
dard to efficiently assess the effectiveness of pre-trained weights. We further
propose the Network Alchemy to stimulate the considerable potential of the
network and fully utilize model parameters in fine-tuning stage. Extensive
experimental results exhibit the robustness and the generalization ability of

our proposed methodology in various experimental scenarios.

Keywords: Deep Learning, Medical Imaging, Pre-training
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Chapter 1

Introduction

Pre-training on large-scale data (e.g., ImageNet) has achieved great success because the
network could learn transferable feature representations and further improve the target task
performance. A well-established practice is initializing the network with ImageNet pre-
trained weights and then fine-tuning on downstream tasks, such as object detection [21],
20], image segmentation [27, 23], and action recognition [36, 10]. In addition, the de-
velopment in natural language processing (NLP) has also made remarkable progress as
the success of language representations pre-training [|16, 40, 14, 33, 9]. Due to the con-
siderable achievement of pre-training in computer vision and NLP, how to adapt it to the
medical domain becomes a central topic [37, 35, [11, 43]. Recently, Chen ef al.confirm the
effectiveness of the pre-trained network with the established medical dataset which con-
tains various image modalities, organs, and objective tasks [[11]]. Zhou ef al.pre-train the
network in a self-supervised learning fashion and show the pre-trained network outper-
forms the one trained from scratch in many medical imaging tasks [43]. However, these
works do not pay much attention on studying the limitations of pre-training in medical
imaging. We wonder whether pre-training will always give significant boost to the target
task performance and whether the characteristics of pre-trained dataset have an influence
on the representation learning. Therefore, we conduct comprehensive pilot studies to re-
veal the essence of pre-training under various experimental settings. Based on the pilot
studies, we come to two conclusions: (i) pre-training is helpful for achieving better per-

formance when the downstream task is challenging; (ii) the weights pre-trained from the

1
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same modality as the downstream data surpass that trained from different modality.

In reality, the diversity of medical imaging increases with the rapid evolution of hard-
ware and scanning protocol in the radiology and pathology []18, 38, 22]. Therefore, collect-
ing the data in the same modality for taking full advantage of pre-training is impractical.
However, we wonder whether we could still benefit from pre-training for the complicated
target task even the network pre-trained from other modality data. Once the aforemen-
tioned issue has been tackled, we can leverage publicly accessible pre-trained weights
straightforwardly. In recent, the trainable per-feature coefficient v in batch normalization
(BatchNorm) is intensively studied in [[19]. Their findings inspire us to carry out the in-
depth analysis of « and offer noteworthy insights into the correlation between the power
of pre-trained weights and the distribution of whole 7 in the network. Based on these
observations, we propose the Network Alchemy to guide the network to make full use of
all trainable parameters. Besides, we further establish an original standard to measure
the effectiveness of pre-trained weights, which can provide the pilot estimate to decrease
the cost of pre-trained networks selection. We evaluate the proposed network alchemy
on multiple medical imaging tasks. The experimental results demonstrate that pre-trained
weights from other modality can be properly refined and achieve convincing performance
on the downstream task.

Our main contributions can be summarized as follows:

» We conduct detailed pilot studies and conclude that both the target task complexity
and the pre-trained data modality have considerable impact on the effectiveness of

pre-training in medical imaging.

» We thoroughly explore the scaling parameter v in BatchNorm and highlight that it

can efficiently assess the capability of pre-trained weights.

* We propose the novel network alchemy to properly adapt pre-trained weights to

boost the performance in the fine-tuning stage.

» Extensive experimental results demonstrate the generalization ability and the ro-

bustness of the proposed methodology.
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Figure 1.1: Analysis of the effectiveness of pre-training. We make the comparison
between different network initialization. We use the pre-trained weights from large-scale
CT and MRI datasets [41], [I]], denoted as “pre-trained ct’ and ‘pre-trained mri’. The results
demonstrate that the pre-training technique does not always give significant boost to the
performance of target tasks. Besides, applying the weights pre-trained from the data in
the same modality significantly improves the performance of downstream tasks compared
with the weights from other modality.
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Chapter 2

Related work

2.1 Pre-training

Pre-training model with the large-scale dataset (e.g., ImageNet) and then fine-tuning it
on the downstream task has become a common practice in computer vision field. By
exploiting abundant data, the pre-trained network can learn informative representations
and transfer the knowledge to the target task. It has enabled promising results on object
detection [21, 20], image segmentation [27, 23], and action recognition [36, [10]. How-
ever, supervised pre-training such as ImageNet requires massive manual labels, which
is impractical in practice. Therefore, self-supervised learning receives increased atten-
tion as it can learn representations from the data itself without explicit manual supervi-
sion [[17, 42,30, 31, 12]. Through reasonable pre-text tasks such as colorizing a grayscale
image [42], solving jigsaw puzzles [30], and contrastive learning [|12], the network can be
guided to learn meaningful visual representations. On the other hand, BERT [|]16] and all
the following landmark breakthroughs [40, (14, 33, 9] have achieved great success in the
field of Natural Language Processing (NLP) by constructing unsupervised tasks to learn

the context in corpus.
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2.2 Pre-training in medical imaging

In view of the significant achievement in pre-training, there are some researches attempt to
adapt the well-established paradigm to medical imaging domain [37, 35, 11, 43]. Lately,
Chen et al.establish a large-scale 3D medical dataset consisting of multiple public datasets
with various modalities and pre-train a model called MedicalNet [11]. Experimental re-
sults demonstrate that it can facilitate training convergence and boost the performance in
multiple tasks. However, collecting numerous data with annotation is extremely time-
consuming and labor-intensive especially in medical field since the labels need to be an-
notated by domain experts. As a result, Zhou et al.design appropriate pre-text tasks for
medical imaging and build a set of pre-trained networks called ModelsGenesis in the man-
ner of self-supervised learning [43]. These self-taught models outperform those trained
from scratch on multiple downstream datasets. However, the aforementioned studies do
not deeply explore the essence of pre-training in medical imaging. We therefore carry
out a comprehensive analysis and extensive experiments to reveal the characteristics of

pre-training.

2.3 Batch normalization

Batch normalization (BatchNorm) [25] has been widely adopted in neural network archi-
tecture as it can stabilize the training process and facilitate the convergence. BatchNorm
performs the z-norm on the features with the mean and variance computed within a batch.
Besides, the trainable coefficient v and § parameters were introduced to ensure that the
transformation can represent the identity mapping. Since BatchNorm was proposed, mul-
tiple works were seeking to explore the essence of it and trying to understand the reason
for its effectiveness [34, 8, 28, 39, 19]. In particular, the expressive power of v and [ was
studied in [|[19]. By freezing all other parameters at initialization and training only ~ and (3,
the sufficiently deep models have impressive performance on ImageNet [[15]. In addition,
~ naturally learns to disable substantial random features. This demonstrated that the affine

parameters in BatchNorm enable the network to have the ability of selecting appropriate

5
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features. We further extend this observation and develop a methodology to evaluate the
capability of the pre-trained weights. Moreover, we propose the BNScale regularization

to fully and evenly utilize the kernels in the fine-tuning stage.
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Chapter 3

Methodology

3.1 Pilot study

In this section, we empirically examine the hypotheses we suggest on four downstream
datasets, namely ACDC [[7], LiTS [2], BraTS’17 [29, 5, 6], and NSCLC-Radiomics [3, 4].
Besides, we pre-train the networks on FastMRI [41] and LIDC-IDRI [[I]], whose modality
is CT and MRI, respectively. The detailed description of used datasets is shown in Tab. B.1].
Since the downstream tasks are segmentation problems, we adopt the Dice coefficient to
evaluate the network performance in the following experiments.

Table 3.1: Dataset description. Detail information of used datasets in this work.

Dataset Modality Purpose Task Total subjects (Train: Valid:Test)
FastMRI [41] MRI pre-training - 3769 (3769 : -: -)

LIDC-IDRI [1]] CT pre-training - 534 (534:-:-)

ACDC [7] MRI fine-tuning  heart segmentation 180 (120 : 30 : 50)

LiTS [2] CT fine-tuning  liver segmentation 131 (84 : 21: 26)

BraTS’17 [29, 5, 6] MRI fine-tuning  brain tumor segmentation 285 (171 : 57 : 57)
NSCLC-Radiomics [3,4] CT fine-tuning  lung tumor segmentation 288 (169 : 84 : 35)

3.1.1 Is pre-training always useful in medical imaging?

Pre-training seems to be omnipotent for tackling various tasks in medical domain [37, 35,
11, 43]. However, is pre-training always useful in medical imaging? As shown in Fig-
ure [L.1, there is a significant improvement on BraTS’17 and NSCLC-Radiomics for over

1% Dice score when the modality of pre-trained dataset is the same as that of downstream

7
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dataset. On the contrary, the performance on LiTS just slightly enhances and the perfor-
mance on ACDC even decreases. We conclude that the complexity of downstream task is
critical to the effectiveness of pre-training. A possible reason is that the network trained
from scratch is good enough on the simple tasks compared with the difficult ones, so the
improvement is not obvious. Besides, the task complexity is inversely correlated with the
performance of networks trained from scratch on a specific task. For example, as the Dice
score on LiTS is higher than the one on NSCLC-Radiomics by a huge margin, the task
on NSCLC-Radiomics is much more complicated than the one on LiTS. In addition, the
task of BraTS’17 and NSCLC-Radiomics is tumor segmentation while the one of ACDC
and LiTS is organ segmentation. Tumors have a variety of size and position while organs
are almost located in the particular region, which is straightforward to explain why the
task complexity of BraTS’17 and NSCLC-Radiomics is greater than the one of ACDC

and LiTS.

3.1.2 Does the modality of pre-trained datasets matter?

There are numerous modalities in medical imaging, such as CT, MRI, X-ray, and PET.
To the best of our knowledge, there is no research in medical imaging domain analyzes
how the modality of pre-trained data will impact on the performance of downstream tasks.
As depicted in Fig [1.1, applying the pre-trained weights from the same modality can sig-
nificantly improve the performance of target tasks compared with the ones from different
modality. For instance, the network pre-trained from MRI outperforms that pre-trained
from CT in the BraTS’17 [29, 5, 6] challenge since it is a brain MRI dataset. It is worth
pointing out that the phenomenon can be consistently observed even in the easier organ
segmentation tasks. We conclude that which modality is adopted to pre-train the network
plays a important role in the improvement of the downstream tasks. It is intuitive that the
pre-trained weights from the same modality will perform well as the model has understood

the data characteristics in advance.
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3.2 Proposed approach

In this section, we first provide detailed studies on BatchNorm parameter ~y in Sec. B.2.1.
Based on the analyses, we propose the network alchemy composed of Identification, Modi-
fication, and Maximization to appropriately refine the pre-trained weights to be competent

at the target tasks. We elaborate the proposed approach in Sec. B.2.2.

3.2.1 Analysis on 7 in batch normalization

Impact of small v on network output In [19], they have confirmed that small values
of v have little impact on the network output by explicitly clipping the parameters whose
value is lower than a specified threshold to zero and evaluate the performance. Nonethe-
less, it may result from the amount of clipped ~ rather than the value of . Therefore, we
perform clipping v under a specified threshold and randomly clipping with correspond-
ing percentage of ~y to verify this assumption. As shown in Fig B.1], there is a slight drop
in Dice score when the kernels with smaller v value are disabled. In contrast, randomly
closing equal percentage of kernels leads to a dramatic drop on the performance. There-
fore, the number of clipped + is not the main factor for affecting the performance and the

kernels with smaller v value do impact little on the network prediction.

Redundant kernels We have observed the correlation between ~ values and the im-
portance of the corresponding kernels in the previous analysis. More specifically, the
value a well metric to reflect the importance of each kernel. Therefore, we can measure
the percentage of redundant kernels in a network by freezing all the parameters except the
parameters in BatchNorm and then analyzing the ~y distribution. Fig. expresses the 7y
distribution of networks with different initialization in four downstream tasks. As can be
observed, the randomly initialized model has more ~ values distributed in a lower range
than pre-trained networks by a large margin. In addition, the network pre-trained from
data whose modality is identical to the one of downstream data contains less redundant
kernels for the current task. From the view of the effectiveness of network parameters,

the results demonstrated in Fig |L.1| are reasonably explained.

9
doi:10.6342/NTU202002487



0.675q77% zo1% Sas% TTATH
0.650

0.625

ice
Dice

D

0.600

0.575

0.550

0525 77777 No c“plng 36.39% 00 77777 No CIipinAgA.-W% 16.05% 20.98% 24.57% 28.64% 32.41% 36.39%
0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4 0.5
y threshold y threshold
(a) clip 7y < threshold (ACDC [[7]) (b) clip randomly (ACDC)

oA 15.37

0.77947% 133% 3.04% —e

5.61%

18.62

0.74 0.1 12.41% 15370
fffff No cliping 0.0] T No cliping
22.43% 26.46% " 22.43% 26.46%
0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4 0.5
y threshold y threshold
(c) clip ~y < threshold (LiTS [2]) (d) clip randomly (LiTS)

Figure 3.1: Verification of small v impact. We compare clipping v whose value is smaller
than a specified threshold with randomly clipping. The number annotated on each point
represents the percentage of v equals to zero. The gray region covers the acceptable vari-
ation range of performance (£2%). It is obvious that there is only a slight drop in Dice
coefficient when performing clipping on the smaller 7. On the contrary, randomly dis-
abling equal percentage of kernels leads to a dramatic decrease on the performance.

3.2.2 Network Alchemy

We propose the network alchemy to separate the wheat from the chaff and make full use
of the pre-trained weights. Let £ denote the task-specific loss function in the fine-tuning

stage. We elaborate the steps in the following sections.

Identification In this stage, we only train the BatchNorm with £ and freeze other layers
to leverage the v distribution for judging which kernel is redundant. After reaching the
convergence, the ~y values are representative enough to be the importance of the corre-

sponding kernels. Hence, we identify which kernel contributes little to the output predic-
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Figure 3.2: v distribution. We acquire the v distribution by training only BatchNorm.
As shown in the figures, the network pre-trained from data whose modality is identical to
the one of downstream data contains less redundant kernels.

tion and further modify them.

Modification After identifying the useless kernels, the next step is to properly adjust
those kernels and make it competent at the current objective. We substitute kernels with
Kaiming initialization [24] for the redundant kernels and then fine-tune the whole network
with £. Surprisingly, the preformance is substantially improved (Tab. §.1)). The possible

reason may be that the well-studied Kaiming initialization [24] is the better initial param-

eters in comparison with the already identified redundant kernels.

Maximization Finally, we propose the BNScale regularization consisting of the mean
and the standard deviation terms to further regularize the network parameters when fine-

tuning. The regularization is formulated as:

R, = —a E(I) + By/Var(T) 3.1

where I is the set of v in BatchNorm of the whole network, [E is the expectation operator,

Var is the standard deviation symbol, and «, § are hyperparameters. Therefore, the loss

11
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function in this stage can be written as:

L'=L+ AR, (3.2)

where \ is a scalar to adjust the intensity of regularization.

We have verified that if the v in BatchNorm are close to zero, the corresponding kernels
are redundant. Hence, the mean term is tailored to expect the -y to be higher, which forces
the corresponding kernels to improve their capability. On the other hand, the network
naturally learns to disable some kernels, which makes the model too rely on other specified
kernels [19]. To avoid this problem, the standard deviation term is designed to expect the
variation of 7y to be small, which compels the model to equally use every kernel. With these
explicit constraints, the network will be guided to make full use of whole parameters and
converge to better local minima.

To sum up, the proposed network alchemy elegantly unlocks the network potential and
achieve better performance. Different from the conventional fine-tuning, we explicitly
provide the regularization on the network parameters. This provides the clear guidance

on pointing in the direction of the network optimization.

12
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Figure 3.3: Network Alchemy. The proposed approach includes three steps: Identifica-
tion, Modification, and Maximization. First, we identify redundant kernels with the help
of v distribution. Next, we properly modify these kernels to make the network more com-
petent at the current task. Finally, we imply the additional regularization to provide the
direct guidance to assist the network optimization.

13
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Chapter 4

Experiments

The used data in the experiments has been described in Sec. B.1|. We evaluate the effective-
ness and the generalization ability of our proposed method only on BraTS’17(MRI) [29,
5, 6] and NSCLC-Radiomics [B, 4] as they are more complicated task than ACDC [[7]
and LiTS [2]. We also provide the comprehensive ablation study to demonstrate the ef-
fectiveness of our proposed components. In addition, we propose the original standard
to rapidly estimate the performance of pre-trained weights, which can largely bring down

the estimation cost.

4.1 Implementation details

For model pre-training, we adopt 3D U-Net [[13] as the backbone and follow the self-
supervised pre-text tasks proposed in [43] to acquire the pre-trained weights. For the
fine-tuning on downstream tasks, the data is resampled to the fixed image resolution and
then augmented by random cropping. We empirically choose & = 0.1, 8 = 1 in Eq.
and A = 0.0001 in Eq. 3.2 We use Adam [26] optimizer with 5, = 0.9, 55 =0.999, and € =
1078, and the batch size is 16. The training is stopped once the loss curve is converged on
the validation set. We do k-fold cross-validation to rigorously examine the generalization
ability of our proposed method. We implement with Pytorch framework [32] and conduct

the experiments on NVIDIA V100 GPUs.

14
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4.2 Quantitative evaluation

To verify the effectiveness of the proposed network alchemy, we initialize the network
with the pre-trained weights from the modality different from the one of target dataset.
For example, we adopt the model weights pre-trained from CT data as the initialization
and fine-tune on BraTS’17 whose data modality is MRI. We report the quantitative results
in Table and depict the ~ distribution in Fig §.]. We can see that there are signif-
icant improvements in both datasets. In term of the ~y distribution, there are much less
parameters with small v value after performing the network alchemy, which explains the
showed improvements. Therefore, the proposed network alchemy is effective for ele-
gantly increasing the network capability even pre-trained weights are from other modality.
The experimental results demonstrate that pre-trained weights from other modality can be

properly refined and achieve convincing performance on the downstream task.

Vipcup (CT)
1.75 w/o Network Alchemy w/o Network Alchemy
1.50 w/ Network Alchemy 175 w/ Network Alchemy
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(2) BraTS’17 [29, 5, 6] (b) NSCLC-Radiomics [B, 4]
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Y

Figure 4.1: Change of 7 distribution after performing network alchemy. As we can
see, there are much less parameters with small « value after performing the network
alchemy.

4.3 Ablation study

As shown in Tab. §.1|, pre-trained network enables the promising result compared with
the network trained from scratch. Besides, the pre-trained weights from the same modal-
ity can achieve better performance as mentioned in Sec. B.1.2. Here we verify whether
the proposed network alchemy will reach the performance comparable to the model pre-
trained from the same modality. We first analyze Identification and Modification in net-

work alchemy to confirm whether these two steps will really separate the wheat from the

15
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chaff and benefit the network. Then, we also provide the experiment to justify the ef-
fectiveness of BNScale regularization. We can see that it leads to the better results with
only the help of Identification and Modification. Furthermore, Maximization guides the
network to fully utilize the trainable parameters and increases the network capability. In
summary, the model assisted with the network alchemy can fully exploit the capability to
equal or even surpass to the network pre-trained from the data whose modality is identical

to the target dataset modality.

Meanwhile, we additionally provide the investigation on the effectiveness of BNScale
regularization. Surprisingly, as shown in Tab. 4.2, BNScale regularization brings the much
improvement in most experiments even when training from scratch. The results strongly

exhibit the robustness and the generalization of the proposed regularization.

Table 4.1: Ablation study. The red and the blue indicate the best and the second best
performance, respectively. As mentioned in Sec. B.1.2, pre-trained (same modality) will
lead to better performance than pre-trained (diff. modality). Therefore, pre-trained (same
modality) can be seen as an upperbound that pre-trained (diff. modality) can achieve.
We verify whether the proposed components in the network alchemy can properly adjust
the pre-trained weights from different modality (pre-trained (diff. modality)). The result
turns out that the network alchemy can effectively reduce the performance gap between
pre-trained (same modality) and pre-trained (diff- modality).

Pre-trained Pre-trained Network Alchemy Dice? Dice?
(same modality) (diff. modality) [dentification Modification Maximization (BraTS’17) (NSCLC-Radiomics)

v 0.6056 0.5129

0.5896 0.4854

v 0.5995 0.4969

v N v 0.6031 0.5114

v v v v 0.6045 0.5163

Table 4.2: Quantitative analysis of proposed BNScale regularization (R,). The results
exhibit the effectiveness of the proposed BNScale regularization. It is worth noting that
the BNScale regularization can significantly improve the performance even when training
with randomly initial weights.

BraTS’17 (MR) [29, 5, 6] NSCLC-Radiomics (CT) [3, 4]
From scratch Pre-trained CT Pre-trained MRI  From scratch Pre-trained CT Pre-trained MRI
w/o R, 0.5896 0.5995 0.6056 0.4854 0.5129 0.4969
w/ Ry 0.5974 0.6036 0.6040 0.5108 0.5212 0.5151
16
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Table 4.3: Quantitative verification of the proposed evaluation standard. There exists
the positive correlation between the performance of training all modules and training only
BatchNorm, which proves the rationality of the proposed evaluation procedure.

BraTS’17 [29, 5, 4] NSCLC-Radiomics [3, 4]
From scratch Pre-trained CT Pre-trained MRI  From scratch Pre-trained CT = Pre-trained MRI
BN trainable 0.0542 0.2738 0.2885 0.1254 0.2809 0.2291
All trainable 0.5896 0.5995 0.6056 0.4854 0.5129 0.4969

4.4 Pre-trained network evaluation standard

Based on the characteristic of ~ observed in Sec. B.2.1], we introduce the original stan-
dard to efficiently assess the performance of the pre-trained network. By training only
BatchNorm and freeze other parameters, the model can adjust the ~y value to select useful
and important kernels during the optimization process. After reaching the convergence,
the network has learned how to properly perform the downstream task by just scaling and
shifting the features from convolutional kernels rather than making any modification on
kernel weights. As reported in Tab. .3, the positive correlation between the performance
of training all modules and training only BatchNorm exists. Accordingly, we can train
only BatchNorm to efficiently select the best one from amounts of pre-trained networks
for the current target task. By doing so, it greatly diminishes the computational cost and

the overall memory usage since only the parameters in BatchNorm need to be optimized.
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Chapter 5

Conclusion

In this work, we carry out the detailed analysis to explore the essence of pre-training in
medical imaging and come to two conclusions. One is that the improvement yielded from
pre-training is in inverse proportion to the downstream task complexity. The other is the
more similar the modality of pre-trained data to the one of downstream data, the better per-
formance we can achieve. Besides, we study the 7 in batch normalization (BatchNorm)
in depth and establish an efficient procedure to evaluate the effectiveness of existing pre-
trained weights. Based on these observations, we propose network alchemy method to
further exploit the ability of model parameters in fine-tuning stage. Quantitative results
and the ablation study demonstrate that our proposed algorithm is effective to maximize
the utility of existing pre-trained weights. In the future work, we are interested in extend-
ing the approach to natural images. We believe that our findings would be able to stand

the tests even beyond the medical domain.
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