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Abstract. Few-shot semantic segmentation typically identifies target
objects based on positive support examples of a single semantic class.
In practice, however, positive cues alone are often underspecified: for
instance, “red cars” may be confused with cars of all colors, “vehicles”
may include cars that should be excluded, and “material-defined objects”
may span multiple categories. Fulfilling precise requests requires posi-
tive exemplars to provide inclusion evidence and negative exemplars to
act as intent-defining constraints for exclusion and disambiguation. We
formulate this setting as Specified Visual Prompt Segmentation
(SVPS), where the target concept is specified by both positive and
negative visual prompts. In this work, visual exemplars refer to support-
image regions specified by bounding-box prompts. To study SVPS, we
introduce CASE (Concept-Aware Segmentation from Positive and Neg-
ative Visual Exemplars), a benchmark built on COCO and PACO. CASE
encompasses six category- and attribute-level task families: exclusion,
isolation, union, attribute exclusion, attribute isolation, and attribute
union. We evaluate SAM 3 under this setting and find that, despite
its powerful positive-only few-shot segmentation capability, frozen SAM
3 does not consistently treat negative visual prompts as exclusion ev-
idence. To address this, we present Concept Prompt Adaptation
(CPA), a conservative LoRA-based adaptation baseline that improves
positive-negative prompt interpretation on CASE while remaining com-
petitive under positive-only few-shot segmentation. Code is available at
https://github.com/WongKinYiu/FSS-CASE.

Keywords: Specified visual prompt segmentation · Few-shot segmen-
tation · Visual prompting · Negative exemplars · SAM 3

1 Introduction

Semantic segmentation [3, 15, 38] is a fundamental task in computer vision that
aims to assign a semantic label to every pixel in an image. Although deep mod-
els have achieved remarkable performance on standard benchmarks, they rely
on large-scale datasets with dense, pixel-level annotations for training. Beyond
⋆ Corresponding author
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Fig. 1: Motivation and overview of CASE. Conventional negative prompts are
commonly used as local refinement signals for an already specified target. In contrast,
Specified Visual Prompt Segmentation (SVPS) treats positive and negative visual ex-
emplars as intent-defining cues. The same query image can therefore induce different
target under different prompts. CASE evaluates this setting through six task families,
requiring a unified model to infer target intent from positive-negative exemplar.

expensive annotation costs, most models are trained on a fixed set of categories,
resulting in limited generalization to unseen objects in open-world scenarios.

Few-shot semantic segmentation (FSS) [26, 28] addresses this limitation by
segmenting novel objects in a query image using only a small number of anno-
tated support examples. Existing FSS methods commonly adopt episodic train-
ing to learn transferable matching mechanisms between support and query im-
ages, such as prototype matching [26, 28], pixel-level correspondence [17, 20],
or cross-image attention [31, 35]. Despite their success on standard FSS bench-
marks, these methods largely formulate the problem as category-level matching:
Namely, given one or more positive support examples, the model is expected to
segment all objects of the same semantic class in the query image.

However, this formulation is overly restrictive for practical visual prompt-
ing. In real-world scenarios, user specifications frequently require both inclusion
and exclusion cues, rather than purely positive category matching. For instance,
positive examples may overgeneralize from “red cars” to all cars, from “buses
and trains” to all vehicles (thereby incorrectly including cars), or from “wooden
chairs” to all chairs rather than wooden objects. These complex targets cannot
be precisely encapsulated by positive examples alone: While positive examples
define what to include, they do not explicitly specify what should be excluded.
Consequently, a model needs to jointly interpret positive and negative visual
prompts to infer the target mask from their relationship.

We define this task as Specified Visual Prompt Segmentation (SVPS),
where the target concept is specified by both positive and negative visual exem-
plars. In this work, visual exemplars are support-image regions represented as
bounding-box prompts. Positive exemplars provide visual evidence for inclusion,
whereas negative exemplars act as intent-defining constraints that specify con-
fusing categories, attributes, or instances to exclude. Unlike conventional FSS,



CASE: Concept-Aware Segmentation from Exemplars 3

SVPS evaluates whether a model can infer a specified target concept from the
interplay between positive and negative exemplars. As illustrated in Fig. 1, this
changes the role of negative prompts from local mask refinement to concept-
level intent specification: different positive-negative exemplar configurations can
induce different target masks for the same query image.

To evaluate this task, we introduce CASE (Concept-Aware Segmentation
from Positive and Negative Visual Exemplars), a benchmark constructed from
COCO [13] and PACO [22] annotations. The CASE benchmark encompasses six
task families spanning category-level and attribute-level concept specification:
exclusion, isolation, and union. These tasks are designed to assess whether a
segmentation model can leverage negative visual prompts as concept-level exclu-
sion evidence, rather than simply appending them as additional prompts without
modeling their relation to the positive visual evidence.

We further study Segment Anything Model 3 (SAM 3) [1] under the SVPS
setting. SAM 3 is a strong vision foundation model for promptable concept seg-
mentation, supporting segmentation from text descriptions, visual exemplars,
or their combination. A recent shared-canvas formulation [27] has shown that
support and query images can be placed in a single spatial canvas, enabling a
fully frozen SAM 3 to perform few-shot segmentation without additional training
or architectural modification. This makes SAM 3 a suitable testbed for study-
ing whether promptable segmentation models can handle positive-negative visual
prompts beyond positive-only matching. Unlike general promptable concept seg-
mentation in SAM 3 [1], where different prompt types serve as alternative ways
to refer to a concept, SVPS evaluates whether positive and negative exemplars
can jointly specify a constrained target concept.

However, the same line of evidence also reveals a key limitation: directly
adding negative visual prompts to the few-shot segmentation pipeline does not
necessarily improve performance and may even suppress target objects [27]. This
behavior contradicts the intended role of negative prompts as exclusion cues. It
suggests that, although SAM 3 can effectively exploit positive visual prompts, it
does not inherently parse negative prompts as precise exclusion constraints. In
few-shot settings, negative prompts may instead compete with positive prompts
and weaken or suppress predicted target masks.

To address this issue, we propose Concept Prompt Adaptation (CPA), a
lightweight, LoRA-based adaptation strategy tailored for SAM 3 under positive-
negative visual prompting. We use the term concept to highlight that CPA adapts
the model to target concepts specified by positive-negative visual evidence. CPA
updates only low-rank adaptation parameters while keeping the pretrained model
frozen. Furthermore, we introduce positive-only preservation regularization that
keeps the adapted model close to frozen SAM 3 when negative prompts are ab-
sent. This provides a conservative yet effective adaptation baseline that balances
SVPS improvement on CASE while mitigating standard FSS degradation.

The primary contributions of this work are summarized as follows:
– We introduce SVPS, a new segmentation paradigm where positive and neg-

ative visual exemplars jointly specify a target concept.
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– We present CASE, a benchmark for SVPS built upon COCO and PACO,
covering six category- and attribute-level concept specification tasks.

– We propose CPA, a lightweight LoRA-based adaptation baseline equipped
with positive-only preservation regularization, and evaluate the adaptation-
preservation trade-off on both SVPS and positive-only FSS benchmarks.

2 Related Work

2.1 Few-Shot Semantic Segmentation

Few-shot semantic segmentation (FSS) [26,28] aims to segment novel categories
in a query image given only a small number of annotated support examples. Early
approaches commonly adopt episodic training to learn matching functions. A
prominent line of work represents support evidence with prototypes or prototype-
enhanced class summaries [7, 12,26,28]. Although prototype-based methods are
efficient, compressing multiple support masks into a global vector discards fine-
grained spatial details crucial for precise localization.

To preserve richer support-query correspondences, subsequent methods ex-
plore pixel- or region-level matching through hypercorrelation [17], dense match-
ing [20], or cross-attention [31, 35]. Despite effectiveness on FSS, these methods
work under the restrictive assumption that the support set provides solely posi-
tive evidence for a single semantic class. Hence, the task is reduced to category-
level matching, where the model merely transfers a positive support concept to
the query image. In contrast, our work studies a more expressive setting where
a target concept is jointly specified by positive and negative visual prompts.

2.2 Foundation Models for Promptable Segmentation

Vision foundation models such as CLIP [21] and DINO [2, 19] provide general-
purpose visual representations that have reshaped many recognition [37, 40, 41]
and segmentation [16,23,30,39] tasks. Building on this trend, the Segment Any-
thing Model (SAM) [11] demonstrates remarkable class-agnostic segmentation
capabilities through spatial prompts such as points and boxes. Several works
adapt SAM to FSS by generating visual reference prompts from support im-
ages [14, 25, 34]. While effective, these methods often introduce additional com-
ponents, such as visual reference encoders [25], graph-based prompt refinement
modules [34], or prompt-learning/adaptation modules [4, 9], to bridge the gap
between support examples and query segmentation.

SAM 2 [24] extends promptable segmentation to videos through a memory
mechanism for frame-to-frame mask propagation. Recent FSS methods based
on SAM 2, such as FSSAM [32] and SANSA [5], adapt this memory mechanism
by treating support images as memory references and query images as target
frames. However, these memory-based formulations are primarily designed for
temporal consistency and object tracking, making them suboptimal for semantic
correspondences across temporally disjoint images.
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SAM 3 [1] introduces Promptable Concept Segmentation (PCS), where an
object concept can be specified by text prompts, positive or negative image ex-
emplars, or their combinations. Native prompting operates on the image being
segmented, whereas CASE requires cross-image transfer. A recent shared-canvas
pipeline [27] further enables frozen SAM 3 to perform training-free FSS by plac-
ing support and query images into a single canvas, but directly incorporating
negative prompts can degrade segmentation quality and suppress target objects.
Rather than treating negative exemplars as interactive refinements to an existing
concept prompt, SVPS studies whether positive and negative visual exemplars
can jointly define complex target concepts through inclusion and exclusion roles.

2.3 Visual Prompting and Negative Prompts

Prompt design is crucial to foundation segmentation models. Existing works
mainly improve positive guidance through visual reference prompts [25, 36],
support-query feature matching [14, 34], learnable prompts or adaptation mod-
ules [4,9], and text- or image-guided prompting [6,16,29]. These mechanisms are
used to localize a target object or transfer a positive support concept to a query
image. Target concept ambiguity is commonly mitigated by strengthening posi-
tive evidence through refined localization [36], support-query matching [14, 34],
or multimodal guidance [6, 16,23,29].

Negative prompts remain less explored in exemplar-based FSS. While neg-
ative points or boxes are commonly expected to suppress unwanted regions in
user-interactive segmentation [11,24], this assumption may not transfer directly
to FSS, where negative exemplars define semantic exclusion constraints rather
than merely correct local mask errors. Recent SAM 3-based FSS results [27] sug-
gest that directly appending negative prompts reduces segmentation quality and
suppresses target objects. This indicates that current promptable segmentation
models fail to utilize negative visual prompts as exclusion evidence.

Beyond category-level segmentation, referring expression segmentation spec-
ifies targets through language descriptions involving attributes or context [6,10,
29, 33], while datasets such as PACO [22] evaluate attribute-level visual under-
standing. Although language can describe constraints, subtle visual distinctions
are easier to specify through visual examples. Motivated by this gap, we define
Specified Visual Prompt Segmentation (SVPS), where positive and negative
visual prompts jointly specify a target concept rather than serving as auxil-
iary inputs. The proposed CASE (Concept-Aware Segmentation from Positive
and Negative Visual Exemplars) benchmark systematically evaluates whether
models can infer target concepts from positive-negative exemplar relationships,
covering exclusion, isolation, union, and attribute-level disambiguation.

3 The CASE Benchmark

3.1 Benchmark Overview

We introduce CASE, a benchmark for SVPS. Traditional few-shot segmenta-
tion benchmarks evaluate whether a model can transfer a single positive support
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Table 1: Task taxonomy of the CASE benchmark. Each task specifies a target
concept through positive and negative visual exemplars.

Task Target Concept Positive Exemplars Negative Exemplars Challenge

SuperEx Supercategory excluding
one class, e.g., vehicles
except cars.

Included classes from
the supercategory, e.g.,
buses and trains.

The excluded class, e.g.,
cars.

Generalize to a broad
group while enforcing
explicit exclusion.

FineIso One fine-grained class
within a supercategory,
e.g., dogs.

Target class instances,
e.g., dogs.

Related distractor
classes, e.g., cats or
sheep.

Isolate a target class
from visually close
distractors.

Union Classes sharing a
common function, e.g.,
furniture for resting.

Functionally related
classes, e.g., beds and
sofas.

Related classes with
different functions, e.g.,
chairs or tables.

Infer functional
commonality across
distinct objects.

AttrEx A category excluding
one attribute, e.g.,
non-red cars.

Instances without the
excluded attribute, e.g.,
black or white cars.

Instances with the
excluded attribute, e.g.,
red cars.

Apply visual negation
by fine-grained
attribute differences.

AttrIso A category with one
specified attribute, e.g.,
red cars.

Target attribute
instances, e.g., red cars.

Same category with
other attributes, e.g.,
blue or white cars.

Separate attribute-
specific targets from
general object identity.

AttrUnion An attribute shared
across categories, e.g.,
wooden objects.

Diverse classes with the
attribute, e.g., wooden
chairs or bowls.

Similar classes without
the attribute, e.g.,
plastic chairs or bowls.

Group objects by
attribute while avoiding
category or shape bias.

concept to a query image. In contrast, CASE requires models to infer target
concepts by joint reasoning over both positive and negative visual exemplars.
Positive exemplars define regions to include, whereas negative exemplars specify
related categories, attributes, or instances that must be excluded.

CASE is built on COCO [13] and PACO [22]. COCO provides category
and supercategory annotations for category-level concept specification, while
PACO offers annotations for fine-grained attribute-level concept specification.
Each episode provides support-image bounding boxes as visual exemplars and
requires the model to predict the target mask in the query image.

3.2 Task Taxonomy

As summarized in Tab. 1, CASE encompasses six task families that evaluate dif-
ferent facets of positive-negative concept specification. The category-level tasks
comprise supercategory exclusion (SuperEx), fine-grained isolation within a su-
percategory (FineIso), and functional union across related categories (Union).
The attribute-level tasks include exclusion (AttrEx), isolation (AttrIso), and
cross-category union (AttrUnion). Together, these tasks assess whether a model
can move beyond naive positive matching and leverage negative exemplars as
exclusion or boundary constraints for precise target concept specification.

3.3 Episode Construction

Following the standard FSS protocol, CASE is organized in an episodic format.
Each episode consists of a support set with positive and negative bounding-box
prompts, a query image, and a binary ground-truth query mask. The support
prompts specify the target concept, and the query mask serves as the expected
segmentation output in the query image for evaluation.

To construct an episode, we first instantiate a positive-negative concept def-
inition using COCO or PACO annotations, such as a supercategory paired with
an excluded class, a function-driven category group, or an attribute-defined ob-
ject group. We then sample support images containing the required positive and
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negative exemplars. Query images are sampled independently to contain target
objects and optionally include distractors. The target mask is generated from
the underlying annotations according to the instantiated concept definition.

This design prevents the task from being solved by simply matching a posi-
tive support example. Because negative exemplars explicitly define what should
be rejected or separated from the target, the model must infer the intended con-
cept from the interplay between positive and negative prompts. Detailed per-task
statistics and construction parameters are provided in the supplementary mate-
rial, Sec. CASE Benchmark Construction.

4 Method

4.1 Task Formulation

Specified Visual Prompt Segmentation (SVPS) extends conventional FSS by
defining the target concept through both positive and negative visual exemplars.
Specifically, each episode contains a K-shot support set S = {(Isi ,B

+
i ,B

−
i )}Ki=1

and a query image Iq with the ground-truth mask Mq. The positive bounding
boxes B+

i enclose visual evidence that must be included, whereas the negative
boxes B−

i indicate irrelevant distractors to be excluded. Given these inputs, the
model fθ, parameterized by θ, predicts a binary mask M̂q for the query image:

M̂q = fθ(S, Iq). (1)

Conventional FSS can be viewed as a special case of SVPS where B−
i = ∅ for

all support examples. Therefore, an SVPS model should leverage negative exem-
plars to suppress distractors when they are provided, while retaining competitive
segmentation performance under the positive-only setting.

4.2 Model Overview

Fig. 2 illustrates our Concept Prompt Adaptation (CPA) pipeline. CPA
adapts SAM 3 [1] to SVPS by augmenting the original SAM 3 detector with two
trainable LoRA [8] modules while keeping the original SAM 3 weights frozen.
We separate the pipeline into two parts: (i) the shared-canvas input construction
from the support set S and query image Iq, and (ii) the CPA-adapted SAM 3
forward path, where one LoRA module is attached to the transformer encoder
and the other is attached to the transformer decoder.

Given S and Iq, CPA first composes them into a shared canvas Ic and trans-
forms the positive and negative boxes into the canvas coordinate system [27]. The
canvas image is processed by the SAM 3 image encoder, while the transformed
prompt boxes are processed by the geometry encoder. The resulting features are
passed through the SAM 3 transformer encoders and decoders, then through the
prediction heads. The detector outputs mask logits Zc, boxes, and confidence
scores sc on the composite canvas. We crop the query region from Zc to obtain
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Fig. 2: Overview of Concept Prompt Adaptation (CPA). A K-shot support
set S and query image Iq are composed into a shared canvas Ic, with positive and
negative support boxes used as visual prompts. CPA augments the original SAM 3
detector with two trainable LoRA modules while keeping the original SAM 3 weights
frozen. The final query prediction is obtained from the cropped query outputs Zq and
sq. The inset summarizes the two prompting conditions used during training; their
formal objectives are defined in Sec. 4.5.

query logits Zq, with corresponding confidence scores denoted as sq. The final
query prediction M̂q is derived from Zq.

During training, CPA is optimized under two prompting conditions. In the
positive-negative condition, the adapted model receives both B+ and B− and is
supervised by the CASE target mask Mq. In the positive-only preservation con-
dition, only B+ is provided, and the adapted model is regularized to remain close
to the original frozen SAM 3 prediction under the same positive-only input. The
following subsections describe the shared-canvas formulation, LoRA placement
in CPA, and the training objective, respectively.

4.3 Shared-Canvas Prompting

Following FSS-SAM3 [27], we adopt a shared-canvas formulation to process the
support and query images within a unified spatial and attention space. The
support set and query image are composed into a single image-like canvas:

Ic = Compose(S, Iq), (2)

and all support boxes {B+
i ,B

−
i }Ki=1 are transformed into the coordinate system

of Ic. The composite image and box prompts are then fed into SAM 3.
This formulation allows support and query regions to interact within the

same attention space while reusing SAM 3’s native box-prompt interface, elim-
inating the need for an explicit module. The SAM 3 detector heads output
composite mask logits Zc, boxes, and confidence scores sc. We crop the query
region from the composite logits to obtain query logits Zq = Cropq(Z

c), and use
the corresponding confidence scores sq to select or rank predictions. The binary
query mask is obtained from the selected query logits as M̂q = 1[σ(Zq) > τ ],
where σ(·) denotes the sigmoid function and τ is the mask threshold. For CASE
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episodes, both positive and negative boxes are used. For positive-only evaluation
and preservation regularization, only positive boxes are provided.

4.4 LoRA-Based Concept Prompt Adaptation

Frozen SAM 3 already provides strong positive-only few-shot segmentation be-
havior, but it does not interpret negative visual prompts as concept-level exclu-
sion cues. To address this limitation, CPA adapts SAM 3 to positive-negative
prompting while mitigating degradation of its original positive-only behavior.
Let f denote the original frozen SAM 3. CPA constructs an adapted model fθ
by augmenting f with two trainable LoRA modules: one attached to the trans-
former encoder and the other attached to the transformer decoder. All original
SAM 3 parameters remain frozen, and θ contains only the parameters of these
LoRA modules. For a pretrained attention projection matrix W ∈ Rdout×din ,
each LoRA module replaces the effective projection by

W ′ = W +∆W, ∆W =
α

r
BA, (3)

where A ∈ Rr×din and B ∈ Rdout×r are trainable matrices of rank r ≪ min(din, dout),
and α is a scaling factor. The LoRA modules shown in Fig. 2 correspond to low-
rank updates injected into the transformer encoder and decoder.

4.5 Training Objective

CPA is optimized with two objectives: an SVPS segmentation loss for positive-
negative prompting and a preservation loss for maintaining positive-only behav-
ior. Let fθ denote the adapted model and f denote the original frozen SAM 3
model. Given positive and negative prompts, the adapted model predicts query
logits Zq

θ,±. We supervise this prediction using the ground-truth query mask Mq:

L±
svps = Lmask(Z

q
θ,±,M

q), where Zq
θ,± = Cropq(fθ(I

c,B+,B−)) (4)

and Lmask combines sigmoid focal loss and Dice loss. The superscript ± indicates
that the prediction is conditioned on both positive and negative prompts.

The preservation loss is computed under the positive-only prompting condi-
tion. For the same episode, the original frozen model f produces reference query
logits Zq

f,+ using only positive boxes. Under the same prompting condition, the
adapted model fθ outputs query logits Zq

θ,+. We penalize the discrepancy be-
tween the two probability maps using the squared L2 norm:

L+
pres =

∥∥∥σ(Zq
θ,+)− σ(Zq

f,+)
∥∥∥2
2
, where (5)

Zq
θ,+ = Cropq(fθ(I

c,B+)) and Zq
f,+ = Cropq(f(I

c,B+)), (6)

and σ(·) denotes the sigmoid function. The superscript + indicates that this
term is computed under the positive-only prompting condition.
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The final training objective is:

L = L±
svps + λpresL+

pres, (7)

where λpres controls the strength of positive-only preservation.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate CPA under two settings.

CASE. CASE evaluates specified visual prompt segmentation with positive
and negative visual exemplars. It contains six task families constructed from
COCO [13] and PACO [22]: SuperEx, FineIso, and Union for category-level con-
cepts, and AttrEx, AttrIso, and AttrUnion for attribute-level concepts. Each
episode provides positive and negative support boxes, a query image, and a bi-
nary target mask defined by a structured concept specification, such as category
exclusion, fine-grained isolation, functional union, attribute isolation, attribute
union, or attribute exclusion. The evaluation split is fixed at the episode level
to ensure deterministic comparison across models.

Standard FSS benchmark. We evaluate the CASE-trained CPA checkpoints di-
rectly on all four COCO-20i folds [13, 18], without retraining or fold-specific
tuning. COCO-20i is a standard few-shot segmentation benchmark derived from
COCO, where the 80 object categories are divided into four folds with 20 cate-
gories per fold. We report results under both 1-shot and 5-shot settings. Since
standard FSS uses only positive support annotations, each support mask is con-
verted into its tight bounding box and used as a positive visual prompt.

Evaluation Metrics. We use mean Intersection-over-Union (mIoU) as the pri-
mary metric. For CASE, we report task-wise mIoU and the average mIoU across
all tasks. We further aggregate results into category-level and attribute-level
groups. For COCO-20i, we report fold-wise and mean mIoU under the standard
positive-only 1-shot and 5-shot protocols.

Implementation Details. CPA is built on SAM 3 using the shared-canvas for-
mulation of FSS-SAM3 [27], where support and query images are composed into
a single 1008×1008 canvas. Positive and negative visual prompts are represented
as support bounding boxes. We keep the pretrained SAM 3 weights frozen and
insert LoRA modules into transformer encoder and decoder layers, resulting in
1.13M trainable parameters. CPA is trained with AdamW at a learning rate of
1× 10−4, with LoRA rank r = 16 and scaling factor α = 32. Standard FSS eval-
uation follows the positive-only prompting protocol, which is also used for the
preservation regularization. Query masks are binarized at τ = 0.5. Additional
details are provided in the supplementary material, Sec. Implementation Details.
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Table 2: CASE benchmark results: task-wise and average mIoU across six tasks.

Method Prompt SuperEx FineIso Union AttrEx AttrIso AttrUnion Mean

1-shot

GF-SAM [34] Pos Only 24.87 35.61 33.25 16.74 17.44 10.26 23.03
FSSAM [32] Pos Only 28.55 38.97 35.89 17.28 15.87 14.83 25.23
SANSA [5] Pos Only 26.96 53.65 29.83 15.65 22.48 17.07 27.61
FSS-SAM3 [27] Pos Only 28.80 56.23 43.43 20.05 19.83 15.32 30.61
FSS-SAM3 [27] Pos+Neg 26.22 20.43 30.52 17.06 6.33 11.17 18.62

CPA (Ours) Pos Only 27.04 46.64 38.11 20.29 24.46 14.36 28.48
CPA (Ours) Pos+Neg 37.11 56.70 52.07 21.98 28.74 18.39 35.83

5-shot

GF-SAM [34] Pos Only 35.60 49.44 45.36 20.87 22.76 19.91 32.32
FSSAM [32] Pos Only 37.11 55.13 44.51 17.76 17.87 20.61 32.17
SANSA [5] Pos Only 34.37 61.55 36.89 18.45 25.24 23.87 33.40
FSS-SAM3 [27] Pos Only 39.07 62.38 53.72 23.11 25.21 25.13 38.10
FSS-SAM3 [27] Pos+Neg 39.76 50.83 47.50 20.74 21.48 24.55 34.14

CPA (Ours) Pos Only 45.85 62.23 49.23 25.82 25.83 26.84 39.30
CPA (Ours) Pos+Neg 49.39 66.00 56.05 26.08 27.64 27.71 42.15

Table 3: Aggregated CASE results by category-level and attribute-level concepts.

Method Prompt 1-shot 5-shot

Category Attribute Mean Category Attribute Mean

GF-SAM [34] Pos Only 31.24 14.81 23.03 43.47 21.18 32.32
FSSAM [32] Pos Only 34.47 15.99 25.23 45.58 18.75 32.17
SANSA [5] Pos Only 36.81 18.40 27.61 44.27 22.52 33.40
FSS-SAM3 [27] Pos Only 42.82 18.40 30.61 51.72 24.48 38.10
FSS-SAM3 [27] Pos+Neg 25.72 11.52 18.62 46.03 22.26 34.14

CPA (Ours) Pos Only 37.26 19.70 28.48 52.44 26.16 39.30
CPA (Ours) Pos+Neg 48.63 23.04 35.83 57.15 27.14 42.15

5.2 Main Results on CASE

Tab. 2 shows that CASE exposes limitations that are not visible in standard
positive-only FSS. Positive-only methods remain competitive on tasks close to
category matching, especially FineIso, but they cannot explicitly encode what
should be rejected. This becomes clear on exclusion, union, and attribute-based
tasks, where a target concept cannot be specified by positive similarity alone.
Directly adding negative prompts to frozen SAM 3 is also ineffective: FSS-SAM3
drops from 30.61 to 18.62 in 1-shot and from 38.10 to 34.14 in 5-shot. This sug-
gests that the frozen model is not calibrated to treat negative boxes as concept-
level exclusion cues; instead, they can act as unstable suppression signals.

By adapting SAM 3 to use negative exemplars relative to positive anchors,
CPA improves over its positive-only variant from 28.48 to 35.83 in 1-shot and
from 39.30 to 42.15 in 5-shot. The improvement is consistent across both category-
level and attribute-level tasks, showing that lightweight adaptation enables the
model to interpret positive and negative supports as a structured concept spec-
ification rather than as independent box prompts.

As shown in Tab. 3, foundation models favor category-level over attribute-
level concepts due to object-centric priors. This highlights the value of CASE as
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Table 4: Comparison with state-of-the-art FSS methods on COCO-20i. CPA
is evaluated under the standard positive-only protocol.

Method Type 1-shot 5-shot

200 201 202 203 Mean 200 201 202 203 Mean

PFENet [26] Classical FSS 36.5 38.6 34.5 33.8 35.8 36.5 43.3 37.8 38.4 39.0
HSNet [17] Classical FSS 36.3 43.1 38.7 38.7 39.2 43.3 51.3 48.2 45.0 46.9
BAM [12] Classical FSS 43.4 50.6 47.5 43.4 46.2 49.3 54.2 51.6 49.6 51.2
HDMNet [20] Classical FSS 43.8 55.3 51.6 49.4 50.0 50.6 61.6 55.7 56.0 56.0

Matcher [14] Foundation-based 52.7 53.5 52.6 52.1 52.7 60.1 62.7 60.9 59.2 60.7
GF-SAM [34] Foundation-based 56.6 61.4 59.6 57.1 58.7 67.1 69.4 66.0 64.8 66.8
SANSA [5] Foundation-based 58.9 62.6 61.5 58.0 60.2 – – – – 67.3
FSSAM [32] Foundation-based 59.9 65.6 62.1 61.6 62.3 68.6 74.0 64.5 69.9 69.3
FSS-SAM3 [27] Foundation-based 64.2 66.8 67.7 67.5 66.6 68.6 72.5 72.5 73.6 71.8

CPA (Ours) Ours 61.1 64.3 59.2 61.6 61.6 74.4 74.1 74.6 76.2 74.8

Table 5: Effect of positive-only preservation. CASE is evaluated with positive-
negative prompts, while COCO-20i is evaluated under the standard FSS protocol.

Method CASE COCO-20i

Category Attribute Mean 1-shot 5-shot

FSS-SAM3 [27] 25.7 11.5 18.6 66.6 71.8
CPA w/o Preservation 50.6 25.2 37.9 50.8 66.8
CPA 48.6 23.0 35.8 61.6 74.8

a broader benchmark evaluating visual exclusions, compositional groupings, and
attribute-defined targets. Comparing CPA with and without negative prompts
shows that negative exemplars provide complementary support, improving the
CASE mean from 28.48 to 35.83 in 1-shot and from 39.30 to 42.15 in 5-shot. The
gains are more pronounced on category-level concepts, suggesting that negative
prompts are especially useful when the target set can be refined by excluding re-
lated object categories or disambiguating broad concept groups. Attribute-level
gains are smaller but consistent, indicating that material and color reasoning re-
mains difficult. Detailed breakdowns are provided in the supplementary material,
Sec. Additional Experimental and Qualitative Results.

5.3 Positive-Only FSS Evaluation

Although CPA is trained for SVPS, we evaluate its positive-only FSS behavior
on COCO-20i under the standard protocol, where support masks are converted
into tight bounding boxes. As shown in Tab. 4, CPA obtains 61.6 mIoU in 1-
shot, which is lower than FSS-SAM3. However, CPA achieves the best 5-shot
performance, 74.8 mIoU, among all methods. This suggests that the adapted
model remains responsive to positive visual prompts and can effectively exploit
additional support evidence when multiple exemplars are available.

5.4 Ablation and Sensitivity Analysis

Effect of preservation regularization. Tab. 5 shows the adaptation–preservation
trade-off. Removing preservation gives the best CASE performance, but substan-
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Table 6: Negative prompt sensitivity on CASE-NegStress. We report mIoU
(%). The full per-task results are provided in the supplementary material.

Group Method 0 Neg 1 Neg 2 Neg All Neg

Category FSS-SAM3 [27] 37.28 29.82 21.86 12.53
CPA 49.29 59.66 60.27 59.19

Attribute FSS-SAM3 [27] 10.04 8.68 5.40 2.74
CPA 18.22 24.12 25.49 22.75

Overall FSS-SAM3 [27] 23.66 19.25 13.63 7.63
CPA 33.76 41.89 42.88 40.97

tially degrades COCO-20i positive-only FSS. Adding preservation slightly lowers
CASE mIoU, yet recovers much of the positive-only FSS ability and yields strong
5-shot COCO performance. We therefore use the preservation-regularized CPA
as the default, since it improves SVPS while maintaining the usability of SAM
3 under conventional positive prompts.

Negative prompt sensitivity. CASE-NegStress is a dedicated 1-shot subset
that fixes the query image, target mask, positive prompts, and candidate nega-
tive pool while varying only the negative-prompt count; 0-Neg denotes Pos-only
on this subset, not full CASE. As shown in Tab. 6, FSS-SAM3 degrades sharply
as more negatives are added, dropping from 23.66 to 7.63 overall mIoU. In con-
trast, CPA improves from 33.76 to 40.97. This indicates that CPA learns to
interpret negative prompts relative to positive anchors, while the original SAM
3 treats them as unstable suppression signals.

5.5 Qualitative Results and Limitations

Qualitative Results. Fig. 3 presents representative qualitative comparisons
on CASE. SAM 3 with positive-only prompting often misses valid target regions
or fails to respect the intended exclusion or attribute constraint. Naively adding
negative prompts to SAM 3 remains unstable and may suppress valid target
regions together with distractors. CPA with positive-only prompting remains
responsive to positive prompts, but may retain distractor regions because the
target concept remains underspecified without negative exemplars, especially
for exclusion and attribute-based tasks. CPA with positive-negative prompting
provides the most consistent predictions, producing masks that better match the
concept jointly specified by positive and negative visual exemplars.

Limitations. Attribute-level tasks remain challenging when color or material
cues are subtle or ambiguously annotated, and cross-category attribute union is
particularly difficult because the model must group visually diverse objects by
a shared property rather than by category or shape. CASE is also limited by
the categories, masks, and attributes available in COCO and PACO. Additional
qualitative results and failure cases are provided in the supplementary material,
Secs. Additional Qualitative Results and Failure Cases and Limitations.
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Fig. 3: Qualitative comparison on CASE. Green/red boxes in the support image
indicate positive/negative visual prompts. Yellow contours denote ground-truth query
masks, and blue overlays denote model predictions. We compare SAM 3 (FSS-SAM3)
and CPA under positive-only and positive-negative prompting.

6 Conclusion

We introduced Specified Visual Prompt Segmentation (SVPS), a new
segmentation setting, where positive and negative visual exemplars jointly spec-
ify target concepts. To evaluate this setting, we constructed CASE (Concept-
Aware Segmentation from Positive and Negative Visual Exemplars), a bench-
mark built upon COCO and PACO annotations with six category- and attribute-
level task families. Our experiments show that while frozen SAM 3 exhibits
strong few-shot segmentation capabilities with solely positive prompts, it strug-
gles to reliably interpret negative visual exemplars as exclusion evidence. To
address this limitation, we presented Concept Prompt Adaptation (CPA), a
lightweight LoRA-based adaptation baseline to enhance positive-negative prompt
interpretation. CPA significantly improves performance on CASE while keep-
ing competitive performance under positive-only FSS setups. We believe that
CASE can serve as a useful testbed for future research on positive-negative visual
prompting, negative exemplars, and concept-level visual prompt segmentation.
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