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Abstract

We propose Foreground-Covering Prototype Generation and
Matching to resolve Few-Shot Segmentation (FSS), which
aims to segment target regions in unlabeled query images
based on labeled support images. Unlike previous research,
which typically estimates target regions in the query using
support prototypes and query pixels, we utilize the relation-
ship between support and query prototypes. To achieve this,
we utilize two complementary features: SAM Image Encoder
features for pixel aggregation and ResNet features for class
consistency. Specifically, we construct support and query pro-
totypes with SAM features and distinguish query prototypes
of target regions based on ResNet features. For the query
prototype construction, we begin by roughly guiding fore-
ground regions within SAM features using the conventional
pseudo-mask, then employ iterative cross-attention to aggre-
gate foreground features into learnable tokens. Here, we dis-
cover that the cross-attention weights can effectively alternate
the conventional pseudo-mask. Therefore, we use the attention-
based pseudo-mask to guide ResNet features to focus on the
foreground, then infuse the guided ResNet feature into the
learnable tokens to generate class-consistent query prototypes.
The generation of the support prototype is conducted sym-
metrically to that of the query one, with the pseudo-mask
replaced by the ground-truth mask. Finally, we compare these
query prototypes with support ones to generate prompts, which
subsequently produce object masks through the SAM Mask
Decoder. Our state-of-the-art performances on various datasets
validate the effectiveness of the proposed method for FSS.

Introduction
Semantic segmentation has achieved remarkable advance-
ments in recent years (Chen et al. 2015; Badrinarayanan,
Kendall, and Cipolla 2017; Strudel et al. 2021; Cheng et al.
2022; Xie et al. 2021). However, these successes heavily rely
on large amounts of labeled data, which require significant
human effort. To reduce this burden, Few-Shot Segmenta-
tion (FSS) has been introduced (Shaban et al. 2017a; Shi
et al. 2022; Zhang et al. 2021; Peng et al. 2023; Wang, Sun,
and Zhang 2023). FSS aims to segment an unlabeled image,
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Figure 1: Comparison between VRP-SAM and Ours. (a) (left)
We visualize pixel-wise attention maps of query image com-
pared to support prototype. (right) Summing the scores cor-
responding to the foreground, our prototype-to-prototype
matching achieves a higher average score than prototype-
to-pixel matching (VRP-SAM). (b) We compare the con-
ventional and attention-based pseudo masks generated by
VRP-SAM and our method. The visualizations and IoU dis-
tribution with query foreground validate the effectiveness of
our attention-based pseudo-mask.

known as the query image, using a small number of labeled
images, referred to as the support image.

The Segment Anything Model (SAM) (Kirillov et al. 2023)
has demonstrated remarkable versatility across various seg-
mentation tasks. Although SAM excels at generating object
masks with appropriate prompts within an image, effectively
utilizing SAM for FSS remains challenging. This limitation
arises from the absence of class consistency across images in
SAM, which means it cannot classify the foreground regions
of the query image based on the support images.

Recently, VRP-SAM (Sun et al. 2024) introduced an al-
ternative approach to leverage SAM for FSS by generating
visual reference prompts that encode query foreground pixels
corresponding to support foreground pixels, and producing an
object mask via the SAM Mask Decoder. Specifically, VRP-
SAM encapsulates support foreground pixels into learnable
tokens, which serve as support prototypes. It then generates
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Figure 2: Comparison between ResNet and SAM Image En-
coder features on 1000 PASCAL VOC images in test dataset,
demonstrating their complementary strengths. (a) Similarity
difference between FG-to-FG and FG-to-BG within the im-
age. The higher similarity difference shown in SAM Image
Encoder features reflects its superior pixel-level aggregation
for prototype construction. (b) Difference between the FG-to-
FG similarity from the same class (intra-class) and different
classes (inter-class). Compared to SAM features, ResNet fea-
tures convey better class consistency across different images.

the visual reference prompts by identifying query pixels that
match these support prototypes. Note that, this process is
built upon ResNet feature, ensuring class consistency in dis-
tinguishing foreground query pixels based on the support
prototypes.

Although the pipeline by VRP-SAM is practical, it still
has limitations. Since the relationship between prototypes
and pixels is sub-optimal as depicted in Fig. 1 (a), this could
result in visual reference prompts that either lack sufficient
foreground information or contain background elements. Fur-
thermore, as VRP-SAM uses conventional pseudo-masks
based on a simple pixel-pixel similarity, the quality of a
conventional pseudo-mask to enhance the query foreground-
specific information is low, as described in Fig. 1 (b). There-
fore, VRP-SAM struggles to selectively enhance only the
query foreground pixels, potentially blurring the distinction
between foreground and background pixels.

To address these issues, we propose Foreground-Covering
Prototype Generation and Matching, a method that constructs
prototypes from both query and support images that are rep-
resentative features of each and compares between proto-
types to generate reliable visual reference prompts. Since
our method can produce foreground-covering and class-
consistent prototypes even within the query, the introduced
prototype-to-prototype matching produces more reliable re-
sults than prototype-pixel matching as depicted in Fig. 1 (a).
This leads to an improvement in the quality of visual refer-
ence prompts. To make prototypes, our approach leverages
two types of complementary features: SAM Image Encoder
features to group foreground features with its superior ag-
gregation capability (Fig. 2 (a)), and ResNet features, which
ensures class consistency (Fig. 2 (b)). Specifically, we em-
ploy cross-attention with learnable tokens to sequentially

encode aggregated foreground information from the SAM
features and class-consistent properties from ResNet fea-
tures. To effectively aggregate foreground information in the
query image, we first roughly guide the foreground features
from the SAM features using conventional pseudo-masks.
Then, our iterative cross-attention between the SAM features
and the learnable tokens ensures a gradual concentration of
query foreground features. For instance, even if the initial
pseudo-mask captures only parts of the foreground, the robust
aggregation of the SAM features can progressively uncover
more of the foreground. Conversely, if the pseudo-mask over-
predicts and includes background elements, the SAM features
can gradually refine it to better focus more on the foreground.
In the meantime, we discover that the cross-attention weights
between learnable tokens and SAM features effectively al-
ternate to the conventional pseudo-mask, as visualized in
Fig. 1 (b). Therefore, we utilize this attention-based pseudo-
mask to highlight the foreground information in the ResNet
features. Specifically, we infuse foreground-centric class con-
sistency into learnable tokens guided by the attention-based
pseudo-mask and ResNet features, to create query prototypes.
This approach allows the prototypes to maintain the class con-
sistency of ResNet features while leveraging the aggregation
power of the SAM features.

The process of generating support prototypes is symmetri-
cal to the query prototype generation process, except that the
pseudo-masks are replaced by a ground-truth mask. Conse-
quently, we construct visual reference prompts by matching
the query prototypes with the support prototypes.

Overall, our contributions are summarized as follows:

• We propose a Foreground-Covering Prototype Genera-
tion and Matching for few-shot segmentation, which con-
structs prototypes in both query and support images and
compares them to generate visual reference prompts and
produce an object mask of query image via the SAM
Mask Decoder.

• To effectively generate foreground-centric prototype, we
leverage two types of complementary features: SAM Im-
age Encoder features for its superior aggregation capabil-
ity and ResNet features having class consistency.

• We propose the attention-based pseudo-mask that can ef-
fectively replace the conventional pseudo-mask by lever-
aging SAM Image Encoder features.

• The effectiveness of our Prototype2Prototype Matching is
validated by achieving new state-of-the-art performances
across diverse datasets for Few-Shot Segmentation.

Related Work
Vision Foundation Model
Vision foundation models have demonstrated remarkable
adaptability across a wide range of tasks (Radford et al. 2021;
Zhou, Loy, and Dai 2022; Caron et al. 2021; Rao et al. 2022).
Among them, Segment Anything Model (SAM) (Kirillov
et al. 2023) stands out as a foundation model for segmenta-
tion. Due to its promptable design and powerful zero-shot
capability, SAM has gained significant attention for its versa-
tility across diverse applications (Li et al. 2023; Chen et al.
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2023; Yu et al. 2023; Ma et al. 2024) and domains (Roy et al.
2023; Tang, Xiao, and Li 2023; Huang et al. 2023).

Few-Shot Segmentation
Few-Shot Segmentation (FSS) aims to segment the fore-
ground mask for novel classes within a query image with
only a few labeled support images. Specifically, given support
images and masks for a specific object, FSS aims to find the
mask for the same semantic object within a query image. FSS
has been studied through two mainstreams: prototype-based
methods and affinity learning methods. The prototype-based
methods (Li et al. 2021; Zhang et al. 2020; Wang et al. 2019;
Liu et al. 2020) represent the support foreground as proto-
types and utilize them for prediction. On the other hand, the
affinity learning methods (Park et al. 2024; Xu et al. 2023;
Hong et al. 2022; Xu et al. 2025; Min, Kang, and Cho 2021;
Xu et al. 2024) predict query mask by utilizing pixel-level
dense correlation between the support and query images.

Recently, leveraging the zero-shot segmentation capability
of the Segment Anything Model (SAM), VRP-SAM (Sun
et al. 2024) introduced a method to generate appropriate
prompts as input for the SAM’s mask decoder in the context
of FSS. Nevertheless, the pixel-wise comparison in VRP-
SAM has limitations in effectively distinguishing foreground
from background. In this regard, we show that prototype-
wise comparison is more effective in generating foreground-
specific prompts, given SAM’s strong grouping capabilities
within a single image.

Method
Problem Definition
Few-Shot Segmentation (FSS) aims to segment target regions
in an unlabeled image by referencing labeled areas in ex-
ample images. To accomplish this, FSS typically employs
a meta-learning approach. In this framework, two separate
datasets are used: Dtrain for training and Dtest for evaluation.
These datasets are composed of distinct classes, Cbase and
Cnovel, which do not overlap (Cbase ∩ Cnovel = ∅). Under the
above configuration, FSS carries out the training and evalu-
ation through multiple episodes. In each episode, there are
a support set with K labeled images S =

{(
ISi ,M

S
i

)}K

i=1

and a query set with an unlabeled image Q =
(
IQ,MQ

)
.

Images in both sets contain a randomly sampled category
corresponding to the current phase. I represents the image,
and M denotes the ground-truth mask, where 1 indicates the
foreground region (the sampled category) and 0 indicates the
background region. As a result, the FSS model is learned to
predict the mask of the query set M pred based on the sup-
port set and query image. For simplicity, we assume that the
support set contains only one image in the below sections.

Overview
The overall pipeline of our method is described in Fig. 3.
We aim to construct both support and query prototypes and
match those prototypes to generate reliable Visual Reference
Prompts (VRPs) for SAM Mask Decoder. To achieve this,
we utilize two types of complementary features: SAM Image

Encoder features to gather foreground features with its supe-
rior aggregation capability (Fig. 2 (a)) and ResNet features to
ensure class consistency (Fig. 2 (b)). In the following, we will
describe each component of our method: Support Prototypes,
Query Prototypes, and Prototype-Protype Matching.

Support Prototypes
To produce reliable VRPs by matching support and query
prototypes, we first generate Support Prototypes (SPs) that
encode foreground information from the support features.
Since the SPs will be utilized to distinguish foreground and
background information of the query features, they should fo-
cus on object-specific details and maintain class consistency
with other images. To achieve this, we aggregate foreground
information with the SAM features, and then infuse the class
consistency of the ResNet features into those aggregated
ones.

Given support SAM features GS ∈ RC×H×W , we first
guide foreground features using the ground-truth mask for
support MS ∈ RH×W to facilitate foreground aggregation,
as follows:

ḠS = ConvG(Concat(GS ,MS ,MP(GS ,MS))), (1)

where ḠS ∈ RC×H×W is guided SAM features while
Conv(·), Concat(·), and MP(·) represent a 1 × 1 convolu-
tion layer, concatenate function, and mask-average pooling
with expansion, respectively. Then, we gather foreground
information of those guided features into N learnable tokens
PS ∈ RN×C by employing a cross-attention methodology.
This aggregation process leverages the high pixel-level class
consistency within a single image of SAM features and is
implemented in a progressive refinement strategy over T − 1
steps. Step by step, we encode foreground-specific infor-
mation T − 1 times by repeatedly applying cross-attention
between the learnable tokens and the SAM features. Formally,
the t-th aggregated support SAM features with the learnable
tokens PS

t ∈ RN×C is defined as follows:

PS
t = MaskedCrossAttn(PS

t−1, Ḡ
S , ḠS ;MS), (2)

where MaskedCrossAttn(·) denotes cross-attention with a
mask condition while PS

0 is the same with the initial learnable
tokens PS .

However, these aggregated features struggle to distinguish
foreground and background information of the query features
since SAM features lack class consistency with different
images compared to ResNet features (Fig. 2). Therefore, we
adopt ResNet features for support FS ∈ RC×H×W to grant
class-consistent properties to aggregated support features. To
facilitate this, we guide the support ResNet features with the
support ground-truth mask, as follows:

F̄S = ConvG(Concat(FS ,MS ,MP(FS ,MS))), (3)

where F̄S ∈ RC×H×W denotes the guided support ResNet
features. Subsequently, we generate SPs PS

T ∈ RN×C by ap-
plying the cross-attention with the aggregated support SAM
features PS

T−1, the guided support SAM features ḠS , and the
guided support ResNet features F̄S as query, key, and value,
respectively. This can be formulated as follows:

PS
T = MaskedCrossAttn(PS

T−1, Ḡ
S , F̄S ;MS). (4)
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Figure 3: Overall procedure of Foreground-Covering Prototype Generation and Matching. Given the SAM Image Encoder
features G, we start by guiding the foreground features using the ground-truth mask for the support MS and a conventional
pseudo-mask for the query M pseudo, then gather these guided features Ḡ into learnable tokens P through iterative cross-attention.
However, SAM features lack class consistency across different images, making it challenging to directly construct prototypes. To
address this, we utilize ResNet features F to infuse class-consistent properties into the tokens. We first guide the ResNet features
to enhance the foreground-specific information with the ground-truth mask of the support and an attention-based pseudo-mask
for the query M attn

T−1. The attention-based pseudo-mask, benefiting from SAM’s high aggregation capability, provides better
precision compared to the conventional pseudo-mask, as shown in the upper right. By infusing the class consistency of the guided
ResNet features F̄ into the learnable prompts, we obtain both support and query prototypes (PS

T and PQ
T ). As a result, the visual

reference prompts are generated by matching the query prototypes with the support ones and these prompts are passed to the
SAM Decoder to predict a query mask M pred.

Through the above process, we produce SPs that consist of
foreground features and possess class consistency with other
images.

Query Prototypes
The relationship between the SPs and query ResNet features
is still insufficient for a reliable comparison, as described in
Fig 1 (a). Therefore, we also construct Query Prototyes (QPs)
that each encode query features in the same category to im-
prove trustworthiness and generate reliable VRPs through
prototype-prototype comparison. Note that, the largest differ-
ence between SPs and QPs is the absence of the ground truth
mask.

Given query ResNet features FQ ∈ RC×H×W and query
SAM features GQ ∈ RC×H×W , the QPs generation process
consists of foreground features aggregation with SAM fea-
tures and infusing class consistency using ResNet features,
similar to SPs. However, unlike the support ground-truth
mask, we cannot access the query ground-truth mask. There-

fore, we first compute a conventional pseudo-mask for the
query M pseudo ∈ RH×W by utilizing ResNet features, which
have class-consistency between different images, following
the VRP-SAM (Sun et al. 2024), as follows:

M pseudo
h,w = max

1≤h′≤H,1≤w′≤W
MS

h′,w′(F
Q
h,w · FS

h′,w′). (5)

where (·) means the cosine similarity. Using this pseudo-
mask, we guide the query SAM features to assist the fore-
ground aggregation, as follows:
ḠQ = ConvG(Concat(GQ,M pseudo,MP(GS ,MS))), (6)

where ḠQ ∈ RC×H×W is the guided query SAM features.
Here, we use MP(GS ,MS) instead of MP(GQ,M pseudo)
since the quality of the pseudo-mask is low. Subsequently,
we employ cross-attention to encode foreground-specific in-
formation of guided query SAM features into N learnable
tokens PQ ∈ RN×C . Formally, the t-th aggregated query
SAM features PQ

t ∈ RN×C is defined as follows:

PQ
t = CrossAttn(PQ

t−1, Ḡ
Q, ḠQ), (7)
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where CrossAttn(·) refers to the cross-attention while PQ
0 is

the same with the initial learnable tokens PQ.
However, unlike SPs that are guided to focus exclusively

on foreground regions using the ground truth mask as shown
in Eq. 2 and 4, QPs are likely to encode both background and
foreground information due to the absence of the ground truth
mask. To minimize background information, we explicitly
encourage QPs to focus on the foreground by introducing a
guide loss.

First, we define an attention-based mask for query M attn
t ∈

RH×W , which is used for defining the guide loss, as follows:

M attn
t,h,w = max

1≤n≤N
AQ

t,n,h,w (8)

where AQ
t ∈ RN×H×W represents attention weights of

Eq. 7. Then, the guide loss Lguide can be formulated with
the attention-based mask, as follows:

Lguide=
1

T − 1

T−1∑
t=1

LBCE(M
attn
t ,MQ) + LDL(M

attn
t ,MQ), (9)

where MQ ∈ RH×W is the ground truth mask of the query,
while LBCE and LDL denote the binary cross-entropy loss and
the dice loss, respectively.

Furthermore, we observe that the attention-based mask
during aggregation stages can effectively replace the con-
ventional pseudo-mask. Thanks to the strong aggregation
capability of SAM features, even if the pseudo-mask only
captures part of the foreground object, the attention weights
progressively reveal more details about the foreground re-
gions. Therefore, when guiding the query ResNet features
FQ to enhance the foreground-specific information, (T − 1)-
th attention-based mask M attn

T−1 was used instead of the con-
ventional pseudo-mask, as follows:

F̄Q = ConvF (Concat(FQ,M attn
T−1,MP(FS ,MS))), (10)

where F̄Q ∈ RC×H×W is the guided query ResNet features.
Consequently, we generate QPs QP

T ∈ RN×C by applying
the cross-attention, as follows:

PQ
T = CrossAttn(PQ

T−1, Ḡ
Q, F̄Q). (11)

Although some QPs may encode background information due
to the absence of the ground-truth mask in the cross-attention
process (Eq. 2 and 4), they still inherit class consistency from
ResNet features and benefit from the strong aggregation capa-
bility of the SAM features. This facilitates the classification
of QPs representing foreground, based on SPs.

Prototype-Prototype Matching
The SAM Mask Decoder requires a reference in the query
image to indicate positive or negative areas for segmenting
the target region. To provide this reference, we explore QPs
corresponding to SPs containing foreground information and
produce VRPs V ∈ RN×C based on those results, as follows:

V = CrossAttn(PS
T , PQ

T , PQ
T ). (12)

Then, we convey VRPs and query SAM features to SAM
Mask Decoder to predict the query mask M pred ∈ RH×W .

To ensure that the predicted query mask closely matches the
ground truth mask, we define a prompt loss Lprompt between
the predicted and ground-truth masks, as follows:

Lprompt = LBCE(M
pred,MQ) + LDL(M

pred,MQ). (13)

where LBCE and LDL are the binary cross-entropy and dice
loss, respectively.

Additionally, we introduce an orthogonal loss to ensure
that the object prompts represent diverse regions by encour-
aging each SP and QP to encode distinct information. The
orthogonal loss Lortho is computed as follows:

Lortho =
1

(T − 1)

T−1∑
t=1

∑
i̸=j

(AS
t,i ·AS

t,j) + (AQ
t,i ·A

Q
t,j), (14)

where AS
t,n ∈ RH×W and AQ

t,n ∈ RH×W represent the
cross-attention weights for N -th object prompts from Eq. 2,
Eq. 4, Eq. 7 and Eq. 11, respectively, while (·) is the cosine-
similarity. To sum up, the total loss for training is defined as
follows:

Ltotal = Lprompt + λorthoLortho + λguideLQ
guide, (15)

where λortho and λguide are coefficients.

Experiments
Datasets To validate our work, we utilize PASCAL-5i (Sha-
ban et al. 2017b) and COCO-20i(Nguyen and Todorovic
2019) following the prior works (Sun et al. 2024; Min, Kang,
and Cho 2021; Park et al. 2024). Specifically, PASCAL-5i

consists of 20 classes from PASCAL VOC 2012 (Williams
2010) and SDS (Hariharan et al. 2014), while COCO-20i

comprises 80 categories from COCO (Lin et al. 2014) dataset.
Each dataset is divided into 4 folds and each fold does not
share categories with other folds. To evaluate generalization
capability, we use one of the folds as novel classes for test-
ing and others as base categories for training. As a result,
we use 15 base and 5 novel classes in PASCAL-5i while
60 base and 20 novel categories in COCO-20i. To measure
the performance of the model, we randomly sample 1000
support-query pairs from novel classes and compute mean
Intersection over Union (mIoU).

Implementation Details Following VRP-SAM, we utilize
SAM Image Encoder features and other backbone features
with class-consistent properties (VGG and ResNet), both
pretrained on ImageNet. We employ the AdamW optimizer,
adjusted by a cosine annealing schedule. For PASCAL-5i,
we use 100 epochs and an initial learning rate of 2e-4 for
training while 50 epochs and an initial learning rate of 1e-4
in COCO-20i, and the batch size of both datasets is 8. The
number of learnable tokens is 50 for both support and query.
Additionally, the number of layers for constructing prototypes
is 3, i.e., T = 3. The loss coefficients are 0.05 and 0.5 for
λortho and λguide, respectively.

Comparison with State-of-the-Art Methods We vali-
date our method using standard benchmarks by compar-
ing it against various FSS models. These include HDM-
Net (Peng et al. 2023) and VRP-SAM (Sun et al. 2024)
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Method IE
PASCAL-5i COCO-20i

1-shot 5-shot 1-shot 5-shot
F-0 F-1 F-2 F-3 Avg F-0 F-1 F-2 F-3 Avg F-0 F-1 F-2 F-3 Avg F-0 F-1 F-2 F-3 Avg

HDMNet

V
G

G 64.8 71.4 67.7 56.4 65.1 68.1 73.1 71.8 64.0 69.3 40.7 50.6 48.2 44.0 45.9 47.0 56.5 54.1 51.9 52.4
VRP-SAM† 69.9 73.9 67.6 62.3 68.4 72.8 75.0 67.5 63.2 69.6 39.4 52.0 50.6 47.5 47.4 43.6 57.7 54.7 51.8 51.9
FCP (Ours) 71.9 75.0 69.8 65.5 70.5 73.5 76.4 71.6 65.8 71.8 44.5 54.3 53.5 47.7 50.0 49.0 58.3 55.2 52.3 53.7
PFENet

R
es

N
et

61.7 69.5 55.4 56.3 60.8 63.1 70.7 55.8 57.9 61.9 36.5 38.6 34.5 33.8 35.8 36.5 43.3 37.8 38.4 39.0
CyCTR 65.7 71.0 59.5 59.7 64.0 69.3 73.5 63.8 63.5 67.5 38.9 43.0 39.6 39.8 40.3 41.1 48.9 45.2 47.0 45.6
SSP 60.5 67.8 66.4 51.0 61.4 67.5 72.3 75.2 62.1 69.3 35.5 39.6 37.9 36.7 37.4 40.6 47.0 45.1 43.9 44.1
BAM 69.0 73.6 67.6 61.1 67.8 70.6 75.1 70.8 67.2 70.9 39.4 49.9 46.2 45.2 45.2 43.2 53.4 49.4 48.1 48.5
HDMNet 71.0 75.4 68.9 62.1 69.4 71.3 76.2 71.3 68.5 71.8 43.8 55.3 51.6 49.4 50.0 50.6 61.6 55.7 56.0 56.0
VRP-SAM† 74.5 77.3 69.5 65.8 71.8 76.3 76.8 69.5 63.1 71.4 44.3 54.3 52.3 50.0 50.2 50.5 59.5 56.9 54.9 55.5
FCP (Ours) 74.9 77.4 71.8 68.8 73.2 77.2 78.8 72.2 67.7 74.0 46.4 56.4 55.3 51.8 52.5 52.6 63.3 59.8 56.1 58.0

Table 1: Experimental results on the PASCAL-5i and COCO-20i. VGG and ResNet denote VGG-16 and ResNet-50, respectively.
IE means the type of image encoder while † indicates the reproduced version for the fair comparison.

with a VGG Image Encoder, as well as PFENet (Tian et al.
2020), CyCTR (Zhang et al. 2021), SSP (Fan et al. 2022),
BAM (Lang et al. 2022), and VRP-SAM (Sun et al. 2024)
with a ResNet Image Encoder. As shown in Table. 1, our
method achieves new state-of-the-art performance, proving
its effectiveness. This success is consistent across different
datasets, shot numbers, and backbone networks, indicating
the robustness of our approach. Moreover, the superior per-
formance over VRP-SAM indicates that our generated VRP
is more advantageous in producing a higher-quality query
mask.

Qualitative Results. We compare our qualitative results
with VRP-SAM in Figure 4 and also display both the con-
ventional and attention-based pseudo-masks in VRP-SAM
and our method, respectively. Our approach consistently out-
performs the baseline across different scene types, whether
simple (1st and 2nd columns), multi-object (3rd column),
or complex (4th column). This improvement is largely due
to the precision of the attention-based pseudo-mask in our
method.

Further Analysis
Ablation Study
We perform ablation studies to evaluate the contributions
of the main components and key hyperparameters of our
method. Most experiments are progressed with ResNet-50 on
PASCAL-5i with all folds except for T ablation study which
conducted with only fold-3 of PASCAL-5i.

Main Components Tab. 2 presents the results of the abla-
tion study for the main components. (a) shows the result of
prototype-pixel matching with ResNet-50, which constructs
only support prototypes and matches them with the query,
which is our baseline model VRP-SAM. (b) shows the re-
sult when using SAM features instead of ResNet features
under the same condition. There is a significant performance
drop because SAM features cannot ensure class-consistent
properties. (c) and (d) represent the results when applying
our prototype-prototype matching to (a) and (b), respectively.
For instance, for (c), the inferior pixel-level aggregation of
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Figure 4: Qualitative comparison results of Ours and VRP-
SAM on the PASCAL-5i dataset. Conventional and APM
refer to the conventional pseudo-mask of VRP-SAM and our
Attention-based Pseudo-Mask, respectively.

ResNet features causes a performance degradation compared
to the baseline. And for (d), the perfornace still remains poor.
Furthermore, by incorporating prototype-prototype match-
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Res SAM PPM APM mIoU ∆
(a) ✓ 71.8 0.0
(b) ✓ 66.2 -5.6
(c) ✓ ✓ 66.5 -5.3
(d) ✓ ✓ 66.1 -5.7
(e) ✓ ✓ ✓ 72.6 +0.8
(f) ✓ ✓ ✓ ✓ 73.2 +1.4

Table 2: Ablation studies for different components and ar-
chitectures. Res, SAM, PPM and APM denote ResNet-50,
SAM Image Encoder, Prototype-Prototype Matching, and
Attention-based Pseudo Mask, respectively.
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Figure 5: Ablation study for varying the number of aggrega-
tion steps for prototype construction. Prediction and APM
denote our model’s query mask prediction and Attention-
based Pseudo Mask, respectively.

ing by combining SAM’s strong aggregation capabilities
with ResNet’s class-consistent properties in (e), the perfor-
mance significantly surpasses the baseline. This emphasizes
the importance of using complementary features to construct
prototypes. However, as the conventional pseudo-mask still
limits the potential gains, we employ our attention-based
pseudo-mask, which leverages SAM’s superior aggregation
capability. In specific, (f) further boosts performance, demon-
strating that the attention-based pseudo-mask offers precise
guidance for the model in locating the target object.

Number of Step T We present the impact of the number
of aggregation step for prototype construction in Fig. 5. For
instance, 3 steps of prototype construction achieves optimal
performance while using more steps leads to a performance
drop. This is because the learnable tokens increasingly fo-
cus on smaller areas as they repeatedly apply the softmax
function in the cross-attention. This is further supported by a
reduction in the recall of the attention-based pseudo-mask. A
proper T can prevent excessive shrinkage of the pseudo-mask
and generate appropriate prototypes.

Loss Functions In addition to the prompt loss Lprompt,
which is essential for model training, we employ two supple-
mentary losses: the guide loss Lguide and the orthogonal loss
Lortho. We validate the effectiveness of each loss function, as
presented in Tab 3. (a) represents the performance when we
use only the prompt loss. (b) and (c) show the results when
we adopt the guide loss and the orthogonal loss with the

Lprompt Lguide Lortho mIoU ∆
(a) ✓ 72.3 0.0
(b) ✓ ✓ 72.7 +0.4
(c) ✓ ✓ 72.4 +0.1
(d) ✓ ✓ ✓ 73.2 +0.9

Table 3: Ablation studies about each loss function.

Pseudo-Mask mIoU Prec Rec
Conventional 32.4 46.5 53.6

Attention-based 60.9 69.1 79.4

Table 4: Comparison between conventional and attention-
based pseudo-masks. Prec and Rec denote precision and
recall with respect to the ground-truth mask, respectively.

prompt loss, respectively. In the case of (b), we can improve
the performance by guiding the attention-based pseudo-mask
to represent the object regions. For (c), each learnable token
can be induced to capture various parts, which brings a slight
performance gain. When we utilize all losses for training as
shown in (d), we can get a large performance enhancement.
This verifies the appropriateness of the proposed losses.

Improvement of Pseudo Mask
The attention-based pseudo-mask is a key component of our
method, used to enhance foreground-specific information. As
such, its quality directly affects the overall performance of
the model. Table 4 compares the quality of pseudo-masks and
highlights the performance improvements achieved by our
attention-based pseudo mask. First, the conventional pseudo-
mask, computed by a pixel-level cosine similarity, produces
a low mIoU with respect to the ground-truth mask. On the
other hand, we introduced our attention-based pseudo-mask
by leveraging the strong aggregation capability of the SAM
features. As a result, our attention-based pseudo-mask sub-
stantially outperforms the conventional ones, demonstrating
the superior foreground-covering capability of our method.

Conclusion
In this paper, we proposed Foreground-Covering Prototype
Generation and Matching, which constructs support and
query prototypes and matches them to generate reliable
prompts. To build prototypes, we utilized two complemen-
tary features: SAM Image Encoder for pixel aggregation
and ResNet for class consistency. We guide SAM features
using a pseudo-mask for query prototypes, then employ it-
erative cross-attention to aggregate foreground features into
learnable tokens. Here, we discovered that the cross-attention
weights effectively replace the conventional pseudo mask,
allowing attention-based pseudo-masks to guide ResNet fea-
tures to focus on the foreground. Then, we encode the guided
ones into the learnable tokens to generate class-consistency
query prototypes. Finally, we generated reliable prompts by
comparing query and support prototypes, achieving state-of-
the-art performance on the few-shot segmentation task.
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