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Abstract. Cross-domain Few-shot Segmentation (CD-FSS) aims to le-
arn generalizable segmentation capability from abundant annotated sam-
ples in the source domain, enabling accurate segmentation of novel classes
in the target domain with only a few annotated samples. Existing CD-
FSS methods mainly focus on mitigating feature distribution shifts caused
by style gaps while ignoring significant differences in class semantic gran-
ularity and discriminative attributes across domains, leading to two key
degradations in support-query matching: semantic over-alignment and
attribute over-alignment. To this end, we propose the Dual Hierarchi-
cal Aggregation Network (DHANet), which comprises three key mod-
ules. First, the Hierarchical Spatial Aggregation (HSA) module per-
forms multi-scale region aggregation of pixel features along the spatial
dimension, generating hierarchical semantic-enhanced features to alle-
viate semantic over-alignment. Additionally, the HCA module conducts
multi-scale attribute aggregation along the channel dimension, generat-
ing hierarchical attribute-enhanced features to mitigate attribute over-
alignment. Finally, we propose the Online Probabilistic Semantic Bank
(OPSB), which progressively constructs and updates class probability
distributions from query predictions during inference, and samples mul-
tiple pseudo-prototypes as additional support information to mitigate in-
sufficient support. Extensive experiments on four target-domain datasets
demonstrate that our method achieves state-of-the-art performance.

Keywords: Few-shot Segmentation - Cross-domain Learning - Hierar-
chical Feature Aggregation

1 Introduction

Driven by robust network designs |11H13]/46] and large-scale densely annotated
datasets [22/[51], semantic segmentation has achieved remarkable progress in re-
cent years. However, when confronted with novel classes that have only a few
annotated samples, the performance of these models often degrades sharply,
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Fig. 1: Motivation of DHANet. (a) Semantic over-alignment prevents the model from
distinguishing semantic categories at other segmentation granularities (e.g., a cat’s
head and body). Hierarchical spatial aggregation aligns features at multiple granu-
larities, adapting to target domains with varying granularities. (b) Attribute over-
alignment causes the degradation of source-insensitive attributes. Hierarchical channel
aggregation mitigates hard channel-wise alignment, preserving sensitivity to diverse
attributes.

failing to meet the demand for rapid deployment in real-world scenarios. To al-
leviate the reliance on large-scale annotated data, Few-shot Segmentation (FSS)
has been proposed [10,27,[34,[44]. It leverages meta-learning to learn transfer-
able category correspondence on base classes, enabling the segmentation of novel
classes using only a few annotated samples. Conventional FSS methods inher-
ently assume that base and novel classes share the same data domain. However,
in realistic scenarios, substantial domain gaps typically exist between the source
and target domains, leading to significant performance drops of existing FSS
models. This practical challenge has motivated Cross-domain Few-shot Segmen-
tation (CD-FSS) |19], which has attracted increasing attention.

Existing CD-FSS methods typically focus on mitigating cross-domain dis-
tribution shifts caused by style gaps. Prevalent techniques include performing
style perturbations , extracting domain-agnostic features , or
fine-tuning with limited target domain annotated data . Although ef-
fective in reducing global feature distribution gaps between source and target
domains, these strategies are ignoring substantial category differences across do-
mains, which leads to support—query over-alignment during training, including
semantic over-alignment and attribute over-alignment.

As shown in Fig. a), the training objective forces all pixel features within
the same source domain class to align with the class prototype, causing the
model to only excel at distinguishing foreground and background at the same
segmentation granularity as the source domain (e.g., cat and other classes), while
failing to discriminate semantic objects at other granularities (e.g., a cat’s head
and body), i.e., semantic over-alignment in the source domain. When the target
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domain requires a finer or coarser segmentation granularity, the model’s fore-
ground-background discrimination capability degrades significantly. As shown
in Fig. b), different instances of the same class often exhibit attribute varia-
tions (e.g., white and orange cats differ in the color attribute). These source-
insensitive attributes may be activated by different channels in support and
query features, and the incorrect matching caused by channel-wise alignment
forces these channels to gradually degenerate, rendering them unable to capture
such source-insensitive attributes, i.e., attribute over-alignment in the source do-
main. When the target domain is sensitive to these attributes (e.g., dermoscopic
images [5] rely on color to distinguish lesions), the consistency of intra-class fea-
tures across images weakens, substantially degrading segmentation performance.

Although some recent works [331|36] have started to address semantic over-
alignment, they typically rely on external models [45] or exhibit limited adapt-
ability to target domains with varying segmentation granularities, while also
ignoring the attribute over-alignment. To simultaneously alleviate semantic and
attribute over-alignment, we propose the Dual Hierarchical Aggregation Network
(DHANet). The core idea is to perform hierarchical aggregation along the spatial
and channel dimensions, respectively, to capture semantic and attribute repre-
sentations that are discriminative at different granularities. Such hierarchical
representations not only convert hard alignment at a single granularity into soft
alignment during training, mitigating over-alignment, but also provide multi-
granularity information during testing, adapting to differences in class semantic
granularity and discriminative attributes across different domains.

Specifically, our DHANet consists of three key modules. First, the Hierarchi-
cal Spatial Aggregation (HSA) module performs multi-scale region aggregation
of pixel features along the spatial dimension via multiple groups of spatial slots
and slot attention, producing hierarchical region prototypes. These prototypes
are then used to enhance original features, generating hierarchical semantic-
enhanced features. Second, the Hierarchical Channel Aggregation (HCA) mod-
ule treats channels as aggregation primitives and performs aggregation along the
channel dimension with multi-level channel slots, forming hierarchical attribute
prototypes. These prototypes are then concatenated with original features to
produce hierarchical attribute-enhanced representations. To prevent slot homog-
enization, we impose orthogonal constraints on the spatial and channel slots at
each level. Finally, to further alleviate insufficient support information at test
time, we propose an Online Probabilistic Semantic Bank (OPSB) module, which
models class prototypes as probability distributions. It constructs and updates
class probabilistic prototypes using high-confidence features extracted from the
query predictions of each episode, and samples multiple pseudo-prototypes from
the latest distributions as additional support information.

In summary, our contributions are as follows:

— We are the first to simultaneously focus on semantic over-alignment and at-
tribute over-alignment in CD-FSS, and propose the HSA and HCA modules
to aggregate discriminative semantic and attribute representations at differ-
ent granularities along the spatial and channel dimensions, respectively.
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— We propose an OPSB module to alleviate insufficient support information at
test time, which constructs and updates class probabilistic prototypes using
high-confidence query predictions and samples multiple pseudo-prototypes
to provide additional support.

— Extensive experiments on four standard target-domain datasets demonstrate
that our method achieves state-of-the-art performance on CD-FSS.

2 Related Works

2.1 Few-shot Segmentation

FSS aims to predict dense masks for novel classes in query images using only
a few annotated support images. Early FSS methods [10,/23,/40,47] typically
summarize the support set into class-representative prototypes and perform seg-
mentation by measuring the similarity between query features and these proto-
types. To address the loss of spatial details inherent in prototype computation,
matching-based methods [2730L{42}/43| fully exploit support information by com-
puting dense pixel-to-pixel correlations between support and query. Recently,
several methods [1}20,39] introduce textual semantic features as additional sup-
port to alleviate the insufficiency of support information caused by large intra-
class variance. Meanwhile, some methods |341/44./48| leverage the large-scale pre-
training and generalization capabilities of vision foundation models [18,29] to
enhance FSS, achieving remarkable performance gains. However, these meth-
ods are not designed with cross-domain transfer in mind, resulting in limited
generalization to novel domains.

2.2 Cross-domain Few-shot Segmentation

The limitations of FSS methods in cross-domain scenarios have motivated in-
creasing attention to CD-FSS, which requires models trained on the source do-
main to generalize to novel classes across diverse domains. Some methods [24}32]
apply style perturbations to features during source training to simulate cross-
domain style variations, thereby narrowing the feature distribution gaps be-
tween source and diverse target domains. Others [15,[19,[35] aim to decompose
or transform features into domain-agnostic spaces, generating domain-agnostic
representations with cross-domain generalizability. Furthermore, most methods
|161/281/311/37] leverage limited target annotated samples for fine-tuning to better
adapt to the target domain. However, these methods ignore the substantial dif-
ferences in semantic granularity and discriminative attributes across domains,
leading to semantic over-alignment and attribute over-alignment. SDRC [36] de-
composes features into representations focusing on distinct semantic regions to
alleviate semantic over-alignment, but this single-granularity decoupling exhibits
insufficient adaptability to different domains. Similarly, HSL |33| learns hierarchi-
cal semantic features with the assistance of multi-scale superpixel segmentation
priors, yet its reliance on superpixel segmentation models limits its applicability.
In contrast, we adaptively construct hierarchical semantic and attribute struc-
tures to simultaneously address both semantic and attribute over-alignment.
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Fig. 2: Overview of our method. The support and query images are first fed into GSR
for style perturbation, and features are extracted by the image encoder. Subsequently,
the HSA and HCA modules sequentially perform hierarchical semantic and attribute
enhancement on the features. The enhanced features are then fed into the main branch
and the auxiliary branch to compute the query foreground confidence maps, respec-
tively. Finally, the foreground confidence maps from two branches are fused and thresh-
olded to obtain the query prediction.

3 Methodology

3.1 Problem Definition

CD-FSS aims to transfer a model trained on the source domain D; = { X, Y}
to the target domain D; = {Xy,Y:}, where the source and target domains are
disjoint in both the data distribution X and class labels Y, i.e., Xy # X,
and Y; N'Y; = 0. CD-FSS models are typically trained using the episode-based
meta-learning paradigm, where the training and testing data consist of multiple
episodes randomly sampled from D, and D, respectively. Each episode contains
a support set S = {(I, M%)} X, and a query set Q = {(I,,M,)}, where K de-
notes the number of support samples, I; and I, represent the support and query
images, and My and M, are their corresponding binary masks. The model ex-
tracts support information from the support set S to predict the segmentation
mask for the query image I,.

3.2 Overview

To alleviate both semantic over-alignment and attribute over-alignment during
training, as well as insufficient support information during testing, we propose
the Dual Hierarchical Aggregation Network (DHANet), whose overall architec-
ture is illustrated in Fig. [2|



6 S. Sun et al.

Given support and query images, we first apply Global Style Randomization
(GSR) to the input images using random convolution, following [24}33]. The per-
turbed images are then fed into a weight-shared encoder to extract the original
support and query features. Next, the features are sequentially passed through
Hierarchical Spatial Aggregation (HSA) and Hierarchical Channel Aggregation
(HCA) modules to obtain features with hierarchical enhancement in both se-
mantics and attributes. In the main branch, the initial foreground confidence
map is obtained through dense support-query feature matching. In the auxiliary
branch, the Online Probabilistic Semantic Bank (OPSB) module updates class
probability distributions and samples pseudo-prototypes from them to provide
additional support information for computing an auxiliary foreground confidence
map. Finally, the confidence maps from two branches are combined, and the final
query prediction is obtained by adaptive thresholding in [33]. Note that GSR is
used only during training, and the auxiliary branch is used only during testing.

3.3 Hierarchical Spatial Aggregation

The core idea of HSA is to generate hierarchical semantic-enhanced features
that are inter-class discriminative and intra-class consistent at different seman-
tic granularities. During source domain training, these hierarchical represen-
tations enable support and query to align at multiple semantic granularities,
thereby mitigating over-alignment at a single granularity. During target domain
testing, these representations enhance regional consistency at different scales,
preventing interference from noise. Motivated by slot attention [25[26], which
aggregates features from specific image regions via a zero-sum game mechanism
for unsupervised region partitioning, we introduce a hierarchical spatial aggre-
gation process. Specifically, we employ varying numbers of slots at each level to
aggregate semantic features at diverse granularities.

Specifically, HSA is designed as a hierarchical architecture with L, stages.
At the i-th stage, we allocate a set of learnable spatial slots Sép € RNepxC,
where NN, jp denotes the number of spatial slots at this stage and C is the channel
depth. Given the deep high-level feature F?» € RE*W*C extracted by the image
encoder, where H and W denote the feature height and width, respectively, we
flatten the spatial dimensions to obtain F* € RHW XY First, we aggregate initial
information for the slots via cross-attention, employing Sip as queries and F" as
keys and values:

Si, = CrossAttn(S!,, F"), (1)
where Sip denotes the enhanced spatial slots. Then, gip is fed into slot attention
for iterative updating:

Si

A i ph
eps Ay = SlotAttn(Sg , F"), (2)

sp?

where gip € RV:»xC represents region prototypes aggregated from different

spatial regions of F” and Aip € RM:oXHW denotes the spatial attention maps
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between Sép and F". To obtain the spatial region corresponding to each region
prototype, we determine the index of the maximum value of Aip along the slot

dimension Nép, yielding the spatial assignment masks Mip € RN HxXW for
each region prototype.

To apply each region prototype to its associated pixels, we employ the reverse
process of masked average pooling (RMAP) to obtain a region feature map F*.
This process is formulated as:

. Ni oo ..
F'(z,y) = Zj "SoM,(z,y), (3)
where (z,y) denotes the spatial coordinate, S?p € R is the j-th region prototype
at stage i, and M is its corresponding spatial assignment mask.

Finally, we enhance F" with region feature maps from all stages to obtain
the hierarchical semantic-enhanced feature F:

- 1 Ls__.
F=F'+ ) "F. (4)
S

3.4 Hierarchical Channel Aggregation

Intra-class instances may exhibit attribute variations, meaning the class is in-
sensitive to certain attributes. As a result, the same semantic region may be
activated by different channels across support and query features, causing in-
correct matching under channel-wise alignment. To address this, we propose an
HCA module, which performs hierarchical aggregation along the channel dimen-
sion to group channels that activate the same region into hierarchical attribute
prototypes. These prototypes are then used for support—query alignment, miti-
gating the adverse effect of hard channel-wise matching.

HCA follows a process similar to HSA. It is also designed as a hierarchical
architecture with L. stages, while the aggregation is performed along the channel
dimension rather than the spatial dimension. Specifically, at the i-th stage, we
allocate a set of learnable channel slots Sih € RNen*HW = where Ncih is the
number of channel slots at this stage. Given the feature F, we first combine it
with the shallow feature F! € REXWXC to produce a more detail-rich feature
F = F + F.. We then flatten its spatial dimensions and transpose it to obtain
I e ROXHW, Following the same steps as Eq. and Eq. , we obtain attribute
. € RN xHW

prototypes SZ aggregated from the channels of I

Si, = CrossAttn(S%,, F), Si,, A, = SlotAttn(S,, F). (5)

To avoid undermining the attribute diversity of features, we do not apply at-
tribute prototypes to their corresponding channels using the region-filling strat-
egy in HSA. In contrast, we concatenate géh from all stages with the feature
F along the channel dimension to obtain the hierarchical attribute-enhanced
feature F:

ch’

_ oA A / e i
F=[F8,;82;. ;8K e ROV, O'=C+) ~ Ny o (6)
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where [;-] denotes concatenation along the channel dimension. Finally, we re-
store the spatial dimensions of F' and transpose it to obtain the final hierarchical
attribute-enhanced feature F € RE>*WxC",

3.5 Online Probabilistic Semantic Bank

The limited labeled support data available at test time offers restricted class in-
formation. Some works [41/19] perform continuous fine-tuning using query predic-
tions from each episode during testing to exploit additional class information in
query images. However, such continuous fine-tuning entails the risk of knowledge
forgetting. Instead, we avoid per-episode fine-tuning and dynamically accumu-
late reliable class priors to construct a semantic bank. An intuitive method is to
progressively maintain and update a single class prototype using query predic-
tions. However, for target domain classes with large intra-class variations, query
features may still exhibit a considerable distance from the accurate prototype.
We overcome this limitation by establishing a probabilistic semantic bank.
Specifically, we model class prototypes as Gaussian distributions. Given a set
of high-confidence features F = {f}¥ |, we estimate distribution parameters as:

_ 1 N 2 1 N e 2
n= Nzi:1f7 o = mzizl(f — K, (7)

where g and o2 denote the mean and variance, respectively, and N represents
the number of samples.
During testing, we maintain an online semantic bank for each class:

B:{{”fg’a'?gvNfg}v{ubgﬁa'zg)Nbg}}' (8)

For the t-th episode, we first obtain the support feature F and query feature
Ffl. High-confidence query foreground feature set .7:} , and background feature
set flfg are then extracted via SSP [10]. Subsequently, we estimate the episode-
specific foreground distribution {pf, (o,)%, N}, } using Eq. @ and fuse it with
the existing statistics in the semantic bank:

Niyghtyg + Niybj
Nnew _ N_fg +N]tfg7 Bow = fg f9”fg

N7lew ’ (9)
0_2 _ Nfg(o-?”g + (p'fg - p’new)z) + N]t”g((on}g)Q + (Nﬁ’g - p’new)Q)
new Nyow .

Finally, the semantic bank is updated with the fused statistics:

{I*l’fg?o-?’gﬁNfg} A {unew’aiew’NHEW}' (10)

The background distribution is updated in the same manner.
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3.6 Segmentation

During testing, given the query feature Fq, support feature F,, and support
mask M, we compute the query foreground confidence map via two branches.

In the main branch, we compute the cosine similarity between Fq and all
foreground support features, and take the maximum along the support dimension
to obtain the foreground similarity map M¢g:

Myg(ug) = maXCOS(Fq(uq)aMS(US)FS(US))v (11)

Us

where uy = (z5,ys) and uy, = (z4,y,) denote spatial coordinates. The back-
ground similarity map My, is obtained in the same manner, and the query
foreground confidence map is further computed as Mcon s = Mgy — My,.

In the auxiliary branch, we obtain the foreground distribution A (p 190 9F q)

from the semantic bank and sample P pseudo foreground prototypes {p’ g P,

We then compute the cosine similarity between F and {p’ g }i=1- By maximiz-
ing and averaging along the prototype dimension, we obtain the maximum fore-
ground similarity map MY** and the average foreground similarity map M, ?:

;”g“:m?xcos(f‘q,p;g), M$7 = PZ cos(Fg,pj,)- (12)

The background similarity maps Mp:** and My ¢ are computed in the same
way, from which we further derive the max foreground confidence map My;7%
and average foreground confidence map M. 7 2

We combine the results from both branches to obtain the final foreground

confidence map M_on 7 = Meony + ML + M %9 Finally, we binarize Mwnf

con conf"*

using the adaptive threshold from [33] to produce the query prediction 1\7Iq.

3.7 Loss Function

We train our model on the main branch using the Binary Cross Entropy (BCE)
loss:

Linain = BCE(Mjyg, Mg, M). (13)

Following [33], we additionally adopt the same self-segmentation loss L5, as in
SSP [10] to better supervise training.

To prevent the spatial slots gip and channel slots Sﬁ,h from collapsing into
similar representations, we normalize all slots and impose an orthogonality con-
straint at each stage:

orth = L Z

Finally, the total loss function is £ = Lyqin + Lssp + ALorth, Where A = 0.1
is the weight parameter, and L, is the same as that proposed in [10].

T+ Z Sen ~IE. (14)
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Table 1: Mean-IoU of 1-shot and 5-shot results compared with previous FSS and
CD-FSS methods on the CD-FSS benchmark. The best and second-best methods are
highlighted in bold and underlined, respectively.

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

Methods Publication | Backbone

Few-shot Semantic Segmentation Methods

CVPR-21 Res-50 25.03  27.41 | 23.27 26.23 | 65.08 65.48 | 70.96 74.23 | 46.09 48.34
ICCV-21 Res-50 29.65 35.08 | 31.20 35.10 | 51.88 54.36 | 77.53 80.99 | 47.57 51.38
ECCV-22 Res-50 40.00  48.68 | 35.49 4586 | 74.44 74.26 | 7891 80.59 | 57.21 62.35
NIPS-22 ViT-base | 38.36 49.30 | 48.65 60.37 | 80.92 82.91 | 80.74 83.65 | 62.17 69.06
CVPR-23 Res-50 25.40  39.10 | 33.00 35.00 | 30.60 31.30 | 75.10 78.60 | 41.00  46.00
ICLR-24 ViT-base | 36.08 40.65 | 23.27 25.33 | 29.95 30.05 | 60.92 66.53 | 37.56 40.64
CVPR-24 | ViT-base | 40.43 44.75 | 2821 31.96 | 30.54 29.99 | 80.78 83.18 | 44.99 4747

Cross-domain Few-shot Semantic Segmentation Methods

ECCV-22 Res-50 37.89 42,97 | 41.16 53.58 | 66.61 70.20 | 78.59 81.23 | 56.06 61.99
CVPR-24 Res-50 42.60  49.00 | 45.70  53.30 | 79.80 81.40 | 74.60 76.20 | 60.67 64.97
CVPR-24 Res-50 41.29 50.12 | 40.77 48.87 | 82.35 82.31 | 79.05 80.40 | 60.86 65.42
CVPR-24 | ViT-base | 35.94 39.98 | 4543 53.98 | 84.10 84.50 | 79.71 81.90 | 61.30  65.09
1JCAT-24 Res-50 40.14  51.17 | 43.55  52.30 | 73.74 77.30 | 81.52 83.28 | 59.74 66.01
NIPS-24 Res-50 40.86  44.92 | 41.71 51.16 | 78.25 82.81 | 79.29 81.83 | 60.03 65.18
CVPR-25 | ViT-base | 42.12 5148 | 5291 6243 | 8394 84.12 | 81.05 83.69 | 65.01 70.43
ICML-25 | ViT-base | 43.15 46.83 | 46.57 55.02 | 82.86 84.79 | 80.31 82.55 | 63.22  67.30
ICML-25 | ViT-base | 39.45 47.67 | 50.36  58.53 | 83.18 87.14 | 82.97 85.72 | 63.99 69.77
ICCV-25 Res-50 44.30  52.70 | 37.20 56.10 | 83.40 86.30 | 78.80 86.00 | 60.90  70.30
AAAI-26 | ViT-base | 45.77 54.56 | 59.36 64.62 | 85.95 86.25 | 81.89 83.84 | 68.24 72.32

DHANet(Ours)‘ Ours ‘ViT-base 49.79 56.13 | 64.25 67.38 | 86.06 86.87 | 83.61 86.67 | 70.93 74.26

4 Experiments

4.1 Experiment Setup

Datasets and Metric. Following the experimental setup of PATNet , we
use the PASCAL VOC 2012 |8| dataset augmented with SBD as the source
domain for training. Subsequently, the trained model is evaluated on four target
datasets: Deepglobe I@I, ISIC , Chest X-ray , and FSS-1000 .
Deepglobe @I is a satellite remote sensing dataset comprising dense annotations
for 7 categories: areas of urban, agriculture, rangeland, forest, water, barren,
and unknown. ISIC is a dermoscopic skin lesion dataset covering 3 major
types of skin lesions. Chest X-ray is a tuberculosis diagnosis X-ray dataset,
where the grayscale images exhibit substantial style gaps compared to the natural
images. FSS-1000 contains 1,000 daily object categories with 10 annotated
images per class.

We adopt mean Intersection over Union (mloU) as the evaluation metric and
report the average results over 5 runs with different random seeds.
Implementation Details. Consistent with previous works , we adopt
ViT-B/16 |7] as our backbone and resize all images to 480 x 480. During training,
we follow FPTrans to augment all images. We use SGD to optimize our
model for 5 epochs, with a momentum of 0.9, a weight decay of 5e-4, a batch
size of 6, and a constant learning rate of le-3. Following most works, we also
perform fine-tuning using the support set from the first episode of each class in
the target domain. During fine-tuning, we sample 12 episodes from the support
set augmented using the strategy in and train for one epoch. We set the
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Table 2: Ablation studies for each component of our Table 3: Effects of compo-

method. nents in HSA and HCA.
HSA HCA OPSB ‘ Deepglobe ISIC Chest FSS-1000 ‘ Average ‘ mean-IoU
% x| B s seor  sa6 | e Al 69.22
D 2d. ! . . /
x v x 4148 58.19 8577 8317 | 67.90 w/o SlotAttn 67.39
VR x 46.68  60.43 8652  83.25 69.22 w/o CrossAttn 67.81
v v v 49.79 64.25  86.06 83.61 70.93 w/0 Lorth 68.33

number of aggregation stages Ly in HSA to 2, with corresponding slot numbers
of (10,20). Similarly, the number of stages L. in HCA is set to 2 with (32,64)
slots. The number of sampled pseudo-prototypes P in OPSB is set to 20. All
experiments are conducted on a single NVIDIA GeForce RTX 4090 GPU.

4.2 Comparison with State-of-the-art Methods

In Tab. [I] we compare our method with existing FSS and CD-FSS methods,
achieving remarkable performance advantages under both 1-shot and 5-shot set-
tings. Specifically, our method surpasses the state-of-the-art method HSL [33]
by 2.69% and 1.94% under the 1-shot and 5-shot settings, respectively, and our
1-shot performance even exceeds the 5-shot performance of all other methods ex-
cept HSL. Moreover, our method shows more pronounced advantages on target
domains with larger category differences from the source domain. For instance,
the 1-shot performance on Deepglobe and ISIC surpasses HSL by 4.02% and
4.89%, respectively. These results clearly demonstrate the effectiveness of our
method. Additionally, we conduct a fair comparison with some CD-FSS meth-
ods under the setup of IFA [2§|. Please refer to our supplementary material for
more details. We also present some qualitative results of our method for 1-way
1-shot setting in Fig. (a).

4.3 Ablation Studies

Effects of Each Component. As shown in Tab. [2| we analyze each compo-
nent under the 1-shot setting to validate the effectiveness of each design. The
baseline builds on SSP [10] by applying global style randomization from [24] and
target-domain fine-tuning to alleviate style gaps, and adopts the adaptive thresh-
olding strategy in HSL for segmentation. HSA mitigates semantic over-alignment
by constructing hierarchical semantic features, improving the baseline’s average
performance by 1.90%. HCA alleviates attribute over-alignment caused by hard
channel-wise alignment via hierarchical channel aggregation, yielding a 1.37%
average gain over the baseline. HSA and HCA are complementary, jointly bring-
ing a 2.69% mloU gain. In addition, OPSB extracts high-confidence features
from the query prediction and builds a class semantic bank to provide extra
support information, further improving performance by 1.71%. These results
fully demonstrate the effectiveness of each component.
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(a) Qualitative results (b) Heatmaps of foreground similarity maps

Fig. 3: (a) Qualitative results of our model for 1-way 1-shot setting. (b) The heatmaps
of the foreground similarity maps show that our method can extract hierarchical se-
mantic features to alleviate semantic over-alignment.

Table 4: Effect of the number of aggre-  Table 5: Effect of the number of aggre-

gation stages in HSA. gation stages in HCA.
Lo | 10 20 40 80 | meanIoU Lo | 32 64 128 256 | mean-IoU
1 v X X X 67.92 1 v X X X 68.84
2 v v X X 68.43 2 v v X X 69.22
3 v v v X 68.44 3 v v v X 69.04
4 v v v v 68.11 4 v v v v 68.93

Effects of Components in HSA and HCA. We conduct ablation studies
to investigate the importance of each component in the aggregation module,
as shown in Tab. [3] Slot attention partitions features into distinct groups and
aggregates information from them. Without it, there is no guarantee that in-
dividual slots aggregate distinct features, leading to performance degradation.
Cross attention injects sample priors into the slots, enabling the aggregated slots
to establish support—query correspondences. Removing cross attention causes
unstable channel alignment in HCA, thus compromising performance. The or-
thogonal loss is applied to encourage the model in capturing differences among
image features corresponding to different slots. Discarding this loss results in
limited semantic discriminability for the features and a subsequent drop in per-
formance. The results demonstrate the importance of these components.

Number of Aggregation Stages. We conduct ablation studies under the 1-
shot setting to validate the necessity of multi-level aggregation. Specifically, we
gradually increase the number of aggregation stages in HSA and HCA, respec-
tively, with the number of slots increasing progressively at each stage. The results
are shown in Tab. [l and Tab. 5] The best performance in HSA is achieved with 3
stages of spatial aggregation. However, since 2 stages yield almost identical per-
formance with lower computational overhead, we set the number of aggregation
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Some examples of the spatial attention maps 712,, Some examples of the channel slots 32,,

Fig. 4: Visualization of spatial and channel slots demonstrates that multi-stage slots
facilitate constructing features with hierarchical semantic and attribute enhancement.

Table 6: Comparison of different query prediction ~ Table 7: Model efficiency and

utilization strategies. performance under 1-shot set-
ting.
‘ Deepglobe ISIC Chest FSS ‘ Average
Fine-tuning 4475 57.29 86.41 83.07| 67.88 Method |FLOPs (G) FPS mean-IoU
Deterministic prototype 47.87 62.89 85.78 83.26| 69.95 HSL 186.52 2725  68.24
Probabilistic prototype 49.79 64.25 86.06 83.61| 70.93 Ours 176.48 30.77  70.93

stages Ly to 2. Similarly, since 2 stages of channel aggregation in HSA achieve
the best performance, we also set the number of aggregation stages L. to 2.
These results demonstrate that hierarchical aggregation is necessary. However,
performance does not continue to improve as the number of aggregation stages
further increases. A possible reason is that excessively fine-grained aggregation
and orthogonal constraints may instead disrupt the original category hierarchy,
leading to negative effects.

Query Prediction Utilization Strategies. To validate the effectiveness of
our probabilistic semantic bank, we compare different strategies for utilizing
query information during testing, as reported in Tab. [f] Existing CD-FSS meth-
ods typically leverage predicted pseudo query masks to further fine-tune
the model during inference. However, such online fine-tuning incurs additional
computational overhead and is prone to knowledge forgetting. In contrast, di-
rectly computing pseudo prototypes from pseudo query masks and maintaining
as well as updating this deterministic prototype online can provide stable addi-
tional support information. Our method instead constructs a probabilistic pro-
totype and samples multiple pseudo prototypes, thereby offering more diverse
support information and achieving significant performance gains.

4.4 Analysis and Visualizations

Model Efficiency. We compare model efficiency with the current state-of-the-
art method HSL under the 1-shot setting, including computational com-
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plexity (FLOPs) and inference speed (FPS). As shown in Tab. |7 our method
demonstrates both better model efficiency and segmentation performance.
Visualization of Slots. To validate the construction process of our hierarchical
features, we visualize the spatial and channel slots at each stage. Specifically, we
visualize the attention maps of spatial slots and the spatial activation maps of
channel slots after restoring their spatial structure, as shown in Fig. 4] Here,
Ly denotes the coarse-grained stage (with fewer slots), and Ly denotes the fine-
grained stage. Different spatial slots attend to distinct semantic regions, with
those in the fine-grained stage capturing more detailed semantics. Furthermore,
channel slots activate regions with similar attributes. Since the coarse-grained
channel slots aggregate more channels, their activated regions are typically larger
than those of the fine-grained slots. These visualizations intuitively demonstrate
that multi-stage slots facilitate the construction of features with hierarchical
semantic and attribute enhancement.
Mitigating semantic over-alignment. Semantic over-alignment makes the
learned features excel at distinguishing categories only at the source-domain
granularity, while lacking the ability to discriminate target-domain semantics.
We utilize ground truth masks to extract foreground prototypes and calculate
similarity maps, with the corresponding heatmaps visualized in Fig. b). The
baseline overfits to extracting highly consistent features for source-domain cate-
gories, failing to effectively distinguish foreground from background in the target
domain. In contrast, our method focuses on extracting more hierarchical features,
enabling generalization to diverse domains.
Mitigating attribute over-alignment. At-
tribute over-alignment causes the degrada-
tion of source-insensitive attributes, where all
channels tend to represent source-sensitive at- Table 8: Effects of our mehod on
tributes, leading to attribute redundancy, i.e., channel correlation.
high inter-channel correlation. Following [41], | Deepglobe ISIC  Chest FSS
we use the Pearson correlation coefficient to  Baseline) 02713 0.3149 0.3307 0.2817
. Ours | 02032 0.2366 0.2257 0.2318
measure the degree of inter-channel redun-
dancy. As shown in Tab. [8) our hierarchical
channel aggregation mitigates channel mis-
alignment and reduces inter-channel correlation, enabling features to capture
more diverse attributes for adaptation to different domains.

5 Conclusion

In this paper, we propose a Dual Hierarchical Aggregation Network (DHANet) to
simultaneously alleviate semantic over-alignment and attribute over-alignment
in CD-FSS. Specifically, we propose a Hierarchical Spatial Aggregation (HSA)
module, which aligns features at multiple granularities through hierarchical ag-
gregation along the spatial dimension, thereby adapting to target domains with
varying segmentation granularities. Furthermore, we introduce a Hierarchical
Channel Aggregation (HCA) module that mitigates the rigid channel-wise hard
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alignment via hierarchical aggregation along the channel dimension, thus pre-
serving sensitivity to diverse attributes. HSA and HCA effectively alleviate se-
mantic and attribute over-alignment, respectively. Finally, we present an Online
Probabilistic Semantic Bank (OPSB) module to address the scarcity of sup-
port information during inference. Extensive experiments demonstrate that our
DHANet achieves state-of-the-art performance across multiple CD-FSS datasets.
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