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Abstract. Cross-domain Few-shot Segmentation (CD-FSS) aims to tra-
nsfer knowledge learned from source domain to distinct target domains,
segmenting unseen target classes with only a few annotated samples.
Although existing methods have made significant progress, they still
rely on training or fine-tuning processes, which incur high computational
costs and risk overfitting. We observe that when powerful and general-
purpose vision foundation models are incorporated into these methods,
their performance shows only marginal improvement or even degrades
due to overfitting. To address this, we eliminate trainable parameters and
propose a training-free framework to avoid both training overhead and
overfitting. Built upon the self-supervised vision encoder DINOv3, our
framework addresses cross-domain challenges through three core mod-
ules. First, the Semantic-aware Feature Re-fusion (SAFR) module iden-
tifies and re-fuses features that emphasize semantic patterns, generating
representations with enhanced semantic discriminability. Additionally,
the Adaptive Support Enhancement (ASE) module narrows semantic
gaps between support and query through robust query information ag-
gregation. Finally, the Hybrid Prototype Matching (HPM) module inte-
grates matching results from diverse prototypes to adapt to varying se-
mantic complexity across domains. Extensive experiments on four target
domain datasets demonstrate that our method achieves state-of-the-art
performance in CD-FSS without any training. Our code is available at
https://github.com/Sparkling-Water/RSRM.

Keywords: Cross-domain Few-shot Segmentation · Training-free Seg-
mentation · Vision Foundation Models

1 Introduction

As a fundamental task in computer vision, semantic segmentation has witnessed
significant progress in recent years [5,12,49]. However, most existing methods re-
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Fig. 1: (a) Existing CD-FSS methods across three paradigms all involve different train-
able parameters, while our method requires no additional training. (b) When DINOv3
is incorporated into three existing CD-FSS paradigms, their performance shows only
marginal improvement or even degrades. In contrast, our training-free method elimi-
nates overfitting risk and achieves state-of-the-art performance.

main limited to training classes with abundant pixel-level annotations and strug-
gle to extend to novel classes. To address this bottleneck, Few-shot Segmenta-
tion (FSS) has been introduced [11,31,37,42]. It leverages meta-learning on base
classes with abundant annotated samples to learn generalizable class-agnostic
knowledge, enabling the segmentation of novel classes using only a few anno-
tated samples. While achieving remarkable success on in-domain benchmarks,
existing FSS methods suffer severe performance degradation when domain gaps
exist between training and testing data, limiting their practical applicability.

To bridge domain gaps, Cross-domain Few-shot Segmentation (CD-FSS) [21]
has recently attracted increasing attention. Current CD-FSS methods can be
broadly categorized into three paradigms: prototype-based methods [28, 29, 35,
39], affinity-based methods [21,38,40], and source-free fine-tuning methods [16].
Although these methods design various strategies to tackle cross-domain chal-
lenges, they still rely on source domain training or target domain fine-tuning,
which incur high computational costs and risk overfitting. Furthermore, their
backbone pretrained on ImageNet [33] limits their performance. Meanwhile, vi-
sion foundation models (VFMs) [3,20,30], pretrained on large-scale datasets, can
provide powerful and universal visual representations and have demonstrated su-
perior performance across various downstream tasks [13,18,47,51]. Recently, the
self-supervised vision encoder DINOv3 [34] has further advanced numerous dense
vision tasks [24,48,50]. A natural expectation is that leveraging these VFMs as
feature extractors could substantially enhance the performance of CD-FSS.

To validate this, we design a simple baseline that directly uses the pretrained
model to extract features and obtains predictions via similarity between support
prototypes and query features. As shown in Fig. 1(b), experiments on the base-
line reveal the excellent cross-domain potential of VFMs. However, integrating
the same model into three CD-FSS paradigms yields only marginal improvement
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or even degradation. This phenomenon highlights the key limitation of existing
CD-FSS paradigms: the trainable parameters in these methods are prone to over-
fitting on the training data, and the strong initialization provided by powerful
visual representations may further accelerate this process.

Based on these observations, we eliminate trainable parameters and adopt a
training-free framework to avoid both training overhead and overfitting. Several
FSS methods [26, 51, 54] perform training-free adaptation on top of SAM’s [20]
class-agnostic segmentation framework but suffer from the following limitations:
1) Due to the limited capability of SAM’s encoder for cross-image semantic
matching, these methods typically need to be combined with models that pos-
sess strong cross-image semantic matching ability (e.g ., DINOv2 [30]). 2) These
methods are designed for single-domain, and their performance is limited in
cross-domain scenarios. Moreover, encoder–decoder methods [37, 54] introduce
more overfitting-prone parameters, generally resulting in inferior performance
and efficiency compared to encoder-only methods [11,28,53] in CD-FSS. There-
fore, we perform training-free adaptation on a single VFM encoder.

Specifically, we employ DINOv3 as the feature extractor and generalize it to
cross-domain scenarios through three key modules. The core idea of our method
is to generate discriminative semantic representations and perform robust match-
ing across different domains. First, we observe that certain intermediate features
in DINOv3 overemphasize local consistency and propagate to the final output
via residual connections, limiting its semantic discriminability. To address this,
we design a Semantic-aware Feature Re-fusion (SAFR) module, which adap-
tively identifies and re-fuses features that emphasize semantic patterns, enhanc-
ing the semantic representation quality. In addition, support and query images
exhibit varying intra-class instance differences across domains, resulting in sig-
nificant feature discrepancies. To improve semantic alignment between support
and query, we design an Adaptive Support Enhancement (ASE) module. ASE
adaptively identifies robust foreground and background regions in the query and
aggregates robust query information into support features via masked cross-
attention. Finally, we introduce a Hybrid Prototype Matching (HPM) module
to handle the variations in intra-image semantic complexity across domains, gen-
erating final predictions by fusing the matching results of global, regional, and
pixel-level prototypes. Our contributions are as follows:

– We identify that existing CD-FSS paradigms are prone to overfitting when
combined with vision foundation models and propose to avoid both training
overhead and overfitting in a training-free manner.

– We propose a training-free framework that incorporates three novel mod-
ules: SAFR enhances semantic discriminability of features, ASE improves
semantic consistency between support and query, and HPM adapts to vary-
ing semantic complexity across domains.

– Extensive experiments on four standard target domain datasets demonstrate
that our method significantly outperforms current state-of-the-art CD-FSS
methods, even without any training.
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2 Related Works

2.1 Few-shot Segmentation

The goal of FSS is to segment novel classes in query images using only a few anno-
tated examples. Based on how support samples are utilized, existing FSS meth-
ods can be broadly categorized into prototype-based and a�nity-based meth-
ods. Prototype-based methods adopt global [11, 52] or local [22, 46] prototypes
to represent target classes in support images and then match these prototypes
with query features through cosine similarity or convolution operations to gen-
erate segmentation masks. In contrast, a�nity-based methods [31, 43, 44] argue
that prototype computation ignores spatial details, thus focusing on constructing
pixel-level correlations between support and query features and decoding them
to predict query masks. Recently, some works [4,37,45] have leveraged the well-
learned knowledge of vision foundation models (e.g., DINOv2 [30], SAM [20] and
SAM2 [32]) to simplify the learning of FSS, achieving signi�cant performance
improvements. However, these methods assume that base and novel classes orig-
inate from the same domain and fail to generalize well to unseen domains.

2.2 Cross-domain Few-shot Segmentation

Compared with FSS, CD-FSS is a more realistic setting, requiring the model
trained on the source domain to generalize to novel classes in di�erent tar-
get domains. Similar to the categorization in FSS, existing CD-FSS methods
can be mainly divided into three paradigms: prototype-based methods, a�nity-
based methods, and source-free �ne-tuning methods. Prototype-based meth-
ods [28, 29, 35, 36, 39] typically train the backbone on the source domain, in-
troducing strategies such as domain perturbation or feature decomposition to
prevent over�tting, and generate query masks via a prototype-feature match-
ing module. A�nity-based methods [21, 38, 40] freeze the pretrained backbone,
transform original features into domain-agnostic representations, compute dense
a�nities between support and query features, and then generate query masks us-
ing a decoder trained on the source domain. Source-free �ne-tuning methods [16]
also freeze the pretrained backbone but introduce a set of learnable adaptation
layers for its hierarchical features, which are then �ne-tuned with limited target
domain samples. All these methods rely on training or �ne-tuning processes,
which incur substantial computational costs and risk over�tting. In this paper,
we discard both training and �ne-tuning processes, and avoid training overhead
and over�tting in a training-free manner.

2.3 Training-free Few-shot Segmentation

Some FSS methods [26,51,54] and Few-shot Medical Image Segmentation (FS-
MIS) approaches [27, 55] have achieved promising performance by improving
upon the class-agnostic segmentation framework of SAM [20] without introduc-
ing learnable parameters, thereby avoiding high training costs and the risk of
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Fig. 2: Overview of our method. We �rst utilize DINOv3 to extract multi-layer features
of both support and query images. The SAFR then locates and re-fuses representative
semantic-aware features from these extracted features. Subsequently, the fused support
features are enhanced by the ASE module. Finally, the HPM computes and integrates
the matching results between diverse support prototypes and query features to generate
the �nal query prediction.

over�tting. However, these methods typically require integration with additional
vision foundation models, resulting in a more complex pipeline. Moreover, they
are primarily designed for single-domain data (such as natural images or medical
images), and their e�ectiveness in cross-domain scenarios remains unveri�ed. In
contrast, we aim to generalize a single pretrained vision encoder across di�erent
target domains.

3 Methodology

3.1 Problem De�nition

In the traditional CD-FSS task, the model is trained on the source domain
Ds = fX s; Ysg and evaluated on the target domain Dt = fX t ; Yt g, where X
denotes the data distribution and Y represents the corresponding label space.
The source and target domains have no overlap in both data distributions and
label spaces, i.e., Xs 6= Xt and Ys \ Y t = ;.

Unlike traditional CD-FSS work, we directly generalize the model to di�erent
target domains during testing, without utilizing any source domain data for
training. Each testing task is organized as an episode, consisting of a support
set S = f(I i

s; M i
s)gK

i=1 and a query set Q = f(I q; M q)g, where K denotes the
number of support samples, I denotes an image, and M denotes its binary mask.
In each episode, the model predicts the query mask based on the support set S
and the query image Iq.
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3.2 Method Overview

The overall architecture of our proposed training-free framework is illustrated in
Fig. 2. First, support and query images from the target domain are fed into DI-
NOv3 to extract multi-layer raw features. The Semantic-aware Feature Re-fusion
(SAFR) adaptively identi�es and re-fuses features that emphasize semantic pat-
terns, thereby generating support and query features with enhanced semantic
discriminability. After computing support prototypes, the Adaptive Support En-
hancement (ASE) module constructs the similarity map between these proto-
types and query features, generating robust query foreground and background
region masks based on adaptive thresholds. Subsequently, the support features
aggregate information from corresponding query regions through masked cross-
attention, thereby improving semantic consistency between support and query
features. Finally, the Hybrid Prototype Matching (HPM) module extracts global,
regional, and pixel-level prototypes from enhanced support features and fuses the
matching results between query features and these prototypes to generate the
�nal query prediction. Note that all features refer to 2D feature maps obtained
by spatially reshaping the local patch tokens.

3.3 Semantic-aware Feature Re-fusion

Analysis of DINOv3 Features. Extracting features with strong semantic dis-
criminability is a key prerequisite for CD-FSS. To this end, given an input image
I, we �rst perform principal component analysis (PCA) on the last-layer feature
F last 2 RH�W �C extracted by DINOv3 and visualize the top three components,
where H, W, and C denote the height, width, and channel depth of the feature,
respectively. As shown in Fig. 3(a), a notable observation is that these features
exhibit strong local consistency, while their semantic discriminability is relatively
weak. For further investigation, we extract and visualize the top four channels
with the highest variance, �nding that these channels typically encode patterns
related to pixel positions rather than semantically meaningful concepts.

To trace the origin of these position-sensitive channels, we extract the raw
outputs fF l

attn gL
l=1 of attention modules and the fused outputs fF l

sum gL
l=1 after

residual connections in each block, where L is the number of layers. Additionally,
F l

sum = FFN(LN(F l�1
sum +F l

attn )) and F last = F L
sum , where LN denotes layer nor-

malization, and FFN stands for a feed-forward network. Feature visualizations
show that DINOv3 layers alternate between focusing on semantic patterns and
positional variations. These position-aware features propagate via residual con-
nections to Flast , limiting its semantic discriminability. See the supplementary
material for details.

For quantitative validation, we select the top N c = round(C=
) highest-
variance channels from Flast as the position-sensitive channel set C, where 

is a hyperparameter controlling the size of C. Then, we compute the variance
proportion r of C in each feature F:

r =

P
c2C � 2(F c)

P C
c=1 � 2(F c)

; (1)
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Fig. 3: (a) We perform PCA on the last-layer feature F last of DINOv3 and visualize
the �rst three components, indicating that these features are overly focused on local
consistency. Further visualization of the top four channels with the highest variance in
F last reveals that these channels typically encode patterns related to pixel positions
rather than semantically meaningful concepts. (b)-(d) Statistical analysis of features
across layers in DINOv3 on the Chest X-ray dataset.

where �(F c) denotes the standard deviation of the c-th channel in feature F. As
shown in Fig. 3(b), the position-aware feature Fl

attn with higher r l
attn increases

r l
sum of the fused feature Fl

sum , and this persists until the last layer.

Furthermore, for each Fl
attn , we compute its Fisher discriminant ratio (FDR)

[19] f l
attn and evaluate its CD-FSS performance. The FDR is de�ned as the

trace ratio between the between-class and within-class scatter matrices, re�ecting
the inter-class discriminability of features. Fig. 3 shows that layers with higher
variance proportions generally exhibit lower FDR, indicating weaker foreground-
background discriminability, and these layers also demonstrate relatively inferior
segmentation performance.

Feature Re-fusion. Position-aware features weaken the semantic discriminabil-
ity of F last . As shown in Tab. 3, directly modifying or discarding these features
alters the feature distribution in subsequent layers, resulting in a further drop in
segmentation performance. Therefore, instead of using the standard �nal output
F last , we re-fuse semantically-aware features to construct a representation with
enhanced semantic discriminability.

Speci�cally, given an input image I, we �rst extract the raw outputs fF l
attn gL

l=1
and the �nal output F last , computing the position-sensitive channel set C from
F last . We then compute the variance proportions fr l

attn gL
l=1 and FDRs ff l

attn gL
l=1

for each layer. Subsequently, we identify all layers where rattn exceeds the aver-
age as position-aware layers and add them to the position-aware layer set Lpos :

L pos =
�

l i
pos

	 jL pos j

i=1
=

(

l

�
�
�
�
�

r l
attn >

1
L

LX

l 0=1

r l 0

attn

)

: (2)
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We also add L + 1 to L pos and sort it in ascending order. Next, we sequentially
select the layer with the minimum r attn between adjacent position-aware layers
to form the representative semantic-aware layer set Lsem :

L sem =
jL pos j�1[

i=0

(

arg min
l2(l i

pos ;l i+1
pos )

r l
attn

)

: (3)

Finally, all representative semantic-aware features are weighted to obtain the
fused feature �F:

�F =
X

l2L sem

! l F l
attn ; ! l =

f l
attn =r l

attnP
l 02L sem

f l 0

attn =r l 0

attn
; (4)

where layers with lower rattn and higher fattn are assigned higher weights. We
utilize support features to compute Lpos , L sem , and ! l , applying them to both
support and query features.

3.4 Adaptive Support Enhancement

Due to variations in foreground instances or background categories, the seman-
tic consistency between some support and query features is weak, leading to
insu�cient cross-image semantic discrimination. Some FSS methods [11, 31, 44]
mitigate this by introducing query-support feature interaction or fusion modules.
However, these methods typically involve trainable parameters or �xed thresh-
olds, which fail to generalize across domains. To address this, we aim to design
a support enhancement module that is training-free and adaptable to di�erent
domains, thereby reducing the semantic gap between support and query. The
core idea is to aggregate query information into the support features via cross-
attention without projection layers, while restricting the aggregation to robust
query foreground/background regions to prevent feature confusion.

Speci�cally, after obtaining the fused features �F s and �Fq, we compute the
support prototypes �P = f �p f ; �pbg via masked average pooling (MAP), further
computing their cosine similarity with �Fq to obtain the query similarity map
�M q = f �M q;f ; �M q;bg = softmax(cosine( �P; �Fq)). The support similarity map
�M s = f �M s;f ; �M s;bg is computed in the same way.

To locate robust query foreground regions, we �rst sample a set of thresholds
Tf = ft i

f gN t
i=1 uniformly from the interval (0, 1), where N t is the number of

thresholds. Each tif is utilized to binarize the support foreground similarity map
�M s;f to obtain the corresponding support prediction mask �M i

s = I( �M s;f > t i
f ),

where I is the indicator function. Subsequently, we compute the mIoU between
�M i

s and the ground-truth mask M s, selecting the threshold with the highest
mIoU as the optimal threshold t�f . Since the values of support-support similarity
are typically higher than support-query similarity, we compute a more robust
threshold trob

f instead of directly using t�f :

t rob
f =

1
jT rob

f j

X

j2T rob
f

t j
f ; T rob

f = ftjt 2 T f ; t > �t �
f g; (5)
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where � = 0:75 is a hyperparameter. We then use trob
f to binarize �M q;f , obtaining

the robust query foreground mask �M rob
q;f . The robust query background mask

�M rob
q;b is obtained in the same way.
Next, we reshape �F s into Q 2 R HW �C and �Fq into K 2 R HW �C and

V 2 R HW �C , aggregating query information into support features through
training-free cross-attention. To prevent information confusion, we restrict sup-
port foreground/background regions to interact only with robust query fore-
ground/background regions, which is achieved by adding a mask Msq 2 RHW �HW

to the attention matrix. M sq is de�ned as:

M sq(u s; uq) =

8
>><

>>:

0; if
�

�M rob
q;f (u q)M s(u s) = 1

�

_
�

�M rob
q;b (u q)M s;b(u s) = 1

�
;

�1; otherwise

(6)

where us = (x s; ys) and uq = (x q; yq) denote spatial coordinates, and Ms;b =
1 � M s is the support background mask. The query information aggregation is
formulated as:

A sq = softmax(
QK T
p

C
+ M sq)V: (7)

Finally, we reshape Asq into F sq 2 RH�W �C and fuse it with �F s to obtain the
enhanced featureF̂ s = ( �F s + F sq)=2.

3.5 Hybrid Prototype Matching

Images from di�erent target domains exhibit varying semantic complexity, mak-
ing it di�cult for a single form of support-query matching to adapt universally.
We propose to fuse matching results from global, regional, and pixel-level pro-
totypes to generate the �nal query prediction.

Speci�cally, we �rst compute three types of support foreground prototype
sets. The global foreground prototype pg;f is obtained by applying MAP to F̂ s

and M s, forming the global prototype set Pg;f = fp g;f g. Simultaneously, we
treat each foreground feature inF̂ s as a pixel-level foreground prototype, con-
structing the pixel-level prototype set Pp;f = fp i

p;f gNs;f
i=1 , where Ns;f denotes

the number of foreground pixels inF̂ s. Additionally, we cluster the support fore-
ground features into Nr clusters using k-means++ [1] and regard their centers
as regional prototypes, forming the regional prototype set Pr;f = fp i

r;f gN r
i=1 .

Corresponding background prototype sets Pg;b, Pp;b, and Pr;b are obtained in a
similar manner. The only di�erence is that, since the background typically con-
tains more semantic categories, the support background features are clustered
into 2N r clusters to generate Pr;b .

Next, we compute the similarity map for each prototype set. Speci�cally,
given a prototype set Pm;n = fp i

m;n gjP m;n j
i=1 , where m 2 fg; r; pg and n 2 ff; bg,

we compute the cosine similarity between each prototype pim;n and �Fq, obtaining
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a similarity map M i
m;n 2 RH�W . We then aggregate by taking the pixel-wise

maximum to capture the strongest association between each pixel and any pro-
totype, generating the similarity map M �

m;n :

M �
m;n (x; y) = max

i2f1;:::;jP m;n jg
M i

m;n (x; y): (8)

Subsequently, we compute the pseudo query mask for each prototype type
as ~M m = I(M �

m;f > M �
m;b ), which is further utilized to compute the average

foreground similarity � m;f and average background similarity �m;b from M �
m;f .

The di�erence between these averages, !m = � m;f �� m;b , is employed as both the
con�dence measure and fusion weight for prototype type m. After normalizing
the weights across types with softmax, we compute the fused foreground and
background similarity maps as:

~M f =
X

m

! m M �
m;f ; ~M b =

X

m

! m M �
m;b : (9)

Finally, the query prediction ~M q is obtained by comparing the fused maps,
i.e., ~M q = I( ~M f > ~M b).

4 Experiments

4.1 Datasets and Implementation Details

Datasets. Following the setup of PATNet [21], we evaluate our method on four
target domain datasets: Deepglobe [7], ISIC [6,41], Chest X-ray [2,17], and FSS-
1000 [23]. Unlike existing CD-FSS methods, our approach does not leverage
any additional source domain datasets (e.g., PASCAL [9] and COCO [25]) for
training. Please refer to our supplementary material for more details.
Implementation Details. We employ DINOv3 ViT-B/16 [34] as our backbone
to extract high-quality visual representations. Following LoEC [28], we resize all
images to 480 � 480. The hyperparameters 
, �, N t , and Nr are set to 200,
0.75, 20, and 9, respectively. Consistent with previous methods, we use mean
intersection over union (mIoU) as the evaluation metric and report the 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. All experiments are conducted on an NVIDIA GeForce RTX 4090 GPU.

4.2 Comparison with State-of-the-art Methods

In Tab. 1, we compare our method with existing methods, including those using
ResNet-50 [14] and ViT-B/16 [8] with ImageNet [33] pretrained weights as back-
bones, as well as methods employing vision foundation models (VFMs) such as
DINOv2 [30] and SAM [20] as backbones. For fair comparison, we also replace
the backbone of several CD-FSS and training-free methods with DINOv3-B/16.
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Table 1: Mean-IoU of 1-shot and 5-shot results compared with previous methods. The
best and second-best methods are highlighted in bold and underlined , respectively. y
marks methods implemented or reproduced by us.

Methods Task Mark Backbone
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

Training-based Methods

SSP [11] FSS ECCV-22 ResNet-50 40.00 48.68 35.49 45.86 74.44 74.26 78.91 80.59 57.21 62.35
FPTrans [53] FSS NIPS-22 ViT-B 38.36 49.30 48.65 60.37 80.92 82.91 80.74 83.65 62.17 69.06
HDMNet [31] FSS CVPR-23 ResNet-50 25.40 39.10 33.00 35.00 30.60 31.30 75.10 78.60 41.00 46.00
FSSAMy [45] FSS ICML-25 DINOv2-B+SAM2 40.25 46.58 47.75 59.68 77.11 86.56 80.36 87.11 61.37 69.98
PATNet [21] CD-FSS ECCV-22 ResNet-50 37.89 42.97 41.16 53.58 66.61 70.20 78.59 81.23 56.06 61.99
PATNet y [21] CD-FSS ECCV-22 DINOv3-B 33.78 40.45 54.37 62.36 62.69 64.42 83.71 84.65 58.64 62.97
ABCDFSS [16] CD-FSS CVPR-24 ResNet-50 42.60 49.00 45.70 53.30 79.80 81.40 74.60 76.20 60.67 64.97
ABCDFSS y [16] CD-FSS CVPR-24 DINOv3-B 32.57 39.26 49.56 56.32 80.73 82.91 76.80 79.39 59.92 64.47
DRA [35] CD-FSS CVPR-24 ResNet-50 41.29 50.12 40.77 48.87 82.35 82.31 79.05 80.40 60.86 65.42
APSeg [15] CD-FSS CVPR-24 SAM-B 35.94 39.98 45.43 53.98 84.10 84.50 79.71 81.90 61.30 65.09
APM [40] CD-FSS NIPS-24 ResNet-50 40.86 44.92 41.71 51.16 78.25 82.81 79.29 81.83 60.03 65.18
LoEC [28] CD-FSS CVPR-25 ViT-B 42.12 51.48 52.91 62.43 83.94 84.12 81.05 83.69 65.01 70.43
LoECy [28] CD-FSS CVPR-25 DINOv3-B 44.34 53.25 50.98 61.38 73.83 74.58 84.33 86.16 63.37 68.84
SDRC [39] CD-FSS ICML-25 ViT-B 43.15 46.83 46.57 55.02 82.86 84.79 80.31 82.55 63.22 67.30
DFN [38] CD-FSS ICML-25 ViT-B 39.45 47.67 50.36 58.53 83.18 87.14 82.97 85.72 63.99 69.77
ISA [10] CD-FSS ICCV-25 ResNet-50 44.30 52.70 37.20 56.10 83.40 86.30 78.80 86.00 60.90 70.30

Training-free Methods

PerSAM [54] FSS ICLR-24 SAM-B 36.08 40.65 23.27 25.33 29.95 30.05 60.92 66.53 37.56 40.64
Matcher y [26] FSS ICLR-24 DINOv2-B+SAM-B 47.01 50.98 38.29 39.22 76.42 79.04 85.27 88.52 61.75 64.44
Matcher y [26] FSS ICLR-24 DINOv3-B+SAM-B 46.85 53.73 38.68 46.85 75.86 81.07 83.39 87.44 61.20 67.27
GF-SAM y [51] FSS NIPS-24 DINOv2-B+SAM-B 49.05 55.13 44.47 50.25 38.70 37.93 85.75 86.81 54.49 57.53
GF-SAM y [51] FSS NIPS-24 DINOv3-B+SAM-B 48.75 57.86 49.13 56.91 43.37 42.63 86.51 87.57 56.94 61.24
MAUP y [55] FSMIS MICCAI-25 DINOv2-B+SAM-B 41.50 45.06 33.88 36.35 73.96 75.63 73.29 75.97 55.66 58.25

Ours CD-FSS Ours DINOv3-B 49.71 58.88 55.73 62.55 85.44 87.01 82.67 83.89 68.39 73.08

The results demonstrate that our method achieves signi�cant improvements un-
der both 1-shot and 5-shot settings, surpassing all existing training-based and
training-free methods without any training. Speci�cally, our method surpasses
the state-of-the-art training-based method LoEC [28] by 3.38% and 2.65%, and
exceeds the state-of-the-art training-free method Matcher [26] by 7.19% and
5.81% under 1-shot and 5-shot settings, respectively.

Notably, introducing DINOv3 into training-based methods yields marginal
gains or even performance degradation, and other VFM-based methods [15, 45]
also underperform compared to some VFM-free methods [28,53]. This indicates
that training-based methods still su�er from the risk of over�tting. Existing
training-free methods also exhibit suboptimal performance on CD-FSS, which
we attribute to two primary factors: 1) The modules or parameters in these
methods are carefully designed for single-domain settings, limiting their cross-
domain generalization. 2) While these methods bene�t from SAM's strong se-
mantic discrimination on natural images (e.g., FSS-1000), this ability diminishes
on domains with large gaps, failing to compensate for its inherently limited cross-
image matching capability.

4.3 Ablation Studies

E�ects of Each Component. We conduct ablation studies on each proposed
component, with results shown in Tab. 2. SAFR generates features with en-
hanced semantic discriminability by re-fusing representative semantic-aware fea-
tures, improving the average mIoU by 3.79% and 4.10% under 1-shot and 5-shot
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Fig. 4: (a) Qualitative results with progressive module integration in 1-way 1-shot
setting. (b) Visualizations of the �rst three PCA components demonstrate that SAFR
generates representations with enhanced semantic discriminability.

Table 2: Ablation studies for each
proposed component.

SAFR ASE HPM 1-shot 5-shot

� � � 58.74 64.54
X � � 62.53 68.64
X X � 66.16 70.86
X � X 65.99 71.61
X X X 68.39 73.08

Table 3: Ablation studies for di�erent semantic
discriminability enhancement strategies.

Strategy Deepglobe ISIC Chest FSS Average

Baseline 42.32 51.15 67.18 74.32 58.74
Reduce weight 40.75 49.64 70.20 72.53 58.28

Reduce variance 41.40 50.54 65.06 73.74 57.69
Remove 48.34 53.26 71.42 75.58 62.15
SAFR 48.78 53.69 72.03 75.60 62.53

settings, respectively. Building on this, ASE aggregates robust query informa-
tion into the support features, enhancing semantic consistency between support
and query features, and further improves the average mIoU by 3.63% and 2.22%.
HPM integrates matching results from diverse prototypes, resulting in additional
mIoU gains of 3.46% and 2.97% for 1-shot and 5-shot settings, respectively. Fi-
nally, the combination of all three modules leads to further performance improve-
ments. We also present qualitative results with progressive module integration in
Fig. 4(a). These results clearly demonstrate the e�ectiveness of each component.
Semantic Discriminability Enhancement Strategies. We compare the per-
formance of di�erent semantic discriminability enhancement strategies under the
1-shot setting, as shown in Tab. 3. We �rst directly modify position-aware fea-
tures, such as reducing their weight in residual connections or decreasing the
variance proportion of position-sensitive channels through variance regulariza-
tion. Since these strategies alter the feature distribution of subsequent layers,
they actually lead to further degradation in performance. In contrast, explicitly
removing the position-sensitive channels from the standard �nal output Flast

results in a signi�cant performance improvement, indicating that these chan-
nels suppress semantic discriminability. Our SAFR module avoids using Flast

a�ected by position-sensitive channels, achieving better performance.
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