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Abstract—Multi-modal brain images from MRI scans are
widely used in clinical diagnosis to provide complementary infor-
mation from different modalities. However, obtaining fully paired
multi-modal images in practice is challenging due to various
factors, such as time, cost, and artifacts, resulting in modality-
missing brain images. To address this problem, unsupervised
multi-modal brain image translation has been extensively studied.
Existing methods suffer from the problem of brain tumor defor-
mation during translation, as they fail to focus on the tumor areas
when translating the whole images. In this paper, we propose an
unsupervised tumor-aware distillation teacher-student network
called UTAD-Net, which is capable of perceiving and translating
tumor areas precisely. Specifically, our model consists of two
parts: a teacher network and a student network. The teacher
network learns an end-to-end mapping from source to target
modality using unpaired images and corresponding tumor masks
first. Then, the translation knowledge is distilled into the student
network, enabling it to generate more realistic tumor areas
and whole images without masks. Experiments show that our
model achieves competitive performance on both quantitative and
qualitative evaluations of image quality compared with state-of-
the-art methods. Furthermore, we demonstrate the effectiveness
of the generated images on downstream segmentation tasks. Our
code is available at https://github.com/scut-HC/UTAD-Net.

Index Terms—Brain image translation, Multi-modal, Knowl-
edge distillation, Tumor-aware, Unsupervised learning

I. INTRODUCTION

Multi-modal brain images from MRI (Magnetic Reso-
nance Imaging) scans are widely used in various clinical
scenarios[1], [2]. These images are further divided into sev-
eral modalities(sequences), such as Tl-weighted (T1), Tl1-
with-contrast-enhanced (Tlce), T2-weighted (T2), T2-fluid-
attenuated inversion recovery (Flair), etc. Each modality ex-
hibits distinct contrasts, providing complementary lesion infor-
mation from different perspectives. As shown in Figure 1, Flair
and T2 images depict the peritumoral edema areas clearly,
while T1 images highlight the white and gray matter tissues[3],
making them suitable for presenting anatomical structures.
Tlce images delineate the structures and the edges of the
tumors[4], which is convenient to observe the morphology of
different types of tumors. Fully paired multi-modal images
assist doctors in achieving more precise diagnoses[5].

The benefits of using multi-modal images to assist medical
analysis have been widely recognized[6]. However, physi-
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Fig. 1. Examples of brain tumor MRI images from different modalities.

cians usually obtain some of the modalities in practice due
to practical considerations such as time, cost, and artifacts.
As a result, many images are modality-missing, which can
negatively impact the accuracy of diagnoses. Consequently,
there has been significant research attention on generating
images of missing modalities[7], [8].

Existing methods for multi-modal image translation have
shown promising results in natural images. However, when
applied to medical images, particularly brain tumor images,
the results are often unsatisfactory[3]. Compared with two-
dimensional natural images, three-dimensional medical images
have more structural information[9], leading to blur or de-
formation in image translation. Moreover, due to the privacy
of patients, a large number of medical images collected by
different institutions are private, which increases the diffi-
culty of model training. Therefore, translating brain tumor
images remains a challenging task. Some methods propose
using segmentation or object detection networks to assist
translation[10], [11], [12], while others propose loss functions
to preserve tumor information[13], [5], [14]. However, they
either require paired images for training or still rely on
additional networks or labels during inference.

To solve the problem of brain tumor deformation during
translation, we propose an Unsupervised Tumor-Aware Distil-
lation Teacher-student Network called UTAD-Net. Our model
comprises a teacher network and a student network. The
teacher network consists of two branches: the global branch
translates the input whole images into the target modality,
while the local branch translates the tumor images obtained
through pixel-level multiplication of the whole images and
their corresponding tumor masks. Each branch is composed
of a pair of encoders and decoders. Unlike other distillation
models, the student network adopts an identical network struc-
ture as the teacher network but reduces the input information.
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What is inputted into the local branch is not the tumor images,
but the whole images. The encoder of the local branch in
the student network is trained to perceive the tumor areas
and learn features similar to those encoded by the encoder
of the teacher network for the tumor images. We also propose
a local consistency loss to preserve the anatomical structure
of the tumors. All training samples consist of unpaired single-
modality images. In this way, the student network can focus on
the tumor areas and generate more realistic images without the
tumor masks. During the inference phase, we directly employ
the student network to translate the input source modality
images into the final target modality images.

In summary, the main contributions of this paper are as
follows:

« we propose UTAD-Net to accurately perceive the tumor
areas and generate more realistic images with clearer
textures and richer structural details using unpaired brain
tumor images, assisted by additional tumor masks and the
local consistency loss.

« To the best of our knowledge, we are the first to propose
reducing the input information of the student network in
the distillation model. This approach allows the teacher
network to capture the tumor areas with the guidance
of the tumor masks, while the student network acquires
knowledge from the teacher network through distillation
and gains the ability to generate images without masks.

o« We present qualitative and quantitative evaluations of
image quality for multi-modal brain images translation
on the BRATS2020 dataset[15]. Our model outperforms
state-of-the-art methods. We also demonstrate that the
images generated by our model are helpful for improving
the segmentation performance through downstream tasks.

II. RELATED WORKS

Cross-modality image translation has been intensively stud-
ied in recent years. For instance, Pix2pix[16] presents a
cGAN-based[17] method to convert images between source
and target modalities. However, it requires paired data for
training, which is hard to realize. Therefore, unsupervised
image translation using unpaired data has piqued researcher
interest. CycleGAN[18] and DiscoGAN[19] propose a cycle
consistency loss, which attempts to preserve the crucial in-
formation of the images. By constraining the reconstructed
image and the source image, the model is available to translate
images between the two given modalities with unpaired data.
UNIT[20] assumes that the two modalities share the same
latent space, and proposes to combine VAE and GAN to form a
more robust generative model. The encoder maps the images of
different domains to the same distribution to obtain the latent
code, and then the decoder maps the latent code back to the
image domain. However, these models fail to generate diverse
styles in the images. The resulting target modal image for a
given input image is singular. In order to solve this problem,
MUNIT[21] and DRIT[22] disentangle the latent code into
the content code which is shared by different modalities and
the style code which is unique for different modalities and

restricted to normal distribution. During inference, the style
code can be obtained through sampling, allowing the model
to generate images with diverse styles.

However, the above models can only translate images be-
tween two modalities. If we want to translate images between
n modalities, we need to train the model for n(n—1)/2 times.
In order to perform in a unified model to translate multi-
modality images, StarGAN[23] proposed a single generator
to learn the mapping between any two given modalities.
The source images and mask vectors are inputted to the
generator which then outputs the generated target images.
The discriminator needs to not only distinguish whether the
images are real or false, but also classified the domain they
belong to. Since every mask vector is corresponding to a given
condition, the generated images are simplex without style
diversity. DRTI++[24] adds domain codes for translation so
that any target modality images can be generated by a unified
generator. ResViT[25] introduces a transformer-based model
that exhibits broad adaptability across diverse configurations
of source-target modalities.

Although the above model can achieve multi-modality trans-
lation, it can not focus on local targets but only on the whole
image. CSCG[13] propose that for unsupervised learning,
cycle consistency loss will easily lead to local deformation
of the image if there are no other constraints. InstaGAN[26]
proposed to add segmentation labels of local instances as
additional input information so that the network will pay
more attention to the shape of the local instances in the
training process and reduces the deformation. DUNIT[12] and
INIT[10] respectively propose to use object detection and
segmentation to assist translation. Ea-GANs[27] proposes to
integrate edge maps that contain critical textural information
to boost synthesis quality. TC-MGAN][5] introduces a multi-
modality tumor consistency loss to preserve the critical tumor
information in the target-generated images but it can only
translate the images from the T2 modality to other MR modal-
ities. TarGAN[11] focuses on the target area by using a shape
controller. While these models can translate images more
effectively, they also require more supervised information.

Some of the above methods can only translate images
between two given modalities, and some require paired and
labeled data for training, which is not completely consistent
with the practical application scenarios that most data are un-
paired. We propose UTAD-Net to learn an end-to-end mapping
from an arbitrary source modality to the given target modality,
which can focus on the local tumor areas and translate better
by using unpaired images.

III. METHODS

In this section, we first describe our framework and the
pipeline of our approach, then we define the training objective
functions.

A. Framework and pipeline

For the teacher network, given an image Is,yrce from the
source modality s and corresponding mask M, we aim to train

Authorized licensed use limited to: Rochester Institute of Technology. Downloaded on May 24,2025 at 21:27:33 UTC from IEEE Xplore. Restrictions apply.



Isource

Itarget

t
o
Ttarget
—) i@ -

Generator [ Fusion block

D? Global discriminator D' Local discriminator

[~

Ttarget ’turget

snurce source l

=
Feature distillation loss Image distillation loss
M
..
lsource t Itarget ,,,,,,,,,,,,,,,,,,,, y
n Reconstrucﬂ Local L?cal
[0 H" loss | consistency consistency
R e = ' loss loss
o | O | | +7 . [ I "
1]
(g —] @E
= F = Ttarget
' /
Isource Tsource Tiarget Ttarget S
) — —) —)
QY| =, <4 <
H L

a) The Teacher-Student model of TAD-Net

b) Cycle training process of the teacher network

Fig. 2. Overview of the proposed UTAD-Net. a) The generator G comprises two encoder-decoder pairs and a fusion block F' to generate the whole image
and tumor image. The student network learns the knowledge of the teacher network through distillation learning at both the feature and image levels. b) The
generator GG tries to reconstruct the whole image and tumor image. The global discriminator D9 determines whether the whole image is real or fake and
classifies its modality, while the local discriminator D! models the tumor image.

a model that can translate both the whole image and the tumor
area to the target modality ¢. To achieve this, we first multiply
the two on pixel-level to get the source tumor image T'spurce-
Then the source whole image Igource i1 fed to the global
branch to generate the target whole image Iy, gc¢, and the
source tumor image T’sqyrce 1S fed to the local branch to gener-
ate the target tumor image T;qrqet, respectively. The mapping
is denoted as: (Itarget; /Ttarget) = G(Isourcea Tsourcey t)

The student network adopts the identical network structure
as the teacher network, but with a key difference: it does not
require the tumor image Tsoyrce as input. Unlike the teacher
network, the local branch of the student network takes the
whole image as input instead of the tumor image, allowing
the model to generate the target image without a tumor mask,
which is denoted as: (Iiarget, Trarget) = G(Isourcest). The
teacher-student model is shown in Figure 2.

Generator G. The generator is comprised of two encoder-
decoder pairs, one for the global branch and the other for
the local branch. We use a fusion block F' proposed by Hi-
Net[28] to fuse features from the encoders of the two branches.
The decoders of the two branches receive the fused feature
and respectively generate the target global image [y, and
the target tumor image Tiqrgc¢. Then the generator translates
the target whole image I;4rge¢ and its corresponding tumor
image(only used in the teacher network) T7,,.,.; to the recon-
structed whole image I and tumor image 7", In this

source source*
way, a cycle training process is accomplished.

Discriminator D& and D!. Similar to StarGAN[23], the
discriminator tries to not only distinguish whether the image
is real or fake but also judge the modality to which it belong.
Our model utilizes two discriminators: DY is responsible for
the whole image in the global branch and D' is responsible
for the tumor image in the local branch respectively.

B. Training objective functions

Adversarial loss. Adversarial loss is designed to make the
images generated by the generator more realistic to confuse
the discriminator. To train the model more stably, we use the
adversarial loss WGAN-GP[29] as follows:

Egdv =Eruree [Dgrc(jsource)] - Elta'rget, [Dgrc(jtarget)]

— A Ef[(IVDE, (D]l = 1)%], (1)
Ly =E1,, e [Dhre(Tsource)] = BTyaryor [Dhre(Trarget)]

— ApE (VDL (D)2 = 1)), 2)

where I and T are uniformly sampled along a straight line con-
necting the corresponding real images and generated images.
Agp is set as 10.0 in our model. DY,. and D!, represent
the probability distributions of real or fake for the images
generated by the global and local branches respectively.
Modality classification loss. Given an image and its target
modality vector, we hope the generator can generate images
that are as close to the target modality as possible. Similar

to StarGAN, the discriminators aim to judge the modality
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they belong to. For real images, we define the modality
classification loss which is used to optimize the discriminators
as follows:

‘Ci]’_cls = Elsourcews[_ZOngls(s|ISOUTC€)]7 (3)
Ef"_cls = ETsourceys[7logDilS(S‘T‘;OUT'C€)]’ “)
where the term DY, (s|Isource) and Dils(s|Tsowce) represent
the probability distribution over the modality vector for the
whole images and tumor images. Similarly, we define the

modality classification loss for fake images which is used to
optimize the generator as follows:

‘C?_cls = Eltargetyt[7longls(t‘Ita7"93t)]’ )
Li‘_cls = ETta'r‘get,-,t[ilogDilS (t|Ttarget)L (6)
‘C’f_ClS = £§‘_cls + Elf_cls' (7)

Local consistency loss. We aim to constrain the similarity
of the generated tumor images T}4rge¢ and the tumor areas of
the generated whole images 7},,.,., to alleviate the problem of
distortion in brain tumor image translation. The reconstructed
tumor images 7, and the source tumor images Tsoyrce are
constrained in the same way. We thus propose a local consis-
tency loss as an extra constraint to improve the translation

effect, which is defined as follows:

Liocal :E([HTtarget - ﬂm’get”l])
+ E([”T’SUUT'CE - T;ouT'ce“l])' (8)

Reconstruct loss. A challenge is to ensure that the gen-
erated images Ii4rget just simply change the image style
information and still contain all the content information of the
source images Isoyrce. To solve this problem, we feed liqrget
into the translation network for cycle translation to obtain
the reconstructed images I’,,,,.... To minimize the difference
between I, ... and Isource, We add a reconstruct loss which

is defined as follows:
Lrec = E[”Isource - Iéource”ﬂ' )

Distillation loss. To allow the student network to perceive
the tumor areas like the teacher network without masks, we
impose constraints on the intermediate layer features and the
final generated target images of both networks, so that the
student network can better learn the knowledge from the
teacher network. The distillation loss is defined as follows:

[-:dis :]E[HFteacher _ FStUdentHﬂ

+E[|lareer” — Larger ], (10)

where Fteacher apnd [student mean the fused feature of the
teacher and student networks.

Total loss. Combining all the losses mentioned above, we
finally defined the objective function as follows:

/U _ /1 /!

‘C% - _‘ng’u + ﬁf_cls’ Y

£tGeacher = Ezdv + £fzdv + ‘Cf_cls + )\l(ﬁrec + ‘Clocal) (12)

£gudent _ £tC§achcr 4 AQ‘CdiSa (13)

where \; and A\, are hyper-parameters to balance losses. We
set A\; and Ao to be 10.0 in our experiments.

IV. EXPERIMENTS

A. Settings

1) Datasets: We conduct all our experiments on the BRATS
2020 dataset (https://www.med.upenn.edu/cbica/brats2020/
data.html)[30], which provides brain tumor images of four
modalities: Flair, T1, Tlce and T2. All images have been
manually segmented by experienced raters. Annotations in-
clude the GD-enhancing tumor (ET), peritumoral edema
(ED), as well as the necrotic and non-enhancing tumor core
(NCR/NET)[31], [15]. The tumors are classified into three
distinct regions according to clinical references: Whole Tu-
mor (WT = ET + ED + NCR/NET), Tumor Core (ET +
NCR/NET), and Enhancing Tumor (ET). We calculated masks
corresponding to these three areas based on the annotations to
guide the brain image translation. 180 samples are randomly
selected for training, 30 for validation and 159 for testing in the
translation task. For each sample, we select images from only
one randomly chosen modality. We trained three sets of models
using the aforementioned three types of tumor masks, enabling
translation between any two of the mentioned four modalities.
To further verify the effectiveness of the model, we feed the
fully multi-modality images generated by different methods
into nnU-Net[32] to compare their segmentation effectiveness
as a downstream segmentation task. 120 samples are selected
for training and 69 for testing. It is worth noting that none of
the samples used for the downstream segmentation task are
included in the training set for the translation task, avoiding
the resulting metric being biased positively towards our model.
All the images are resized to 128 x 128 pixels.

2) Evaluation metrics: For the translation task, we use
structural similarity index measure (SSIM), peak-signal-noise
ratio (PSNR)[34] and learned perceptual image patch simila-
rity (LPIPS)[35] to measure the similarity between the gen-
erated images and ground truth. For the downstream seg-
mentation task, we use Dice similarity coefficient (DSC)[36],
average symmetric surface distance (ASSD), 95th percentile
of Hausdorff distance (HD95) to measure the integrity of the
predicted pseudo masks generated by nnU-Net[32] which is
an acknowledged state-of-the-art medical image segmentation
model.

3) Baselines: We compare our translation results with
StarGAN [23], DRIT++[24], Targan[11], ReMIC[33] and
ResViT[25]. StarGAN proposes using a unified model to
translate images to arbitrary modalities. DRIT++ disentangles
an image into the content code and the attribute code during
the training and generates images using the content code
extracted from the input images and the attribute code sampled
from the standard normal distribution. TarGAN utilizes an
extra shape controller to alleviate the problem of image
deformation in the target area. ReMIC learns shared content
and domain-specific style encoding across multiple domains.
ResViT proposes a unified synthesis model with a transformer-
based generator for medical image synthesis. Note that we
implement unsupervised versions for ReMIC and ResViT to
enable a fair comparison.
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Fig. 3. Qualitative evaluations of our model and the other baselines on the BRATS2020 dataset. The four samples are denoted as: a)Tlce—T1. b)Flair—T2.
¢)T1—Tlce. d)Flair—Tlce. For each sample, the first row represents the translation of the whole images, the second row depicts the magnified image of
the tumor areas, and the third row illustrates the error map between the generated images and the ground truth(GT) images. Red boxes demonstrate that our
method generates more realistic images with clearer textures and richer structural details.

4) Implementation details: We implement PatchGANI[16]
as the backbone for both the global discriminator and local
discriminator, and U-net[37] as the backbone for the generator.
We train the teacher network for 100 epochs with a learning
rate of 10~* for both the generator and the discriminators
during the first 50 epochs and then linearly decay the learning
rate to 1076 at the final epoch. Then we train the student
network in the same way. Adam[38] optimizer is used with

momentum parameters $; = 0.9 and S, = 0.999. We also
adopt data augmentation and normalization for the training
samples. All the experiments are conducted on PyTorch 1.8.1
with NVIDIA RTX 3090(24G).

B. Translation results

1) Qualitative evaluation: Figure 3 shows the qualitative
results of our model and the other baselines. Our method
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TABLE I

QUANTITATIVE EVALUATION OF THE GENERATED IMAGES. WE REPORT THE MEAN VALUE FOR TRANSLATION BETWEEN ANY TWO MODALITIES HERE.
THE SYMBOL T DENOTES HIGHER IS BETTER WHILE THE SYMBOL | DENOTES LOWER IS BETTER. UTAD-NET(WT) DENOTES OUR MODEL GUIDED BY
THE WHOLE TUMOR MASK, AND THE SAME APPLIES TO THE OTHERS.

Method SSIMT PSNRT Tocal SSIMT ___local PSNRT LPIPS]
StartGAN[23] 0.84770.0005  28.02£1.30 _ 0.58860.0008  18.48£1.40  0.0930%0.0228
DRIT++[24] 0.8615£0.0008  30.24+1.20  0.6095£0.0009  19.16+1.26  0.0802+0.0276
Baseline TarGAN[11] 0.8588£0.0006  29.66+1.24  0.6037+0.0010  18.78+1.31  0.0860+0.0235
ReMIC[33] 0.8459£0.0007  29.31+1.41  0.6010£0.0013  18.69+1.14  0.0874+0.0262
ResViT[25] 0.8735£0.0005  30.45:1.37  0.6068£0.0009  19.33:1.20  0.0702+0.0236
UTAD-Net(WT) 0.875740.0004  31.57£1.14  0.6195£0.0008 _ 20.72£1.33 __ 0.065520.0214
Teacher UTAD-Net(TC) 0.8767+£0.0005  31.89+1.29  0.6199+0.0007  20.44+1.22  0.0647+0.0249
UTAD-Net(ET) 0.8751£0.0006  31.61+1.42  0.6166£0.0008  20.39+1.16  0.0690+0.0243
UTAD-Net(WT) 0.874240.0006  31.48£1.26  0.614740.0009  20.21£1.23 __ 0.0664%0.0230
Student UTAD-Net(TC) 0.8753£0.0004  31.34+1.30  0.6156£0.0012  19.96:1.26  0.0661:+0.0255
UTAD-Net(ET) 0.8723£0.0005  30.88+1.15  0.6143+0.0008  19.93+1.17  0.0716£0.0268
Ablation | UTAD-Net(zeros map) | 085350.0007  29.26£148  0.601320.0005  18.75£150  0.0869+0.0264
UTAD-Net(random map) | 0.8509+0.0007  28.47+1.40  0.5994+0.0009  18.26x1.31  0.0884+0.0281
TABLE II
THE QUANTITATIVE EVALUATION FOR DOWNSTREAM SEGMENTATION TASK CONDUCTED BY NNU-NET.
DSC ASSD(mm) HDY5(mm)
Method WT TC ET WT TC ET WT TC ET
SingleGT 0.801220.0217 _ 0.6044£0.0256  0.4775+0.0273 | 1.69%052  2.44%0.65 2004061 | 5.69+1.48  6.72£1.65  7.73%1.59
StarGAN[23] 0.7520£0.0243  0.6357+0.0284  0.4018+0.0310 | 3.77+0.72  4.01£0.76  3.70£0.88 | 10.57+3.02  10.89+3.16  11.48+3.28
Bascline DRIT++[24] 0.7867£0.0226  0.6749+0.0271  0.4403+0.0263 | 2.5320.56  2.62+0.84 2.81+0.63 | 7.79+2.54  8.1242.10  8.63+2.26
TarGAN([11] 0.7782+0.0283  0.6670£0.0265  0.4361£0.0301 | 2.51%0.75  2.89+0.72  2.96+0.80 | 7.9322.67  8.24+241  8.8142.79
ReMIC[33] 0.7737£0.0294  0.6618£0.0322  0.4328+0.0306 | 2.6320.63  2.95+0.68 2.78+0.81 | 8.03+2.60 8394223  8.75+2.59
ResViT[25] 0.7983+0.0233  0.7037+0.0270  0.4756+0.0286 | 2.8320.69  2.29+0.78  2.68+0.74 | 7.43+2.49  7.03+228  7.56+2.64
UTAD-Net(WT) 0.8190£0.0224  0.6087£0.0243 _ 0.4573£0.0290 | 1.53£0.56  2.1440.60  2.3240.78 | 3.89+1.79  6.17x1.50  7.80+2.46
Teacher UTAD-Net(TC) 0.8040£0.0256  0.7432£0.0284  0.5176+0.0293 | 1.79+0.63  1.81+0.70  1.75+0.74 | 6.09+1.84  5.78+2.06  5.71+2.36
UTAD-Net(ET) 0.8004+0.0263  0.7097+0.0305  0.5452+0.0303 | 1.92+0.65 2.1740.72  1.68+0.79 | 6.50:2.42 6404252  5.46£2.27
UTAD-Net(WT) 0.80840.0258  0.6937£0.0262 _ 0.4483+0.0294 | 1.62x0.60  2.56£0.68 2504071 | 5.17#2.15  7.1022.36 _ 8.05:2.63
Student UTAD-Net(TC) 0.7992+0.0241  0.7184£0.0285  0.5011+0.0321 | 1.8240.60  2.05:0.63  2.49:0.60 | 6.17+2.48  6.49+2.35  6.76%2.65
UTAD-Net(ET) 0.7953+0.0262  0.6840£0.0246  0.5255£0.0255 | 2.13+0.67  2.59+0.66  2.42+0.75 | 6.62+2.62  7.96£2.58  6.26£2.56
Ablation | UTAD-Net(zeros map) | 07772200265  0.6652£0.0294 04308200283 | 2.67£062 29120.76 2932075 | 8012276  84422.66  8.02£2.68
UTAD-Net(random map) | 0.7756£0.0248  0.663120.0315  0.4306+0.0287 | 2.75+0.65 2.96+0.73 2.86:0.86 | 8.10+2.80  8.524278  8.8442.77

generates more realistic images with clearer textures and richer
structural details.

2) Quantitative evaluation: As shown in Table I, the
teacher networks of our models guided by different masks
significantly outperform the baseline on various metrics, and
the performance of the student network is slightly worse than
the teacher network but still better than all baselines. The
value is the average of all the possible mappings. In addition
to SSIM, PSNR and LPIPS, we use the smallest rectangle
to frame areas of Whole Tumor for every generated image
and calculate SSIM and PSNR of the framed areas with their
corresponding ground truth, which is denoted as local SSIM
and local PSNR. These two metrics can measure the translation
effect of the tumor areas. UTAD-Net performs better on the
two metrics, which suggests that our method generates more
realistic tumor areas.

C. Downstream segmentation results

Given an image from an arbitrary modality, we translate
it to the other three modalities by our method and all the
baselines respectively. Then we use nnU-Net to compare the
segmentation effectiveness of the fully multi-modality images
generated by each of the above methods. As shown in Table II,
the teacher network achieves optimal results, which suggests
that guiding with the tumor masks leads to more realistic tumor
areas. Note that the SingleGT refers to randomly selecting one

modality of the ground truth for each sample in the training set
for segmentation. Although the student network’s performance
is slightly lower than that of the teacher network, it still
outperforms all baselines and singleGT on the corresponding
downstream segmentation tasks, indicating that the images
generated by our model have practical clinical significance.

D. Ablation study

In this section, we conduct two parts of the ablation study,
one to validate the effectiveness of the local branch in the
teacher network, and the other one to confirm the efficacy of
the student network structure.

1) Effectiveness of the local branch in the teacher network:
We conduct an ablation study to validate the effectiveness of
the local branch which is guided by the mask. We replace the
tumor mask in the teacher network with two settings: (a) a map
with all zero values. (b) a random map that each value is either
zero or one. As shown in Table I and Table II, the performance
of UTAD-Net with a map of zeros (i.e., translation without
the guidance of a tumor mask) is degenerated in terms of
image quality and downstream segmentation. UTAD-Net with
a random map performs even worse, because the noise images
without semantic information have a negative effect on the
model’s performance.

2) The structure of the student network: The purpose of
the student network is to perceive the tumor areas like the
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Fig. 5. The feature error map of the teacher network and the student network.
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teacher network without tumor masks. In order to learn the
features extracted by the teacher network from the tumor areas
better, we designed the following four different architecture
schemes of the student network for comparison, as illustrated
in Figure 4. We compute the error between the features
obtained from the fusion block of the teacher network and
the corresponding layer features of student network, averaging
across different pixels to obtain the feature error map along
the channel dimension. Note that for student networks in
structures a) and d), we select the features obtained from the
fusion block, whereas for structures b) and c), we choose
the features from the last layer of the encoder. The error
map is shown in Figure 5. The absence of either the local
encoder or local decoder structure results in a reduction in the
accuracy of the student network. The student network with
only the global branch performs the worst, while maintaining

TABLE III
THE QUANTITATIVE EVALUATION OF THE FEATURE ERROR FOR THE
TEACHER NETWORK AND THE FOUR DIFFERENT ARCHITECTURE SCHEMES
OF THE STUDENT NETWORK.

MAE MSE

UTAD-Net 0.0500 | 0.0124
only global 0.2514 | 0.2229
w/o local encoder | 0.1912 | 0.1588
w/o local decoder | 0.1790 | 0.1423

the same structure as the teacher network yields the most
similar features. We use Mean Absolute Error (MAE) and
Mean Squared Error (MSE) to assess the similarity of features
between the teacher network and the student network, where
lower values indicate higher similarity. The quantified results
are presented in Table III, demonstrating that the structure
combining both global and local branches ultimately yields
the best performance.

V. CONCLUSION

We propose UTAD-Net to translate brain tumor images, in
order to capture tumor areas precisely and generate more re-
alistic images between any two modalities. With the guidance
of the tumor masks, the teacher network can focus on the
brain tumor areas and alleviate the problem of deformation in
the generated images. The student network gains the ability to
perceive the tumor areas and generate target images without
masks through distillation. Experiments demonstrate that our
model achieves superior translation results and generates more
realistic images with practical clinical significance, which
results in improved downstream segmentation.
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