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Abstract

Co-training has achieved significant success in the field
of semi-supervised learning(SSL); however, the homoge-
nization phenomenon, which arises from multiple models
tending towards similar decision boundaries, remains in-
adequately addressed. To tackle this issue, we propose
a novel algorithm called β-FFT from the perspectives of
data processing and training structure. In data process-
ing, we apply diverse augmentations to input data and feed
them into two identical sub-networks. To balance the train-
ing instability caused by different augmentations during
consistency learning, we introduce a nonlinear interpola-
tion technique based on the Fast Fourier Transform (FFT).
By swapping low-frequency components between variously
augmented images, this method not only generates smooth
and diverse training samples that bridge different augmen-
tations but also enhances the model’s generalization capa-
bility while maintaining consistency learning stability. In
training structure, we devise a differentiated training strat-
egy to mitigate homogenization in co-training. Specifically,
we use labeled data for additional training of one model
within the co-training framework, while for unlabeled data,
we employ linear interpolation based on the Beta(β) distri-
bution as a regularization technique in additional training.
This approach allows for more efficient utilization of lim-
ited labeled data and simultaneously improves the model’s
performance on unlabeled data, optimizing overall system
performance. Code is available at https://github.com/Xi-
Mu-Yu/beta-FFT.

1. Introduction
As manually annotating medical images such as CT, MRI,
and pathology images is both costly and labor-intensive,

*Equal contribution
†Corresponding author.

Student 1

Student 2

/

/

Teacher

EMA

/

Student 1

Student 2

/

Not Shared

/

... ... ...

Student

Student

/

Shared

Teacher

Student

EMA

wX

sX

X

wP

sP

wY

wX

sX

X

/wP

sP

wY

,w sX X

1 1,
w s

P P

wX

sX

X

lX

uX

lP

uP

uP
uY

lY

2 2,
w s

P P

1
w

Y

2
w

Y

(a)FixMatch

(b)Mean-Teacher

(c)co-training

(d)β-FFT

Forward-Propagation

/

Loss-Supervision

Stop-Gradient

uY

FFT
FX

2
,s F

s
P P

1
,w F

s
P P

1
,w F

s
Y Y

2
,s F

s
Y Y

Figure 1. Illustrating the architectures for (a) FixMatch, (b) Mean-
Teacher , (c) co-training , and (d) our approach β-FFT. X repre-
sents the dataset, P is the confidence map, Y denotes the labels
encoded in one-hot format. More details in the method section.

this process becomes increasingly challenging for radiolo-
gists and other medical professionals as data volumes con-
tinue to grow, leading to scalability issues. Consequently,
semi-supervised semantic segmentation has become partic-
ularly important in medical image analysis.

The research on semi-supervised learning(SSL) began
with the self-training method [11, 30], which enhances
model learning by leveraging unlabeled data. Initially, re-
searchers aimed to achieve this by self-generating labels,
but this often led to unreliable results when handling unla-
beled data[1]. To address this issue, researchers introduced
consistency regularization methods[24, 31], usually applied
by enforcing perturbations on unlabeled data in an online
fashion, helping the model maintain stability when facing
data variations.

As research progressed, data augmentation’s role in bol-
stering model robustness has become evident. The Fix-
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Match method[32] optimizes semi-supervised learning by
leveraging pseudo-labeling and consistency regularization
on augmented unlabeled data (Fig.1a). Another notable ap-
proach in medical image semi-supervised segmentation is
the Mean Teacher architecture[33], which employs an ex-
ponential moving average (EMA) of the student model’s
weights for the teacher network(Fig.1b). Inspired by this
framework, various methods have been developed to en-
hance semi-supervised segmentation. For example, the
UA-MT framework[45] utilizes uncertainty information to
guide the student model in learning reliable targets. Verma
et al.[34] introduced an Interpolation Consistency Train-
ing Framework to ensure that the predictions of inter-
polated unlabeled points align with actual data points.
URPC[20] guarantees consistent predictions across scales.
The method BCP[3] further enhances the Mean Teacher
architecture by bi-directionally copying labeled and unla-
beled data, allowing the unlabeled data to learn shared se-
mantics from the labeled data and addressing the empirical
mismatch in semi-supervised medical image segmentation.

While these approaches significantly enhance semi-
supervised learning, they also pose challenges. The close
coupling between teacher and student models[13] can hin-
der effective knowledge transfer, limiting the teacher’s ca-
pacity to convey valuable insights. This coupling may lead
to confirmation bias, causing models to excessively rely
on existing biases and overlook potential new information.
To overcome the limitations associated with the coupling
in teacher-student models, researchers introduced the co-
training method[13, 25]. Co-training leverages the com-
plementary characteristics of multiple models to enhance
knowledge sharing and transfer, enabling each model to
gain additional knowledge from others, thus effectively im-
proving the performance of SSL (Fig.1c).

Although co-training has achieved significant success in
SSL, the risk of model homogenization remains a critical
challenge[16]. Specifically, multiple models tend to con-
verge to similar decision boundaries[1, 16], leading to ho-
mogenization. This phenomenon reduces the diversity of
learned representations, thereby limiting the models’ gener-
alization capacity in semi-supervised settings. This raises
a crucial question: Can we introduce additional infor-
mation or corrective mechanisms to maintain model ac-
curacy while reducing homogenization between models
in co-training, thereby enhancing overall performance?

To mitigate the issue of model homogenization in co-
training, we introduced improvements from two aspects:
data processing and network training strategies.

Firstly, in terms of data processing, we incorporated di-
verse data augmentation techniques. By generating aug-
mented samples with different intensities (including strong
and weak augmentations) and training different subnet-
works separately, we achieved model differentiation at the

data level. Meanwhile, to prevent training instability caused
by varying augmentation strengths, we employed the Fast
Fourier Transform (FFT) to exchange low-frequency infor-
mation between strongly and weakly augmented images,
thereby creating new samples that lie between the two.
This approach not only provides the model with new data
perspectives but also effectively alleviates the instability
caused by strong and weak augmentations.

Secondly, in terms of training strategies, we applied an
additional training step to one of the subnetworks, while
the other followed the original training process. We utilized
labeled data for extra training on the selected model and
introduced unlabeled data, generated through linear inter-
polation based on Beta distribution sampling, as a regular-
ization term in the training process. This strategy not only
helps maintain diversity in decision boundaries between the
two models and reduces their homogenization but also fur-
ther enhances the effectiveness of collaborative learning.We
performed additional supervised training on Student Model
1 using labeled data, which not only enhances the perfor-
mance of Student Model 1 but also helps to increase its in-
dependence. This approach aids in mitigating the confirma-
tion bias between Student Model 1 and the Teacher network.
To summarize, we make the following contributions:

1. Nonlinear Interpolation Strategy: By using the Fast
Fourier Transform to exchange low-frequency informa-
tion between weakly and strongly augmented images,
we effectively mitigated the training instability caused
by using different augmented data to address model ho-
mogenization. At the same time, this approach enriched
the diversity of data samples and improved the model’s
generalization ability.

2. Dehomogenization during training: Student model 1
undergoes additional training, while Student model 2
does not. This differentiated training approach generates
a unique loss for each model, effectively reducing ho-
mogenization between the two student models and pre-
serving the diversity of their decision boundaries.

2. Related Work

2.1. Semi-Supervised Medical Image Segmentation
Previous methods can be broadly categorized into self-
training methods[6, 49] and consistency regularization
methods[8, 13]. Self-training algorithms are considered
the fundamental prototype of pseudo-labeling methods[28],
where a model is pre-trained on a labeled dataset and iter-
atively retrained or fine-tuned using predictions from unla-
beled data. [23] matched these pseudo-labels by synthe-
sizing new images rather than optimizing them. Within
the framework of consistency regularization, [12] employed
strong augmentation and weak augmentation to handle un-
labeled data. Some studies have explored consistent data



transformations, such as patch shuffling data transforma-
tion [15], cut-and-paste augmentation [44], and copy-paste
[3]. ABD[9] effectively integrates multiple perturbations
through an adaptive bidirectional displacement mechanism,
enhancing the quality of consistency learning. AD-MT[48]
reduces confirmation bias and enhances model performance
under limited labeled data by employing random periodic
alternation and a counteracting disturbance module.

2.2. Frequency Domain Enhancement Techniques
Fourier domain processing techniques enhance model gen-
eralization, robustness, and adaptability in computer vision
tasks, particularly for domain adaptation and data augmen-
tation. Fourier Domain Adaptation (FDA) [43] replaces the
low-frequency amplitude spectrum of source images with
that of target images, enabling model adaptation to new do-
mains while preserving structural information. The Fourier-
based Domain Generalization Framework [41] systemati-
cally investigates the roles of amplitude and phase spec-
tra in domain shifts, revealing that the amplitude spectrum
captures domain-specific style information, while the phase
spectrum retains structural content. This insight underpins
frequency-based augmentation strategies for improved gen-
eralization. FreMix [40] performs frequency-based aug-
mentation by mixing amplitude spectra of different images,
thereby enhancing domain generalization.

2.3. Research Status of Homogenization
In the co-training framework of semi-supervised learning,
the issue of model homogenization has become a core chal-
lenge that restricts performance improvement. To address
this problem, researchers have proposed systematic solu-
tions from three levels: data augmentation, model archi-
tecture, and training strategies. On the level of data aug-
mentation, consistency training based on strong-weak aug-
mentation combinations[9, 16, 27, 32] generates multi-view
samples through differentiated disturbances, while the con-
trastive learning framework[14] further utilizes graph struc-
tures to dynamically allocate samples, enhancing comple-
mentarity among models. Recent work [26] also mini-
mizes mutual information to constrain the independence
of view features, reducing redundancy. On the model ar-
chitecture level, heterogeneous network designs (such as
combinations of CNN and Transformer[16, 22]) and model
parameter diversification[10] are used to force models to
focus on different feature patterns. On the training strat-
egy level, dynamic optimization methods[39], asymmetric
learning mechanisms (such as alternating training[48]) have
been proven to effectively prevent model convergence.

3. Method
In semi-supervised segmentation, we aim to train a model
using both labeled and unlabeled data. The labeled dataset

Dl =
{
(X l

i , Y
l
i )
}N

i=1
contains N labeled images, where

X l
i is the image and Y l

i is its corresponding segmentation
label. The unlabeled dataset Du =

{
Xu

j

}M

j=1
consists of

M unlabeled images, where Xu
j has no associated label.

Typically, N ≪ M , meaning the number of labeled images
is much smaller than the unlabeled ones.

In our approach, we employ a single teacher model
alongside two student models. The parameters of the
teacher model are updated using an Exponential Moving
Average (EMA) mechanism, specifically tuned based on the
parameters of Student Model 1. The update process for the
teacher model at each iteration can be expressed as:

θ
(t)
T = λθ

(t−1)
T + (1− λ)θ

(t)
S1 (1)

Here, θ(t)T denotes the parameters of the teacher model
at the t-th iteration, θ(t)S1 represents the parameters of Stu-
dent Model 1 at the same iteration, and λ ∈ [0, 1] serves as
a smoothing factor that balances the influence of previous
teacher parameters against those of Student Model 1.

3.1. Overview
1. Data Augmentation and Teacher Network Train-

ing via Copy-Paste We apply both weak and strong
data augmentations to the data, enhancing its diver-
sity through simple transformations and advanced tech-
niques. Additionally, we utilize a Copy-Paste method to
train a teacher network, ensuring high-quality pseudo-
labels for the unlabeled data. This approach effectively
improves the accuracy of the generated pseudo-labels.

2. Nonlinear Interpolation: To reduce homogenization in
collaborative training and increase data diversity, we in-
put data with varying degrees of enhancement (strong
and weak) into different sub-models. We also ex-
change low-frequency components between weakly and
strongly enhanced images to reduce the instability of col-
laborative training.

3. Differentiated Training: One model in the co-training
framework undergoes additional training, while the other
does not, reducing homogeneity between them.

3.2. Data Augmentation and Teacher Network
Training via Copy-Paste

We begin by applying both strong(s) and weak(w) augmen-
tations to the data. Weak augmentations include simple
transformations such as rotation and flipping, while strong
augmentations build on these with techniques like Cutout
[7] and ColorJitter[42]. Inspired by BCP [3], we employ a
Copy-Paste technique for further data enhancement. Specif-
ically, the Copy-Paste process can be expressed as follows:

Xin
w/s = M ⊙X l

w/s + (1−M)⊙Xu
w/s, (2)

Xout
w/s = M ⊙Xu

w/s + (1−M)⊙X l
w/s, (3)
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Figure 2. Overview of our β-FFT framework.In the figure, X represents the data, l represents labeled data, u represents unlabeled data,
w denotes weak augmentation, and s denotes strong augmentation. P represents the confidence map obtained from the data through the
model, Ỹ represents the class prediction map corresponding to the confidence map obtained through the model, and Y represents the
corresponding ground truth labels.FFT represents the Fast Fourier Transform, and iFFT represents the Inverse Fast Fourier Transform.

Here, X l
w/s represents labeled data, and Xu

w/s represents
unlabeled data. We utilize a mask M ∈ {0, 1}W×H to per-
form the bidirectional copy-pasting operation, controlling
the blending between the images. The mask defines a zero-
value region of size ηH × ηW , where η ∈ (0, 1) governs
the proportion of the foreground region.

To ensure high-quality predictions for the unlabeled data,
we pre-train a teacher model fθT using two different labeled
data, l1 and l2, as follows:

XTeacher
w/s = M ⊙X l1

w/s + (1−M)⊙X l2
w/s, (4)

Y Teacher
w/s = M ⊙ Y l1

w/s + (1−M)⊙ Y l2
w/s. (5)

Thus, the labels corresponding to the unlabeled data
Xu

w/s are given by:

Y u
w/s = argmax

c∈C
(fθT (X

u
w/s), c). (6)

Accordingly, the labels for Xin
w/s and Xout

w/s can be ex-
pressed as:

Y in
w/s = M ⊙ Y l

w/s + (1−M)⊙ Y u
w/s, (7)

Y out
w/s = M ⊙ Y u

w/s + (1−M)⊙ Y l
w/s. (8)

3.3. Non-linear Interpolation
We utilize a non-linear interpolation technique based on the
exchange of low-frequency components to enhance the di-
versity of data samples, particularly for image augmenta-
tion. Our approach begins by decomposing an image I into
its frequency components using the FFT:

I = F−1(F (I)) (9)

where F denotes the FFT and F−1 represents its inverse,
the Inverse Fast Fourier Transform (iFFT). Subsequently,



we extract the low-frequency component I→low of the im-
age, defined as:

I→low = F−1(F (I) ·H) (10)

H is a low-pass filter employed to isolate low-frequency
information.We conducted experimental investigations on
the setting of H in the experimental section.

To enhance the diversity of the augmented images, we
then perform non-linear interpolation by swapping the low-
frequency components of the weakly augmented image Iw
with those of the strongly augmented image Is. This gener-
ates two new images I−>F

w and I−>F
s :

I−>F
w/s = Iw/s − I−>low

w/s + I−>low
s/w (11)

Next, to further increase the diversity of the augmented
images, we perform non-linear interpolation by swapping
the low-frequency components of the weakly augmented
images Xin

w and Xin
s with those of the strongly augmented

images Xout
w and Xout

s . This process generates four new
images, defined as:

X in/out→F
w/s = X in/out

w/s −X in/out→low
w/s +X in/out→low

s/w (12)

We aim for different models to produce similar outputs
across various samples to ensure they learn consistent fea-
ture representations. This consistency enables the models
to maintain strong performance on unseen samples, thereby
enhancing their generalization ability. To strengthen this
effect, we concatenate the four images generated through
non-linear interpolation into a new set XF

input:

XF
input = Concat

[
X in→F

w , X in→F
s , Xout→F

w , Xout→F
s

]
(13)

3.4. Differentiated Training of Student Models
Student Model 1 is additionally trained using labeled data,
whereas Student Model 2 does not undergo this supple-
mentary training. To enhance the robustness of Student
Model 1, we incorporate two regularization techniques: lin-
ear interpolation consistency regularization and noise inter-
polation consistency regularization.

3.4.1. Linear Interpolation Consistency Regularization
Student Model 1 employs a pixel-wise data perturbation
strategy along with consistency regularization that lever-
ages unlabeled data. Given two unlabeled data points,
Xu1 and Xu2 , we generate an interpolated data point
Mβ(X

u1 , Xu2), defined as follows:

Mβ(X
u1 , Xu2) = βXu1 + (1− β)Xu2 (14)

In this equation, the hyperparameter β is sampled from a
Beta distribution,following the setup in Mixup[46]. We
apply the linear interpolation consistency regularization,

which compares the output at the interpolated data point
fθ1(Mβ(X

u1 , Xu2)) with the outputs of the original data
points:

Mβ(fθ1(X
u1), fθ1(X

u2)) ≈ fθ1(Mβ(X
u1 , Xu2)) (15)

3.4.2. Noise Interpolation Consistency Regularization
We also introduce a noise interpolation consistency con-
straint by reformulating equation 14 as follows:

Mβ(X
u1 , Xu2) = βXu1 + (1− β)Xu2

= Xu1 + (1− β) · (Xu2 −Xu1)
(16)

In this formulation, we interpret (1− β) · (Xu2 −Xu1)
as noise interference. The noise consistency loss can then
be expressed as:

Mβ(fθ1(X
u1), fθ1(X

u2)) ≈ fθ1(Mβ(X
u1)) (17)

This noise consistency constraint ensures that Student
Model 1 produces outputs that closely resemble those of
the teacher model, even when the input data is slightly per-
turbed. By assessing the difference between the output
at the interpolated point Mβ(X

u1 , Xu2) and the teacher
model’s output at Xu1 , this loss term encourages Student
Model 1 to utilize information from more than just a sin-
gle data point Xu1 . This approach effectively enhances the
model’s generalization ability.

In contrast, Student Model 2 does not leverage labeled
data for training. It employs cross pseudo-supervision and
applies cross-consistency loss derived from the nonlinear
interpolation process. Unlike Student Model 1, which uti-
lizes both labeled and unlabeled data for consistency reg-
ularization, Student Model 2 focuses on leveraging shared
learning signals between the two student models. This re-
sults in markedly different training trajectories for Student
Model 1 and Student Model 2, promoting diversity in learn-
ing signals throughout the overall learning process.

Since Linear Interpolation Consistency Regularization
and Noise Interpolation Consistency Regularization serve
as two distinct additional training processes for labeled data,
we refer to the training process with linear interpolation as
LICR, and the one with noise interpolation as NICR.

4. Loss Functions
The overall loss function is comprised of three main com-
ponents: Cross Teaching Loss, Nonlinear Interpolation
Loss, and Differentiation Loss.The notation Lce represents
the Cross Entropy Loss, and Ldice represents the Dice Loss.

4.1. Cross Teaching Loss
Cross Teaching Loss leverages pseudo-labels from one
model to supervise the other. It consists of a supervised
loss and a cross pseudo-supervised loss. The supervised



loss ensures effective learning from ground truth labels by
combining cross-entropy and Dice losses on both strongly
and weakly augmented inputs:

Laug
sup =

1

2

(
Lce,dice(fθ1(X

in
w ), Y in

w ) + Lce,dice(fθ1(X
out
w ), Y out

w )
)

+
1

2

(
Lce,dice(fθ2(X

in
s ), Y in

s ) + Lce,dice(fθ2(X
out
s ), Y out

s )
) (18)

To enforce consistency, the cross pseudo-supervised loss
aligns predictions with pseudo-labels from the other model:

Laug
cps = Ldice

(
fθ1(X

in
w ), argmax

c∈C
(fθ2(X

in
s ), c)

)
+ Ldice

(
fθ1(X

out
w ), argmax

c∈C
(fθ2(X

out
s ), c)

)
+ Ldice

(
fθ2(X

in
s ), argmax

c∈C
(fθ1(X

in
w ), c)

)
+ Ldice

(
fθ2(X

out
s ), argmax

c∈C
(fθ1(X

out
w ), c)

)
(19)

4.2. Nonlinear Interpolation Consistency Loss
The Nonlinear Interpolation Consistency Loss ensures that
the model outputs are consistent across interpolated data
points. This is represented as follows:

LNonlinear
consistency = Ldice

(
fθ1(X

F
input), argmax

c∈C
(fθ2(X

F
input), c)

)
+ Ldice

(
fθ2(X

F
input), argmax

c∈C
(fθ1(X

F
input), c)

) (20)

4.3. Differentiation Loss
Differentiated training primarily focuses on Student Model
1, incorporating supervised training with labeled data and
a regularization term for unlabeled data. Consider labelled
samples (X l

i , Y
l
i ) ∼ Dl from joint distribution P (X,Y )

and unlabelled samples (Xu
i , X

u
j ) ∼ Du from borderline

distribution P (X) = P (X,Y )
P (X|Y ) . Using SGD for every itera-

tion t, the encoder-decoder parameter θ is updated minimis-
ing the objective function:

Lstudent1 = Ll
student1 + r(t) · Lu

student1 (21)

where Ll
student1 is the cross entropy loss and dice loss

applied over the labelled data Dl .Therefore, Ll
student1 can

be expressed as:

Ll
student1 = 1

2

(
Lce(fθ1(X

l), Y l) + Ldice(fθ1(X
l), Y l)

)
(22)

Lu
student1 is the interpolation consistency regularization

loss applied over the unlabelled data Du, r(t) is the ramp
function adjusting the weight of Lu

student1 after every iter-
ation. Lu

student1 has two options: one is the LICR, and the
other is the NICR.

LICR is calculated over (Xu
i , X

u
j ) of sampled mini-

batches and the pseudo labels fθT (X
u
i ) and fθT (X

u
j ).

Next, interpolation Mβ(X
u
i , X

u
j ) and model prediction

fθ1(Mβ(X
u
i , X

u
j )) are computed updating θ to bring model

prediction closer to the interpolation of the pseudo labels,
Mβ(fθT (X

u
i ), fθT (X

u
j ). The deviation in model prediction

and the interpolation of the pseudo labels is penalised using
the mean squared loss. LICR can be expressed as:

Lu
LICR = EXu

i ,Xu
j

[∥∥fθ1 (Mβ(X
u
i , X

u
j )
)
−Mβ

(
fθT (X

u
i ), fθT (X

u
j )
)∥∥2] (23)

According to Equations 16 and 17, we can transform
LICR to obtain a new loss, NICR, which is defined as:

Lu
NICR = EXu
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5. Experiments
5.1. Dataset and Evaluation Metrics
ACDC Dataset: The ACDC dataset [5] consists of 200 an-
notated short-axis cardiac cine-MR images from 100 pa-
tients across four classes. 2D segmentation is more com-
mon than 3D [2]. Evaluation metrics include Dice Simi-
larity Coefficient (DSC), Jaccard, 95% Hausdorff Distance
(95HD), and Average Surface Distance (ASD). Following
the methods of BCP[3] and ABD[9], the input size was set
to 256 × 256, with a batch size of 24 for training.

PROMISE12 Dataset: The PROMISE12 dataset [17]
was introduced in the MICCAI 2012 prostate segmentation
challenge, comprising MRI scans of 50 patients. All 3D
scans are converted into 2D slices. DSC and ASD are used
for evaluation. Following ABD[9], the input size was set to
224 × 224 with a batch size of 16 for training.

MS-CMRSeg 2019:The MS-CMRSeg 2019 dataset [35,
51] from the MICCAI 2019 challenge includes 45 multi-
sequence cardiac MRI scans of cardiomyopathy patients.
Evaluation metrics are DSC, Jaccard, 95HD, and ASD. Fol-
lowing the DiffRect[19] approach, the input size was 256 ×
256. The training batch size was set to 8.

5.2. Comparison with SOTA Methods
Compared to SOTA methods on the ACDC test set, β-FFT
demonstrates superior performance, particularly when us-
ing 10% labeled data, where the model achieves Dice and
Jaccard scores of 90.50±0.04% and 83.12±0.12%, outper-
forming many recent methods, such as AD-MT and ABD.

On the PROMISE12 test set, β-FFT also outperforms
existing methods with 20% labeled data, achieving a Dice
score of 83.75±0.65% and an ASD of 1.20±0.07, surpassing
AD-MT and ABD.

On the MS-CMRSEG 2019 dataset, β-FFT achieves
a Dice score of 87.79±0.04% and a Jaccard index of
78.60±0.06% significantly outperforming popular semi-
supervised approaches and approaching fully supervised
performance with less labeled data.

Figure 3 presents a visual comparison of our method
with other similar approaches.



Table 1. Comparisons with other methods on the ACDC test set.

Method Scans used Metrics
Labeled Unlabeled DSC↑ Jaccard↑ 95HD↓ ASD↓

U-Net (MICCAI’2015) [29]
3(5%) 0 47.83 37.01 31.16 12.62

7(10%) 0 79.41 68.11 9.35 2.70
70(All) 0 91.44 84.59 4.30 0.99

DTC (AAAI’2021) [20]

3(5%) 67(95%)

56.90 45.67 23.36 7.39
URPC (MICCAI’2021) [21] 55.87 44.64 13.60 3.74

MC-Net (MICCAI’2021) [36] 62.85 52.29 7.62 2.33
SS-Net (MICCAI’2022) [38] 65.83 55.38 6.67 2.28

SCP-Net (MICCAI’2023) [47] 87.27 - - 2.65
Cross Teaching (MIDL’2022) [22] 65.60 - 16.2 -

BCP (CVPR’2023) [3] 87.59 78.67 1.90 0.67
DiffRect (MICCAI’2024) [19] 82.46 71.76 7.18 1.94

ABD (CVPR’2024) [9] 88.96 80.70 1.57 0.52
AD-MT (ECCV’2024) [48] 88.75 80.41 1.48 0.50

Ours-β-FFT 89.46±0.12 81.46±0.22 1.78±0.32 0.55±0.10

DTC (AAAI’2021) [20]

7(10%) 63(90%)

84.29 73.92 12.81 4.01
URPC (MICCAI’2021) [21] 83.10 72.41 4.84 1.53

MC-Net (MICCAI’2021) [36] 86.44 77.04 5.50 1.84
SS-Net (MICCAI’2022) [38] 86.78 77.67 6.07 1.40

Cross Teaching (MIDL’2022) [22] 86.45 77.02 6.30 1.86
SCP-Net (MICCAI’2023) [47] 89.69 - - 0.73

PLGCL (CVPR’2023) [4] 89.1 - 4.98 1.80
BCP (CVPR’2023) [3] 88.84 80.62 3.98 1.17

DiffRect (MICCAI’2024) [19] 89.27 81.13 3.85 1.00
ABD (CVPR’2024) [9] 89.81 81.95 1.46 0.49

AD-MT (ECCV’2024) [48] 89.46 81.47 1.51 0.44
Ours-β-FFT 90.50±0.04 83.12±0.12 2.38±0.87 0.62±0.13

Table 2. Comparisons with state-of-the-art semi-supervised seg-
mentation methods on the PROMISE12 test set.

Method Scans used Metrics
Labeled Unlabeled DSC↑ ASD↓

U-Net [29] 7(20%) 0 60.88 13.87
35(100%) 0 84.76 1.58

CCT [25]

7(20%) 28(80%)

71.43 16.61
URPC [21] 63.23 4.33
SS-Net [38] 62.31 4.36

SLC-Net [18] 68.31 4.69
SCP-Net [47] 77.06 3.52

ABD [9] 82.06 1.33
AD-MT [48] 79.82 1.77
Ours-β-FFT 83.75±0.65 1.20±0.07

Table 3. Segmentation results on MS-CMRSEG 2019 with 20%
data labeled.

Method Dice ↑ Jaccard↑ HD95↓ ASD↓
UAMT [45] 84.27 73.69 12.15 4.18

FixMatch [32] 84.31 73.57 17.79 4.81
CPS [8] 83.66 73.03 15.01 4.30
ICT [34] 83.66 73.06 17.24 4.85

MCNetV2 [37] 83.93 73.45 13.10 3.39
INCL [50] 84.33 73.92 9.95 2.61

DiffRect [19] 86.78 77.13 6.39 1.85
ABD [9] 87.25 77.77 11.74 4.25

AD-MT [48] 86.30 76.39 3.56 1.21
Ours-β-FFT 87.79±0.04 78.60±0.06 3.75±0.36 1.62±0.20

Supervised [29] 88.19 79.28 4.21 1.32

5.3. Ablation Study Analysis

The baseline method we use is an improved version of
the BCP[3] from the ABD[9], combined with the Cross-
Teaching framework[22]. Its structure consists of a mean-
teacher framework with two student models and one teacher
model.All experiments are conducted on the ACDC
dataset, with 10% of the data labeled.

Figure 3. Visualization of segmentation results on ACDC dataset
with 10% labeled data, PROMISE12 dataset with 20% labeled
data,and MS-CMRSEG 2019 dataset with 20% labeled data .

5.3.1. Effect of Non-linear Interpolation Strategy
The experimental results demonstrate that the low-
frequency component enhancement method, utilizing low-
pass filters, effectively improves model performance on the
ACDC dataset. Specifically, the 20x20 filter size achieved
the best results on the validation set, while the 30x30 fil-
ter size excelled on the test set. This finding highlights
the importance of selecting an appropriate filter size to bal-
ance detail and global information, ultimately optimizing
the model’s generalization ability.

Table 4. Effect of Low-Pass Filter Size on Model Performance.

H ACDC Validation dataset ACDC Test dataset
Dice↑ Jaccard↑ Dice↑ Jaccard↑

None 89.53 81.86 89.60 81.70
20x20 90.23 82.94 88.96 80.76
30x30 89.77 82.27 89.96 82.29
40x40 89.93 82.58 89.65 81.80
50x50 89.81 82.38 89.49 81.55

5.3.2. Impact of Differentiated Training Strategies on
Model Performance

In this analysis, we use Student Model 1 as an example to
validate the impact of differentiated training on model per-
formance across the ACDC validation and test datasets.

The table 5 indicates that standardized training is con-
ducted jointly for Student Model 1 and Student Model 2,
while the differentiated training section represents addi-
tional training specifically for Student Model 1. Here, w de-
notes the use of weakly augmented data, and s denotes the
use of strongly augmented data. The results show that by
introducing the two differentiated training strategies, LICR
and NICR, in the baseline model, the Dice value of the
model on the test set significantly improves, with LICR(w)
achieving a Dice value of 90.24 and NICR(w) reaching
90.23, highlighting the effectiveness of differentiated train-
ing in enhancing model performance.

Employing the Non-linear interpolation strategy, the



Table 5. Ablation study of Differentiated Training on ACDC Vali-
dation and Test Datasets.

Standardized Training Differentiated Training ACDC Validation ACDC Test
Baseline Non-linear LICR(w) NICR(w) LICR(s) NICR(s) Dice↑ Jaccard↑ Dice ↑ Jaccard ↑

✓ 89.53 81.86 89.60 81.70
✓ ✓ 89.95 82.58 90.24 82.73
✓ ✓ 90.34 82.83 90.23 82.69
✓ ✓ 90.25 82.97 90.26 82.70
✓ ✓ 90.38 83.23 90.26 82.74
✓ ✓ ✓ 90.09 82.79 90.13 82.47
✓ ✓ ✓ 90.10 82.70 90.10 82.54
✓ ✓ 89.77 82.27 89.96 82.29
✓ ✓ ✓ 90.53 83.54 90.27 82.76
✓ ✓ ✓ 90.21 83.01 90.34 82.84
✓ ✓ ✓ 90.30 83.14 90.38 82.95
✓ ✓ ✓ 90.31 83.02 89.97 82.32
✓ ✓ ✓ ✓ 90.77 83.81 90.54 83.23

model’s performance as measured by the Dice value on the
test set reaches 90.54 when both LICR(w) and LICR(s) are
applied simultaneously, confirming the effectiveness of our
differentiated training approach. This outcome indicates
that optimizing training strategies can significantly enhance
model performance. Visualizing the training process, as
shown in Figure 4, further illustrates that the performance of
the two sub-models in β-FFT is significantly better than the
Baseline, highlighting the benefits of our proposed method.
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Figure 4. Comparison of the training process between β-FFT and
Baseline methods.

5.3.3. Exploring the De-Homogenization Effects of Dif-
ferentiated Training

To further investigate the impact of differentiated training
on model homogenization, we first applied LICR(w) to
Student Model 1 and LICR(s) to Student Model 2. This
strategy aligns with the initial data augmentation strengths
(strong and weak augmentation) assigned to the two stu-
dent models, constituting a synchronized operation and en-
abling collaborative training. Experimental results demon-
strate that this approach indeed enhances model perfor-
mance. However, when we removed LICR(w) from Student
Model 1 or LICR(s) from Student Model 2, the model per-
formance further improved, indicating that applying LICR
to a single sub-model is more effective than applying it to
both simultaneously.

Further analysis reveals that when LICR(w) and LICR(s)
are applied exclusively to Student Model 1, the model
achieves its highest performance. As shown in Table 6, the
Dice and Jaccard scores on the ACDC validation and test
datasets reach 90.77 / 83.81 and 90.54 / 83.23 . In contrast,

Table 6. Ablation study results demonstrating the performance of
two models after applying Non-Linear Interpolation, followed by
differentiated training using LICR(w) and LICR(s) on the ACDC
dataset.The gray row indicates that both Student Model 1 and Stu-
dent Model 2 undergo simultaneous training, rather than differen-
tiated training.

Differentiation Training ACDC Validation dataset ACDC Test dataset
LICR(w) LICR(s) Dice↑ Jaccard↑ Dice ↑ Jaccard ↑

89.77 82.27 89.96 82.29
Student 1 90.53 83.54 90.27 82.76
Student 1 Student 2 90.19 83.01 90.10 82.47

Student 2 90.20 83.00 90.06 82.47
Student 1 Student 1 90.77 83.81 90.54 83.23

when both student models undergo simultaneous LICR(w)
and LICR(s) training (as indicated by the gray row), perfor-
mance slightly decreases. This further confirms that differ-
entiated training effectively enhances model performance
and mitigates homogenization issues.

5.3.4. Effect of Beta Distribution Sampling in Differenti-
ated Training

We investigated the impact of Beta distribution parameter
(a, a) on sample mixing and model performance. By ad-
justing a, we controlled sample diversity and feature com-
plexity. Ablation results in Figure 5 show that smaller Beta
parameters improve Dice and Jaccard scores, peaking at
Beta(0.1, 0.1) with validation/test scores of 90.77 / 83.81
and 90.54 / 83.23, respectively. This indicates that lower
Beta values enhance model generalization and robustness.
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Figure 5. Differentiated training was conducted on Student 1 un-
der the conditions of simultaneously applying nonlinear interpola-
tion and both LICR(w) and LICR(s).

6. Conclusion
In this study, we address the issue of homogenization in co-
training from both data and structural perspectives. We dis-
tinguish different sub-models using strong and weak aug-
mentations and introduce a nonlinear interpolation method
based on the Fast Fourier Transform (FFT) to generate more
diverse training samples, thereby enhancing the model’s
generalization ability. Furthermore, we implement differen-
tiated training by applying additional training to one of the
models, effectively reducing homogenization. Extensive
ablation experiments validate the effectiveness of our ap-
proach, with results demonstrating that β-FFT outperforms
current state-of-the-art (SOTA) methods on three public
medical image datasets.
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