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Abstract

Object segmentation relies heavily on costly pixel-level an-
notations and struggles to generalize to unseen domains.
The recent introduction of the Segment Anything Model
(SAM), a foundation model for segmentation, offers a
prompt-driven, zero-shot capability that has been applied
in various domains (e.g., autonomous driving, satellite im-
agery, medical imaging) and extended to Few-Shot Seg-
mentation (FSS) tasks. However, existing SAM-based FSS
methods typically generate prompts by using a vision en-
coder to measure support–query image similarity, which
often biases towards the support images and fails when
there are significant support–query context shifts. To ad-
dress this limitation, we propose a training-free FSS ap-
proach that combines visual and textual cues to generate
effective prompts for the target class. By leveraging both vi-
sion and language information, our approach bridges the
support–query gap and guides SAM to segment novel ob-
jects more reliably. Without any additional training, our
method outperforms previous state-of-the-art FSS meth-
ods on established benchmarks (COCO-20i, Pascal-5i),
demonstrating its effectiveness and robust generalization.
Our code is publicly available on GitHub.

1. Introduction
Segmentation is foundational to modern computer vi-
sion, powering applications as diverse as autonomous driv-
ing [24], satellite remote sensing [36], and computer-aided
diagnosis [1]. Although today’s segmentation methods
achieve near-perfect accuracy on their source distri-
bution, they deteriorate sharply when confronted with
out-of-domain imagery or novel object categories, limiting
their real-world utility [4].

As a vision foundation model, the Segment Anything
Model (SAM) [15] approaches the generalization chal-
lenge from a prompt-driven, category-agnostic perspective.
Trained on more than one billion masks, SAM [15] converts
coarse geometric prompts (points, boxes, or polygons) into
high-quality instance masks without relying on a fixed la-

Figure 1. Illustration of the support-query context shift problem in
few-shot segmentation. Qualitative comparison of attention maps
highlighting segmentation result differences between prior FSS
methods and our vision-language guided approach. a) Support im-
ages with ground-truth masks, b) Query images with ground-truth
masks, c) Well-known Matcher [20] illustrating problematic seg-
mentation results due to these shifts, and d) Ours.

bel set. This category-agnostic approach confers impressive
domain transfer [15], but it also strips the model of seman-
tic focus: SAM [15] predicts “something”, not “the thing of
interest”. Recent analyses confirm that SAM’s internal rep-
resentations exhibit only limited class separability, a weak-
ness that becomes acute in few-shot semantic segmentation
(FSS) [38], where the goal is to segment all instances of a
novel class after seeing only a handful of labeled exemplars.

To avoid retraining, several methods [20, 38] generate
SAM [15] prompts by matching low-level visual features
between support masks and a query image. Matcher [20],
for example, transfers class identity through feature simi-
larity, partially overcoming SAM [15]’s semantic shortfall.
However, as shown in Figure 1 c), shifts in appearance or
scene context between the support and query images cause
purely visual matching to latch onto background clutter or
visually similar distractors, resulting in misplaced prompts.

Other methods use a CLIP [27] encoder that fuses
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class names with image features before feeding the em-
beddings into SAM’s decoder [32]. Although they enhance
cross-category generalization, their reliance on the limited
support masks induces bias and, ultimately, yields only
modest performance gains.

Our work poses the following question: Can we impart
semantic guidance to SAM while leaving every parameter
frozen?

We answer in the affirmative by introducing a
three-stage, training-free pipeline that composes two frozen
foundation models. a) Text-Conditioned Region Proposal
(TCRP): given a class name, OWL-ViT [21] predicts can-
didate bounding boxes that likely enclose objects of that
class. b) Vision–Language Alignment Selection (VLAS):
for each candidate, we compute the similarity between
its visual embedding and the text embedding, retaining
only boxes with strong semantic alignment; these serve as
class-aware prompts for SAM [15]. c) Semantic Mask Re-
finement (SMR): SAM [15] segments each retained box, af-
ter which we prune over-segmented or off-class pixels by
re-evaluating mask embeddings against the text embedding,
thereby removing residual distractors.

We validate our approach on COCO-20i [22] and Pascal-
5i [29] FSS benchmarks. In publicly available FSS bench-
marks, our approach surpasses alternative SOTA FSS ap-
proaches.

We summarize our main contributions as follows:
• Training-free prompting for SAM. We present a novel

pipeline that enables SAM to focus on “the thing of inter-
est” by pairing two frozen foundation models.

• Vision-language guided mask selection and refinement
for FSS. To mitigate support–query context shifts in
few-shot segmentation, we introduce an efficient scheme
that jointly filters and refines visual and textual features.

• Competitive FSS performance. Our approach clearly
outperforms the other SOTA FSS approaches with neg-
ligible computational overhead.

2. Related Work

2.1. Segmentation Foundation Models
The Segment Anything Model (SAM) [15] has recently
emerged as a powerful foundation model, trained on over
one billion segmentation masks. By generating high-quality
masks from simple prompts (e.g., points or bounding
boxes), SAM [15] has demonstrated strong zero-shot gen-
eralization across various segmentation tasks [15].

Early work leveraging SAM [15] includes image
editing, such as Edit Everything [34], which utilizes
SAM-generated masks for object-level text-driven editing.
Similarly, Track Anything Model (TAM) [35] employs
SAM [15] to track selected objects across video frames.
Segment-to-Cluster (S2C) [16] further uses SAM-generated

segments for weakly supervised learning via contrastive
training.

However, these methods typically require explicit class
labels or user interactions to specify the object of interest,
highlighting a key limitation—SAM’s inherent category ag-
nosticism. To address this, recent approaches [20, 38] apply
SAM [15] within FSS frameworks, aiming to segment novel
objects given minimal visual examples.

2.2. Few-Shot Segmentation (FSS)
FSS aims to generalize segmentation models to novel
classes using only a few annotated examples. Classical FSS
methods [17, 25] are often meta-trained on base classes,
but their generalization to unseen classes can be limited
due to base-class bias. For instance, BAM [17] employs a
base-class classifier to explicitly suppress base-class predic-
tions during inference, helping to segment novel classes ef-
fectively. HDMNet [25] utilizes hierarchical self-attention
modules for fine-grained matching between support and
query images, significantly enhancing segmentation reso-
lution. However, both approaches require task-specific re-
training and remain vulnerable to base-class bias.

To overcome retraining and enhance generalization, re-
cent work integrates SAM [15] into training-free FSS
frameworks [20, 38]. PerSAM [38] proposes minimalistic
prompting with one positive and one negative point de-
rived from support-query similarity. While effective, this
approach struggles to segment complex objects or scenes
involving multiple instances. Matcher [20] extends this idea
by generating multiple point prompts via comprehensive bi-
directional feature matching, improving mask completeness
and accuracy. Despite these advances, such vision-only ap-
proaches heavily rely on visual similarity, limiting their ro-
bustness when encountering significant appearance or con-
textual variations.

To mitigate this, we propose an approach that goes be-
yond classical FSS by incorporating language cues along-
side visual information, thereby providing stronger seman-
tic guidance and enhancing robustness in few-shot scenarios
without additional training.

2.3. Language-Guided Visual Understanding
The emergence of vision-language models, notably
CLIP [27], has enabled significant advances across diverse
computer vision tasks, including segmentation [39], re-
trieval [18], and detection [21]. CLIP aligns images and
textual descriptions in a shared embedding space, enabling
powerful zero-shot capabilities. However, as CLIP [27] re-
lies on global image-caption matching, it often struggles
with spatially precise tasks such as detection and segmenta-
tion [19].

Recent adaptations of CLIP [27] address these local-
ization issues [2, 21]. OWL-ViT [21] integrates open-
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Figure 2. Overview of the proposed approach. The approach consists of three stages —TCRP, VLAS, and SMR—which operate entirely
training-free by leveraging publicly available foundation models.

vocabulary detection capabilities by fine-tuning vision
transformers on text-guided bounding box prediction tasks.
SC-CLIP [2] improves zero-shot segmentation by extract-
ing localized features from CLIP’s intermediate transformer
layers, demonstrating significantly enhanced spatial preci-
sion.

Inspired by these advances, we propose a novel FSS ap-
proach combining OWL-ViT [21] and CLIP [27]. Specifi-
cally, OWL-ViT [21] provides text-conditioned region pro-
posals, which are refined through CLIP’s localized embed-
dings. This integration of semantic textual guidance and ro-
bust visual matching facilitates accurate segmentation even
under challenging conditions, maintaining the training-free
advantage and significantly boosting generalization in few-
shot segmentation.

3. Method
3.1. Overview
Few-shot semantic segmentation (FSS) aims to segment a
query image given only a few annotated support examples
of a novel class. Formally, we have a support set S =
{(Isi ,Ms

i )}Ki=1 of K images Isi ∈ RH×W×3 with corre-
sponding binary masks Ms

i ∈ RH×W marking the target
class. The goal is to predict the mask Mq for a query image
Iq of the same class. During episodic training, both support
and query masks are available for supervision, whereas at
test time the model must infer the query mask using only
the K support pairs (i.e. without seeing Mq).

Existing FSS approaches [20, 25, 38] follow a prototype
matching paradigm: they extract the feature representation
of the support foreground (using Ms to mask out the sup-
port image) and then compare it to query image features
to produce a segmentation mask. While effective, this strat-
egy can be overly biased to the specific support example. In
practice, if there is a significant appearance or context shift

between the support and query images, the support proto-
type may not align well with the query features, leading to
poor segmentation results – a phenomenon often referred
to as the inter-image gap. This limitation has been noted in
prior work [3], where large feature discrepancies between
support and query hinder effective matching and yield inac-
curate segmentation priors.

To address the above issue, we propose a training-free
approach that leverages both visual and textual cues for
more robust query segmentation. Recent studies [20, 38]
have begun exploring the use of vision-language models
and promptable segmenters to improve FSS generaliza-
tion.For example, the SAM [15] can segment arbitrary ob-
jects given appropriate prompts, and PerSAM [38] demon-
strated a one-shot personalization of SAM [15] without ad-
ditional training. Inspired by such advances, our approach
introduces textual information (the class name) alongside
visual features, enabling the model to localize the target ob-
ject in the query image based on high-level semantic cues.
By forgoing any fine-tuning and instead harnessing pow-
erful pre-trained vision-language models, our approach re-
mains training-free and adaptable to any new class out of
the box.

Figure 2 illustrates an overview of our approach, which
consists of three key modules. (a) Text-Conditioned Region
Proposal (TCRP) (Section 3.2) uses OWL-ViT [21] with
the given class name as a text prompt to identify candi-
date regions in the query image that are likely to contain
the target object. This can be achieved by computing im-
age–text alignment scores over the query image (e.g., via
a CLIP-based model) to generate class-specific region pro-
posals. We then extract visual features from these candidate
regions for further stages.

(b) Vision–Language Alignment Selection (VLAS) (Sec-
tion 3.3) takes the set of candidate region features and the
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Figure 3. Overview of LEVE operation. a) semantic local feature enhancement leveraging semantic similarities computed from mid-layer
tokens. b) Region feature aggregation through box aligning and pooling.

text embedding of the class name, and computes similarity
scores to determine which region(s) best match the target
class. In essence, VLAS performs a semantic alignment be-
tween each proposal’s visual feature and the class descrip-
tion, selecting the top-scoring boxes that are most likely to
correspond to the object of interest.

(c) Semantic Mask Refinement (SMR) (Section 3.4) then
leverages the SAM [15] to obtain precise segmentation
masks for the selected region proposals. Each chosen box
is fed to SAM [15] as a bounding box prompt, which yields
a corresponding object mask. We refine these masks (for
example, by removing any small stray regions or merging
multiple masks if necessary) to produce the final predicted
mask Mq for the query.

3.2. Text-Conditioned Region Proposal
Text-Conditioned Region Proposal (TCRP) (Figure 2 a))
aims to propose candidate regions in the query image Iq

that are likely to contain the target class (given its name),
by enhancing the visual features of these regions in a text-
guided manner. We first obtain a text feature ft by feeding
the prompt “a photo of a {class}” into a pretrained CLIP
text encoder [27]. This yields an embedding that represents
the target class in the joint vision-language space.

For visual region proposals, we leverage a pretrained
open-vocabulary object detection model, OWL-ViT [21].
Given the query image Iq and the same text prompt “a photo
of a {class}”, OWL-ViT predicts a set of n bounding boxes
that likely contain an instance of the target class, along with
confidence scores for each. Formally, we obtain:(

Bi, Sowli

)n
i=1

= OWL
(
Iq, “a photo of a {class}”

)
(1)

where Bi is the i-th predicted box and Sowli is its confi-
dence score.

To improve local feature representations, we introduce
a Local Enhanced Vision Encoder (LEVE) built on a pre-
trained CLIP vision encoder. The key idea is to leverage
CLIP’s intermediate features, which carry rich semantic in-
formation, to enhance its final-layer patch embeddings for
better localization. CLIP’s original vision encoder tends to
focus on global image features (using a [CLS] token for
the whole image) at the expense of local details. This can
weaken the representation of fine-grained regions (e.g., in-
dividual objects) in the feature map. To address this, LEVE
uses CLIP’s mid-layer patch features to guide and refine the
last-layer patch features, thereby strengthening local region
representations in the query image.

As shown in Figure 3, given a query image Iq , we first
feed it into the CLIP vision encoder. Let X last ∈ RP×D

denote the matrix of patch token features from CLIP’s fi-
nal layer, where P = G × G is the total number of im-
age patches (for a G × G patch grid) and D is the feature
dimension. We also extract the patch token features from
an intermediate layer of the CLIP vision encoder, denoted
Xmid ∈ RP×D. Prior work [2] has observed that these mid-
layer features retain strong local semantic signals, making
them well-suited for enhancing patch-level representations.
Next, we compute a patch-wise similarity matrix using the
intermediate features Xmid. For each pair of patches i and j
(where i, j ∈ {1, . . . , P}), we define the semantic similarity
simmid(i, j) as the cosine similarity between their mid-layer
features:

simmid(i, j) = ⟨Xmid
i , Xmid

j ⟩/∥Xmid
i ∥ ∥Xmid

j ∥ (2)

where ⟨ ⟩ denotes inner product, ∥ ∥ denotes L2 norm. This
measure simmid(i, j) captures the semantic affinity between
patch i and patch j using CLIP’s mid-level representations.
If two patches belong to the same object or region, their
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mid-layer features will be highly similar, yielding a large
simmid(i, j). In this way, the similarity matrix highlights
groups of patches that are semantically related (likely part
of the same object or context), guiding the model to focus
on consistent regions.

We then use the mid-layer similarity matrix to reweight
and aggregate the final-layer features. For each patch i, we
compute a set of weights {wij}Pj=1 that emphasize patches
similar to i (and de-emphasize unrelated patches). Specif-
ically, we normalize the similarities for patch i across all
j ∈ {1, . . . , P} to obtain weights:

wij =
simmid(i, j)∑P
k=1 simmid(i, k)

(3)

These weights wij form a soft affinity distribution over all
patches relative to patch i, grounded in mid-level seman-
tics. Finally, we derive the local-enhanced feature for patch
i ∈ {1, . . . , P} by a weighted sum of all final-layer patch
features, using wij as importance scores:

X̂ last
i =

P∑
j=1

wij X
last
j (4)

Here X̂ last
i is the enriched feature for patch i, which inte-

grates information from other patches that are semantically
similar to i (according to the mid-layer features). This op-
eration enhances the representation of patch i by infusing
context from its related patches, effectively reinforcing the
features of local object regions.

Given the local-enhanced patch features X̂ last, we obtain
region-level features for the query image’s candidate boxes.
We align the candidate boxes like RoIAlign [13] and ag-
gregate the enhanced patch features falling inside each box.
For the n-th predicted box Bn, let Pn be the set of patch in-
dices that lie within that box. We compute the box-enhanced
feature fBn

as follows:

fBn = {
∑
i∈Pn

( ∑
j∈Pn

wij

)
X̂ last

i }/{
∑
i∈Pn

∑
j∈Pn

wij} (5)

fBn represents the feature of region Bn by pooling the patch
features inside that region.

We apply the same LEVE procedure to the support im-
age’s mask region, producing a support-region feature fS .
These semantically and locally enhanced features (fBn

and
fS) provide improved semantic alignment between query
proposals and the support example, facilitating more accu-
rate matching in subsequent stages.

3.3. Vision-Language Alignment Selection
While OWL-ViT [21] provides candidate bounding boxes
conditioned on text prompts in the TCRP stage, these boxes
may include false positives. To mitigate this, we introduce

Algorithm 1 Semantic Mask Refinement (SMR)
Input: selected box Bi, query image Iq , SAM predictor S,
CLIP vision encoder Φ, text feature ft, threshold τ , refined mask set
Mrefine
Output: final mask m∗

Step 1: Mask refinement(
(Bm1

i , Score1, ℓ1),(Bm2

i , Score2, ℓ2),(Bm3

i , Score3, ℓ3)
)

←
S .predict(Bi)

repeat
kmax←argmaxk∈{1,2,3} Scorek(
(Bm1

i , Score1, ℓ1),(Bm2

i , Score2, ℓ2),(Bm3

i , Score3, ℓ3)
)
←

S .predict(Bi, ℓ
kmax )

until N times

Step 2: Mask filtering
kmax←argmaxk∈{1,2,3} Scorek, Mi←Bmkmax

i
fMi
←LEVE(Mi) Ms,i←⟨fMi

, ft⟩/(∥fMi
∥ ∥ft∥)

if Ms,i > τ then
Mrefine←Mrefine ∪ {Mi}

end
m∗←

⋃
M∈Mrefine

M

return m∗

a Vision-Language Alignment Selection (VLAS), illustrated
in Figure 2 b), which filters candidate boxes by evaluating
their semantic alignment with both visual and textual cues.

Specifically, we first calculate the visual similarity
(Sbox-support) between each candidate box feature fBi

and
the support-region enhanced feature fS . This similarity
measures the visual alignment of each predicted region with
the provided support region. Additionally, we compute tex-
tual similarity (Sbox-text) between each box feature fBi and
the text feature ft extracted from the class-name prompt,
capturing their general semantic correspondence.

Combining these visual and textual similarities with
OWL-ViT’s original box class confidence Sowl, we derive
a unified alignment score S̃i for each candidate box as fol-
lows:

S̃i = (Sbox−support + Sbox−text + Sowl)/3 (6)

We also compute a selection threshold TS based on the
mean and deviation of all S̃i:

TS =
1

n

n∑
i=1

S̃i + α

√√√√ 1

n

n∑
i=1

(
S̃i −

1

n

n∑
j=1

S̃j

)2

(7)

We retain only those candidate boxes whose S̃i exceed TS .
This strategy effectively integrates both visual and textual
modalities, ensuring that selected boxes accurately corre-
spond to the target class.

3.4. Semantic Mask Refinement
SAM [15] is highly sensitive to prompts due to its limited
semantic understanding, making prompt quality critical for
accurate segmentation [10]. To address the prompt sensitiv-
ity issues, we explicitly propose a Semantic Mask Refine-
ment (SMR) (Figure 2 c)) that refines and specializes the
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Table 1. Comparison of 1-shot and 5-shot Results on COCO-20i [22]. * denotes training-free methods.

Method Backbone Params (MACs / FLOPs) FPS 1-shot 5-shot
Fold0 Fold1 Fold2 Fold3 mIoU FB-IoU Fold0 Fold1 Fold2 Fold3 mIoU FB-IoU

Mask FSS Method
BAM [17] ResNet50 [12] 52M (497.3G / 996.0G) 20.97 39.4 49.9 46.2 45.2 45.2 71.1 43.2 53.4 49.4 48.1 48.5 73.3

HDMNet [25] ResNet50 [12] 50.9M (595.5G / 1.2T) 13.01 43.8 55.3 51.6 49.4 50.0 72.2 50.6 61.3 55.7 56.0 56.0 77.7
PerSAM* [38] ViT-H [8] 0 (3.0T / 6.0T) 1.94 22.2 24.0 18.6 23.1 21.9 – 31.8 31.4 26.8 29.3 29.8 –
Matcher* [20] DINOv2 [23] & ViT-H [8] 0 (11.5T / 23.0T) 0.24 52.7 53.5 52.6 52.1 52.7 73.6 52.7 53.5 52.6 52.1 52.7 77.0

Class-aware Mask FSS Method
PI-CLIP* [33] ViT-B/16 [8] 0 (595.5G / 959.9G) 4.35 49.3 65.7 55.8 56.3 56.8 – 56.4 66.2 55.9 58.0 59.1 –
PGMA-Net [6] ResNet50 [12] 2.6M (67.85G / 135.7G) 9.74 49.9 56.7 55.8 54.7 54.3 75.8 49.5 61.7 59.1 57.9 57.1 76.7
PGMA-Net [6] ResNet101 [12] 2.7M (126.46G / 252.9G) 7.95 55.2 62.7 60.3 59.4 59.4 78.5 55.9 65.9 63.4 61.9 61.8 79.4

Beyond-Mask [5] ResNet50 [12] 7.6M (88.26G / 177.15G) 12.31 52.6 59.8 57.6 56.8 56.7 76.8 52.3 62.4 60.8 57.0 58.1 77.8
Beyond-Mask [5] ViT-B/16 [8] 8.6M (26.53G / 53.16G) 5.30 51.2 61.8 58.0 55.6 56.7 77.0 53.1 62.4 59.2 56.8 57.9 77.8

Ours* ViT-L/14 [8] & ViT-H [8] 0 (3.6T / 7.2T) 1.10 68.2 71.4 70.8 71.6 70.5 83.6 68.1 72.0 70.9 72.6 70.9 83.9

Table 2. Comparison of 1-shot and 5-shot Results on Pascal-5i [29]. * denotes training-free methods.

Method Backbone Params (MACs / FLOPs) FPS 1-shot 5-shot
Fold0 Fold1 Fold2 Fold3 mIoU FB-IoU Fold0 Fold1 Fold2 Fold3 mIoU FB-IoU

Mask FSS Method
BAM [17] ResNet50 [12] 52M (272.7G / 546.2G) 21.07 69.0 73.6 67.6 61.1 67.8 79.7 70.6 75.1 70.8 67.2 70.9 82.2

HDMNet [25] ResNet50 [12] 50.9M (334.0G / 671.3G) 13.73 71.0 75.4 68.9 62.1 69.4 – 71.3 76.2 71.3 68.5 71.8 –
PerSAM* [38] ViT-H [8] 0 (4.5T / 9.0T) 1.95 45.4 51.1 43.8 38.5 44.7 – 52.6 57.7 51.9 46.5 52.2 –
Matcher* [20] DINOv2 [23] & ViT-H [8] 0 (11.5T / 23.0T) 0.27 67.6 70.3 73.5 67.5 69.8 – 72.9 79.5 74.2 76.0 75.6 –

Class-aware Mask FSS Method
PI-CLIP* [33] ViT-B/16 [8] 0 (478.1G / 959.7G) 4.41 76.4 83.5 74.7 72.8 76.8 87.6 76.7 83.8 75.2 73.2 77.2 –
PGMA-Net [6] ResNet50 [12] 2.6M (67.7G / 135.4G) 9.81 73.4 80.8 70.5 71.7 74.1 83.5 74.0 81.5 71.9 73.3 75.2 84.2
PGMA-Net [6] ResNet101 [12] 2.7M (126.3G / 252.7G) 8.09 76.8 82.3 75.7 75.7 77.6 86.2 77.7 82.7 76.9 77.0 78.6 86.9

Beyond-Mask [5] ResNet50 [8] 7.6M (88.3G / 177.2G) 12.42 76.2 80.4 68.0 76.9 75.4 83.9 76.3 80.8 68.9 77.8 76.0 84.2
Beyond-Mask [5] ViT-B/16 [8] 8.6M (26.5G / 53.2G) 5.38 75.0 79.6 74.7 76.4 76.4 85.3 75.5 79.9 75.9 77.5 77.2 86.0

Ours* ViT-L/14 [8] & ViT-H [8] 0 (3.0T / 6.0T) 1.15 78.9 87.5 83.7 85.8 84.0 91.0 78.9 88.4 84.1 85.8 84.3 91.3

prompts obtained from previous stages, precisely aligning
them with SAM [15] to enable more accurate and semanti-
cally coherent segmentation masks.

The SMR step is summarized in Algorithm 1. First, for
each candidate box produced by the previous VLAS stage,
we feed the box prompt into SAM [15] to obtain an initial
mask for that region. By default, SAM [15] returns up to
three mask candidates per prompt, each with an associated
predicted IoU score. We select the mask with the highest
IoU score and use its predicted mask logits as a new prompt
to SAM [15], obtaining a refined mask. This iterative re-
finement strategy is a common and effective way to quickly
improve the initial mask’s outline using SAM’s own predic-
tions [15, 38]. Next, we incorporate text information to filter
the refined masks. We extract a mask feature fMi for each
mask Mi using the LEVE, and we take the text feature ft
computed in the earlier TCRP stage for the target class. For
each mask, we compute the cosine similarity Ms,i between
its mask feature and the text feature:

Ms,i = ⟨fMi
, ft⟩/∥fMi

∥ ∥ft∥ (8)

where i indexes the i-th mask generated from a selected box
prompt. We then filter the masks by selecting only those
whose similarity exceeds a threshold τ :

Mrefine =
{
Mi

∣∣ i ∈ {1, . . . , n}, Ms,i > τ
}

(9)

meaning that only masks sufficiently relevant to the text
description (target class) are retained. Finally, we simply
merge all the selected masks to produce the final out-
put mask. This SMR refines the initially generated mask
prompts to better align with SAM [15], ensuring that only
the target object’s mask is obtained.

4. Experiments
4.1. Implementation and Evaluation Details

Datasets. To verify the effectiveness and efficiency of the
proposed approach, we evaluate ours and SOTA alternatives
on publicly available FSS benchmarks, Pascal-5i [29] and
COCO-20i [22]. Following previous studies [5, 6, 20, 38],
we adopt the established splits into base and novel classes,
conducting evaluations across all four folds for each dataset
to ensure fair comparisons.

Evaluation metrics. In experiments, we report results us-
ing well-known FSS metrics including mean Intersection-
over-Union (mIoU = 1

C

∑C
c=1

|Pc∩Gc|
|Pc∪Gc| ) [9], Foreground-

Background IoU (FB-IoU = IoUFg+IoUBg

2 ) [28]. We eval-
uate mIoU and FB-IoU separately for each fold and their
averages across all folds, while FPS is averaged over all test
images.

We quantify efficiency using learnable parameters
(Params), frames per second (FPS), multiply–accumulate
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Table 3. Cross-domain evaluation on LVIS [11], WHU [14],
Kvasir [26], and SBU [31]. * denotes training-free methods.

Method Backbone
LVIS WHU Kvasir SBU

mIoU / FPS

PerSAM* [38] ViT-H 11.7 / 1.62 17.44 / 1.57 18.49 / 1.60 19.69 / 1.57

Matcher* [20] DINOv2 & ViT-H 33.0 / 0.44 28.82 / 0.33 27.73 / 0.40 21.35 / 0.24

PI-CLIP* [33] ViT-B/16 5.6 / 16.08 15.68 / 17.05 15.95 / 21.0 20.0 / 20.76

Ours* ViT-L/14 & ViT-H 46.0 / 0.80 31.38 / 0.57 40.15 / 0.85 26.27 / 0.81

operations (MACs), and floating-point operations (FLOPs).

Implementation details. All experiments were conducted
on a single NVIDIA 4090 GPU. For open-vocabulary de-
tection component in our proposed approach, we use OWL-
ViT [21] (ViT-L/14) pretrained on the Objects365 [30] and
WebLI [7]. Visual and textual features were extracted using
CLIP [27] (ViT-L/14) pretrained on web scale image–text
pairs. Finally, masks were generated using SAM [15] (ViT-
H) pretrained on SA-1B.

In our approach, we set the hyperparameter α in Eq. 7,
used for computing the mean and standard deviation in the
VLAS stage, to 0.3. Additionally, the threshold τ in Eq. 9
employed in the SMR stage was set to 0.2. In LEVE, we set
the mid-layer feature extraction to the 8th layer, following
SC-CLIP [2]. The experimental code can be found on our
GitHub repository.

4.2. Performance Evaluation
Table 1 and Table 2 summarize our comparisons with
SOTA FSS methods. We categorize these methods into two
groups: Mask FSS methods, which utilize only mask anno-
tations, and Class-aware FSS methods, which incorporate
additional semantic (class) information.

Well-known mask FSS methods such as BAM [17] and
HDMNet [25], trained solely on visual information from
base classes, often suffer from base-class bias. Besides their
quantitatively lower performance demonstrated in the ta-
bles, qualitative results (refer to Figure 6) for the 1-shot
setting on the Pascal-5i [29] dataset also illustrate that
BAM [17] and HDMNet [25] often fail to clearly distin-
guish novel target objects from adjacent base-class objects
due to their inherent base-class bias.

Training-free SAM-based methods, such as Per-
SAM [38] and Matcher [20], rely purely on visual
prompts derived from support images. PerSAM’s limited
prompt strategy results in lower accuracy, especially on
COCO-20i [22]. Matcher [20] addresses this by generat-
ing richer prompts through bi-directional feature matching,
achieving better results but still suffering from reliance on
visual similarity alone. As illustrated in Figure 6 and the ap-
pendix available on our GitHub repository, Mask-only FSS
methods visually exhibit relatively poor prediction perfor-
mance, particularly when there are noticeable shifts in ap-

Table 4. Ablation study on COCO-20i [22] and Pascal-5i [29].
FSS performance (mIoU, FB-IoU) and efficiency (FPS) results are
presented in the format (COCO-20i) / (Pascal-5i). M-S denotes
MobileSAM, a lightweight SAM variant for resource-constrained
and real-time deployments.

Component OWL SAM VLAS LEVE SMR mIoU FB-IoU FPS

(a) ✓ ✓ 54.6 / 76.6 73.9 / 85.4 1.41 / 1.44

(b) ✓ ✓ ✓ 59.6 / 79.4 77.0 / 87.6 1.08 / 1.25

(c) ✓ ✓ ✓ 67.8 / 81.9 82.0 / 89.6 1.26 / 1.38

(d) ✓ ✓ ✓ ✓ 69.2 / 83.0 82.4 / 90.3 1.17 / 1.29

(e) ✓ ✓ ✓ ✓ ✓ 70.5 / 84.0 83.6 / 91.0 1.10 / 1.15

(f) ✓ M-S ✓ ✓ ✓ 66.0 / 76.2 80.8 / 85.1 1.18 / 1.35

Figure 4. Qualitative visualization corresponding to the ablation
study in Table 4.

Figure 5. Visualization of attention maps from mid-layer feature,
last layer feature, and the resulting local enhanced features in
LEVE.

pearance or scene context between the query and support
images.

Class-aware FSS methods, including PI-CLIP [33]
(training-free), PGMA-Net [6], and Beyond-Mask [5]
(both requiring training), leverage semantic cues, typically
achieving higher segmentation accuracy compared to mask-
only FSS methods.

In comparison, our fully training-free approach achieves
superior results across both datasets and settings by effec-
tively integrating vision and text information, demonstrat-
ing robust and generalizable FSS performance.

To further evaluate the robustness of training-free FSS
approach, we conduct cross-dataset experiments on four
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Figure 6. Qualitative comparison of ours and SOTA FSS methods under noticeable shifts in appearance or scene context between query
and support images.

diverse datasets: LVIS [11] (large-scale general images),
WHU [14] (satellite imagery), Kvasir [26] (medical im-
ages), and SBU [31] (shadow images). The results, summa-
rized in Table 3, show that existing training-free FSS meth-
ods struggle on these unseen domains, exhibiting relatively
low performance. In contrast, our method effectively lever-
ages vision–language alignment to achieve the highest per-
formance across all evaluated domains, demonstrating su-
perior cross-domain generalization.

4.3. Ablation Study

We analyze the contribution of each proposed compo-
nent through an ablation study, as summarized in Table 4.
The baseline model, combining only OWL-ViT [21] and
SAM [15], achieves relatively low performance, primar-
ily due to numerous false-positive segmentations resulting
from unfiltered object proposals. The SMR alone provides
limited gains, as its effectiveness strongly depends on the
initial bounding box quality. VLAS notably improves per-
formance by semantically filtering OWL-ViT [21] propos-
als, substantially reducing incorrect masks. To examine the
complexity–accuracy trade-offs in the training-free FSS via
SAM, we conducted experiments with MobileSAM [37] as
shown in (f). Qualitative results in Figure 4 visually con-
firm incremental mask refinement with each component, il-
lustrating reduced false positives and improved precision.

Further incorporating the LEVE—which merges dis-
criminative mid-layer local features and high-level global

context—leads to additional accuracy improvements. Visu-
alizations in Figure 5 highlight that the combination of mid-
layer and high-layer features provided by LEVE effectively
captures both detailed local structures and broad semantic
contexts.

Overall, our ablation demonstrates the critical roles of
VLAS and LEVE, collectively overcoming limitations of
prior methods and achieving SOTA FSS performance with-
out additional training.

5. Conclusion

We presented a simple training-free few-shot segmentation
approach via vision-language guided prompting, achiev-
ing SOTA performance without any additional model up-
dates. Our approach integrates three key stages: (i) Text-
Conditioned Region Proposal (TCRP) for generating can-
didate bounding boxes and extracting effective region fea-
tures; (ii) Vision-Language Alignment Selection (VLAS) for
selecting semantically relevant boxes; and (iii) Semantic
Mask Refinement (SMR) for precise mask prediction. Lever-
aging the complementary nature of vision and language
information, our framework effectively guides SAM to-
wards the intended object, robustly addressing appearance
and contextual shifts between support and query images.
Extensive experiments on standard benchmarks verify that
our training-free, vision-language prompting approach sur-
passes existing methods, demonstrating its significant po-
tential for few-shot segmentation.
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