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Enhancing efficient deep learning
models with multimodal, multi-
teacher insights for medical image
segmentation

Khondker Fariha Hossain'*?, Sharif Amit Kamran?, Joshua Ong? & Alireza Tavakkoli®

The rapid evolution of deep learning has dramatically enhanced the field of medical image
segmentation, leading to the development of models with unprecedented accuracy in analyzing
complex medical images. Deep learning-based segmentation holds significant promise for advancing
clinical care and enhancing the precision of medical interventions. However, these models’ high
computational demand and complexity present significant barriers to their application in resource-
constrained clinical settings. To address this challenge, we introduce Teach-Former, a novel knowledge
distillation (KD) framework that leverages a Transformer backbone to effectively condense the
knowledge of multiple teacher models into a single, streamlined student model. Moreover, it excels in
the contextual and spatial interpretation of relationships across multimodal images for more accurate
and precise segmentation. Teach-Former stands out by harnessing multimodal inputs (CT, PET, MRI)
and distilling the final predictions and the intermediate attention maps, ensuring a richer spatial and
contextual knowledge transfer. Through this technique, the student model inherits the capacity for
fine segmentation while operating with a significantly reduced parameter set and computational
footprint. Additionally, introducing a novel training strategy optimizes knowledge transfer, ensuring
the student model captures the intricate mapping of features essential for high-fidelity segmentation.
The efficacy of Teach-Former has been effectively tested on two extensive multimodal datasets,
HECKTOR21 and PI-CAI22, encompassing various image types. The results demonstrate that our KD
strategy reduces the model complexity and surpasses existing state-of-the-art methods to achieve
superior performance. The findings of this study indicate that the proposed methodology could
facilitate efficient segmentation of complex multimodal medical images, supporting clinicians in
achieving more precise diagnoses and comprehensive monitoring of pathological conditions (https://gi
thub.com/FarihaHossain/TeachFormer).

Medical image segmentation is crucial for precise clinical diagnoses and cancer progression assessment but
encounters challenges due to the appearance of the organ and tumor diversity, irregular sizes, and unpredictable
locations. Deep learning, particularly the U-Net! architecture, has significantly advanced medical image
segmentation by enabling more accurate segmentation of precise regions and tumor tissues across various
imaging modalities. In these advancements, Unet-based architectures like RA-UNet?, CEU-Net, and transformer-
based architectures like Trans-UNet?, UNetr?, Swin-Unet® have been implemented to enhance the target
regions and the representation of features. Yet, despite this technological progress, the majority of cutting-edge
semantic segmentation models require extensive computational power, restricting their feasible use in clinical
settings. Moreover, Collecting extensive and well-curated data with ground truth annotation is challenging in
underprivileged areas despite the abundance of available data®’. Furthermore, medical image segmentation is
crucial for precise clinical diagnoses and cancer progression assessment but encounters challenges due to the
appearance of the organ and tumor diversity, irregular sizes, and unpredictable locations®!!.

Deploying segmentation models in real-world scenarios is challenging due to their substantial computational
demands. Lightweight networks like 3D UX-Net!2, 3D Medical Axial Transformer!® are aimed at real-time
semantic segmentation and attention toward real-time medical image segmentation. However, Xiaogang
Du et al.'* pointed out the underlying consequence that these simplified models can often compromise
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Parameters vs Dice Score

their performance, emphasizing in the medical image that accurate segmentation is crucial in this domain.
Techniques such as model compression'?, transfer learning'¢, and knowledge distillation!” have been explored to
address these limitations. Knowledge distillation, in particular, has gained attention for transferring information
from well-trained teacher networks to lightweight student networks to enhance performance without the
computational overhead®!®!? (Fig. 1).

Meanwhile, transformer models rely on self-attention mechanisms to capture long-range dependencies and
complex patterns in data, resulting in a large number of parameters. Though beneficial for capturing complex
patterns, it can result in overfitting, especially in scenarios with limited training data, which is a common issue'.
In corporating, Transformers with KD strategy can offer a state-of-the-art platform for distilling complex, high-
dimensional knowledge from teacher models to more compact student models. This approach facilitates a deeper
understanding of spatial and contextual relationships within multimodal medical images to ensure that the
distilled student models retain precision and accuracy, hence a lightweight model?*-22. However, conventional
distillation methods need to pay more attention to the rich information available during the learning process
and need help maintaining fine-grained semantic information. While these techniques offer viable solutions to
alleviate the initial challenges, they frequently result in more complex and burdensome architecture. Considering
all the relevant factors, we propose the following:

o We present an innovative approach, Teach-Former, to knowledge distillation specifically designed for mul-
ti-modal medical image segmentation. This method uniquely features both the teacher and student networks
and the ability to dynamically learn from teachers towards the shared knowledge during the training pro-
cess. Our approach incorporates knowledge distillation from multiple teachers to segment outputs with mul-
ti-modal imaging data, including Computed Tomography (CT), Positron Emission Tomography (PET), and
Magnetic Resonance Imaging (MRI).

The training strategy distills knowledge from intermediate feature-level attention maps and output prediction
maps from multiple teachers to a single student model. While previous approaches suffered from scaling
intermediate features from different parts of the encoder or decoder to calculate the intermediate feature loss,
our coarse and fine attention map distillation loss utilizes feature extraction with uniform dimensions from
the same encoder and decoder layers (Fig. 2).

Furthermore, we provide extensive results that showcase superior performance over existing state-of-the-art
approaches in terms of parameter reduction and higher dice score gain (Fig. 1).

Key contribution

1. Leverages diverse spatial and contextual knowledge from multiple teachers using multi-modal inputs (CT,
PET, MRI).

2. Introduces coarse and fine attention similarity loss for effective intermediate knowledge transfer.

3. Achieves 5X to 10X parameter reduction and 10X to 15X lower GFLOPs while maintaining high accuracy.

4. Demonstrates superior performance on HECKTOR'21 and PI-CAT’22 datasets compared to state-of-the-art

methods.
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Fig. 1. The figure compares the performance of various models in terms of Dice Score and mIoU against the
number of parameters (in millions) across two datasets: HECKTOR21 (left) and PI-CAI'22 (right). The bubble
size represents the computational complexity of each model, measured in GFLOPs. Models are categorized
into four groups: Teacher models (T1, T2, T3) shown in blue, Student models (S1, S2, S3) in green, Other KD
approaches (MISSU, MDVIT) in pink, and Aggregated models derived from multiple teachers (T1+T2+T3(S1),
T1+T2+T3(S2), T1+T2+T3(S3)) in orange. The plots demonstrate how different models balance accuracy

and computational efficiency, with the aggregated models generally achieving higher performance with fewer
parameters.
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Fig. 2. Our proposed architecture, Teach-Former, consisting of teacher models T1, T2 and T3 and one
student model. The teacher models are utilized in conjunction with the student model to calculate coarse and
fine attention similarity and pixel-wise distillation loss. Furthermore, the student model is trained using a
segmentation loss consisting of focal and dice loss.

Related work

Knowledge distillation in medical imaging

Knowledge distillation (KD) has emerged as a pivotal technique for enhancing the performance of lightweight
models by transferring knowledge from larger, more complex teacher models. Hinton et al’s pioneering work
on KD demonstrated its potential to maintain high accuracy in student models while significantly reducing
computational demands. Various studies have leveraged KD to balance the trade-off between model complexity
and performance in medical image segmentation. Knowledge distillation (KD) has emerged as an essential
technique for developing lightweight models, crucial in medical fields where computational resources are
limited. This approach transfers knowledge from a complex, resource-intensive teacher model to a more efficient
student model, maintaining high performance while reducing computational demands. In clinical settings,
lightweight models are vital for real-time processing, efficient use of resources, and reliable performance. For
instance, Zhong et al.>* highlight using deep learning models for auto segmentation in head and neck cancer,
emphasizing the need for high accuracy and efficiency in typical clinical hardware. Similarly, Kosmin et al.*
discuss advancements in the auto-segmentation of organs at risk and target volumes in radiotherapy, where
balancing performance with computational efficiency is crucial for integration into clinical workflows. Kitaguchi
et al.”> demonstrate the feasibility of real-time automatic prostate segmentation during TaTME, underscoring
the necessity for accurate real-time segmentation in surgical settings. Again, RSKD?® improves segmentation
with rank-sensitive distillation but prioritizes fine-grained features without effectively addressing computational
efficiency or handling multi-modal data. Various KD strategies, such as attention transfer, multi-teacher
approaches, and intermediate layer distillation, enhance the student model’s ability to perform complex tasks
efficiently, addressing the practical challenges in medical image segmentation.

Multimodal medical imaging

Integrating information from different imaging modalities, such as CT, PET, and MRI, presents unique
challenges and opportunities in medical imaging. Multimodal approaches leverage the complementary
information different imaging techniques provide to enhance segmentation performance. Valindria et al.?’
demonstrated that combining CT and MRI data significantly improves multi-organ structure segmentation
accuracy. Similarly, Zhou et al.?® proposed the Unet++ architecture, which benefits from multimodal data
integration to achieve more precise medical image segmentation. Marti-Bonmati et al. emphasize that each
imaging modality-including CT, PET, MRI, and others-offers distinct information that can be vital for precise
diagnosis and treatment strategizing. For instance, CT scans are excellent for visualizing bone structures, while
MRI is superior for soft tissue contrast. PET scans, on the other hand, provide metabolic information vital
for identifying cancerous tissues. However, integrating these different data types presents significant technical
challenges, including the need for sophisticated image registration, data fusion techniques, and the handling
of large volumes of data®. Guo et al. review the application of multimodal deep learning in medical imaging,
underscoring its potential to enhance visual understanding and improve clinical outcomes. The discussion
revolves around training deep learning models to combine data from various imaging modalities, enabling
them to capture a more comprehensive range of features that single-modality models could overlook. This
multimodal strategy can potentially enhance the accuracy of diagnostic tools and predictive models, thereby
increasing their reliability for clinical applications. Moreover, Guo et al.* highlight the advancements in neural
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network architectures that facilitate multimodal learning, such as convolutional neural networks (CNNs)
and transformers, which can handle complex, high-dimensional data. Despite these advancements, they also
highlight ongoing challenges, such as the need for large, annotated datasets and the computational complexity
involved in training and deploying these models®. Li et al’s’! work on knowledge distillation addresses the
need for efficient models that maintain high performance in resource-constrained clinical settings. Similarly,
Song et al.** combine residual U-Nets and Vision Transformers in a teacher-student framework, focusing
more on classification tasks and less on transferring spatial and contextual knowledge. While these methods
contribute to specific areas, they generally do not integrate multi-teacher frameworks or optimize intermediate
feature-level distillation for diverse multi-modal datasets, presenting a gap addressed by our proposed approach.
These studies underscore the critical importance of multimodal imaging in improving diagnostic accuracy and
treatment planning, emphasizing the necessity for advanced techniques to effectively distill and integrate this
information into streamlined, efficient models for clinical application.

Attention features with 2D and 3D image modality

With their self-attention mechanisms, transformer models have revolutionized various areas of machine
learning by effectively capturing long-range dependencies and intricate patterns. Architectures like Trans-UNet>,
UNETRY, and Swin-Unet’, based on transformers, have shown great promise in medical image segmentation.
These architectures are adept at capturing complex details and dependencies within medical images, making
them highly suitable for segmentation tasks. However, their considerable computational requirements and model
complexity pose significant challenges for practical implementation in clinical settings. The high computational
load and susceptibility to overfitting on limited training data hinder their use in environments with constrained
computational resources. Integrating transformers with knowledge distillation (KD) strategies offers a novel
approach to leverage their powerful representation capabilities while mitigating overfitting through effective
knowledge transfer, potentially making these advanced models more feasible for clinical use®'%.

RA-UNet? utilizes attention mechanisms to enhance feature representation, offering improved segmentation
accuracy, but it is restricted to single-modal data, limiting its generalizability. Similarly, Trans-UNet®> employs
Transformer-based encoders to effectively capture global dependencies; however, its high computational
demands and lack of scalability for multi-modal inputs pose challenges in resource-constrained settings.
Both architectures, while innovative, struggle to fully address the complexities of multi-modal medical image
segmentation and the need for lightweight, efficient models adaptable to diverse clinical environments. KD can
offer significant benefits in the realm of 2D and 3D medical image data. In recent work, the author proposes
MDViT®, which utilizes a multi-domain network trained on four different skin lesion image datasets using
auxiliary peers through mutual knowledge distillation. The author incorporated domain-specific labels (0-4) as
input alongside the images during model training. This approach addresses data scarcity and mitigates negative
knowledge transfer (NKT) in scenarios involving multiple small datasets (domains). Although the model
demonstrated good performance on 2D skin lesion images with limited datasets, it has notable limitations.
Specifically, the model requires domain-specific labels during both training and inference, making it incapable
of independently predicting the domain. Moreover, its effectiveness on 3D MRI or CT scan volumes was not
evaluated, leaving its performance on higher-dimensional datasets unexplored. Furthermore, for single-domain
training, the model’s auxiliary peers has no utility, which becomes redundant in such scenarios. In another
work, Wang et al.3* proposed MISSU, which leverages Vision Transformers and self-distillation for medical
image segmentation. The authors introduced a multi-scale fusion (MSF) block, integrated hierarchically atop the
encoder. Feature-wise distillation loss was computed between the features from the encoder and the MSF blocks.
The encoder features were added to the decoder features via skip connections, while the MSF block features were
excluded from the decoder during both training and inference. A significant limitation of MISSU is that it was
evaluated solely on MRI modalities, with no experiments conducted on PET or CT modalities for multi-modal
training. Additionally, the MSF block is not utilized during testing or inference, which may reduce its practical
utility. For 2D medical images from MRI or CT scans, KD aids in reducing model size and complexity, enabling
faster inference times and smoother integration into clinical workflows"*. The computational demands are
even greater for 3D medical images, which involve more complex data structures and larger volumes. KD can
efficiently distill essential features and spatial relationships from high-dimensional 3D data into more compact
models without substantial loss of accuracy®®?’. This capability ensures that advanced segmentation models can
be utilized effectively in diverse clinical scenarios, showcasing their adaptability and versatility in the field of
medical imaging.

Methods

Overall architecture

In this section, we describe our proposed architecture, Teach-Former, illustrated in Fig. 2 detail. Our proposed
knowledge distillation approach consists of three transformer-based teachers and one student model. The
architectures take multi-modal input CT and PET scans for the Hecktor21 dataset and three types of MR scans
for the PI-CAI22 dataset. For teacher models, we utilize three recent architectures which reached state-of-
the-art performance in spatial and volumetric medical image segmentation tasks, namely H-Denseformer,
SwinUNETR¥,and UNETR*. In contrast, we develop three light-weight student models based on H-Denseformer,
SwinUNETR, and 3DUX-Net!2. The reason for utilizing 3DUX-Net is that it is similar in architecture to UNETR
despite having 19x less parameters. All the teacher models are pre-trained on the same dataset, so we freeze
all the weights and parameters for distillation training. To distill strong spatial and depth feature information,
we utilize coarse and fine attention maps from teachers to calculate similarities with our student model’s coarse
and fine attention maps. The coarse attention maps are extracted from the E), encoder layer of the teacher and
student models. At the same time, the fine features are extracted from the D, 1 decoder layer of the teacher
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and student models. We utilize these features to calculate the coarse and fine attention similarity distillation,
which is described in section “Attention Feature Similarity Distillation” Next, we extract the pixel-wise output
map from the D, decoder layer of the teacher and student models and calculate the pixel-wise distillation
loss. This loss helps the student architecture to emulate the output of the final layer of the teacher to learn
segmentation prediction faster and more accurately and is elaborated in section “Pixel-wise Distillation”. Finally,
we utilize the combined focal*® and dice loss function corresponding to the segmentation task, which ensures a
primary convergence task corresponding to the multi-modal inputs and is described in section “Segmentation
Loss Function”

Attention feature similarity distillation

Distilling knowledge from the intermediate layers is equally important as learning from the final layer of the
teacher of the model®!®. The primary impediment of auto-encoder-based architecture is that the depth or
spatial dimension of the teacher model’s layer-wise attention feature does not match the corresponding feature
dimension of the student model. Previously, various techniques have been employed, such as using different layers
for feature extraction and resizing the features in the teacher and student models®!34! for distilling knowledge.
As a result, it contributes to inconsistent attention maps for loss convergence due to interpolating across spatial,
depth, and feature channel dimensions. In this study, we address this limitation by introducing uniform down-
sampling and up-sampling strategies across three teacher models and one student model, creating equal sizes
for spatial (2D images) and depth dimensions (3D volumes). Moreover, we only interpolate the feature channel
dimension because the student model has fewer feature channels than teachers. For 3D volumes, We take
coarse attention map, P € REXS X5 X% from layer, F,,, and fine attention map, Q € REXHXWXD from
layer D, of the teacher and student models. Here, K and C channel values depend on the teacher and their
corresponding student network’s encoder and decoder layers. By combining all the coarse and fine attention
maps, we can calculate the proposed attention feature similarity distillation as follows:

T
P@ Pt Qs Qt
Zars =) _| - ll2 + 1l - ll2 M
; [1Psllx ([Pl 1Qsll Nl@Q¢llx
In Eq. (1), we use T" = 3 for the three teachers, || - ||1 is /1 norm and || - |2 is /2 norm.

Pixel-wise distillation

The fundamental method of knowledge distillation!” tries to drive the student network to acquire knowledge
from the teacher network by calculating the difference of their output probability map with either cross-entropy
or Kullback-Leibler divergence loss function. Motivated by this distillation approach, we incorporate a similar
knowledge distillation strategy for semantic segmentation*>* to construct the Pixel-wise Distillation loss. Given
the final output layer, D,, of the teacher and student models outputs a pixel-wise map, O € RIXWXD the
corresponding loss function can be calculated as follows:

T
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Here, in Eq. (2), N = number of pixels, KL= Kullback-Leibler divergence loss, " = 3, is the number of teachers.
Moreover, O° and O' represent the probabilities of the ith pixel in the segmentation map extracted from the
student and the multiple teachers network successively.

Segmentation loss function

For binary segmentation tasks, dice or meanIOU loss is generally utilized. However, due to the dataset having
more background pixels compared to the foreground tumor pixels, we need to address the pixel imbalance
problem.To address the challenges inherent in medical image segmentation, we employ a combined focal and
dice loss function. Focal loss is particularly effective in handling the significant class imbalance commonly
observed in medical datasets, where background pixels often far outnumber the target pixels like tumor or organ
regions. By dynamically down-weighting the loss contribution of well-classified examples, focal loss ensures
greater emphasis on harder-to-classify pixels. On the other hand, dice loss directly optimizes for the overlap
between the predicted and ground truth segmentation masks, making it especially suited for capturing fine-
grained boundary details. For this, we use the joint Focal*® and Dice loss as the convergence criterion for the
segmentation task and is given as follows :

225‘11 piti
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In Eq. (3), N = the number of pixels, p; and t; is the ith predicted and ground truth pixels. By combining all
Egs. (1)-(3), we can devise our final objective function as follows:

X = ZLars + Lrwp + Lsec (4)
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We do not use any weighting mechanism to prioritize any particular loss. Moreover, we use early stopping with
patience = 40 to stop training if the validation loss does not improve for forty consecutive epochs.

Results

Dataset

While training our models, we focused on datasets encompassing a broad range of imaging techniques, not
limited to various MR sequences but including others like CT and PET. We also considered that the datasets
should facilitate evaluation in 2D and 3D versions. We conducted experiments on the HECKTOR21** and PI-
CAI22* datasets. The HECKTOR?21 dataset is for head and neck tumor segmentation, consisting of 224 PET-CT
image pairs aligned and trimmed to a uniform size (144 x 144 x 144). Again, the PI-CAI22 has 220 patient MRI
images of prostate cancer, including T2-weighted (T2W), Diffusion-Weighted Imaging (DWI) at high b-value,
and maps of Apparent Diffusion Coeflicient (ADC) with the uniform dimensions of (24 x 384 x 384). The PI-
CAI22 dataset, in particular, was favored for its alignment with 2D assessments due to its reduced slice count per
sample, so the volumes were divided into 24 scans (each having 384 x 384 resolution). We selected 180 samples
from all images by resampling and central cropping and trained in the process of five-fold cross-validation. In
contrast, the remaining samples were reserved for independent test-set evaluation (44 from HECKTOR21 and
40 from PI-CAI22).

Hyper-parameter

We utilized the Adam optimizer for training due to its adaptive learning rate mechanism and proven effectiveness
in medical image segmentation tasks, as highlighted in prior studies*~*%.The learning rate was set to ¢ = le™ 3,
a commonly validated value, ensuring stable convergence and optimal performance across various segmentation
models. All networks in Teach-Former are trained using weight decay of wd = le™*. To minimize the risk of
overfitting, we incorporated online data augmentation practices, including various random rotations and flips,
throughout the training phase. Furthermore, we trained all the models for 100 epochs, and to capture the best
results, we used the strategy of Early Stopping with a patience of 40 epochs. We utilized the Polynomial Learning
Rate method for the optimizer to manage the learning rate throughout the training process. For training and
evaluation, all the Teachers’ and Students’ models were trained from scratch in NVIDIA A-30 GPUs with batch
sizes of b = 2 for 3D images and b = 16 for 2D images using Pytorch.

Quantitative analysis

We incorporate our Teach-Former knowledge distillation approach with some best-performing 3D and 2D
Transformer architectures for segmentation, including H-DenseFormer, MISSU**, MDVIT®, 3DUXNet'2,
UNETRY, and SwinUNETR?, as illustrated in Table 1. We trained and evaluated these architectures using their

HECKTOR (3D)

Model Param(M) | | GFLOPs | | Dice? |mloU |
T1: H-DenseFormer 11.38 960.38 75.88 64.07
T2: Swin-UNETR 5.38 280.91 71.99 59.80
T3: UNETR 95.76 282.18 64.78 53.59
MISSU 4.24 154.38 71.54 59.34
S1: H-Dense Former (Light) | 1.53 62.73 72.45 59.78
S2: Swin-UNETR (Light) 1.35 75.68 68.97 57.33
$3: 3DUXNet 5.12 41.51 66.22 53.86

Aggregated Student performance derived from multiple Teachers (T1, T2, T3)

H-Dense Former (Light) 1.53 62.73 76.58 64.62
Swin-UNETR (Light) 1.35 75.68 74.32 62.84
3DUXNet 512 41.51 71.47 59.84
PI-CAI (2D)

T1: H-DenseFormer 4.98 32.33 65.33 64.46
T2: Swin-UNETR 11.04 37.94 48.23 48.13
T3: UNETR 87.51 59.42 20.21 18.24
MDVIT 30.30 24.95 66.99 66.98
S1: H-Dense Former (Light) | 1.25 331 54.94 54.11
S$2: Swin-UNETR (Light) 2.76 9.64 20.76 19.54
$3: 3DUXNet 4.71 20.27 37.64 36.90
Aggregated Student performance derived from multiple Teachers (T1, T2, T3)
H-Dense Former (Light) 1.25 3.31 72.37 71.39
Swin-UNETR (Light) 2.76 9.64 47.84 47.82
3DUXNet 4.71 20.27 43.15 42.44

Table 1. Comparison with different methods on HECKTOR21 and PI-CCAI22 test set.
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publicly available source code on the two datasets. For the teacher variants of the models, we use a large number
of features in the channel dimension to keep the architecture parameter-heavy and similar to the original
works*3839 In contrast, for the student variants, we use a reduced number of features in channel dimensions
to decrease the model’s parameters 5x to 10X as seen in Table. 1. First, we train the three teacher models,
H-Denseformer, SwinUNETR, and UNETR, successively on the HECKTOR21 and PI-CAI22 datasets. Next, we
load the pre-trained weights of these three teacher models and freeze them. We then train our student network
with the proposed knowledge distillation strategy in a 5-fold cross-validation setting. For MISSU and MDViT,
we follow the training strategies outlined in their respective literature and utilize the official implementations
provided by the authors. For MDVIT, since we train on a single domain (one dataset), the domain-specific label
is set to 1 during both training and inference. We also provide the 5-fold cross-validation result for our teacher,
student and KD Models in the ablation study section in Table 2. In Figs. 3 and 4, we visualize segmentation
results for the prediction of the heavy (teacher T1, T2, T3), lightweight (student S1, S2, $3),MISSU, MDVIT
and proposed lightweight knowledge distillation-based model. It is apparent from the figure that our knowledge
distillation approach generates a more accurate segmentation map than other lightweight student-only networks.
Additionally, for MISSU, the output shape is irregular and does not match the rounded contours of the ground
truth. In comparison, MDVIT performs even worse, failing to generate any segmentation output for the given
input.

Table 1 shows that our knowledge distillation-based approach has a superior dice score and mean-
intersection-over-union (mIOU) compared to both teacher and student model variants. Generally, GFLOPS
is used to check the throughput of the model’s inference (time required), and the parameter count is to check
the model’s size (space required), which we provided in Table 1 for all the models. For HECKTOR21, 3D
H-DenseFormer (lightweight), our knowledge-distillation approach achieves a dice score of 76.58%, and mIOU
of 64.62%, which is a significant improvement over both teacher and student 3D H-DenseFormer®®, UNETR?,
and SwinUNETR® and student 3D UX-Net'2 For PI-CAI22, the 2D variant of lightweight H-DenseFormer with
our knowledge-distillation approach outperforms both teacher and student variants, and also against MDVIT
by achieving a dice score of 72.37% and mIOU of 71.39%. Moreover, the number of parameters is almost 5x to
10x, and GFLOPs are 10x to 15X smaller for our best-performing architecture (lightweight H-DenseFormer)
on the two datasets. It should be mentioned that the higher the dice and mIOU score, the better, whereas the
lower the parameters and GFLOPs, the better. To better illustrate the dice score vs. parameters and the mIOU vs.
parameters, we showcase four plots in Fig. 1.

Ablation study

Cross-validation results

In Table 2, we provide the 5-fold cross-validation results with Dice score and mIOU for the three datasets in
terms of mean and standard deviation. We choose the model with the best-performing validation score for
testing.

HECKTOR (3D)

Model Param(M)J] | GFLOPs] | Dicet mloU?t

T1: H-DenseFormer 11.38 960.38 73.00+£2.72 | 61.60 +2.41
T2: Swin-UNETR 5.38 280.91 69.00 £ 1.67 | 56.99 +2.09
T3: UNETER 95.76 282.18 59.20+3.24 | 47.40+3.82
S1: H-Dense Former (Light) | 1.53 62.73 64.20 £ 1.60 | 52.0 £ 1.67
S2: Swin-UNETR (Light) 1.35 75.68 63.0 +£2.75 51.19 £ 2.40
$3: 3DUXNet 512 41.51 58.40+2.33 |46.00+2.75
Aggregated Student performance derived from multiple Teachers (T1, T2, T3)

H-Dense Former (Light) 1.53 62.73 73.60 +1.20 | 62.0 +1.09
Swin-UNETR (Light) 135 75.68 69.0 £ 1.67 56.99 £ 2.09
3DUXNet 5.12 41.51 69.19£222 |57.59+1.95
PI-CAI (2D)

T1: H-DenseFormer 4.98 32.33 45.00 £ 15.67 | 44.60 = 16.26
T2: Swin-UNETR 11.04 37.94 33.40 +18.28 | 32.60 £ 19.22
T3: UNETER 87.51 59.42 13.99+£3.79 |13.20+3.18
S1: H-Dense Former (Light) | 1.25 331 43.00+£9.38 | 42.60 + 9.56
S2: Swin-UNETR (Light) 2.76 9.64 12.00 £6.35 | 12.00 +5.35
$3: 3BDUXNet 4.71 20.27 21.80 +£12.22 | 20.20 + 13.05
Aggregated Student performance derived from multiple Teachers (T1, T2, T3)

H-Dense Former (Light) 1.25 3.31 70.19+2.20 |70.19+1.20
Swin-UNETR (Light) 2.76 9.64 21.60 £13.92 | 21.00 + 14.35
3DUXNet 4.71 20.27 37.40 +13.09 | 36.80 +13.22

Table 2. Comparison with different methods on HECKTOR21** and PI-CCAI22*° 5-fold cross-validation set.
We provide the Dice and mIOU in terms of mean and standard deviation.
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Fig. 3. Ilustration of model’s predictions on HECKTOR'21. The ground truth and prediction masks are
overlapped on the original images (Red).

Effects of using different number of teachers

In the Table 3, we provide the effects of single, dual, and multi-teacher use on the best model’s performance
in terms of Dice score and mIoU. The table compares scenarios where the student model learns from a single
teacher, pairs of teachers, and all three teachers combined. The results highlight that while each individual
teacher contributes to the students performance, using multiple teachers generally leads to improved
segmentation accuracy. For instance, the student model trained with all three teachers (T1+T2+T3) achieves the
highest Dice score and mIoU, suggesting that the combined knowledge from multiple teachers provides a more
comprehensive understanding, leading to more accurate segmentation. This finding emphasizes the effectiveness
of multi-teacher knowledge distillation in enhancing the performance of lightweight student models, making
them more robust and capable in comparison to those trained with a single teacher.

Effects of knowledge distillation loss

In Table 4, we have provided the effects of loss functions, namely, Zw # s and L% % on the Dice score
and mIOU of the best performing model (H-DenseFormer light trained with knowledge distillation) on the
HECKTOR21 dataset. The table compares the outcomes when applying individual loss functions-coarse and fine
attention feature similarity loss -Z¢s # & and pixel-wise distillation loss Z5 4 o -as well as the combined effect
of both losses. The data clearly shows that each loss function independently contributes to the improvement
of the student model’s performance. However, the combination of .2y #.» and Zs o results in the most
substantial gains in both Dice score and mIoU. This combined approach enables the student model to effectively
capture both the spatial relationships and detailed pixel-level information from the teacher models, leading
to a more accurate and robust segmentation. The results highlight the effectiveness of using a multifaceted
distillation strategy, where integrating different loss components allows for a more comprehensive transfer of
knowledge from the teacher models.

Statistical significance

To further validate the effectiveness of our proposed model, we conducted paired t-tests. These tests aimed to
determine the statistical significance of the performance differences between our, the teacher and the student
models for H-DenseFormer on the HECKTOR21 and PI-CAI22 datasets. We chose H-DenseFormer as a base
comparison as it outperformed other lightweight models. Our approach to statistical significance testing is
crucial for ensuring that the observed improvements in performance are not merely due to random variations
(null hypothesis) in the data but represent a genuine advancement in model accuracy.
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Fig. 4. Illustration of model’s predictions on PI-CAI22. The ground truth and prediction masks are overlapped
on the original images (Red).

H-DenseFormer (T1) | SwinUNETER (T2) | UNETER (T3) | Dice | mIoU
v 75.88 | 64.07
v 76.15 | 65.12

v 73.26 | 62.24

v v 74.72 | 62.82
v v 7675 | 64.86

v v 75.37 | 63.42
v v v 76.58 | 64.62

Table 3. Effects of using single, dual, and multi teacher on the best-performing model’s (H-Denseformer)
performance on HECKTOR21 dataset?.

PLars | Lpwp | Dice | mloU

v 73.27 | 60.66
v 74.12 | 61.80

v v 76.58 | 64.62

Table 4. Effects of various knowledge distillation loss on the best-performing model’s (H-Denseformer)
performance on HECKTOR21 dataset.

For the HECKTOR?21 dataset, the comparison between our model and the H-DenseFormer teacher resulted
in a p-value of 0.025, which is leq0.05, indicating the model’s prediction is statistically significant and good
evidence against the null hypothesis. Furthermore, the comparison between our model and the H-DenseFormer
student yielded an even more significant p-value of 0.0004, which is leq0.001, demonstrating that our model has
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Fig. 5. This figure presents the p-values from statistical significance tests comparing the proposed model
against both teacher (T) and student (S) models on the HECKTOR21 and PI-CAI22 datasets. The X-axis and
Y-axis signify models and dice-score successively. Significance levels are indicated by asterisks: () p < 0.05,
(% %) p < 0.001, (* * *x) p < 0.0001.,and n.s. p > 0.05..

strong evidence against the null hypothesis. The p-value for the teacher and student model was > 0.05, meaning
the teacher model had no significant (n.s) improvement over the student model.

Similarly, for the PI-CAI22 dataset, our model showed very strong statistically significant improvements over
both the teacher and student models. The comparison with the H-DenseFormer teacher resulted in a p-value of
0.0003, which is leq0.001, while the comparison with the H-DenseFormer student produced a p-value of 0.00007,
which is leq0.0001. These extremely low p-values indicate strong evidence against the teacher model and strong
evidence against the student model for the null hypothesis. When we compare the teacher and student models
for the same samples for PI-CAI22, we see that the p-value is le0.001, meaning that the teacher has a significant
performance compared to the student model.

The consistent statistical significance across both datasets underscores the robustness and reliability of our
model. Figure 5 demonstrates that consistently achieving p-values well below the conventional threshold of 0.05
confirms that our model’s superior performance in terms of Dice score is statistically validated and practically
meaningful. The proposed Teach-Former model offers significant improvements over both the teacher and
student versions of H-DenseFormer, reinforcing its potential for real-world clinical applications in medical
image segmentation.

Conclusion

We introduce “Teach-Former,” a transformative strategy for medical image segmentation that leverages a
Transformer-based knowledge distillation framework to consolidate the strengths of multiple teacher models
into a single, efficient, and lightweight student model. This method demonstrates significant advantages in
processing multimodal imaging data (CT, PET, MRI) with reduced computational demands, offering enhanced
performance and efficiency, as evidenced by evaluations on the HECKTOR21 and PI-CAI22 datasets. The Teach-
Former approach holds promise in advancing clinical care and precision medicine by utilizing multimodal data
to improve segmentation accuracy, which may lead to more precise diagnoses and better-informed treatment
planning. Its deep learning algorithms are adept at distinguishing and delineating anatomical structures and
pathological features across different imaging modalities, providing a comprehensive view of the patient’s health
status and identifying nuanced patterns that may be overlooked with single-modality approaches.

However, the success of Teach-Former is contingent on the quality and completeness of the multimodal data
it processes. Inconsistencies, incomplete datasets, or noisy clinical data can potentially undermine the model’s
predictive accuracy and segmentation precision. Despite these challenges, Teach-Former has the potential to
improve diagnostic accuracy, streamline clinical decision-making, and enhance workflow efficiency. Future
work will further validate the strategy and expand its application in real-world clinical settings to continuously
refine the model based on new data and medical advancements to better diagnose and manage various health
conditions.

Data availibility

The HECKTOR21 dataset was released as part of the second edition of the HEad and neCK TumOR (HECK-
TOR) challenge, organized as a satellite event of the 24th International Conference on Medical Image Com-
puting and Computer Assisted Intervention (MICCAI) 2021. The PI-CAI dataset was published as a Grand
Challenge to identify tumors from prostate MRI exams. Data is provided within the manuscript. The dataset is
public. Affiliate references are cited in the manuscript.
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