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Abstract

The primary challenge of cross-domain few-shot segmenta-
tion (CD-FSS) is the domain disparity between the training
and inference phases, which can exist in either the input data
or the target classes. Previous models struggle to learn feature
representations that generalize to various unknown domains
from limited training domain samples. In contrast, the large-
scale visual model SAM, pre-trained on tens of millions of
images from various domains and classes, possesses excel-
lent generalizability. In this work, we propose a SAM-aware
graph prompt reasoning network (GPRN) that fully lever-
ages SAM to guide CD-FSS feature representation learning
and improve prediction accuracy. Specifically, we propose a
SAM-aware prompt initialization module (SPI) to transform
the masks generated by SAM into visual prompts enriched
with high-level semantic information. Since SAM tends to
divide an object into many sub-regions, this may lead to
visual prompts representing the same semantic object hav-
ing inconsistent or fragmented features. We further propose
a graph prompt reasoning (GPR) module that constructs a
graph among visual prompts to reason about their interrela-
tionships and enable each visual prompt to aggregate infor-
mation from similar prompts, thus achieving global semantic
consistency. Subsequently, each visual prompt embeds its se-
mantic information into the corresponding mask region to as-
sist in feature representation learning. To refine the segmen-
tation mask during testing, we also design a non-parameter
adaptive point selection module (APS) to select represen-
tative point prompts from query predictions and feed them
back to SAM to refine inaccurate segmentation results. Ex-
periments on four standard CD-FSS datasets demonstrate that
our method establishes new state-of-the-art results.

Code — https://github.com/CVL-hub/GPRN.

Introduction
With the development of deep convolutional neural net-
works trained on large-scale datasets (Cordts et al. 2016;
Zhou et al. 2017), numerous tasks (Li et al. 2018; Li, Zeng,
and Shan 2020; Sun et al. 2022) have made promising
progress. However, data annotation is a resource-intensive
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Figure 1: Comparison of existing visual prompting meth-
ods and ours. (a) Existing methods typically input randomly
initialized visual prompts into the network alongside image
tokens, which lack prior semantic information and spatial
information. (b) Our approach leverages SAM to initialize
task-specific visual prompts and constructs a graph convo-
lutional network (GCN) to reason about their inherent rela-
tionships. Zoom in for details.

and time-consuming process, particularly when it involves
dense pixel-wise labeling for segmentation tasks (Sun et al.
2022). Moreover, models trained on one category typically
struggle to generalize to unseen categories, making it even
more difficult to scale annotation efforts for diverse classes.
In light of this, researchers propose few-shot segmentation
(FSS), where the model can adapt to new tasks using a small
number of samples (Xie et al. 2021; Peng et al. 2024).

Existing FSS methods can be broadly classified into two
categories: prototype-based (Wang et al. 2019a; Liu et al.
2022; Yang et al. 2020) and correlation-based (Peng et al.
2023; Hong et al. 2022; Moon et al. 2023). Prototype-based
methods extract prototypes from the support set and gener-
ate predictions by comparing the query features with these
prototypes (Tian et al. 2020; Yang et al. 2020). Correlation-
based methods model the pixel-to-pixel relationship be-
tween the query and support features to activate the query
pixels that are similar to the support foreground pixels (Min,
Kang, and Cho 2021; Shi et al. 2022). However, these meth-
ods are limited in scenarios where the base and novel classes
are within the same domain.

To overcome the limitations of traditional FSS, Lei et
al. (2022) extend the FSS task to cross-domain few-shot
segmentation (CD-FSS) task, where the training and test-
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ing datasets belong to different domains. Under this setting,
many subsequent works (Su et al. 2024; Huang, Zhu, and
Chen 2023) design sophisticated training strategies to learn
generalized feature representations from limited data. How-
ever, these efforts are constrained by the feature representa-
tion capabilities of backbone networks (He et al. 2024) pre-
trained on ImageNet (Deng et al. 2009). To address these
limitations, visual prompt tuning (VPT) (Jia et al. 2022)
emerges as a promising solution. VPT introduces learnable
prompts into the input space, guiding the model to focus
on the most relevant features for the specific task. How-
ever, as in Fig. 1 (a), existing VPT methods still face sev-
eral challenges in CD-FSS. First, they lack prior semantic
information during initialization, without any knowledge of
the task-specific semantic structures, which can lead to sub-
optimal feature adaptation. Moreover, these prompts lack
spatial information (Wu et al. 2022) and are restricted to
transformer architectures. Given that CD-FSS is a dense and
semantically-aware task, directly applying this form of vi-
sual prompts is sub-optimal.

To address the aforementioned challenges, we resort to
the large vision model, i.e., SAM (Kirillov et al. 2023), for
tackling CD-FSS, which has intrinsic cross-domain gener-
alization ability that provides rich prior knowledge for low-
data regimes (Liu et al. 2023; Zhang et al. 2023). Specif-
ically, we propose a Graph Prompt Reasoning Network
(GPRN) which incorporates SAM to generate semantic-
aware and spatial-aware learnable visual prompts to assist
effective feature representation learning for CD-FSS. Our
visual prompting scheme is shown in Fig. 1 (b), we first
transform the masks generated by SAM into visual prompts
enriched with prior knowledge. These masks, which seg-
ment objects and capture specific semantic information, en-
rich each prompt with high-level semantic details for the cur-
rent task. This leads to our SAM-aware Prompt Initialization
module (SPI). However, SAM prefers to divide an object
into many sub-regions, as seen in the aircraft’s wing and
fuselage in Fig. 1 (b). This may lead to two issues: i) prompts
belonging to the same category could be inconsistent, and ii)
prompts from small masks contain fragmented information.
As such, we propose a Graph Prompt Reasoning module
(GPR) to mine inter-prompt relationships by constructing
a graph among these prompts, enabling prompt interactions
and ensuring global semantic consistency among prompts.
Subsequently, each visual prompt embeds its semantic infor-
mation into the corresponding mask region to assist in fea-
ture representation learning by the proposed reverse masked
average pooling operation. Additionally, to address incom-
plete segmentation and background interference, we intro-
duce an Adaptive Point Selection module (APS) that selects
positive and negative point prompts from the initial predic-
tions and feeds them back to the SAM for a final prediction.
To sum up, our contributions are as follows:
• We propose a SAM-aware graph prompt reasoning net-

work (GPRN), which incorporates SAM to learn visual
prompts that integrate both semantic and spatial infor-
mation to tackle CD-FSS. We further leverage a graph
convolutional network (GCN) to reason about the inter-
prompt relationships in pursuit of global semantic con-

sistency. To the best of our knowledge, this is the first
work to do this in CD-FSS.

• We propose an APS module that selects positive and neg-
ative prompts from initial predictions to address incom-
plete foreground segmentation and background interfer-
ence, thereby improving segmentation accuracy.

• Our method achieves state-of-the-art performance on
four standard CD-FSS benchmarks.

Related Work
Cross-Domain Few-Shot Segmentation. The CD-FSS set-
ting entails the distribution shifts of data between the base
classes during the training phase and the novel classes dur-
ing the testing phase. Lei et al. (2022) establish a widely
used benchmark and design a pyramid transformation mod-
ule to map features into a domain-invariant space, thus en-
abling the effective tackling of distribution shifts. Huang et
al. (2023) build on their previous work and observe that the
intra-domain relationship between the transformed support
and query features can be preserved through the use of resid-
ual connections. They resort to learning generalized feature
representations from limited source data, but they are con-
strained by the weak feature representation capabilities of
the backbone network. Notably, He et al. (2024) develop an
end-to-end segmentation framework based on SAM for CD-
FSS, but they directly use SAM as a strong feature extrac-
tor and focus on learning high-quality prompts for SAM to
avoid the instability associated with manual prompts. In con-
trast, GPRN incorporates SAM to generate visual prompts
that assist with feature representation learning and refine
coarse predictions under its guidance.
Prompt Learning. Prompt learning is first proposed in the
field of natural language processing (NLP) as a strategy
to adapt pre-trained language models to downstream tasks
(Brown et al. 2020; Lee and Toutanova 2018). This advanced
paradigm is also introduced into visual tasks (Du et al. 2022;
Sandler et al. 2022). Since manual prompt design requires
specialized knowledge, recent works (Jia et al. 2022; Wu
et al. 2022) resort to optimizing prompts through gradient
back-propagation, known as visual prompt tuning. This ap-
proach witnesses tremendous success in few-shot scenarios
(Chen et al. 2023; Hossain et al. 2024), as it allows the
model to adapt to new tasks. However, compared to textual
prompts in NLP, visual prompts inherently lack high-level
semantic information. Additionally, most visual prompt tun-
ing methods are restricted to transformer architectures (Jia
et al. 2022; Hossain et al. 2024), where visual prompts in-
teract with image tokens to capture their long-range spa-
tial dependencies. To address these challenges, we incorpo-
rate SAM to design semantic-aware and spatial-aware visual
prompts, aiming to effectively guide the model for CD-FSS
tasks.
Graph Convolutional Networks. Graph convolutional net-
works (GCNs) excel at handling irregular graph-structured
data. They represent each input data point as a node and
the adjacency relationships between data points as edges.
Through information propagation, each node aggregates the
features of its neighboring nodes. This enables GCNs to
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extract richer and more comprehensive contextual informa-
tion. GCNs have applications in tasks such as video under-
standing (Wang and Gupta 2018; Wang et al. 2019b) and
zero-shot learning (Xie et al. 2019, 2020). In this work, we
use a variant of GCN called graph attention network (GAT)
(Velickovic et al. 2017). The key difference between GAT
and GCN is that in GCN, the weights of the relationships
between neighboring nodes are precomputed, whereas GAT
dynamically assigns weights to each neighboring node. This
dynamic weighting allows GAT to better handle complex
relationships between nodes. In this way, the inter-prompt
relationships can be fully captured to produce high-quality
visual prompts for CD-FSS tasks.

SAM-Aware Graph Prompt Reasoning
Network

Task Definition
The task definition for CD-FSS (Lei et al. 2022) is summa-
rized as follows. We have a source domain (Xs, Ys) and a
target domain (Xt, Yt), where X∗ represents the data distri-
bution and Y∗ denotes the label space. Both the images and
the label spaces are disjoint and satisfy Xs ̸= Xt, Ys ∩Yt =
∅. In this setup, we construct the training set Dtrain from
(Xs, Ys) and test set Dtest from (Xt, Yt). Each set consists
of multiple episodes. Each episode includes a support set
S = {(Isk,Ms

k)}Kk=1 and a query set Q = {(Iq,Mq)},
where I∗ and M∗ represent the input image and its corre-
sponding ground-truth mask, respectively. Here, K repre-
sents the number of support samples. During the training
phase, the model is trained on Dtrain to update its parame-
ters. During the test phase, the model’s parameters are frozen
to evaluate its performance on Dtest.

Method Overview
Our proposed GPRN is illustrated in Fig. 2. The overall ar-
chitecture of GPRN consists of three main modules: SAM-
aware prompt initialization (SPI), graph prompt reasoning
(GPR), and adaptive point selection (APS). SPI and GPR
are plug-and-play and can be used in the training and/or fine-
tuning phase, while APS operates exclusively during testing.
Since the operations performed on the support and query in
the SPI and GPR are identical, for simplicity, we use F (F̄ ,
F̂ ) to represent the feature maps, omitting the superscripts (s
or q), and denote the masks generated by SAM as {mi}li=1,
where l is the number of the masks.

SPI is responsible for generating task-specific visual
prompts. It takes as input the features F extracted by CNN
and masks {mi}li=1 generated by SAM, and then produces
initialized visual prompts, each of which represents the
semantic information of its corresponding masked region.
Since SAM tends to segment a single object into multiple
sub-regions, there may be inconsistencies in semantics be-
tween these sub-regions. To address this, GPR constructs a
fully connected graph among the visual prompts, where each
visual prompt is treated as a node. Through message passing
within the graph, each visual prompt aggregates the seman-
tic information of similar nodes, thereby achieving global

semantic consistency. Then, a reverse masked average pool-
ing (RMAP) operation is employed to restore the spatial
information of the visual prompts. This makes the visual
prompts have the same spatial resolution as the feature maps,
enabling easy interaction with features. Next, the fused fea-
ture map F̂ along with support mask Ms are fed into SSP
(Fan et al. 2022) for prototype-based prediction, resulting in
initial query prediction M̄q . The APS is designed to further
enhance the final segmentation results. It selects representa-
tive geometry points from the initial prediction’s foreground
and background regions as point prompts for SAM. SAM
then generates predictions specific to these point prompts.
Finally, we fuse the initial segmentation result M̄q with
SAM’s prediction M̂q to obtain the final prediction M̃q . In
the following, we specifically explain the proposed modules:
SPI, GPR, and APS.

SAM-aware Prompt Initialization
In previous visual prompt tuning methods (Jia et al. 2022;
Wu et al. 2022), visual prompts are typically initialized ran-
domly and do not contain prior information, making it dif-
ficult for them to adapt to the current task. To address this
issue, we convert object masks produced by SAM into vi-
sual prompts with prior semantic information. However, al-
though the masks {mi}li=1 can cover different semantic ob-
jects, there are inevitably overlapping areas among them. We
need to eliminate these overlapping regions to ensure that the
information within each mask remains consistent and uncon-
fused (Li et al. 2024). To resolve this issue, we first sort the
masks by area, assigning the smallest index to the mask with
the largest area and ensuring that each mask has a unique in-
dex. Then, for any overlapping region, we identify the mask
with the largest index that includes this region, denoted as j.
The overlapping part can be eliminated by:

mi(x, y) =

{
1, if i = j

0, if i < j
, (1)

where (x, y) denotes the spatial coordinates of overlapping
region. Eq. (1) ensures that the overlapping region is as-
signed to the mask with the largest index (i.e., smallest area),
as it has finest information granularity. Meanwhile, it also
removes the overlapping region from the larger mask. Next,
we use the masked average pooling (MAP) operation to gen-
erate the initial visual prompt vi w.r.t. mi:

vi = MAP(F,mi) ∈ R1×c, (2)

where c is the channel dimension. Visual prompts {vi}li=1

are obtained by repeatedly applying Eq. (2) to {mi}li=1.

Graph Prompt Reasoning
Since SAM tends to over-segment images, i.e., dividing a
single object into many sub-regions. This leads prompts be-
longing to the same category to be inconsistent and prompts
from small masks to contain fragmented information. There-
fore, it is crucial to explore relationships between visual
prompts to allow each prompt to aggregate information
from other similar prompts. We use a graph attention net-
work (GAT) to model relationships between visual prompts,
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Figure 2: Overall architecture of our method. In the training or fine-tuning phase, support and query features along with their
corresponding masks generated by SAM are first fed into the SAM-aware initialization module to create visual prompts. These
prompts are then processed through a constructed graph to reason about their inter-prompt relationships. Finally, SSP (Fan et al.
2022) is employed to segment the query image. In the testing phase, the proposed adaptive point selection module allows for
the generation of more accurate segmentation results.

where each visual prompt is represented as a node in the
graph. GAT’s flexible weighting mechanism allows for dy-
namic adjustment of the relationships between nodes. We
first apply learnable matrix W ∈ Rc×c to each node to ob-
tain new feature representation, i.e., {Wvi}li=1. Next, we
calculate the importance of node j w.r.t. node i:

ϕij =
d(Wvi,Wvj)∑l
j=1 d(Wvi,Wvj)

, (3)

where d(·, ·) is the cosine similarity function and ϕij is the
edge weight between node i and j, with larger values indi-
cating a stronger correlation between the two nodes. Next,
GAT aggregates the weighted average of all neighboring
nodes of node i and applies a residual connection to form
the new feature representation of node i:

v̄i = vi + α
l∑

j=1

ϕijWvj , (4)

where α is a scaling parameter. By repeatedly applying Eq.
(4), we obtained the desirable visual prompts {v̄i}li=1 with
global semantic consistency.

Self-support Prototype Matching
Inspired by (Li et al. 2024), we first utilize the reverse pro-
cess of MAP, referred to as RMAP, to restore the spatial in-
formation of visual prompts. This allows us to overcome the
limitations of the transformer architecture, enabling visual
prompts to interact with features without relying on the at-
tention mechanism:

f̄i = RMAP(v̄i,mi) =

∑h,w
x,y v̄Ti ×mi(x, y)∑h,w

x,y mi(x, y)
, (5)

where × denotes matrix multiplication, v̄Ti is reshaped by
v̄i, f̄i ∈ Rc×h×w represents the feature map w.r.t. the i-th
visual prompt. Since Eq. (1) has eliminated the overlapping
regions, the resulting feature map F̄ =

∑l
i f̄i aggregates

clear information from all visual prompts. Finally, we di-
rectly summarize F̄ and F , and the resulting new feature
map F̂ is used to adapt to the new task. Since the feature
representation capability of the CNN is insufficient, F̄ pro-
vides task-specific feature adaptation. Next, for clarity, we
reuse F̂ s and F̂ q to represent new support and query fea-
tures. SSP (Fan et al. 2022) is a prototype-based method. Its
main process involves using support prototypes to estimate
the query mask and then using query prototypes to predict
query features. Since features of the same object are more
similar than those between different objects, it helps mit-
igate the intra-class variation problem. The above process
can be formulated as:

P s = MAP(F̂ s,Ms) ∈ R2×c, (6)

M̄q = SSP(F̂ q, P s) ∈ R2×h×w, (7)

where P s is the support prototypes, M̄q is the query predic-
tion, h and w represent height and width, respectively.

Adaptive Point Selection
After obtaining the initial prediction M̄q , its accuracy is
often suboptimal. Therefore, we aim to refine M̄q using
SAM. Our method involves selecting positive and negative
point prompts from both foreground and background mask
regions as inputs for the SAM prompt mode. This directs
SAM to enhance the segmentation of partially segmented
target regions and reduce background interference. Since the
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process for selecting prompts from both the foreground and
background are identical, we only describe the procedure for
choosing positive prompts.

To make the prompts more representative w.r.t. mask re-
gions (i.e., to cover the broadest possible area with the
fewest numbers), inspired by maskSLIC (Irving 2016), we
start by using a bounding box to enclose the irregular mask,
resulting in region R. We denote the set of points within
the mask as E and those outside the mask as O, where
R = E ∪ O, and initialize Z = {} to store the selected
points. For each e ∈ E, its distance transform DT (e) can be
formulated as:

DT (e) = min
o∈O

(
n∑

i=1

(ei − oi)
2

) 1
2

, (8)

where, n denotes the feature dimension, and in this case,
n = 2 because e and o represent two-dimensional coordi-
nates. Next, we apply Gaussian smoothing to DT (E) to re-
duce the impact of edge noise:

DT (E) = Gaussian(DT (E), γ), (9)
where γ is a scalar parameter that controls the extent of
smoothing, and we set it to 0.1 according to (Irving 2016).
The point e that maximizes DT (e) is the current candidate
point we have found:

e∗ = argmax
e

DT (e). (10)

We remove e∗ from E, O becomes O ∪ {e∗}, and Z be-
comes Z ∪ {e∗} for the next iteration. At the end of the
iteration, we obtain the desirable positive point prompts Z.
Points located at the edges of the mask exhibit significant
instability. Eq. (9) assigns greater weights to points situated
near the center, thereby ensuring that the e∗ is positioned
away from the edges. Simultaneously, Eq.(10) ensures that
the candidate points in Z are as spatially distant from each
other as possible, thereby maximizing the coverage area of
each point. Negative prompts N can be derived from the
background mask in M̄q using Eq. (8) to (10).

Subsequently, we input Z and N into the SAM along with
the query image Iq . In prompt mode, the SAM outputs the
segmentation logits M̂q

lgt ∈ R1×h×w. The predicted proba-
bility map M̂q is obtained by using the following formulas:

M̂q = (1− σ(M̂q
lgt))⊕ σ(M̂q

lgt) ∈ R2×h×w. (11)

Here, σ represents the sigmoid function, and 1 denotes a ma-
trix of ones with the same shape as M̂q

lgt. The symbol ⊕ in-
dicates concatenation along the channel dimension. Finally,
we fuse M̄q with M̂q to obtain the final result M̃q:

M̃q = βM̂q + (1− β)M̄q, (12)
where β is a scaling parameter.

Loss Function
Since the APS module is used only during testing, the final
prediction of the model during training and/or fine-tuning
is M̄q . Using the binary cross entropy (BCE) function, the
model parameters are updated by optimizing the following
loss:

L = BCE(M̄q,Mq). (13)

Experiments

Datasets and Implementation Details

Our model can be optionally trained on the base data, i.e.,
PASCAL VOC (Everingham et al. 2010) augmented with
SDS (Hariharan et al. 2011). We fine-tune and test it on four
datasets: Deepglobe (Demir et al. 2018), ISIC (Codella et al.
2019), Chest X-Ray (Candemir et al. 2013), and FSS-1000
(Li et al. 2020). We use mean-IoU as the performance eval-
uation metric. It is calculated by averaging the intersection-
over-unions (IoUs) across different foreground classes.

Our baseline model is SSP (Fan et al. 2022), utilizing the
ResNet-50 backbone pre-trained on ImageNet (Deng et al.
2009). All images are initially resized to 400×400 for input
into the CNN and subsequently upsampled to 1024×1024
to meet SAM’s input requirements. The number of masks l
is fixed as 40. If SAM generates more than 40 masks, we
discard those with the smallest areas; if fewer than 40 masks
are generated, we pad them with zero masks. The parameter
α is set to 0.1. The numbers of positive and negative point
prompts, |Z| and |N |, are both set to 20, and β is set to 0.5.
During training, our model is optimized with 0.9 momen-
tum and an initial learning rate of 1e-3 and training with 5
epochs. During fine-tuning, we used 120, 520, 60, and 20
samples from the Deepglobe, FSS-1000, ISIC, and Chest
X-ray datasets, respectively. We employed the SGD opti-
mizer with a learning rate of 5e-4, momentum of 0.9, and
weight decay of 5e-4. For evaluation, we randomly sample
600 episodes from ISIC, Deepglobe, and Chest X-Ray, and
2400 episodes from FSS-1000, averaging the results over
five random seeds.

Comparisons with State-of-the-arts

Tab. 1 presents a comparison of GPRN with previous state-
of-the-art CD-FSS methods under 1-shot and 5-shot set-
tings. To ensure a fair comparison, we categorize the meth-
ods based on whether they include a fine-tuning phase, as
fine-tuning typically enhances performance. GPRN demon-
strates a significant advantage, outperforming the best non-
fine-tuning method by 10.4% in the 1-shot setting and 9.9%
in the 5-shot setting in terms of the mean-IoU. Even com-
pared to methods that include a fine-tuning phase, GPRN
surpasses the top-performing fine-tuning method (IFA) by
3.9% in both 1-shot and 5-shot settings. This establishes
GPRN as the new state-of-the-art in various CD-FSS bench-
marks. Additionally, when compared to other SAM-based
methods such as PerSAM (Zhang et al. 2023) and APSeg
(He et al. 2024) for the 1-shot setting, GPRN achieves sig-
nificant improvements of 34.1% and 10.4%, respectively.
These results highlight the effectiveness of the proposed
modules in fully leveraging SAM’s potential in CD-FSS.

Our model can be flexibly extended to the K-shot sce-
nario by averaging the prototypes from the support set, while
all subsequent steps remain consistent with the 1-shot set-
ting. We find that GPRN achieves good results even when
fine-tuning using only a small amount of data, so we report
only the fine-tuning results in Tab. 1.
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Methods Backbone Publication
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 without Fine-tuning Phase

AMP (2019) Vgg-16 ICCV 37.6 40.6 28.4 30.4 51.2 53.0 57.2 59.2 43.6 45.8
RestNet (2023) ResNet-50 BMVC - - 42.3 51.1 70.4 73.7 81.5 84.9 - -
PerSAM (2023) ViT-base ICLR 30.0 30.1 23.3 25.3 61.0 66.5 36.1 40.7 37.6 40.6

ABCDFSS (2024) ResNet-50 CVPR 42.6 49.0 45.7 53.3 79.8 81.4 74.6 76.2 60.7 65.0
PMNet (2024) ResNet-50 WACV 37.1 41.6 51.2 54.5 70.4 74.0 84.6 86.3 60.8 64.1

DRANet (2024) ResNet-50 CVPR 41.3 50.1 40.8 48.8 82.4 82.3 79.1 80.4 60.9 65.4
APSeg (2024) ViT-base CVPR 36.0 40.0 45.4 54.0 84.1 84.5 79.7 81.9 61.3 65.1

Methods with Fine-tuning Phase

PATNet (2022) ResNet-50 ECCV 37.9 43.0 41.2 53.6 66.6 70.2 78.6 81.2 56.1 62.0
DARNet (2023) ResNet-50 Arxiv 44.6 54.1 47.8 60.5 81.2 89.7 76.4 83.2 62.5 71.9

IFA (2024) ResNet-50 CVPR 50.6 58.8 66.3 69.8 74.0 74.6 80.1 82.4 67.8 71.4
DMTNet (2024) ResNet-50 IJCAI 40.1 51.2 43.6 52.3 73.8 77.0 81.5 83.3 59.7 66.0

GPRN (ours) ResNet-50 - 51.7 59.3 66.8 72.2 87.0 87.1 81.1 82.6 71.7 75.3

Table 1: Comparison of model performance in 1-shot and 5-shot settings with and without fine-tuning. The best and second-best
methods are highlighted in bold and underlined, respectively.

Fq Fq Fq Mq Mq MqIq Mq

Figure 3: Qualitative analysis: Iq and Mq are the query image and ground truth mask, respectively. F q , F̄ q , and F̂ q denote
the feature map from the backbone, visual prompts, and task-adapted feature map. M̄q , M̂q , and M̃q represent the model’s
prediction, SAM’s prediction, and the final refined segmentation result, respectively.

Ablation Study and Visualizations
Effects of different modules. Tab. 2a presents the impact
of GPRN’s key components on accuracy for the FSS-1000

dataset. The first row represents our baseline. It can be ob-
served that the SPI module provides a significant mean-IoU
improvement of 4.1%. Adding the GPR module further en-
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SPI GPR APS 1-shot mean-IoU
73.8

✓ 77.9
✓ 77.2

✓ ✓ 78.4
✓ ✓ 80.7
✓ ✓ ✓ 81.1

(a)

α 1-shot mean-IoU

0.1 81.1
0.3 80.9
0.5 80.5

(b)

Number 1-shot mean-IoU

10 76.2
20 78.4
40 81.1
60 81.3

(c)

|Z| |N | 1-shot mean-IoU

10 0 79.2
10 10 80.5
20 20 81.1
30 30 81.0

(d)

Strategy 1-shot mean-IoU

(Zhang et al. 2023) 77.9
Box 75.3

APS (ours) 81.1
APS + Box 81.1

(e)

β 1-shot mean-IoU

0.1 78.5
0.3 80.2
0.5 81.1
0.6 80.2

(f)

Table 2: Ablation study on FSS-1000. (a) Effects of different modules. (b) Effects of different α. (c) Effects of number of
masks l. (d) Effects of number of point prompts |Z| and |N |. (e) Effects of different prompts selection strategies. (f) Effects of
different β.

hances performance, achieving a mean-IoU of 78.4%. This
improvement is attributed to the GPR module’s ability to en-
hance global semantic consistency among prompts. Addi-
tionally, the parameter-free APS module contributes a 3.4%
mean-IoU increase. Combining all three modules results in
a mean-IoU of 81.1% (+7.3%). This indicates that the three
modules are complementary. It can be interpreted that SPI
and GPR enhance the accuracy of the initial predictions, en-
suring that APS selects more representative point prompts,
thereby further improving segmentation accuracy. Effects
of different α. We set α to 0.1, 0.3, and 0.5 to investigate
its impact on the results. As shown in Tab. 2b, the model
achieves the best performance when α is 0.1.
Effects of number of masks l. The number of masks l di-
rectly affects the model’s performance. When l is small, the
masks are coarse-grained, while increasing l results in finer-
grained masks. We set l to 10, 20, 40, and 60, with corre-
sponding results shown in Tab. 2c. When l = 40 and l = 60,
the model’s mean-IoU accuracy is similar. Considering both
performance and computational efficiency, we set l to 40.
Effects of number of point prompts |Z| and |N |. The
number of point prompts affects both performance and com-
putational efficiency. Comparing the first and second rows in
Tab. 2d shows that selecting negative point prompts from the
background also improves performance. When the number
of point prompts from both the foreground and background
is set to 20, the model’s performance is saturated. To reduce
computational burden, we ultimately select 20 point prompts
from both the foreground and background.
Effects of different prompts selection strategies. To fur-
ther validate the necessity of the point prompt selection strat-
egy in APS, in Tab. 2e, we compare the APS with the se-
lection principle proposed in PerSAM (Zhang et al. 2023),
which selects the points with the highest foreground or back-
ground probabilities from the prediction results as candidate
point prompts, and the prompt form that directly specifies
the target location using a box. We similarly select 20 points

for both the foreground and background. Our strategy out-
performs the one proposed by PerSAM by a clear margin
of 3.2%. We also observe that using a box along with APS
does not bring any performance improvement. So our final
prompt solution is to use APS only.
Effects of different β. The selection of the β determines the
balance between incorporating correction information from
SAM and the original prediction data. We conduct ablation
experiments with β of 0.1, 0.3, 0.5, and 0.6 in Tab. 2f. The
model achieves the best performance when the β value is
set to 0.5. As the beta value increases from 0.1 to 0.5, the
model’s performance improves significantly. However, fur-
ther increasing the beta value to 0.6 results in a decline in
performance. This indicates that there is a complementary
relationship between the model’s predictions and SAM’s
predictions.
Visualizations Fig.3 provides some visualizations. It can
be found that the feature map F q extracted by the back-
bone contains significant aliasing artifacts, while the visual
prompts F̄ q exhibit clear boundaries. The combined feature
map F̂ q which incorporates information from F̄ q signifi-
cantly reduces the impact of noise. The initial prediction M̄q

is often inaccurate, and SAM’s prediction M̂q also contains
many artifacts. However, M̃q , which fuses both predictions,
achieves the best segmentation performance.

Conclusion
In this work, we propose a SAM-aware graph prompt net-
work (GPRN) to tackle the CD-FSS task. Specifically, we
transform the masks generated by SAM into several vi-
sual prompts, followed by a graph attention network to
reason about inter-prompt relationships. We also design a
novel parameter-free test-time refine module, which can en-
hance the model’s performance with a clear margin. GPRN
achieves state-of-the-art performance on various CD-FSS
datasets.
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