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Abstract

Cross-domain Few-shot Segmentation (CD-FSS) aims to seg-
ment novel classes from target domains that are not in-
volved in training and have significantly different data dis-
tributions from the source domain, using only a few an-
notated samples, and recent years have witnessed signifi-
cant progress on this task. However, existing CD-FSS meth-
ods primarily focus on style gaps between source and tar-
get domains while ignoring segmentation granularity gaps,
resulting in insufficient semantic discriminability for novel
classes in target domains. Therefore, we propose a Hierarchi-
cal Semantic Learning (HSL) framework to tackle this prob-
lem. Specifically, we introduce a Dual Style Randomization
(DSR) module and a Hierarchical Semantic Mining (HSM)
module to learn hierarchical semantic features, thereby en-
hancing the model’s ability to recognize semantics at vary-
ing granularities. DSR simulates target domain data with di-
verse foreground-background style differences and overall
style variations through foreground and global style random-
ization respectively, while HSM leverages multi-scale super-
pixels to guide the model to mine intra-class consistency and
inter-class distinction at different granularities. Additionally,
we also propose a Prototype Confidence-modulated Thresh-
olding (PCMT) module to mitigate segmentation ambiguity
when foreground and background are excessively similar. Ex-
tensive experiments are conducted on four popular target do-
main datasets, and the results demonstrate that our method
achieves state-of-the-art performance.

Introduction

In recent years, deep learning has achieved remarkable
progress in numerous computer vision tasks (Hu et al. 2023;
Wang et al. 2024; Bai et al. 2024). However, this success
is typically predicated on large-scale annotated datasets (Yu
et al. 2020; Liao, Xie, and Geiger 2022; Huang, Zhao, and
Huang 2019), whose construction is time-consuming and
labor-intensive, particularly for dense prediction tasks like
semantic segmentation. To overcome data scarcity, Few-shot
Segmentation (FSS) has been proposed and widely studied
(Peng et al. 2023; Sun et al. 2024; Xu et al. 2024a), and
it learns generalizable category correspondence via meta-
learning on base classes with abundant annotated sam-
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Figure 1: Motivation of the proposed method. (a) Segmenta-
tion granularity gaps between the source and target domains,
e.g., the foreground-background differences in the target do-
main are more similar to the finer-grained differences within
the foreground of the source domain. The model trained on
the source domain only focuses on single-granularity differ-
ences between training classes and background, with insuf-
ficient ability to distinguish the foreground and background
in the target domain. (b) We aim to extract hierarchical se-
mantic features to adapt to target domain data with different
segmentation granularities.

ples, thereby enabling the segmentation of novel classes us-
ing only a few annotated samples. Nevertheless, existing
FSS methods assume base classes and novel classes orig-
inate from the same domain. In cross-domain scenarios,
these methods suffer significant performance degradation
due to domain gaps between base classes and novel classes,
severely limiting their practical applications.

To tackle both few-shot and cross-domain challenges si-
multaneously, Cross-domain Few-shot Segmentation (CD-
FSS) (Lei et al. 2022) has recently gained wide attention.
Existing CD-FSS methods typically mitigate overfitting to
source domain by applying style perturbation to features (Su
et al. 2024; Liu et al. 2025), transforming features into a
domain-agnostic spaces (Lei et al. 2022; He et al. 2024),
or fine-tuning model parameters using limited target domain



annotated data (Nie et al. 2024; Peng et al. 2025; Herzog
2024). Since fine-tuning with target domain images signifi-
cantly increases computational costs during testing and eas-
ily disrupts cross-view semantic consistency, we focus on
methods without target domain fine-tuning. However, we
observe that these methods primarily address inter-domain
style variations but ignore a core issue: segmentation granu-
larity gaps exist between source and target domains, limiting
their performance improvement.

Specifically, as shown in Fig. 1(a), the foreground (bird)
and background (other classes) in the source domain image
exhibit distinct differences, which we refer to as a coarse-
grained semantic partition. In contrast, the distinction be-
tween the bird’s neck and wings, or between its brown and
gray feathers, is an example of a fine-grained semantic par-
tition. Since the model is trained only on source domain
with the aim of reducing intra-class differences and increase
inter-class differences for training classes, it tends to extract
homogeneous foreground features and treats the entire fore-
ground object as a single entity, ignoring fine-grained dif-
ferences within the foreground. The foreground (skin lesion
area) and background (normal skin area) in the target do-
main image show less contrast, resembling the fine-grained
differences of bird feather colors. Consequently, the model
trained on the source domain struggles to effectively capture
the finer-grained foreground and background semantic par-
titions in target domains. To solve this problem, an intuitive
idea is to extract hierarchical semantic features that exhibit
intra-class consistency and inter-class distinction at differ-
ent granularities, as shown in Fig. 1(b), thereby ensuring the
model better adapt to granularity gaps.

Based on the above analysis, we propose a Hierarchical
Semantic Learning (HSL) framework for CD-FSS, which
consists of three key modules. First, we propose a Dual
Style Randomization (DSR) module that sequentially per-
forms foreground style randomization and global style ran-
domization on training data. Specifically, foreground style
randomization modulates the foreground style by using ran-
domly selected local region styles, enhancing the model’s
ability to capture varying degrees of inter-class differences
without destroying the semantic content of images. Global
style randomization modulates the overall image style via
random convolution, adapting the model to diverse inter-
domain style variations. To further enhance the hierarchi-
cal partitioning ability of original features, we propose a
Hierarchical Semantic Mining (HSM) module. Since multi-
scale superpixel segmentation masks naturally partition an
image into local regions approximating semantic regions
at different granularities, HSM leverages these masks to
generate multi-scale region prototypes for both low-level
and high-level features. This process explicitly enhances the
inter-class distinction while implicitly guiding the model
to mine intra-class consistency across different granulari-
ties. Finally, observing that existing similarity comparison-
based segmentation methods lead to segmentation ambigu-
ity when foreground and background are excessively similar,
we introduce a Prototype Confidence-modulated Threshold-
ing (PCMT) module, which utilizes prototype confidence-
weighted adaptive thresholds to segment foreground con-
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fidence maps, resulting in more accurate query masks. In
summary, our contributions are as follows:

* We are the first to focus on segmentation granularity gaps
between source and target domains in CD-FSS, and pro-
pose a DSR module and an HSM module to learn hier-
archical semantic features, enabling the model to gener-
alize better to target domains with varying segmentation
granularities.

* We propose a PCMT module to mitigate segmentation
ambiguity when foreground and background are exces-
sively similar, thereby improving segmentation accuracy.

» Extensive experiments on four standard target domain
datasets demonstrate that our method significantly out-
performs current state-of-the-art CD-FSS methods.

Related Works
Few-shot Segmentation

FSS aims to segment novel classes in query images using
only a few annotated images. Existing FSS methods can be
broadly categorized into two types: prototype-based meth-
ods and matching-based methods. Prototype-based methods
typically extract single (Zhang et al. 2019; Fan et al. 2022;
Sun et al. 2024) or multiple prototypes (Yang et al. 2020a;
Liu et al. 2020; Li et al. 2021) from support images as cat-
egory guidance and use feature concatenation or distance
calculation to segment query images. Due to spatial struc-
ture information loss during prototype computation, numer-
ous matching-based methods (Peng et al. 2023; Xu et al.
2023, 2024a) have been proposed to fully exploit informa-
tion in support images. These methods focus on calculating
pixel-to-pixel dense correlations between support and query
features, decoding them to obtain query masks. However,
when base classes and novel classes originate from source
and target domains with significant domain gaps, these FSS
methods often fail to generalize effectively to novel classes,
resulting in a sharp decline in segmentation performance.

Cross-domain Few-shot Segmentation

To overcome the limitations of FSS methods, many CD-
FSS methods have been proposed, aiming to ensure that the
model trained solely on the source domain can generalize
to target domains with large domain gaps. Some methods
(Su et al. 2024; Liu et al. 2025) introduce style perturbations
during training to simulate style variations across domains,
extracting features with better generalization. Other methods
design complex support-query matching mechanisms to bet-
ter exploit the correlations between support and query im-
ages, though they often require additional strategies to mit-
igate overfitting, such as transforming features extracted by
the backbone into domain-agnostic spaces (Lei et al. 2022;
He et al. 2024) or fine-tuning with a few annotated sam-
ples from target domains (Nie et al. 2024; Tong et al. 2024;
Peng et al. 2025; Tong et al. 2025). Some works (Herzog
2024) completely abandon the training stage and directly
fine-tune with limited annotated data. In contrast, we fo-
cus on extracting hierarchical semantic features that exhibit
intra-class consistency and inter-class distinction at different
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Figure 2: Overview of our method. We first use the SSM to extract multi-scale superpixel masks for both support and query im-
ages. These masks are applied to the DSR and HSM to assist in extracting hierarchical semantic features. Subsequently, support
and query images are sequentially fed into the DSR, image encoder, and HSM for data augmentation, feature extraction, and
feature enhancement, resulting in hierarchical semantic features. Finally, we compute foreground and background prototypes
through SSP. These prototypes and query features are fed into the PCMT to perform query image segmentation.

granularities, without the need for complicated fine-tuning
processes, while simultaneously adapting to inter-domain
style variations and segmentation granularity differences.

Methodology
Problem Definition

In the CD-FSS task, we have two distinct data domains: a
source domain Dy = {X, Y} and a target domain D; =
{X:,Y:}, where X and X, represent data distributions, and
Y, and Y; denote corresponding label spaces. The task satis-
fies X, # X; and Y, NY; = 0, indicating no overlap in both
data distributions and class labels.

The CD-FSS framework follows a meta-learning
paradigm, where only source domain data Dyyqin, C Dy
is used during training, while the model’s generalization
ability to novel classes is evaluated on Dy.s; C D, during
testing. Each training or testing task is organized as an
episode, containing a support set S = {(I,M?)}X , and a
query set @ = {(I,,M,)}, where K denotes the number
of support samples, I, and I, represent support and query
images, and M, and M, are their corresponding binary
masks. In each episode, the model predicts the query mask
based on the support set S and the query image I,,.
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Method Overview

The architecture of our method is illustrated in Fig. 2, which
consists of three key modules to address style gaps and gran-
ularity gaps: a Dual Style Randomization (DSR) module, a
Hierarchical Semantic Mining (HSM) module, and a Proto-
type Confidence-modulated Thresholding (PCMT) module.

First, multi-scale superpixel masks for support and query
images are obtained through a superpixel segmentation
model (Xu et al. 2024b). These masks are applied to the
DSR and HSM modules to assist in extracting hierarchical
semantic features. Next, DSR sequentially performs fore-
ground and global style randomization on the input im-
ages. The randomized images are then fed into an image
encoder to extract their corresponding features, which are
further enhanced in their hierarchical discrimination abil-
ity through HSM. Subsequently, the enhanced features and
support mask are input into the SSP module (Fan et al.
2022) to extract foreground and background prototypes. Fi-
nally, PCMT utilizes these prototypes and the query fea-
ture to compute the foreground confidence map, which is
segmented using a prototype confidence-weighted adaptive
threshold to generate the final query prediction. We use bi-
nary cross entropy (BCE) loss to train our model, as detailed
in the appendix. Note that DSR is used only during training,
while PCMT is employed exclusively during testing.



Dual Style Randomization

To mitigate performance degradation caused by domain
gaps, prior works (Su et al. 2024; Liu et al. 2025) randomize
the global style of input images or features to simulate tar-
get domain data with diverse styles. Building upon this, we
propose a DSR module, which introduces an additional fore-
ground style randomization process to enhance the model’s
ability to capture varying degrees of inter-class differences.

Foreground Style Randomization. We aim to simulate
target domain data with varying inter-class differences, al-
lowing the model to adapt to segmentation granularity gaps.
To achieve this, we use styles from randomly selected local
regions to modulate the foreground style without destroying
the semantic content of images.

First, we extract the foreground image and the local region
image. Given an original image I € R3*#>W and its corre-
sponding foreground mask M € R¥*W where H and W
represent the image height and width, we preprocess M via
max pooling and average pooling with kernel size K x K to
obtain the mask M’. Subsequently, we compute the bound-
ing box of the foreground from M’ and crop the correspond-
ing region from I, thus obtaining the foreground region im-
age I/9. Simultaneously, given multi-scale superpixel masks
MsP = {M;}E | for I, where L represents the number
of superpixel scales, M; € RH¥*W divides the image into
n; superpixel regions {R;1, R;2, ..., Rin, },» and n; < m;q1.
We randomly select the j-th superpixel region R; from the
coarsest superpixel mask M. By computing the bounding
box corresponding to [7g; and cropping the corresponding
region from I, we obtain the randomly selected local region
image Tlocal which is then resized to the same size as 1/9.

The Fast Fourier Transformation (FFT) can convert im-
ages from the spatial domain to the frequency domain and
further decompose them into style-representing amplitude
spectrum and content-representing phase spectrum. Some
works (Chen et al. 2021; Liu et al. 2025) achieve style
transformation of images or features by retaining the phase
and replacing the amplitude. Here, we compute the random
weighted sum of the amplitude of I/9 and I'°“®! allowing
the foreground region’s style to approach or diverge from
the local region’s style to varying degrees. Specifically, we
transform I/9 and I'“® to the frequency domain via FFT
and decompose them into phase spectrum P79, Plocel and
amplitude spectrum Af9, Alocal;

[Afg7pfg] — FFT(Ifg),
[Alocal7 Plocal] — FFT(IZOCGZ).

ey
(@)
Next, we obtain the amplitude spectrum A7“s°" rep-

resenting the randomized foreground style by randomly
weighting A/9 and Alecal;

Afusion _ wAlocal + (1 _ W)Afg, (3)

where the weight parameter w is sampled from a nor-
mal distribution N (0, 0'%). We recombine P79 and A/usion
through the Inverse Fast Fourier Transform (IFFT), generat-
ing the style-randomized foreground region image /9.

1/9 = IFFT (A usiongiP’?), 4)
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and further pad I/ 9 to the same size as the original image I.
Finally, we use I/¢ to replace the foreground region of I:

I=MT1+(1-M)I/9, (5)

where I is the foreground style-randomized image. Since
the mask M’ has been preprocessed with max pooling and
average pooling, it ensures a smooth transition between
the foreground and background regions, preventing obvious
foreground-background edges in I.

Global Style Randomization. Global style randomiza-
tion aims to perturb the overall style of each training im-
age, enabling the model to adapt to style variations across
domains. Our global style randomization is similar to (Liu
et al. 2025), but we apply it to image I instead of the middle-
layer features. We first input I into a random convolution
(RC) layer, generating an image 1”4 with random style by
perturbing the local textures of I

It = RC(I), (6)

where the parameters ® € R3*3%3%3 of the convolution
kernel are sampled from a normal distribution N(0, 02).

Although random convolution can randomize the overall
style of an image, it inevitably destroys some content details.
Therefore, instead of directly using Iond for training, we
use the style of 17974 to modulate the style of I Specifically,
following Eq. 1, we convert I and I"%"? to the frequency do-
main via FFT and decompose them into phase spectrum P,
P94 and amplitude spectrum A, A™*"? Then, following
Eq. 4, we directly recombine P and A" via IFFT to gen-
erate the style-randomized image I.

Hierarchical Semantic Mining

In addition to performing data augmentation in DSR, we
also process the features to further enhance their hierarchical
discrimination ability. We observe that superpixel segmenta-
tion (Yang et al. 2020b; Wang et al. 2021; Xu et al. 2024b)
can divide an image into multiple local regions, each consist-
ing of a set of adjacent pixels with similar features or seman-
tics. By introducing superpixel masks at multiple scales, we
can approximate semantic regions at different granularities,
thereby guiding the model to mine intra-class consistency
and inter-class distinction at different granularities.
Specifically, given multi-scale superpixel masks M*P =
{M;}£ | corresponding to the original image I, we first
generate binary masks {M;1, Mo, ..., M;;,, } for the n; su-
perpixel regions corresponding to M;, where the calculation
process for the mask M;; of the j-th region is formulated as:

1a Mz<x7y) :]

0, ; (7

Mij(z,9) = { otherwise
where (x,y) is the spatial coordinate of the mask. Concur-
rently, we use an image encoder to extract the shallow low-
level feature F! € Re>*h>wi and deep high-level feature
Fi € RenxhnXwn wwhere ¢,, h, and w, denote the channel
depth, height and width of the feature, respectively.



Next, we compute low-level and high-level prototypes
corresponding to multi-scale regions and leverage these pro-
totypes to enhance features. High-level region prototypes
encode semantics, while low-level ones contain details such
as color and texture to enhance the distinction of features.
Specifically, we first input F' into a 1 x 1 convolution layer
and downsample it to match the dimensions of F":

F! = Down(Conv(F!)) € Ren*hnxwn, ®)

Then, we use masked average pooling (MAP) to generate
prototypes for each region:

pl; = MAP(F', M;;),
pl; = MAP(F" M),

€))
(10)

where pl;, pl; € R are the low-level and high-level region
prototypes corresponding to the j-th region of the i-th scale
superpixel mask, respectively.

Since low-level features typically contain noise and have
a significant semantic gap with high-level features, we se-
quentially enhancing low-level prototypes at each scale
through two multi-head self-attention (MSA) layers:

Pl = MSA,(MSA,(P))), (11)

where P! = {p!;}"., and P! = {p!;}I", are the sets of
all low-level prototypes at the i-th scale. Subsequently, we
perform weighted fusion of p! ; and p?j:

pij = apl; + (1 — a)p};, (12)

where « is a weight parameter.
To apply each region prototype to its corresponding pix-
els, we use the inverse process of MAP, namely RMAP

(Peng et al. 2025), to restore region prototypes for each scale
into feature maps. This process is formulated as:

Fi(z,y) = > piMij(z,y), (13)
J

where F; € R *hnXwn is the region feature map at scale i.
Finally, we use region feature maps at all scales to enhance

F", thereby obtaining hierarchical semantic features F:

L
F=F'+) F. (14)

Since each pixel’s segmentation is influenced by multi-
scale region prototypes, this guides the model to focus on
relationships between multi-scale regions across views dur-
ing training, thereby enhancing the intra-class consistency

and inter-class distinction of F' at different granularities.

Prototype Confidence-modulated Thresholding

After obtaining the hierarchical semantic features F, and
Fq, we compute the support foreground prototype p9 and
background prototype p%9 through MAP, further using the
SSP module (Fan et al. 2022) to compute the query pro-
totypes f)gg and f)gg , as well as the fused prototypes p/?
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and p?9. Subsequently, we upsample the query feature f‘q
to the size of I, computing the cosine similarity between
the fused prototypes and Fq to obtain a foreground similar-
ity map M/9 = cos(p’9,F,) € R”*W and a background
similarity map M% = cos(p*?, ;) € RIT*W,

Previous works (Fan et al. 2022; Su et al. 2024; Wang
et al. 2019) obtain final query predictions based on simi-
larity comparison, directly classifying pixels as foreground
where foreground similarity exceeds background similarity.
We found that this approach easily leads to segmentation
ambiguity in cross-domain scenarios. Specifically, for im-
ages with excessively similar foreground and background,
the distinction of their foreground and background features
is limited. However, due to cross-view intra-class varia-
tions, it is inevitable that both query foreground and back-
ground features are more similar to the foreground proto-
type (or background prototype). In such cases, the similarity
comparison-based method results in incorrect segmentation.

Inspired by (Herzog 2024), we introduce the idea of
threshold-based segmentation, using prototype confidence-
weighted adaptive thresholds to segment the foreground
confidence maps. Specifically, we first compute the query
foreground confidence map Mgonf :

M = M9 — MY (15)

Next, we compute the adaptive threshold ¢ via OTSU (Otsu
et al. 1975) to segment Mg‘mf into a binary mask.

Experiments reveal that the adaptive threshold ¢ effec-
tively mitigates segmentation ambiguity, but it introduces
additional errors on data where no ambiguity exists. To ad-
dress this, we introduce prototype confidence to modulate t.
The prototype confidence C is calculated as:

cos(pg?, pL?) + cos(p{?, P?)
2 )
(16)
which approximates the probability of segmentation ambi-
guity based on cross-view prototype similarity. We then seg-
ment M;""f using the adaptive threshold weighted by C:

1
1+ eB(C+) t,

C= cos(f){;g,f)f:g) -

M, = M > (17)
where § and ~y are hyperparameters that adjust the weight.

In fact, when the threshold is fixed to 0, Eq. 17 is equiva-
lent to the similarity comparison-based method. For images
with higher prototype confidence, we tend to use the thresh-
old 0, whereas for images with lower prototype confidence,
we prefer the adaptive threshold ¢.

Experiments
Datasets and Metric

Following the settings in PATNet (Lei et al. 2022), we
train our model on the PASCAL VOC 2012 (Everingham
et al. 2010) dataset augmented with SBD (Hariharan et al.
2011), then evaluate the trained model on four target domain
datasets: Deepglobe (Demir et al. 2018), ISIC (Codella et al.
2019; Tschandl, Rosendahl, and Kittler 2018), Chest X-ray



Methods Backbone Mark Deepglobe ISIC Chest X-ray FSS-1000 Average
1-shot | 5-shot | 1-shot | 5-shot | 1-shot | 5-shot | 1-shot | 5-shot | 1-shot | 5-shot
Few-shot Semantic Segmentation Methods
SSP (Fan et al. 2022) Res-50 ECCV-22 | 40.00 48.68 | 3549 4586 | 74.44 7426 | 7891 80.59 | 57.21 62.35
FPTrans (Zhang et al. 2022) | ViT-base | NIPS-22 | 38.36 49.30 | 48.65 6037 | 80.92 8291 | 80.74 83.65 | 62.17 69.06
HDMNet (Peng et al. 2023) Res-50 CVPR-23 | 2540 39.10 | 33.00 35.00 | 30.60 31.30 | 75.10 78.60 | 41.00 46.00
PerSAM (Zhang et al. 2023) | ViT-base | ICLR-24 | 36.08 40.65 | 23.27 2533 | 2995 30.05 | 60.92 66.53 | 37.56 40.64
VRP-SAM (Sun et al. 2024) | ViT-base | CVPR-24 | 4043 44.75 | 2821 31.96 | 30.54 29.99 | 80.78 83.18 | 4499 4747
Cross-domain Few-shot Semantic Segmentation Methods
PATNet* (Lei et al. 2022) Res-50 ECCV-22 | 37.89 4297 | 41.16 53.58 | 66.61 70.20 | 78.59 8123 | 56.06 61.99
ABCDFSS* (Herzog 2024) Res-50 CVPR-24 | 42.60 49.00 | 45770 53.30 | 79.80 81.40 | 74.60 76.20 | 60.67 64.97
DRA (Su et al. 2024) Res-50 CVPR-24 | 41.29 50.12 | 40.77 48.87 | 82.35 82.31 | 79.05 80.40 | 60.86 65.42
APSeg (He et al. 2024) ViT-base | CVPR-24 | 3594 3998 | 4543 5398 | 84.10 84.50 | 79.71 8190 | 61.30 65.09
APM* (Tong et al. 2024) Res-50 NIPS-24 | 40.86 4492 | 41.71 51.16 | 78.25 82.81 | 79.29 81.83 | 60.03 65.18
LoEC (Liu et al. 2025) Res-50 CVPR-25 | 44.10 49.67 | 3821 47.04 | 81.02 82.73 | 7851 80.60 | 60.46 65.01
LoEC (Liu et al. 2025) ViT-base | CVPR-25 | 42.12 5148 | 5291 6243 | 83.94 84.12 | 81.05 83.69 | 65.01 7043
SDRC* (Tong et al. 2025) ViT-base | ICML-25 | 43.15 46.83 | 46.57 55.02 | 82.86 84.79 | 80.31 82.55 | 63.22 67.30
HSL(Ours) Res-50 Ours 46.13 53.80 | 48.01 5556 | 84.57 8534 | 78.22 80.36 | 6423 68.77
HSL(Ours) ViT-base Ours 4577 54.56 | 59.36 64.62 | 8595 86.25 | 81.89 83.84 | 68.24 72.32

Table 1: Mean-IoU of 1-shot and 5-shot results compared with previous FSS and CD-FSS methods. The best and second-best
methods are highlighted in bold and underlined, respectively. * indicates fine-tuning with target domain data.
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Figure 3: The heatmaps of foreground similarity maps for
the source domain and target domains demonstrate that our
method can extract hierarchical semantic features.

(Candemir et al. 2013; Jaeger et al. 2013), and FSS-1000 (Li
et al. 2020). Please refer to the appendix for more details.

We use mean Intersection over Union (mloU) as the eval-
uation metric, and report average results over 5 random
seeds. Each run consists of 1200 episodes sampled from
Deepglobe, ISIC, and Chest X-ray respectively, and 2400
episodes from FSS-1000.

Implementation Details

Following (Liu et al. 2025), we use ResNet-50 (He et al.
2016) and ViT-B/16 (Dosovitskiy et al. 2020) as our back-
bones. For the ResNet-50 backbone, we follow SSP (Fan
et al. 2022) by discarding the last backbone stage for better
generalization, while resizing all images to 400 x 400 as per
the default practice of previous CD-FSS methods and ex-
tracting low-level features at the end of stage-0. For the ViT-
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DSR  HSM PCMT | Res-50 ViT-base
X X X 57.82 62.24
v X X 60.44 64.55
X v X 60.92 65.29
v v X 62.97 67.05
v v v 64.23 68.24

Table 2: Effects of each proposed component.

B/16 backbone, we follow FPTrans (Zhang et al. 2022) by
resizing all images to 480 x 480, while extracting low-level
features after patch embedding. All images are augmented
following FPTrans during training. We use SGD to optimize
our model for 5 epochs, with a momentum of 0.9, a weight
decay of 5e-4, and a constant learning rate of le-3. All ex-
periments are implemented on two NVIDIA GeForce RTX
4090 GPUs, with a batch size of 8 for 1-shot and 6 for 5-
shot settings. We set the number of scales L for superpixel
masks to 4, with the corresponding number of superpixels
(local regions) at each scale being {52,102, 152,202}. The
standard deviation oy in the DSR is set to 0.25, and the stan-
dard deviations o are set to 0.1 for the ResNet-50 backbone
and 0.6 for the ViT-B/16 backbone. Hyperparameters K, «,
B, and -y are set to 9, 0.2, 40.0, and 0.1, respectively.

Comparison with State-of-the-art Methods

In Tab. 1, we compare our method with existing FSS and
CD-FSS approaches, including CNN-based and ViT-based
methods. The results demonstrate significant improvements
achieved by our method across different backbones un-
der both 1-shot and 5-shot settings. Specifically, with the
ResNet-50 backbone, our method surpasses the state-of-the-
art DRA (Su et al. 2024) by 3.37% and 3.35% under 1-
shot and 5-shot settings, respectively. With the ViT-B/16



5x5 10x10 15x15 20 x 20 | mean-IoU
v v v v 67.05
X v v v 66.34
X X Ve v 65.84
X X X v 65.43

Table 3: Effects of multi-scale superpixel masks.

Strategy ‘ Deepglobe ISIC Chest FSS  Average
Fixed at 0 44.54 55.79 8593 81.93 67.05
OTSU 45.57 59.98 85.81 8043 67.95
PCMT (Ours) 45.77 59.36 85.95 81.89 68.24

Table 4: Effects of threshold computation strategies.

backbone, our method surpasses the state-of-the-art LoEC
(Liu et al. 2025) by 3.23% and 1.89% under 1-shot and 5-
shot settings. Furthermore, our method outperforms existing
methods across all four target domain datasets. These results
clearly demonstrate the effectiveness of our method.

Ablation Studies and Visualizations

Effects of each component. As shown in Tab. 2, we con-
duct ablation studies on each proposed component. The first
row represents our CNN-based and ViT-based baselines.
DSR enhances the model’s generalization ability by sim-
ulating data with diverse foreground-background style dif-
ferences and overall style variations, improving the aver-
age mloU of the CNN-based baseline by 2.62% and the
ViT-based baseline by 2.31% under 1-shot setting. HSM
guides the model to mine intra-class consistency and inter-
class distinction at different granularities, respectively im-
proving performance by 3.10% and 3.05% for the CNN-
based and ViT-based baselines. PCMT introduces prototype
confidence-weighted adaptive thresholds to mitigate seg-
mentation ambiguity, further improving the performance.

Effects of multi-scale superpixel masks. We use ViT-
B/16 as the backbone and conduct ablation studies un-
der 1-shot setting to validate the necessity of multi-scale
superpixel masks. Specifically, we use four scales of su-
perpixel masks in HSM with the number of regions be-
ing {52,102,152,20%} and sequentially remove them from
coarse to fine. As shown in Tab. 3, the best performance is
achieved when using all four scales, and each removal re-
sults in performance degradation. These results demonstrate
that using multi-scale superpixel masks facilitates the model
to capture category relationships at different granularities,
thereby better adapting to target domains.

Effects of different threshold computation strategies.
To validate the effects of our PCMT, we use ViT-B/16 as the
backbone and compare the performance of different thresh-
olding strategies under the 1-shot setting, with the results
shown in Tab. 4. The adaptive threshold calculated by OTSU
(Otsu et al. 1975) demonstrates significant performance im-
provement on the ISIC dataset, which is prone to segmen-
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Figure 4: The heatmaps of foreground confidence maps and
segmentation results using different thresholding methods.

tation ambiguity. However, it shows a notable performance
drop on the FSS-1000 dataset, which is close to the source
domain. When the threshold is fixed at 0, the opposite re-
sult is observed. Our PCMT dynamically adjusts thresholds
based on the prototype confidence of each sample, achieving
a better balance across different target domain data.

Visualizations. We use ground truth masks to extract fore-
ground prototypes and calculate similarity maps, with the
corresponding heatmaps visualized in Fig. 3. Our method
extracts more hierarchical features from the source do-
main, enabling discrimination of semantics at varying gran-
ularities in target domains. Additionally, we visualize the
heatmaps of the foreground confidence maps and the seg-
mentation results using different thresholding methods, as
shown in Fig. 4. For cases with segmentation ambiguity (top
two rows), our method effectively alleviates these ambigui-
ties. For cases without segmentation ambiguity (bottom two
rows), our method avoids introducing additional errors at the
boundaries. This demonstrates the flexibility and effective-
ness of our method. We also present extensive ablation stud-
ies and more visualizations in the appendix.

Conclusion

In this paper, we propose an HSL framework to address
both inter-domain style gaps and segmentation granularity
gaps in CD-FSS. Specifically, we propose a DSR module
that sequentially performs foreground style randomization
and global style randomization on training data, simulat-
ing target domain data with diverse foreground-background
style differences and overall style variations. Additionally,
we propose an HSM module that leverages multi-scale su-
perpixel masks to extract multi-scale region prototypes to
enhance features. DSR and HSM facilitate the model in
extracting hierarchical semantic features, enabling better
generalization to target domains. Furthermore, we propose
a PCMT module to mitigate segmentation ambiguity, fur-
ther improving segmentation performance. Extensive exper-
iments show that our method achieves state-of-the-art per-
formance on four datasets with different domain gaps.
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