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Source-free Few-shot Segmentation for Rarer Brain
Tumors

Anonymous

Abstract—Since the inception of BraTS challenge, a series
of methods has been developed for brain tumor segmentation
over the past years. Although these methods achieved promising
results, they mostly focus on glioma segmentation, largely due to
their relatively high incidence. These fully-supervised methods
may not be applicable as they rely on abundant labeled data,
which is intrinsically inaccessible for rarer types of brain tumors.
Data-efficient transfer learning approaches like few-shot learning
and domain adaptation assume full access to source data,
which may not be feasible in real-life scenarios due to privacy
and confidentiality concerns. In this work, we propose a new
source-free few-shot learning framework for rarer brain tumor
segmentation that adapts source model trained on gliomas to
other less common brain tumors such as meningioma, metastasis
and pediatric tumors with only a few labeled target data. The
proposed framework follows a dual-branch prototypes learning
structure that harmonize preservation of common knowledge
from source class and learning new features from target. We
show that our method gains a 6% increase in Dice score
over representative source-free domain adaptation methods, and
achieves comparable performance against its fully-supervised
counterpart.

Index Terms—3D UNet, brain tumor segmentation, few-shot
learning, source-free

I. INTRODUCTION

Brain tumors can lead to high rates of mortality and severe
disabling effects on patients. Glioblastomas, the most common
primary brain cancer of glial origin, are almost universally
fatal within 2 years of diagnosis despite medical and surgical
therapy [1]. Effective treatment is multimodal and relies on
accurate diagnosis, and diagnosis requires accurate interpre-
tation of radiological data, among them most commonly
magnetic resonance imaging (MRI). Recently, new techniques
represented by deep learning have been used to ease the burden
of diagnosis. As the focus of this study, brain tumor MRI
segmentation allows precise tumor boundary identification and
benefits many clinical applications, such as surgical treatment
planning and tumor growth monitoring.

Despite its promising benefits, accurate tumor segmentation
is a complex task impeded by tumors’ varying size, shape, lo-
cation and complex substructures. Aside from tumors’ intrinsic
characteristics, data used for developing models is typically
acquired across different centers and under varying acquisi-
tion protocols, which further hinders a universally effective
solution. Methods in this field predominantly adopt UNet-
based architectures [2] that combine encoder-decoder design
with skip connections to effectively integrate multi-level se-
mantic features while preserving fine-grained details. Many
improvements have been made for brain tumor segmentation

tasks, such as attention mechanisms [3], and region-based
training approaches [4]. Parallel to these developments, other
methods [5], [6] have begun leveraging Transformers [7] for
their superior capability in modeling long-range dependencies.

Most studies for brain tumor segmentation focus on gliomas,
but it is not trivial to directly translate them to other rarer types
of tumors, such as meningioma, metastasis and pediatric tu-
mors, as they exhibit different characteristics from gliomas that
may lead to a significant performance drop. As shown in Fig.1,
gliomas generally arise within the brain’s internal structures,
whereas meningiomas typically grow on the boundary of brain
tissue as they come from external membranous covering of the
brain. Metastasis may occur in multiple instances with smaller
lesions less than Smm. Pediatric brain tumors are located in
the pons and their necrotic tissue regions are less common or
clear. These distinctions pose challenges when transferring a
model from glioma cases to segment other types of tumors, as
models developed for gliomas tend to look for a single large
tumor without particular location priors.

A common approach could be fine-tuning a model trained
on a source task with sufficient labeled target data. The
shared features between source class and target class help
the training process become smoother compared with learning
from scratch. However, it assumes there will be enough labeled
target data at hand, an assumption hard to realize both because
of the data scarcity of less common brain tumors and the costly
nature of labeling distinctive features among tumor types. With
a few training data available, possible solutions represented
by few-shot learning and domain adaptation typically require
training with source data. However, this is impractical in real-
life scenarios as it is neither easy to access source data due to
concerns of personal privacy and confidentiality, nor plausible
to store the entire source dataset on devices with limited
resources for training purposes.

Seeking to reduce the reliance on source data, we investigate
a new source-free few-shot learning setting for rarer brain
tumor segmentation that only requires access to a pre-trained
model without the source data. We simulate the source-free
few-shot segmentation of less common brain tumors by taking
gliomas as the source class and meningioma, metastasis and
pediatric brain tumors as target classes, and aim to achieve
good generalization ability with a few annotated target cases.

In this work, we propose a source-free few-shot segmen-
tation network for rarer brain tumors. Without access to
sufficient source data but only a pre-trained source model, we
designed a confidence-based dual-branch learning method. As
brain tumors share some common traits and the brain structure
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Fig. 1. Comparison of gliomas, meningiomas, metastasis and pediatric brain tumors. Whole tumors are highlighted. Different type of brain

tumors vary in size, location and distributions.

remains the same, the model trained on source tumors can also
offer robust and reliable initial predictions for target tumors.
We retain the shared knowledge learned from source domain
by updating the source adaptation branch using the highly
confident predictions of target tumors. However, given that
tumors of different type exhibit distinctive features, a target
learning branch is dedicated to specifically learn from less
confident target samples and capture the unique target features.
As training exclusively on the few-shot labeled target data
can lead to overfit easily, we incorporate unlabeled target data
into the training by a prototype-based self-training framework.
The network extracts representative prototypes for foreground
and background, and generates the pseudo labels for unlabeled
data by calculating the cosine similarity between features and
prototypes. The model maintains a robust set of prototypes by
updating them at every iteration with the new prototypes. In
the end, we unify the results of two branches at the final stage
of the training by minimizing the discrepancy between the two
outputs.

Our contributions are summarized as follows:

1) We propose our Confidence-based Dual-branch Learning
(CDL) method that first divide the target domain data
according to the output confidence of the source model,
and then conquer them through either the source adaptation
branch or target learning branch. The dual-branch design
retains the knowledge from source domain while learns the
new features from target domain.

2) We present a Prototype-based Self-training Framework
(PSF) that dynamically updates the prototype memory bank
and generates pseudo labels for unlabeled target data. With
only a few examples, the class prototypes can effectively
represent different classes and remain consistent and robust
through updates.

3) The efficacy of our method is demonstrated through ex-

tensive experiments on three different types of rare brain
tumors. Our experiment results showcase the superior
performance of our methods against other state-of-the-arts.

II. RELATED WORKS

A. Brain Tumor Segmentation

Early attempts [8], [9] to tackle the problem of brain tumor
segmentation process volumes are based on single slices, due
to the computational constraints. These attempts are natural
extensions from effective model structures in general images,
such as FCN [10]. If computational resources allow, most 2D
models can be extended to 3D models by replacing the 2D
convolutional kernels with 3D ones, which strengthens the
inter-slice consistency. As a remedy to exorbitant memory
increase, model takes sampled 3D cubes as input instead of
the whole brain volumes.

A common yet effective model design for brain tumor
segmentation is inspired by UNet [2], an encoder-decoder
structure that extracts both local and semantic features in
a hierarchial manner. The model perform segmentation by
exploiting the high-level semantic information while taking
into account the local properties in low-levels. U-Net’s suc-
cess inspired numerous architectural improvements. Dense U-
Net [11] enhanced the network’s capability by implementing
densely connected convolutions to better propagate and reuse
features. U-Net++ [12] bridged the gap between encoder and
decoder features, enabling simultaneous processing of both
simple surface-level features and complex abstract ones. The
field further evolved with innovations like atrous convolution
[13] and pyramid pooling [14], which expanded the networks’
ability to understand more context and represent features at
multiple scales. However, despite these advances, these models
struggle when faced with situations where labeled training data
is scarce.



B. Few-shot Medical Image Segmentation

Few-shot learning investigates model’s ability to understand
new classes with a number of examples, in contrast with
the sufficient amount of training examples commonly seen in
the traditional supervised learning paradigm. While it is still
infeasible to train a well-performing models within limited
examples, some studies [15] suggest it is possible to reduce the
training samples by training in a principled manner, episodic
training. Episodic training rearranges the way data is fed
into the model, where each episode focuses on learning a
different class. In this way, the goal of training shifts from
capturing characteristic class features distribution to utilising
new examples effectively. With limited training examples for
each class, one way to infer test examples is to learning
representative features collectively from training examples,
known as prototypes. Prototype learning [16] first gathers
certain amount of prototypes from training examples, then
matches prototypes with features from test examples. Some
works [17]-[19] improve model’s strategy to learn prototypes.
Other works [20] propose practical matching mechanisms
between query and prototypes.

C. Domain Adaptation

Many researches [21], [22] have explored using deep learn-
ing to transfer knowledge from source to target domains,
using both supervised and unsupervised approaches. While
supervised methods can be effective, they require extensive
labeled data that is time-consuming and labor-intensive to
collect. This has led to increased interest in unsupervised
domain adaptation, which can be categorized into three main
approaches: feature alignment based on difference measure-
ment, domain feature disentanglement-based methods, and
approaches that combine pixel-level and feature alignment
using Generative Adversarial Networks (GANs) [23].

Adversarial learning has emerged as a powerful tool for
addressing domain differences at multiple levels - from raw
images to abstract features. GANs introduced the ability to
transform images between source and target domains. This
capability was enhanced by CycleGAN [24], which enabled
unpaired image transformation while preserving structural
integrity through cycle consistency loss. Building on this,
researchers demonstrated practical applications by using Cy-
cleGAN to convert CT images to MR images, combining the
synthetic data with a small set of real MR images for semi-
supervised tumor segmentation. However, while these methods
successfully generate high-quality transformed images, they
lack explicit semantic constraints to keep structural elements
consistent during the transformation process.

III. METHODOLOGY
A. Problem Definition
Given a source model M fully trained on abundant labeled
: : 1 _ Uiy s
support images of glioma data D, = {(%,4!);},,. and a
set of few-shot target lableled data D! = {(xi,yi)l}jv:ll and

unlabeled target images D} = {(xf)z}fvé‘l of less common

brain tumors (IN; << N;) , we aim to find a mapping
F = f(Xm;M,, DL, DY) that maps input X; to pixel-
wise segmentation masks Y;. Note this source-free few-shot
learning setup is different from conventional few-shot learn-
ing, which focus on model’s learn-to-learn ability for unseen
target classes in training. This setup also differs from domain
adaptation where the classes remain the same between source
and target domains, whereas in our setting, source images and
target images are of different class of tumors.

B. Confidence-based dual-branch learning

Our proposed framework is shown in Fig.2, which fol-
lows a dual-branch structure that focuses on retaining source
knowledge and learning target features, respectively. The two
branches are both in the form of 3D ResUNet and share a
feature encoder, followed by different decoders that output the
final segmentation results. Both the encoder and decoders are
first initialized with the weight of pre-trained source model
M. We train the model first with labeled target data Dﬁ and
then with unlabeled target data D}’

The two-branch structure divides target data into two groups
and explicitly learns the intra-class discrepancy from source-
alike samples and target-alike samples. Through a first pass
on the source model, input data is partitioned based on the
confidence ranks of the outputs. The half samples with higher
confidence that are similar to source class are fed into the
source adaptation branch. In contrast, the lower half samples
are passed through target learning branch, which focuses on
learning target class-specific characteristics.

As target brain tumors share some common characteristics
with source brain tumors, target data that are similar to source
tumors can benefit directly from the knowledge retained in
the source model. As for the target data that exhibit different
characteristics from source tumors, the target learning branch
will focus on learning the target-specific features. This division
follows a divide-and-conquer strategy and allows efficient
adaptation. Compared to a single branch design which strives
to balance the knowledge from source and new features from
target, the dual branch model retains the knowledge learned
from source to a large extent, and learns the target-specific
characteristics independently.

On this stage, we freeze the shared encoder and only update
the decoder part of each branch with Dice loss Lpjce.-

C. Prototype-based self-training framework

The utilization of unlabeled data is crucial in the source-
free few-shot learning setting, as without access to source
data, learning on the few shot target data alone easily leads
to overfit. For the unlabeled target data z; without ground
truth labels, we adopt self-training and obtain their dice loss
by generating pseudo labels as ground truths through a pro-
gressive prototype learning process. This process is inspired
by prototype-based few-shot learning [25], where prototypes
can efficiently represent different classes with access to only
a few samples. We take the source adaptation branch as an
example to illustrate the prototype learning process as the
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Fig. 2. The proposed source-free few-shot learning strategy. DB stands for decoder block. ResBlock stands for residual block. The model
takes few-shot labele target data and unlabeled target data as input. Based on the initial prediction confidence, samples with higher confidence
are fed into the source adaptation decoder, while the lower confidence ones are processed through target learning decoder. For unlabeled
target data, the model also generate pseudo labels for Dice loss with a set of dynamically updated prototypes.

other branch follows the same procedure. During training, each
branch maintains a memory bank of two representative pro-
totypes, namely the foreground prototype and the background
prototype. These prototypes are first initialized by few-shot
labeled target data z} with the following procedure. We obtain
the background prototype Py and foreground prototype P; by
calculating the masked weighted average features derived from
the binary ground truth mask 7 and feature map F from the
output of second-to-last layer of decoder before the prediction
head, i.e:

FaTe F(1—-"T,
Za, Tz Z;r ( T)7 = {:)Sl}

> Te 22.(1=Tz)
The pseudo label Y, can be obtained by classifying each

voxel ¢ into the more similar prototype ¢ through cosine
distance, i.e:

P = s Po=

Y, = argmin cos(F;, Py),
k

ke {0,1}.

We further utilize unlabeled data for robust and consistent
prototypes generation. These prototypes will be updated per
batch by calculating the exponential moving average (EMA)
using the current batch prototypes P, with a coefficient 6, i.e:

Pi=0-PI +(1-0) P,

where P, can be derived for unlabeled data by simply replac-
ing the ground truth mask to pseudo label.

D. Loss Function

We train the model using both labeled data with ground
truth and unlabeled data with pseudo labels. For labeled data,
we adopt dice loss Lp;.. as supervised loss. For unlabeled
data, we treat pseudo label generated by prototype matching as

ground truth for dice loss and introduce an additional loss term
L gyt to minimize the entropy of the network’s raw prediction
y’ ~ A
Lpn=—Y Ylog).
xr

At the final stage of training, we integrate the comple-
mentary information learned through both branches to make
comprehensive predictions. We achieve this goal by further
incorporating a loss term L¢,,to minimize the discrepancy
between output Y, from support adaptation branch and output
Y, from target learning branch, while freeze decoders and only
update the shared encoder, i.e:

»CCon = Z ||j)5 - 5)t||2~

The overall loss for training our model is
L= LDice + 'CEnt + [fCon~

IV. EXPERIMENT
A. Data and Evaluation Metrics

We evaluate our proposed method on the public available
dataset provided by the Brain Tumor Segmentation (BraTS)
2023 challenge [26], which contains 1251 glioma cases, 1000
meningioma cases, 238 metastasis cases, and 100 pediatric
brain tumor cases. Every case is composed of four brain MRI
sequences, namely pre-contrast T1-weighted, post-contrast T1-
weighted, T2-weighted, and T2-weighted Fluid Attenuated
Inversion Recovery (FLAIR) series. All four modalities are
used in the proposed method, being co-registered to the same
anatomical template, interpolated to the same resolution of
240 x 240 x 155 voxels and skull-stripped. The segmentation
accuracy is measured by the Dice score, and the Hausdorff
distance (HD, 95%) metrics for the region of whole tumor.



B. Implementation Details

We use ResUNet-50 as our network backbone. The source
model is fully trained on glioma data. In the adaptation stage,
for each tumor type, we keep 70% of cases for training, 10%
for validation and 20% for testing. From training set, we
randomly choose 10 cases as labeled training data, and the
remaining as unlabeled data. We repeat this process for three
times for all the experiments. All the MRI data was cropped
into 128 x 128 x 128 patches. Common data augmentation
techniques such as rotation, scaling, brightness, Gamma aug-
mentation were applied. Adam optimizer and cosine annealing
scheduler were deployed. The initial learning rate was set as
le-4. 0 is set as 0.9 for labeled cases and 0.99 for unlabeled
ones. Our method was implemented on the PyTorch framework
with a single GPU (NVIDIA RTX 4090). The maximum epoch
is set to 500. During testing, the branch with higher confidence
is selected as the final prediction.

C. Evaluation of Different Training Strategies

In this section, we compare our method with other training
methods visually and quantitatively. Two oracle models are
constructed to assess the upper bound performance of our
method. The Oracle transfer learning (TL) model is acquired
by training firstly on gliomas and then fine-tuned on abundant
target tumors. The Oracle Scratch model is directly trained
on abundant target tumors from scratch. For comparison with
source-free adaptation methods, we re-implemented two rep-
resentative methods, including intra-domain adversarial align-
ment (A2Net) [27] and self-training with pseudo labeling
(NRC) [28] method. For comparison with similar few-shot
learning methods, we implemented few-shot TL by first train-
ing the model on gliomas and then fine-tuning it on few-shot
target tumors. We also include comparisons with SIGN [29],
a state-of-the-art method for few-shot transfer learning.

Quantitative results are shown in Table 1. Oracle methods
indicates the upper bound of all the methods, where transfer
learning shows a superior performance than training from
scratch. Out of all the other methods, Few-shot TL scores
the lowest Dice score of 40.38%. This is possibly because
of the few labeled target data is too few to shift the learned
feature distribution from a biased source class. Both A?Net
and NRC showed decent performances with an average Dice
scores of 66.62% and 66.82% respectively. This shows that
that adversarial alignment can adapt well to the target class
by first explicitly learning the differences and then minimizing
their discrepancies. It should be noted that our proposed
method outperforms all the other methods in terms of Dice
score and come very close to SIGN for the HD score. Our
method also achieved a comparable performance against the
oracle methods, while only require a few labeled supervision.

One of the challenging aspect of brain tumor segmentation
is the small tumors. Smaller tumors are hard to locate, esay
to miss and can reflect the overall robustness of methods.
We select several cases with small tumors in Figure 3. It
demonstrates intuitively how different methods perform when
segmenting small rarer brain tumors. For this challenging

task, all methods can roughly locate the tumors but struggle
to precisely delineate tumor boundaries. This can also be
reflected in their high HD scores compared to oracle methods.
Notably, A2Net and NRC made false positives predictions
outside the ground truth area in the case 1, whereas in the
case 3, A2Net and NRC were overly conservative and made
false negative predictions. In case 4, A2Net and NRC falsely
incorporate part of the background area as their prediction and
fail to follow the edge of the brain tissue. SIGN missed the
tumor completely in case 1, but aligned with the boundary
of the ground truths relatively better. Our approach achieved
consistently superior predictions with accurate location and
shape, as it combines task-specific features from target class
with common features from source class.

D. Ablation Study

In this section, we conducted ablation study to assess the
effectiveness of our proposed Confidence-based Dual-branch
Learning (CDL) and Prototype-based Self-training Framework
(PSF) method. The results of the ablation study were summa-
rized in Table II.

Without inclusion of CDL and PSF, the network revert to a
simple single-branch 3D-UNet. The network takes every target
sample and updates regradless of the initial prediction result
from the source model. As for the unlabeled samples, the
model only benefits from the entropy loss. The segmentation
performance is the lowest among the four different variants,
with an averge Dice score of 47.8% and HD score of 1.602.
With the addition of CDL, the segmentation performance
improved significantly with a Dice score of 64.15% and HD
score of 1.218. This showcased that the model benefited
from the dual-branch learning method. The counterpart single-
branch model may not be able to retain the robust knowledge
from source because it prioritize the new updates from target
domain, which could contain greater noise and be less robust
as the supervision from target domain is very limited. On
the other hand, the inclusion of PSF also leads to a decent
improvement of the segmentation performance, with a Dice
score of 60.41% and HD score of 1.38. As a data-efficient
approach, the dynamically updated prototypes track the feature
distribution of foreground and background classes, and reflect
robust representations of target tumors and normal tissues. The
pseudo labels generated based on these prototypes enables
additional supervision from unlabeled data. The most signif-
icant improvement was observed when both CDL and PSF
were included. The model achieved an average Dice score of
72.87% and HD score of 0.893. This result also demonstrate
the two components work well together and have a synergistic
impact.

V. CONCLUSION

We proposed a source-free few-shot learning framework
for rarer brain tumor segmentation with gliomas as source
class. With only access to a pre-trained source model and
no source data, we gradually adapt the model from source to
target by retaining the knowledge from source model in one



TABLE I

SEGMENTATION PERFORMANCE OF TARGET TUMORS

Methods Metastasis Pediatric Tumors Meningiomas Average
Dice[%] | HD[voxels] | Dice[%] | HD[voxels] | Dice[%] | HD[voxels] | Dice[%] | HD[voxels]

Oracle TL 72.56 0.943 88.35 0.812 82.32 0.594 81.08 0.783
Oracle Scratch 68.41 1.108 80.10 0.935 81.65 0.603 76.72 0.882
A?Net 61.33 1.141 78.74 1.374 59.79 0.686 66.62 1.064
NRC 59.61 1.203 72.12 1.758 68.72 0.619 66.82 1.194
Few-shot TL 40.38 1.63 58.16 1.571 42.73 1.120 47.09 1.440
SIGN 61.08 1.179 80.81 1.056 70.67 0.684 70.85 0.907
Ours 63.02 0.979 82.79 1.03 72.8 0.678 72.87 0.893

Label
NRC

Fig. 3. Visual comparison for small brain tumors

branch for source-similar target cases and learning the unique
target features in another branch for source-dissimilar target
cases. We also impose additional supervision from unlabeled
target data by maintaining a set of representative prototypes for
pseudo label generation and self-training. We train our model
by first explicitly learning the difference between source and
target data, then minimizing their discrepancies by unifying
the outputs from two branches.

Without any access to the source class data but only source
model parameters, our method effectively ultilizes source
model knowledge and few-shot target class data. Our exper-

iments suggest the proposed method achieved better results
compared to other representative source-free adaptation and
few-shot learning methods, which demonstrates its effective-
ness for rarer brain tumor segmentation.
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