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Abstract

Most modern models designed for ultrasound (US) image segmentation are
characterized by high computational and memory requirements, limiting their
practical utility in point-of-care US settings. Consequently, researchers have devised
innovative approaches to compress these large models, enabling the training of
smaller networks capable of achieving comparable generalization performance.
Among these strategies, knowledge distillation (KD) has emerged as particularly
suitable for scenarios involving small datasets or where significant efficiency
improvements are desired. While previous KD-based methods have focused on
extracting comprehensive information from diverse levels of teacher representation,
they often overlook the identification of the most effective representation level.
Additionally, many existing techniques propose intricate strategies that present
implementation challenges. To address this gap, our study concentrates on selecting
optimal teacher representations from various levels. Through an exhaustive analysis
of KD pathways, loss functions, and the impact of augmentation, we offer valuable
insights into the mechanisms underlying knowledge transfer from the teacher to
the student networks. Our proposed methodology significantly enhances student
performance, elevating the Dice similarity score from 73% to 80%, while the teacher
model achieves 81%. Notably, our student model achieves this improvement with
only 0.82 million parameters, compared to the teacher model’s 96 million parameters.

Keywords: Ultrasound; Image segmentation; Model compression; Knowledge distillation

1. Introduction

Ultrasound (US) imaging is one of the most widely used medical imaging modalities,
with benefits that include cost-effectiveness, non-invasiveness, portability, and real-
timeliness. However, because of its low quality, the interpretation of US images
necessitates professional competence, which must evolve with the variety of imaging
techniques available. The delineation of an organ or region of interest (ROI) in a US
image where the pixels inside the intended ROI share certain characteristics is known
as US image segmentation. Image segmentation, often known as an important step in
many computer-aided detection (CAD) pipelines, aids further quantitative analysis of
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clinical parameters related to volume and shape.' US image
segmentation has been utilized in a variety of applications,
including the creation of image atlases, determination of
the size or shape of the target ROI, target therapies, and
image-guided procedures. These segmentation masks
are manually delineated by an expert clinician and are
considered the gold standard in medical applications.
Despite the importance of manual delineation, it is a time-
consumingand labor-intensive task that is frequently subject
to inter- and intra-observer variability due to differences in
clinicians’ experience, attention, and visual fatigue, as well as
insufficient training of clinicians.>’ Therefore, computerized
semi- and fully-automatic segmentation techniques based
on convolutional neural networks (CNN) have attracted
great interest in expediting the delineation procedure while
improving the reproducibility of the delineations.*”

CNN-based algorithms have made revolutionary
developments in CAD systems. However, despite the
current growth of CNN-based algorithms for segmentation
purposes, these techniques are rather complex and their
ability to generate satisfactory results on specific medical
imaging problems is often limited.' Complexity in network
design and configuration does not necessarily lead to better
performance.® Furthermore, networks with large amounts
of parameters that are both memory- and computationally-
demanding are often a hindrance to modern CNN-based
segmentation approaches. To be more specific, although an
increase in size is usually correlated with an improvement
in representation power, it comes at a price: longer training
time and more memory usage. With the present expansion
of point-of-care US (POCUS) imaging equipment, it
is critical to build networks that are computational
and memory-efficient. Compared to other imaging
modalities, POCUS has the primary advantage of allowing
investigations at the bedside, which is especially appealing
for acutely ill patients who cannot normally be transported
for such testing.”'” One common use case of CAD-based
systems equipped with CNN-based techniques is in
POCUS imaging for breast cancer detection.'"""* To achieve
computational and memory efficiency, researchers have
developed novel strategies for compressing large models so
that the same or similar generalization performance can be
achieved by training smaller networks.'

In model compression techniques such as parameter
pruning, quantization, and knowledge distillation (KD),
to name a few, the goal is to minimize the associated
computational and memory costs. In these techniques,
the large model is encoded to a more efficient format
with minimal performance impact.’>'® Parameter pruning
involves training a large model and then removing
unnecessary weights and parameters to get a considerably
smaller yet effective model. This method also aids in

the addition of regularization to the model, resulting in
improved generalization.”" Pruning usually eliminates
“unimportant” weights from a deployed model. This
means that pruning is rarely useful for model efficiency
in training and inference time; however, it can help with
model storage. Similarly, quantization-based compression
techniques help in model storage by reducing the
number of bits required to save the weights.”** Pruning
and quantization-based techniques provide a suitable
compression rate without sacrificing accuracy. They are,
nevertheless, better suited to applications that demand
consistent model performance. As a result, KD-based
techniques, also known as student-teacher networks, are
better suited to applications involving small-size datasets
or requiring large efficiency improvements.® In these
approaches, the model is directly accelerated without
special hardware or implementations. To be more specific,
the student network (i.e., small network) is trained
under the supervision of the teacher network (i.e., large
network).'® The main idea of the KD-based approach is to
transfer information from a complex teacher network into a
small student network by simulating the distribution of the
teacher network’s representation. Previous experimental
results have demonstrated that the student network can
match or even beat the teacher’s performance while being
computationally efficient.'>*%

While previous methods tend to capture rich
information from various levels of teacher representation,
they lack emphasis on identifying the most effective
representation level. Moreover, many existing techniques
propose complex strategies that pose implementation
challenges. To this end, we address a gap in current KD
techniques by focusing on the selection of optimal teacher
representations from different levels, which has been
overlooked in existing approaches. To be more specific,
we study the impact of transferring knowledge from the
teacher’s output layer as well as from the intermediate
layers of the teacher. Moreover, many existing techniques
introduce complexities in selecting the appropriate teacher
level for knowledge transfer.® In contrast, we conduct
an extensive analysis of KD pathways, loss functions,
and the impact of augmentation, providing valuable
insights into the mechanisms underlying knowledge
transfer from teacher to student networks. The proposed
method simplifies the KD process by pinpointing the
most beneficial teacher representation level, thus offering
a more straightforward and practical solution for model
compression and performance enhancement. The main
contributions are summarized below:

e Highlighting the potential of leveraging teacher
networks to facilitate significant performance gains in
student models, indicating effective knowledge transfer
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e Exploring the fundamental role of teacher
augmentation techniques and loss functions in

facilitating knowledge transfer across different
distillation pathways
o Developing a student network that achieves

comparable performance to the teacher network
while having significantly (100 times) fewer trainable
parameters.

The rest of the paper is structured as follows: section
2 provides an in-depth literature review, while Section 3
outlines our proposed methodology. Our achievements
and results are presented in Section 5, and concluding
remarks are presented in Section 6.

2. Related works

In this section, we present an extensive review
encompassing previous methodologies for network
compression based on KD, alongside an analysis of US
segmentation techniques, specifically those employing
KD methodologies. Please note that the structure of this
section is designed to review KD studies utilizing both
natural and medical image datasets. Additionally, since
we are using a publicly available dataset introduced by
Yap et al.¥ (i.e., Dataset_A), we include a review of recent
studies that have employed this dataset, regardless of
whether they used KD as their main methodology. Our
aim is to compare the results with those of other studies
that used the same dataset.

2.1. Studies on KD

KD-based techniques have been used in both classification
and segmentation tasks.**** The main idea of these
approaches is to distill knowledge from the output
probabilities with rich information of the teacher network
to the student network. Xu et al.*® focused on matching the
distribution of logits while Zagoruyko and Komodakis®
transferred knowledge from intermediate features. Tung
and Mori* proposed the distillation of similarity-preserved
knowledge such that the student network can preserve the
pairwise similarities of paired inputs that provide similar
activation maps from the teacher network. He et al’!
developed a KD method for semantic segmentation that
minimizes the inconsistency between student and teacher
knowledge. Another KD-based strategy on semantic
segmentation proposed by Liu et al.** performed pairwise
structure distillation and holistic distillation schemes.

2.2, Studies on KD in medical images

Recently, researchers have adopted KD-based techniques
for various applications in medical imaging,** and
specifically in US imaging.** Owen et al*' explored
the efficacy of a student-teacher framework in training

lightweight deep learning models, using unlabeled data to
achieve fast automated detection of abnormality in optical
coherence tomography B-scans. Vaze et al.*? introduced a
methodology for modifying and compressing the original
U-Net model* while incorporating KD to ensure that the
performance of the compressed model closely matches that of
the original U-Net on 5635 US images. Cao et al.*® proposed
a noise filter network (NF-Net) that mitigates the negative
impact of noisy labels through the incorporation of two
softmax layers for classification and a teacher-student module
for distilling the knowledge of clean labels in the classification
of breast tumors. Fan et al.* introduces optimization trajectory
distillation, a novel approach using a dual-stream distillation
algorithm for unsupervised domain adaptation.

Table 1 reviews the key features of the aforementioned
studies. Since the generalizability of the works discussed
in section 2.1 remains untested in the medical image
domain, these studies are excluded from Table 1. In
Table 1, most papers either utilize the output layer or the
intermediate layers for distillation, and none investigate
both simultaneously. Transferring knowledge solely
from the logits can lead to a performance gap between
teacher and student models. Each paper employs unique
distillation losses, yet none explores the impact of these
losses on the distillation process. By taking the L1-norm
of all layers, knowledge transfer is ensured throughout the
entire network, promoting more comprehensive learning.

2.3. Studies on Dataset_A

In this paper, as we utilized a publicly available 2D US
dataset introduced by Yap et al,” we present a review of
publications that have employed the same dataset to ensure
a fair comparison of our segmentation results with existing
works. It is worth noting that we employ the Dataset_A as
explained in Yap et al.”’ and maintain consistency in our

Table 1. Summary of previous works and their reported DSC
scores on Dataset_A

Article Dataset Task Knowledge distillation
method
Owen etal*  Optical Classification From model logits using
coherence binary cross-entropy
tomography
Vaze et al.*? Nerve US ~ Segmentation From all the layers using
L1l-norm
Cao et al.® Breast US  Classification From model logits using
squared error
Fan et al.*¢ Multiple? Multi-task®  From gradients of one

domain to another

“Multiple datasets were used. For more details, refer to.*
"Multiple tasks, including segmentation, classification, efc.
Abbreviation: DSC: Dice similarity coefficient.
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terminology throughout this manuscript by referring to this
dataset accordingly (refer to Section 3.1 for more details on
the dataset). Using Dataset_A, Yap et al.”” proposed an end-
to-end approach for US lesion detection and recognition
by utilizing a pre-trained segmentation network designed
based on fully convolutional networks (FCN)* and achieved
Dice similarity coefficient (DSC) score of 55%. Abraham and
Khan* proposed generalized focal loss based on the Tversky
index for the attention UNet and achieved a DSC of 80%.
They achieved a DSC of 66% for the UNet model with focal
Tversky loss. Zhuang et al.*® proposed a Residual-Dilated-
Attention-Gate-UNet model obtaining a DSC of 85% and
reported a DSC of 82% for UNet model. Costa et al.*!
proposed FCN-based segmentation models and reported a
DSC of 82%. Liang et al.>* developed a multi-stage elastic
augmentation technique and achieved a DSC of 84% using a
Mask-RCNN-based segmentation network.”

Amiri et al>* developed a two-stage segmentation
UNet to first detect the tumor region and then segment
the detected region. They reported a DSC of 86%. Lee
et al.>® proposed an attention module and obtained a DSC
of 76%. Shareef et al** proposed Small Tumor-Aware
Network (STAN) that involved CNN layers with various
kernel sizes in order to extract multi-scale information
from US images. They achieved a DSC of 78%. In their
next study,” they improved their work by proposing an
enhanced STAN network and achieved a DSC of 82%.
Singh et al*® proposed a contextual information-aware
network based on conditional generative adversarial
networks® that integrates atrous-convolution,” channel
attention® and channel weighting, obtaining a DSC of
86%.> A methodology built on the combination of deep
learning (i.e., UNet network) and a traditional learning-
based algorithm (i.e., level-set framework), proposed by
Hussain et al.,”* was reported to yield the DSC of only
98% and 72% for benign and malignant tumors. Qu et al.**
introduced an attention-supervised full-resolution residual
network inspired from full-resolution residual networks®
and achieved a DSC of 84%. Ning et al.*® achieved a DSC
of 85% from their proposed coarse-to-fine fusion network
alongside a weighted-balanced loss function. In one of our
previous works,” we explored the different pre-training
strategies for training a UNet when only 20 images were
used for training and obtained a maximum DSC of 57%.

Gao et al.*®® investigated class imbalance in segmentation
by proposing their multi-scale fused network with
additive channel-spatial attention and achieved a DSC
of 85%. Su et al.® proposed a multi-scale UNet that
involves layers with different receptive fields and led to
a DSC of 82%. Xu et al.”® introduced a multi-scale self-
attention network by integrating local features and global
contextual information that led to a DSC of 83%. Huang

et al” proposed different approaches for transfer learning.
In one of their experiments, first, they pre-trained various
networks on Achilles tendon US images, and then fine-
tuned on breast US images (i.e., Dataset_A) and reported
the best DSC of 83%. A unified-focal loss was introduced by
Yeung et al.” achieving a DSC of 82%. An adaptive receptive
field network proposed by Xu et al.” reported a DSC of 88%.
Lou et al.”* achieved a DSC of 90% by introducing inverted
residual pyramid block and context-aware fusion block
modules to UNet architecture. By introducing CTG-Net
that integrates lesion segmentation and tumor classification
tasks in breast US image analysis, Yang et al.”> achieved
improved performance compared to existing multi-task
learning approaches. Table 2 summarizes previous works
that utilized Dataset_A.

Table 2. Summary of previous works and their reported DSC
scores on Dataset_A

Article Method DSC (%)
Yap et al.¥ Pre-trained model 55
Abraham and Khan* Tversky focal loss 80
Zhuang et al.* RDAU-Net 85
Costa et al.”! FCN-based model 82
Liang et al.* Multi-stage AUG 84
Amiri et al.** Two-stage UNet 86
Lee et al.*® Attention module 76
Shareef et al.> STAN model 78
Shareef et al.”’ ESTAN model 82
Singh et al.*® c¢GAN-based model 86
Hussain et al.® DL+LS framework 98 (Benign)
72 (Malignant)

Qu et al.* ASFRRN model 84
Ning et al.® Coarse-to-fine fusion 85
Behboodi et al.”” Pre-trained model 57
Gao et al.*® MS fused model 85
Su et al.¥ MS UNet 82
Xu et al.” MS self-attention model 83
Huang et al.” Transfer learning 83
Yeung et al.”? Unified focal loss 82
Xu et al.”® Adaptive RF model 88
Lou et al.” IRPB+CFB modules 90
Yang et al.” CTG-Net 79
Lee et al.* TTFT KD-based 89

Abbreviations: Aug: Augmentation; DL+LS: Deep

learning-+level-set; MS: Multi-scale; RF: Receptive field;

RDAU-Net: Residual-Dilated-Attention-Gate-UNet; cGAN: Conditional
generative adversarial networks; ASFRRN: Attention-supervised

full-resolution residual network; IRPB: Inverted residual pyramid block;
CFB: Context-aware fusion block.
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3. Proposed methods

This section describes the proposed KD-based method
that highlights the potential of leveraging teacher networks
to facilitate significant performance gains in student
models. We developed a student network that achieves
comparable performance to the teacher network while
having a remarkable 100 times fewer trainable parameters.
Additionally, we explored the fundamental role of
augmentation techniques and loss functions in facilitating
knowledge transfer across different distillation pathways,
providing new insights into the optimization of model
distillation processes.

3.1. Dataset

As mentioned earlier, we used a publicly available 2D US
dataset introduced by Yap et al.”” referred to as Dataset_A.
It consists of 163 breast US images with their manual
delineations, each presenting either cancerous masses or
benign lesions with a mean image size of 760 x 570 pixels.
In our experiments, we created three random splits of 130
images for the train-validation set and 33 images for testing.

3.2.Teacher and student models

In our segmentation framework, we employed a U-Net-
based architecture® for both student and teacher networks.
After conducting extensive experimentation with various
backbone architectures including ResNet34, ResNet101,
ResNext50, and ResNext101, we ultimately selected
ResNeXt1017® as the backbone for our teacher model.
Among the options tested, ResNeXt101, with 96 million
parameters, outperformed others, demonstrating superior
performance in terms of accuracy and robustness. For our
student model, we modified MobileNetV3-small-100” in a
way that only had 0.82 million parameters. MobileNetV 3-
small-100 stood out as the sole model with a significantly
reduced parameter count while still possessing pre-trained
weights in the ImageNet dataset. This characteristic was
pivotal for our choice, as it allowed us to strike a balance
between model complexity and computational efficiency,
making it the most suitable candidate to serve as the
student model in our KD process. By leveraging distinct
encoders tailored to computational requirements, our
approach aims to optimize distilling knowledge from
teacher to student, achieving a favorable balance between
model complexity and performance in our proposed
segmentation framework. For both teacher and student
models, we initialized the backbone with pre-trained
weights obtained from ImageNet.”

3.3. KD paths

In our proposed KD paths, we explored two distinct
strategies distilling knowledge either from the final

predictions or from the hidden representations, i.e., the
output of the teacher model’s encoder. This approach
allows us to examine the most relevant source of
knowledge transfer. By incorporating these alternative
pathways, we ensure that the student model can effectively
learn from either the teacher’s output or the intricate
feature representations captured by its encoder. Illustrated
in Figure 1, our approach delineates three primary
pathways for distilling knowledge from the teacher to
the student model: KD-Logits (L), KD-Hidden (H), and
KD-HiddenRegressor (HR).

3.3.1. KD-Logits (L)

In this particular distillation pathway, our objective is
to transfer knowledge in the form of final predicted
logits from the teacher to the student model. Logits
represent the raw predictions produced by the teacher
model before applying any activation function, offering
a view of the model’s confidence scores across different
classes or categories. By distilling these logits, the student
model gains access to valuable information regarding the
teacher’s level of uncertainty, enabling a more nuanced
optimization process than can be achieved with only a
binary training signal. The design of KD-Logits (L) is
shown in Figure 1A.

3.3.2. KD-Hidden (H)

In this designated pathway, as illustrated in Figure 1B, we
aim to distill knowledge from the output of the teacher’s
encoder, specifically focusing on the hidden features.
These hidden features encapsulate rich representations
of the input data captured at various levels of abstraction
within the teacher’s architecture. However, a challenge
arises due to discrepancies in the dimensions of the
hidden features between the teacher and student models.
To address this, we employ a strategy to adjust the size of
the hidden features to ensure compatibility between the
two models. Specifically, since the number of channels in
the teacher’s hidden features may differ from that of the
student’s, we harmonize their dimensions by taking the
average over the channels (denoted as K in Figure 1B) from
both sets of hidden features. This normalization process
facilitates a seamless transfer of knowledge, aligning the
representations from both models and enabling effective
learning by the student. Moreover, by leveraging this
method, we ensure that the student model can benefit from
the comprehensive insights encoded within the teacher’s
hidden features. The hidden feature size of the teacher and
student are denoted as Bx C,x Hx Wand Bx C x Hx W,
respectively, where B is the batch size, C, is the number
of channels in teacher C, and student C_ models, H is the
height, and W is the width.
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Figure 1. The proposed knowledge distillation (KD) paths. (A) Transfer
of knowledge from the output layer (logits) of the teacher network.
(B) Transfer of knowledge from the hidden representations of the teacher
network. The hidden representations of the teacher and student networks
differ only in the number of channels. Hence, to align the shapes, an
average over the channels (K) is computed. (C) Similar to (B), knowledge
is transferred from hidden representations, but to match the shape, a
CNN-based regressor (R) is employed. Image created in Lucid (lucid.co).

3.3.3. KD-HR

As demonstrated in Figure 1C, in this pathway, akin to
the previous approach, our objective remains to transfer

knowledge from the hidden features of the teacher model
to the student. However, in this instance, to mitigate the
challenge of mismatching the hidden feature maps, we
introduced a novel regressor model (denoted as R in
Figure 1C) comprising two convolutional layers followed
by a rectified linear unit (ReLU) activation function. This
regressor model is strategically designed to adjust the
number of channels in the student’s feature map to match
that of the teacher. By incorporating this regressor model
into the distillation process, we effectively bridged the gap
between the differing feature map sizes. The convolutional
layers within the regressor model learn to map the student’s
feature representations onto a higher-dimensional space,
aligning them with the richer feature representations of the
teacher model. The subsequent ReLU activation function
introduces non-linearity, facilitating the extraction
of complex patterns and enhancing the fidelity of the
knowledge transfer process.

3.4. Loss functions

The training loss (L), defined in Equation I, is the
combination of two key components: the distillation
loss (L, ) and the supervised loss (L_ ). The distillation
loss aims to optimize the transfer of knowledge from
the teacher to the student model, leveraging the insights
encoded within the teacher’s representations to refine the
student’s internal representation. On the other hand, the
supervised loss allows the student model to learn directly
from the ground-truth labels, aligning its predictions with
the true distribution of the training data. By combining
these two losses, the training process balances the richer
signal coming from the internal representation of the
much larger teacher network against the supervision signal
from the actual task.

L=05%xL,  +05xL (I

Note that in the following loss functions N, i, ¥, IA’,-’
y,» P(i), and Q(i), respectively, refer to total number of
samples, one sample, ground-truth label, predicted values,
predicted label, teacher’s representation, and student’s
representation. Predicted label is the rounded predicted
value.

3.4.1. KD loss (distill)

distill

To evaluate the effectiveness of loss functions in
distillation, we employed two commonly used metrics: the
mean squared error (MSE) loss and the Kullback-Leibler
divergence (KLD) loss.

The MSE loss measures the average squared difference
between the predicted and target values. It is defined as:

MSE =

~32(r()-0() a
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The KLD loss quantifies the divergence between two
probability distributions as defined in:

P(i)
Q(i)

Where P and Q refers to teacher and student
representation distributions in our case.

KLD :iP(i)log

i=1

(I10)

3.4.2. Supervised loss (i, p)

For the supervised loss, we used cross-entropy (CE) loss.
CE loss measures the dissimilarity between the predicted
pixel-wise probability distribution and the ground truth
labels. The formula for cross-entropy loss is given by:

CE:_Wlliyilog( pn) (IV)

3.5. Augmentation

In our experimental setup, we separated our approach into
two distinct strategies regarding data augmentation. In
one set of experiments, we employed weak augmentation
solely for the teacher model while implementing strong
augmentation exclusively for the student. In another
series of experiments, we applied strong augmentation
to both teacher and student models. This difference in
augmentation strategies was purposefully designed to
explore and assess the impact of differential augmentation
levels on the performance and robustness of the resulting
models. By varying the augmentation schemes, we aimed
to gain insights into how each model responds to different
levels of data perturbation and how this influences their
learning dynamics and generalization abilities.

By isolating weak augmentation for the teacher
and strong augmentation for the student, we sought to
emphasize the role of the teacher as a stable source of
distilled knowledge, while allowing the student to leverage
augmented data for enhanced generalization. Conversely,
employing strong augmentation for both models aimed to
evaluate the effectiveness of augmenting data at both stages
of the distillation process, potentially leading to further
improvements in model performance through increased
exposure to diverse training instances.

3.5.1. Weak augmentation

Our weak augmentation strategy employed a conservative
approach tailored to the teacher model’s training. Only
random cropping was applied before normalization to the
ImageNet mean and standard deviation. Since we utilized
pre-trained networks as our base architecture, adhering to
these standard normalization procedures helped maintain
consistency with the pre-existing feature representations.

3.5.2. Strong augmentation

Our strong augmentation strategy employed a more
aggressive set of techniques. Random cropping, shift, scale,
rotation, Gaussian noise injection, and pixel dropout were
all applied before normalization to the ImageNet space.

3.5.3. Experimental overview

As we have highlighted, our research delves into several
crucial factors within the realm of KD, including different
distillation paths, loss functions, and augmentation
strategies. These experiments are summarized in Table 3,
in which we employ distinct notations for each experiment
to enhance clarity and comprehension.

4., Experiments

In our experiments, we utilized an Nvidia Titan XP GPU
running on Ubuntu 20.04.6 LTS as our computational
platform. We employed PyTorch as our primary framework
for model implementation. For building our models, we
relied on Segmentation Models,” a PyTorch-based library.
Additionally, we utilized Albumentations,® another
PyTorch-based library, for implementing augmentation
techniques.

Table 3. Summary of experimental factors in the proposed
knowledge distillation approach

KD Model KD loss Teacher
Representation notations augmentation
KD (Logits) L_MSE Mean squared error ~ Strong
L_MSE_  Mean squared error Weak
WAug
L_KLD Kullback-Leibler Strong
divergence
L_KLD_  Kullback-Leibler Weak
WAug divergence
KD (Hidden) L_MSE Mean squared error ~ Strong
L MSE_  Mean squared error Weak
WAug
L_KLD Kullback-Leibler Strong
divergence
L_KLD_  Kullback-Leibler Weak
WAug divergence
KD (Hidden- L_MSE Mean squared error ~ Strong
Regressor) L_MSE_  Mean squared error Weak
WAug
L_KLD Kullback-Leibler Strong
divergence
L_KLD_ Kullback-Leibler Weak
WAug divergence

Abbreviations: KD: Knowledge distillation; KLD: Kullback-Leibler
divergence; MSE: Mean squared error.
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In all of our experiments, we standardized the image
size to 224 x 224. Given the limited size of our training
dataset, we used 3-fold cross-validation to showcase the
generalizability of the models. Initially, we trained both
the teacher and student models separately to establish
our baseline performance. Throughout this manuscript,
“Teacher” (with a capital T) refers to the predictions of the
selected teacher model, while “Student” (with a capital S)
refers to the predictions of the student model trained from
the dataset alone. All KD-based supervised student models
are referred to by their “Model Notation” as defined in
Table 3.

For optimization, we employed the Adam optimizer
with a learning rate of 10 The batch size was set to 64,
and training was conducted for 500 epochs. To prevent
overfitting, we implemented early stopping and terminated
training if the validation loss failed to improve for 50
consecutive epochs. Model checkpoints were saved based
on the best validation loss achieved during training.
For performance evaluation, we utilized the DSC that
quantifies the overlap between the predicted and ground
truth segmentation masks and captures both the precision
and recall aspects of model performance. DSC is calculated
as follows:

N
233 Yy
Zil(y A )

Where N, i, y, and J;, represent the total number of
samples, one sample, ground-truth label, and predicted
label, respectively.

DSC= V)

5. Results

In this section, we delve into the obtained outcomes and
analyze the implications of each suggested KD pathway.
Additionally, we assess the effect of MSE and KLD loss
functions on knowledge transfer from teacher to student.
Furthermore, we examine the impact of augmentation
on the teacher model. Finally, we compare the best-
performing KD paths with SOTA methods that utilized the
same dataset. It is worth noting that none of these SOTA
methods have publicly disclosed their training and testing
splits, nor have they shared their codes. As a result, we
can only report the results as presented in their respective

papers.

The Dice similarity scores, averaged over a 3-fold
cross-validation, are summarized in Table 4. The proposed
L_KLD_WAug model achieved the highest DSC of
80.00 + 18.86. The statistical analysis in Table 4 illustrates
the significance of the differences between the DSC of
the proposed models compared to Teacher and Student.
For instance, the DSC for the L_KLD_WAug model does

Table 4. Experimental Dice similarity scores: Average over
3-fold cross-validation

Model notations DSC (%) P-value w.r.t!
(Mean=std) Teacher Student
Teacher 81.50+18.40 - 0.0048**
Student 73.16+23.78 0.0048** -
L_MSE 77.75%22.55 0.1414 0.0227*
L_MSE_WAug 77.52+£17.61 0 0.1565 0.0948
L_KLD 78.00+22.05 0.0950 0.0037**
L_KLD_WAug 80.00+18.86 0.2075 0.0012**
H_MSE 77.50+21.49 0.0645 0.0215*
H_MSE_WAug 77.85+20.06 0.0341* 0.0125*
H_KLD 79.00+20.45 0.1320 0.0067**
H_KLD_WAug 78.50+19.83 0.1417 0.0316*
HReg MSE 78.06+19.25 0.0325* 0.0201*
HReg _MSE_WAug 77.63+19.97 0.0402* 0.0269*
HReg _KLD 79.00+20.37 0.2132 0.0021**
HReg _KLD_WAug 79.31+19.33 0.1247 0.0068**

Notes: 'w.r.t.: with respect to. *and **denote a statistically significant
difference with P<0.05 and P<0.01, respectively. DSC in bold represents
the best DSC across all the proposed networks.

Abbreviation: DSC: Dice similarity score.

not significantly differ from the Teacher model, with a
P = 0.2075. This validates that the L_KLD_WAug model
performs similarly to the Teacher model. Conversely, it
is significantly outperforming the Student model, with a
P =0.0012.

5.1. Ablation study

In this section, we conduct an ablation study and analyze
the results from various perspectives. As presented in
Table 4, the proposed KD paths consistently exhibit
performance closely aligned with that of the teacher
model. This is evidenced by their P-values relative to the
teacher’s predictions, which generally do not demonstrate
significant differences. However, these KD paths typically
reveal significantly better performance when compared
to the student model, as indicated by their respective
P-values. A visualization example of our ablation study is
presented in Figure 2.

5.1.1. Effect of KD paths

By investigating the performance evaluation of the KD
paths, it becomes evident that each pathway showcases
noteworthy  achievements in enhancing student
performance. In the KD (Logits) path, where knowledge
is transferred between the logits of the teacher and
student, the highest DSC of 80.00 was attained by the
L _KLD_WAug model. Moving to KD (Hidden), which

Volume 2 Issue 2 (2025)

80

doi: 10.36922/aih.3509


https://dx.doi.org/10.36922/aih.3509

Artificial Intelligence in Health

Efficient knowledge distillation for breast US

B Teacher c
DSC: 91.38

100

F L_MSE_WAug G

L_KLD_WAug H
DSC: 84.33

DSC: 81.68

H_KLD_WAug
DSC:81.11

HReg_MSE
DSC: 80.38

Student
DSC: 61.41

H_MSE
DSC: 78.69

HReg_KLD
DSC: 86.04

Figure 2. Visual comparison of our ablation study. The original test image, the prediction of the teacher model, and the prediction of the unsupervised

L MSE L KLD
DSC: 78.55 DSC: 83.72
H_KLD H_MSE_WAug

DSC: 81.64 DSC: 71.02

N HReg_MSE_WAug

O HReg KLD_WAug
DSC: 81.16

DSC: 86.57

student model are shown in (A-C), respectively. The predicted segmentations of the proposed KD-based models are shown in (D-O). Green contours
represent the ground truth mask, while the red contours illustrate the corresponding predictions.

involves exchanging knowledge between hidden features,
the top DSC of 79.00 was achieved by the H_KLD model.
Similarly, in KD (Hidden-Regressor), where knowledge
passes from hidden features through a regressor model,
the highest DSC of 79.00 was reached by the HReg KLD
model. These findings collectively suggest that all proposed
KD paths exhibit comparable performance, enhancing
student performance by approximately 9%. Such consistent
enhancements underscore the robustness and versatility of
the proposed KD paths, demonstrating their effectiveness
in knowledge exchange between teacher and student.

5.1.2. Effect of KD loss function

Further analysis of the results presented in Table 4
shows that both the MSE and KLD loss functions are
effective for knowledge transfer. Notably, across various
KD pathways, including KD (Logits), KD (Hidden), and
KD (Hidden-Regressor), the DSC reveals a consistent
pattern wherein both loss functions demonstrate similar
effectiveness. In the KD (Logits) pathway, for instance, the
DSC achieved by L_MSE and L_KLD, namely 77.75 and
78.00, respectively, highlight the marginal outperformance
of L_KLD. Similarly, in other KD pathways such as KD
(Hidden) and KD (Hidden-Regressor), the comparative
analysis reveals a similar pattern between MSE and KLD.
This slight outperformance of KLD in average DSC scores
suggests that KLD can be a preferable choice, indicating
that the selection between MSE and KLD loss functions

could notably influence the effectiveness of knowledge
transfer in KD.

5.1.3. Effect of augmentation

Exploring the impact of weak augmentation on the teacher
model reveals more insights into the KD process. The
utilization of weak augmentation for the teacher did not
yield a significant impact on performance. Models with and
without weak augmentation for the teacher demonstrated
comparable performance. Despite the negligible effect
of weak augmentation on the teacher model, all models
incorporating teacher guidance showcased improvements
compared to students without such supervision. This
observation demonstrates the fundamental role of the
teacher network in guiding and enhancing the learning
process of the student network. While weak augmentation
may not directly influence the performance of the teacher
model, its presence facilitates the extraction and transfer
of valuable knowledge, thereby contributing to the overall
improvement in student performance.

5.2. Results with respect to SOTA methods

In this section, we compare our best model with SOTA
models, as outlined in Table 5, which have utilized the
same dataset employed in our study. It is important to
emphasize that none of these SOTA models have provided
access to either their codebase or their training and testing
splits. Consequently, our comparison is based solely on
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Table 5. Results of SOTA methods

Article DSC (%) No. of parameters (millions)
Liang et al.** 84 20.5

Gao et al.® 85 2.34

Lou et al.*® 90 26.63

Lee et al.> 89 7.7

Ours (L_KLD_WAug) 80 0.82

Abbreviation: DSC: Dice similarity score.

the results reported in their respective papers. Table 5
exclusively showcases our best model alongside the top 3
SOTA models that have reported the number of trainable
parameters in their corresponding paper.

Our proposed best model demonstrates comparable
performance to SOTA models, despite having significantly
fewer trainable parameters. This observation highlights
the efliciency of our model architecture in achieving
competitive results while keeping the number of
parameters minimal. By leveraging innovative design in
distilling knowledge, our model strikes a balance between
computational complexity and performance, making it
well-suited for resource-constrained environments or
applications where model size is a critical consideration.

6. Discussion

In this study, we investigated various aspects of KD
techniques and their implications for enhancing student
performance. Through an extensive analysis of KD
pathways, loss functions, and the impact of augmentation,
we gained valuable insights into the mechanisms
underlying knowledge transfer from teacher to student
networks. Our findings revealed that the proposed KD
paths consistently demonstrated performance closely
aligned with that of the teacher model, indicating effective
knowledge transfer. Additionally, the comparative analysis
between MSE and KLD loss functions showed comparable
efficacy in facilitating knowledge transfer across different
KD pathways. Furthermore, exploring the impact of
different augmentations on the teacher model showed the
fundamental role of teacher guidance in improving student
performance, despite the negligible effect of augmentation
on the teacher model itself.

Finally, our comparison with SOTA models showcased
the efficiency of our proposed model architecture. Despite
having significantly fewer trainable parameters, our best
model demonstrated comparable performance to SOTA
models, highlighting the effectiveness of our approach in
achieving competitive results while minimizing model
complexity. Therefore, by leveraging the rich knowledge
encapsulated within the teacher network, students can

effectively learn from the expertise encoded in the teacher’s
parameters, leading to significant performance gains. Such
endeavors hold promise for advancing the state-of-the-art
in model compression and facilitating the deployment of
efficient deep learning solutions across various domains
and applications.

Even though our study provides valuable insights,
it would be advantageous to explore various student
models with differing numbers of trainable parameters
to assess the trend of their performance relative to
parameter count. This investigation would offer a
deeper understanding of the scalability and efficiency
of the proposed KD-based framework. Furthermore,
expanding our research to encompass additional
publicly available US datasets with diverse applications
would improve the generalizability and robustness of the
proposed framework.

7. Conclusion

This study concludes by demonstrating how KD can
improve the performance of lightweight student models for
US breast tumor segmentation. The suggested framework
shows promise for resource-constrained applications
such as POCUS by achieving competitive performance
with substantially fewer parameters through a systematic
analysis of KD routes, loss functions, and augmentation
impacts. The results highlight how crucial it is to choose the
best teacher representations and use teacher guidance to
promote efficient knowledge transfer. The generalizability
and resilience of this method would be further validated
by future research examining scalability with different
student model sizes and adding more US datasets, opening
the door for more effective and broadly applicable deep
learning solutions in medical imaging.
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