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Abstract. The Segment Anything Model (SAM) has demonstrated re-
markable zero-shot capability and flexible geometric prompting in gen-
eral image segmentation. However, it often struggles in domains that
are either sparsely represented or lie outside its training distribution,
such as aerial, medical, and non-RGB images. Recent efforts have pre-
dominantly focused on adapting SAM to these domains using fully su-
pervised methods, which necessitate large amounts of annotated train-
ing data and pose practical challenges in data collection. This paper
presents CAT-SAM, a ConditionAl Tuning network that explores few-
shot adaptation of SAM toward various challenging downstream domains
in a data-efficient manner. The core design is a prompt bridge struc-
ture that enables decoder-conditioned joint tuning of the heavyweight
image encoder and the lightweight mask decoder. The bridging maps the
domain-specific features of the mask decoder to the image encoder, fos-
tering synergic adaptation of both components with mutual benefits with
few-shot target samples only, ultimately leading to superior segmentation
in various downstream tasks. We develop two CAT-SAM variants that
adopt two tuning strategies for the image encoder: one injecting learn-
able prompt tokens in the input space and the other inserting lightweight
adapter networks. Extensive experiments over 11 downstream tasks show
that CAT-SAM achieves superior segmentation consistently even under
the very challenging one-shot adaptation setup.

Keywords: Segment Anything Model - Few-shot Learning - Parameter
Efficient Tuning

1 Introduction

Accurate image segmentation is a fundamental computer vision task that plays a
pivotal role in various applications such as robotics, autonomous driving, health-
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Fig. 1: The proposed CAT-SAM performs ConditionAl joint Tuning (CAT) to estab-
lish communication between SAM’s heavyweight image encoder and lightweight mask
decoder. This enables synergistic adaptation of the two network components, mitigat-
ing tuning imbalances and improving few-shot SAM adaptation.

care, earth observation, etc. The recently developed Segment Anything Model
(SAM) |23], trained with 1.1 billion masks, has emerged as a momentous leap for-
ward in image segmentation. By taking geometric prompts with points, boxes, or
masks as input, SAM demonstrates remarkable zero-shot capability for general
image segmentation, as well as great potential for fine-grained mask segmenta-
tion in different downstream tasks across a variety of contexts.

On the other hand, SAM often fails to generate high-quality predictions when
dealing with domains that are either sparsely represented or lie outside its train-
ing distribution [5l19], such as challenging RGB images including aerial, medical,
and intricate structural images, as well as non-RGB images like X-ray, Sonar,
Synthetic Aperture Radar (SAR) images, etc. This greatly undermines the ver-
satility and applicability of SAM as a foundational segmentation model while
handling various downstream tasks. Several studies attempted to address this
issue by fine-tuning SAM with a large number of target samples with mask
annotations [21}/30]. However, they require extensive masked images for each
specialized field, posing a formidable task with poor scalability. How to effec-
tively adapt SAM toward various downstream tasks in a data-efficient manner
has become an essential challenge in the segmentation field.

We exploit few-shot target samples for effective and efficient adaptation of
SAM toward various downstream tasks. Inspired by the recent advancements in
parameter-efficient tuning for foundation models |1}/13], we freeze the entire SAM
and lightly expand its image encoder and mask decoder with a tiny amount of
learnable parameters. This expansion preserves SAM’s zero-shot capabilities and
flexibility while capturing domain-specific features that are essential for the seg-
mentation of downstream data. However, SAM’s image encoder is much larger
than its mask decoder, which directly leads to tuning imbalance and further sub-
optimal adaptation, especially under the limited supervision of few-shot target
samples.

To address this challenge, we design CAT-SAM, a novel ConditionAl Tuning
network for effective and data-efficient adaptation of SAM. The key idea is to ex-
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ploit the lightweight decoder tuning to guide the heavyweight encoder tuning and
formulate decoder-conditioned joint tuning of both as depicted in Fig.[I} To this
end, we design a prompt bridge structure that maps the domain-specific features
from the mask decoder to the image encoder. With the collaboration between the
two partners, CAT-SAM enables synergistic adaptation of both which mitigates
the tuning imbalance and improves the few-shot SAM adaptation effectively.
In addition, the prompt bridge can be seamlessly embedded into two represen-
tative tuning approaches, including prompt tuning [20}[25,/27] that introduces
learnable prompt tokens into the input space and adapters [15}29,37,/38] that
leverage lightweight adaptive networks. This directly leads to two CAT-SAM
variants, namely, CAT-SAM-T and CAT-SAM-A. Extensive evaluations over 11
diverse and challenging downstream tasks show that both variants achieve su-
perior adaptation and segmentation with few-shot target samples only.

The major contributions of this work can be summarized in three aspects.
First, we propose CAT-SAM, a conditional tuning network that enables effective
and data-efficient adaptation of SAM toward various challenging downstream do-
mains. We design prompt bridge within CAT-SAM, a decoder-conditioned joint
tuning structure that enables synergistic and data-efficient adaptation of the
heavyweight image encoder and the lightweight mask decoder effectively. Sec-
ond, we develop two CAT-SAM variants by embedding the prompt bridge into
two representative tuning strategies, one introducing learnable prompt tokens in
the input space and the other inserting lightweight adapter networks. Third, ex-
tensive experiments over 11 diverse segmentation datasets show that CAT-SAM
achieves superior image segmentation consistently even under the challenging
one-shot setup.

2 Related Work

Parameter-Efficient Tuning for foundation models has become increasingly
crucial due to the over-size model parameters and costly one-task-one-model de-
ployment. One popular approach involves updating only the newly added learn-
able parameters while keeping the model backbone frozen. These lightweight pa-
rameters are often introduced in two ways: 1) as prompt tuning [12,/20,[22//58] by
adding learnable tokens to input tokens at transformer layers, 2) as adapters |11}
29.37.,138|49] by integrating learnable lightweight sub-networks into transformer
layers. However, prior visual studies primarily focus on adapting single backbone
modules [3}20,[29] or dual encoder backbones for vision-language tasks [22,/57],
which are suboptimal tuning solutions while applying to SAM due to its particu-
lar architecture of a heavyweight image encoder and a lightweight mask decoder.
In contrast, we explore a novel conditional joint tuning strategy tailored to SAM,
which facilitates its adaptation even with limited downstream data.

SAM for Downstream Tasks. The release of SAM has spurred several sub-
sequent studies. Some concentrate on expanding semantic recognition capabil-
ities |24126,43/50,/54], while others aim to create more lightweight SAM vari-
ants |48}52/55] for faster computations. Several studies explore SAM’s adapta-
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tion in underperforming downstream scenarios, primarily by directly fine-tuning
SAM’s mask decoder [4,8!/30141,/46.53|, which can severely degrade SAM’s zero-
shot capabilities. The recent HQ-SAM [21] freezes the entire pre-trained SAM
and prompt-tunes the mask decoder with a new mask head for adaptive mask
prediction. However, these adaptation studies rely on large target datasets with
a considerable number of annotated images, which are often costly to collect. In
contrast, our CAT-SAM achieves superior adaptation with only few-shot target
samples, significantly reducing adaptation costs and expanding the applicability
of SAM as a visual foundation model.

3 Method

3.1 Preliminaries of SAM

SAM [23] handles each image with three key modules: a heavyweight image
encoder (i.e., ViT [9] as the backbone) that extracts image embeddings, a prompt
encoder that encodes the geometric prompts (i.e., points, a box, or a coarse mask)
to generate prompt embeddings, and a lightweight mask decoder that combines
the two types of embeddings to predict segmentation masks. The released SAM
model is trained on a super large-scale SA-1B dataset, which consists of over
11 million images as well as 1.1 billion automatically generated masks. SAM
has demonstrated remarkable zero-shot capability while dealing with various
conventional natural images, as well as superb flexibility in accepting various
geometric prompt inputs. On the other hand, it often struggles while facing
challenging downstream domains that are often sparse or falling outside of its
training data distribution, such as RGB domains of aerial, medical, and intricate
structural images, as well as non-RGB domains of X-ray, SAR, and Sonar images.
More details about SAM are presented in [23].

3.2 CAT-SAM

This subsection introduces CAT-SAM, a ConditionAl Tuning network that is
designed for adapting SAM toward various under-performed downstream data.
The objective is to adapt SAM efficiently with only few-shot annotated target
images, meanwhile preserving SAM’s powerful zero-shot capability and geomet-
ric prompting flexibility.

CAT-SAM freezes the entire SAM and facilitates the simultaneous tuning
of SAM’s image encoder and mask decoder to capture representative informa-
tion from few-shot target samples for effective adaptation of SAM. However, a
critical issue with simultaneous tuning arises from the clear imbalance between
the heavyweight image encoder (308.3 M parameters for ViT-L [9]) and the
lightweight mask decoder (4.1 M), which often leads to sub-optimal adaptation
while only few-shot target samples are available. To tackle this challenge, we
design decoder-conditioned joint tuning, a novel tuning strategy that mitigates
the imbalance by establishing a linkage between the encoding tuning and the de-
coding tuning. Specifically, we design prompt bridge—a lightweight network that
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Fig. 2: Overview of CAT-SAM. CAT-SAM keeps the whole SAM frozen while simul-
taneously tuning the image encoder and mask decoder for downstream adaptation. To
address the tuning imbalance between these two network components, we introduce
decoder-conditioned joint tuning through the design of Prompt Bridge structure, en-
abling synergetic and enhanced adaptation. We present two CAT-SAM variants: CAT-
SAM-T in (a) and CAT-SAM-A in (b), achieved by integrating the prompt bridge with
prompt-based and adapter-based tuning strategies for the image encoder, respectively.
(c) illustrates two tailored prompt bridge structures, PB-T and PB-A.

maps the domain-specific features from the mask decoder to the image encoder.
The bridge design facilitates joint and balanced tuning of both network compo-
nents, leading to synergistic and effective adaptation of SAM with few-shot and
even a single target sample.

We develop two CAT-SAM variants by integrating the proposed decoder-
conditioned joint tuning into two prevalent tuning approaches, namely CAT-
SAM-T and CAT-SAM-A, as illustrated in Fig.

Tuning Image Encoder. We first brief SAM’s image encoder and then in-
troduce two tuning approaches in our CAT-SAM, including prompt tuning in
CAT-SAM-T and lightweight adapters in CAT-SAM-A.

e SAM’s Image Encoder, denoted as V with K transformer layers {V;} 5,
first splits the input image I of the size (H, W) into M fixed-size patches, and
then projects them into patch embeddings Ey € RM*4v, Patch embeddings
E;_, are input to the i*" transformer layer (V;) and sequentially processed
through K transformer layers:

[Ei] = Vi([Ei-1]),i=1,2,..., K.

e CAT-SAM-T: As illustrated in Fig. [2[ (a), we introduce a set of learnable
tokens {P; € R% iK:Bl in the image encoder alongside the input patch em-
beddings. These new learnable tokens are introduced in each transformer
layer of the image encoder V and updated through the adaptation process:

[Ei] = Vi([Ei—1, Pic))],i=1,2,..., K.
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e CAT-SAM-A: As illustrated in Fig. |2| (b), we introduce Adapters [15] to
tune SAM’s image encoder in CAT-SAM-A. The adapter is a lightweight
sub-network that is inserted into each transformer layer, comprising a linear
down-projection, a nonlinear activation function, a linear up-projection, and
a residual connection. High-frequency image information is also incorporated
in CAT-SAM as the input of the adapters as in [29]. In this process, high-
frequency components Iy ¢, are first extracted from the input image I and
then reversed to the space domain using the Fast Fourier Transform and
its inverse. These components are then partitioned into small patches I} fe
similar to the image patches. Subsequently, convolutional layers and linear
layers project I ¢ and the original image embeddings Ey into c-dimensional
features independently, yielding Fj¢. and F., respectively. The result of
element-wise addition of Fj,. and Fj, . is then forwarded (as denoted "EVP"
in Fig. 2| (b)) to the adapter Adapt, for transformer layer i. Finally, the
output is added element-wise to the original input of the transformer layer :

Ei_1 = Ei_1 + Adapt,(Fpe + Fhye)-

Tuning Mask Decoder. We tune the mask decoder of SAM similarly as |21].
Specifically, we freeze the entire pre-trained decoder of SAM and introduce a
learnable CAT-Token that is concatenated with SAM’s original output tokens
and prompt tokens to form the input to SAM’s mask decoder. The CAT-Token is
updated during training but remains fixed during inference, the same as SAM’s
output tokens. After passing through two decoder layers, the updated CAT-
Token is used to generate dynamic weights for a newly introduced three-layer
MLP. Simultaneously, SAM’s mask decoder features are fused with the image
features decoded by the image encoder. Finally, the fused features and the three-
layer MLP are combined through the dot product to generate the target mask.
Please refer to the appendix for more details about the decoder structures in
CAT-SAM.

Decoder-Conditioned Joint Tuning. The proposed decoder-conditioned joint
tuning can be seamlessly embedded via two implementations of the proposed
prompt bridging ideas, i.e., PB-T and PB-A as illustrated in Fig. 2| (¢).

e CAT-SAM-T: The prompt bridge PBZ-T is a two-layer MLP. It projects the
CAT-Token @ in the mask decoder to each transformer layer ¢ in the image
encoder and outputs a single learnable token replacing P; by piT = PB;?F(Q).
These mapped tokens are directly applied for prompt tuning of the image
encoder as follows:

[Ei] = Vi([Ei—1, PL1])),i = 1,2, ..., K.
e CAT-SAM-A: The prompt bridge PB* maps the CAT-Token Q into an

embedding pPA = PBA(Q) of the same size as Fp. and Fjyc. P4 is then
element-wise added to the EVP before being fed to every adapter as follows:

Ei—l = Ei—l + Adapti(Fpe + Fhfc + PA)
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Table 1: Comparisons of trainable parameters between ViT-L [9] based SAM and two
variants of the proposed CAT-SAM.

Model ‘ Trainable Parameters (M) ‘ Trainable Params vs. SAM
SAM |23] 312.4 -
CAT-SAM-T 3.3 1.1%
CAT-SAM-A 1.9 0.6%

As illustrated in Fig. [2[ (¢), PB-A employs ¢ different linear down-projection

layers to generate embeddings independently. After GELU layers, these em-

beddings are up-projected to the dimension of 1 x M (M is the spatial size

of the patch) with a shared linear layer to mitigate the computation cost.

Finally, the up-projected embeddings are concatenated to produce P4,

Tab. [1f compares the amount of trainable parameters between the SAM (im-
plemented with the ViT-L [9]) and our CAT-SAM that is built upon the SAM.
It can be observed that both CAT-SAM variants introduce very limited ad-
ditional parameters, yet yield significant performance improvements in various
downstream segmentation tasks as to be detailed in Section [

3.3 Training and Inference

During training, we feed target samples together with geometric prompts into
CAT-SAM to generate CAT-SAM masks, under the supervision of ground-truth
masks as well as a linear combination of BCE loss and dice loss [31]. We freeze
the pre-trained SAM parameters and update solely the parameters that are
introduced in the above-described tuning modules. Note we train CAT-SAM with
a mixture of sampled geometric prompts, including bounding boxes, randomly
selected points, and coarse masks. In addition, we create degraded coarse masks
by introducing random Gaussian noise in the boundary regions of the ground-
truth masks as in [21]. Further training details can be found in Section and
the appendix.

During the inference phase, the input image is fed into SAM’s image encoder
along with the integrated prompt tokens in CAT-SAM-T or adapters in CAT-
SAM-A, to generate adaptive image embeddings. These embeddings, combined
with the prompt tokens from SAM’s prompt encoder, serve as input to the mask
decoder. Subsequently, the updated CAT-token and associated MLP are utilized
for the target mask prediction. Lastly, we up-sample the mask to the original
resolution to produce the final output.

4 Experiments

We evaluate CAT-SAM’s efficacy through comprehensive experiments involving
eight segmentation tasks across 11 datasets, all hailing from challenging down-
stream fields that SAM struggles to address effectively. Our experiments encom-
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Table 2: We evaluate and benchmark CAT-SAM over eight challenging segmentation
tasks across 11 datasets.

Tasks ‘ Dataset Names ‘ Imagery
Building segmentation WHU |[18| Aerial images
Road segmentation MA. Roads [32] Aerial images
Polyp segmentation Kvasir [34] Medical images
Chest X-ray segmentation JSRT [39] X-ray images
Marine debris segmentation FLS [40] Sonar images
Ship instance segmentation HRSID [45] SAR images
Shadow segmentation SBU-Shadow [42] Natural images
Intricate segmentation DIS [35], ThinObject [28], Natural images
HRSOD [51],COIFT [28]

pass a wide array of scenarios and tasks, spanning from varying target shots to
different imagery modalities.

4.1 Experimental Setup

Datasets. We conduct experiments on two collections of datasets listed in Tab.
1) True-color images, including WHU [18| for building segmentation, Kvasir [34]
for polyp segmentation, SBU-Shadow [42] for shadow segmentation, Massachusetts
(MA.) Roads [32] for road segmentation, as well as fine-grained segmentation
datasets DIS [35], ThinObject [28], HRSOD |[51], and COIFT |[28]. 2) Non-RGB
domains, encompassing JSRT [39] for chest organ segmentation (X-ray images),
HRSID [45] for ship instance segmentation (high-resolution SAR images), and
FLS [40] for marine debris segmentation (Sonar images). We use official dataset
splits for fair comparisons.

Evaluation Metrics. For single-class datasets including WHU, Kvasir, SBU-
Shadow, and MA. Roads, we employ standard mask IoU of foreground. JSRT
and FLS, which have multiple classes, are evaluated using individual class IoU
and their average. As for DIS, ThinObject, HRSOD, and COIFT, we follow [21]
and report mIoU and the boundary metrics (mBIoU) [7] for fair comparisons.
For instance segmentation of HRSID, we use standard AP, AP5g, and AP7s5.
Implementation Details. Unless otherwise specified, CAT-SAM and its com-
paring models use ViT-L [9] as the image encoder backbone. We train on 1
NVIDIA RTX A6000 GPU for one-shot adaptation, while 4 GPUs for multiple-
shots. Following [21], ground truth boxes serve as the default input geometric
prompts during evaluation to ensure fair comparison and minimize randomness,
with the exception of Fig. [3] where point prompts are evaluated. Please refer to
the appendix for more implementation details.

4.2 Ablation Studies

We first investigate the contributions of different tuning modules within both
CAT-SAM variants to assess their impact on overall adaptation performance.
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Table 3: Ablation study of CAT-SAM-T in (a) and CAT-SAM-A in (b) for 1-shot
adaptation over datasets: "W" for WHU [18]| (on building segmentation), "K" for
Kvasir [34] (on polyp segmentation), and "S" for SBU-Shadow [42| (on shadow seg-
mentation). "Enc-T." and "Enc-A." means tuning the image encoder with prompt
tokens and adapters, respectively. "Dec." means tuning the mask decoder. "PB-T"
and "PB-A" denote two customized prompt bridges for conditional tuning. Model 1 is
the baseline SAM without adaptation.

(a) CAT-SAM-T. (b) CAT-SAM-A.

|[Enc-T.Dec. PB-T| W K S |[AVG  |Enc-A.Dec. PB-A| W K S |AVG

1| |43.5 79.0 62.4|61.6 1] |43.5 79.0 62.4|61.6
2l v 57.8 80.4 76.0|71.4 2| v 86.5 73.7 76.3|78.8
3 v 71.2 73.8 63.5/69.5 3 v 71.2 73.8 63.569.5
4 v v 66.4 73.2 61.8/67.1 4 v V 83.4 79.8 76.3|79.8
5 v v v |86.883.478.0/82.7 5 v v V |88.285.481.9/85.2

Tab. [3] shows the experiments of one-shot adaptation across three true-color
image segmentation benchmarks WHU |[18|, Kvasir [34], and SBU-Shadow [42].
For each CAM-SAM variant CAM-SAM-T/CAM-SAM-A, we compare 5 models
including: 1. The original SAM without adaptation (baseline); 2. Tuning SAM’s
image encoder alone with prompt tokens or adapters; 3. Tuning SAM’s mask
decoder alone; 4. Tuning SAM’s image encoder and mask decoder independently;
and 5. Conditional tuning of SAM’s image encoder and mask decoder with the
proposed prompt bridging (i.e., the complete CAT-SAM-T and CAT-SAM-A).

We can see that the original SAM struggles to produce high-quality masks in
these challenging domains, indicating its limitations as a foundational segmen-
tation model for many downstream applications. Tuning the image encoder or
the mask decoder alone in 2 and 3 enhances target segmentation, underlining
the efficacy and necessity of SAM adaptation. However, simultaneously tuning
the image encoder and mask decoder in an independent way in model 4 does not
show complementary and consistent improvement. This suggests instability and
imbalance in tuning between the heavyweight image encoder and the lightweight
mask decoder, which could lead to suboptimal adaptation solutions. Differently,
including the proposed prompt bridging with either PB-T or PB-A (i.e., the
complete CAT-SAM-T and CAT-SAM-A) mitigates the tuning imbalance and
produces substantial performance enhancement consistently.

4.3 Comparison with the State-of-the-Art

CAT-SAM for One-Shot Adaptation. To assess CAT-SAM’s effectiveness in
reducing downstream training data and its adaptability with few-shot samples,
we first evaluate it under the extremely challenging one-shot adaptation scenario.
Given the lack of prior studies under such setup, we comprehensively bench-
mark it against closely related methods that can be broadly categorized into
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Table 4: Comparison of adaptive segmentation performance on challenging true-color
datasets: WHU |[18| (on building segmentation), Kvasir |34] (on Polyp segmentation),
and SBU-Shadow [42] (on shadow segmentation). The baseline is SAM without adap-
tation. All compared methods utilize one-shot sample for adaptation, except for those
denoted by * which utilize 20 shots with metric numbers sourced from [47].

Methods ‘ WHU Kvasir SBU-Shadow ‘ Average
SAM |23] (baseline) | 435 79.0 62.4 | 616
VPT-shallow [20] 60.8 79.8 68.7 69.8
VPT-deep [20] 57.8 80.4 76.0 71.4
AdaptFormer [3] 83.2 76.8 77.2 79.1
LoRA |16] 86.1 77.5 74.4 79.3
Med-SA [46] 34.5 28.6 22.1 28.4
MedSAM |30] 30.6 29.8 53.4 379
SimAda |41] 48.6 18.7 49.3 38.9
SPFS-SAM* [47] (20-shots) - 53.4 - -
SAMed* [53| (20-shots) - 51.7 - -
HQ-SAM |21] 71.2 73.8 63.5 69.5
CAT-SAM-T (Ours) 86.8 83.4 78.0 82.7
CAT-SAM-A (Ours) 88.2 85.4 81.9 85.2

two groups. The first group comprises state-of-the-art tuning methods for foun-
dation models of different modalities, including VPT [20] and AdaptFormer [3]
for large vision foundation models, and LoRA [16] for large language models.
The second group comprises recent SAM-based adaptation methods which were
largely designed for full-shot adaptation [21,/30L/411/46,/53] ( [47] tackles few-shot
adaptation but requires 20 shots).

Tab. [ presents results over WHU, Kvasir, and SBU-Shadow datasets. We
can observe that all three tuning methods for foundation models exhibit clear
adaptation effects. Notably, AdaptFormer and LoRA demonstrate significantly
better performance than VPT-deep and VPT-shallow, highlighting the effective-
ness of modifying the model’s structure over prompt tuning in the input space
during SAM adaptation. On the other hand, most SAM-based adaptation meth-
ods, including Med-SA, SimAda, SPFS-SAM, SAMed, and MedSAM, yield much
lower performance, primarily due to their reliance on many more target images
which leads to overfitting while learning from one-shot target sample. HQ-SAM
achieves substantial segmentation improvements but it still cannot compete with
the three tuning methods, demonstrating the significance of tuning the image
encoder over the mask decoder. Finally, both CAT-SAM variants consistently
outperform all compared methods, with CAT-SAM-A exhibiting a slight edge
due to its network structure modifications. These experiments validate the supe-
riority of the proposed decoder-conditioned joint tuning approach in extracting
domain-specific features with few-shot samples.
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Table 5: Comparison of state-of-the-art segmentation achieved by fully supervised
learning (FSL) methods trained on full-shot data (upper part) and mask segmentation
by SAM and our CAT-SAM (lower part). Evaluation follows official criteria of each FSL
benchmark, reporting IoU for WHU, mloU for Kvasir, and BER for SBU-Shadow to
ensure consistency. "(1)", "(16)", and "(full)" after CAT-SAM-T /CAT-SAM-A denote
tuning with 1-shot, 16-shots, and full-shots samples.

WHU ‘ Kvasir ‘ SBU-Shadow
Model ToU | Model mloU | Model BER(])
STT |2 90.5 | CASCADE |[36] 87.8 | BDRAR [59] 3.64
BuildFormer [44]  91.4 | PatchRefineNet |33] 89.1 | DSDNet [56] 3.45
CBR-Net |14 91.4 | DUCK-Net [10] 90.5 | MTMT |6 3.15
SAM 43.5 | SAM 87.3 | SAM 13.22
CAT-SAM-T (1)  86.8 | CAT-SAM-T (1) 90.0 | CAT-SAM-T (1) 7.81
CAT-SAM-A (1)  88.2 | CAT-SAM-A (1) 91.3 | CAT-SAM-A (1) 5.27
CAT-SAM-T (16) 89.6 | CAT-SAM-T (16)  93.1 | CAT-SAM-T (16)  4.04
CAT-SAM-A (16) 90.3 | CAT-SAM-A (16)  93.6 | CAT-SAM-A (16)  3.80
CAT-SAM-T (full) 93.3 | CAT-SAM-T (full) 94.5 | CAT-SAM-T (full)  2.54
CAT-SAM-A (full) 93.6 | CAT-SAM-A (full) 94.3 | CAT-SAM-A (full) 2.39

Full-Shot Learning. While CAT-SAM is primarily designed for few-shot adap-
tation, it also demonstrates proficiency in full-shot adaptation scenarios. In
Tab.[5] we present the state-of-the-art performances of traditional fully-supervised
learning (FSL) methods trained over full-shot data and compare them with SAM
and our CAT-SAM (adapted with various target samples). We report official
evaluation metrics for three public benchmarks, including IoU for WHU, mlIoU
for Kvasir, and BER [17] for SBU-Shadow. Note the distinction in setups between
the FSL segmentation and the mask segmentation: FSL focuses on traditional
semantic segmentation of specific classes without prompt input while SAM and
CAT-SAM involve general mask segmentation with prompt input. Despite these
differences, these performances can serve as valuable references for evaluating
CAT-SAM’s segmentation ability.

With full target training data, both CAT-SAM variants outperform state-of-
the-art FSL methods consistently. Notably, the two CAT-SAM variants achieve
impressive target segmentation under the challenging one-shot setup with a sin-
gle target sample. With 16 shots of target samples, their performance is even
on par with the FSL methods that are trained by using full target training
data. These experiments underscore the superiority of effective transfer of broad
knowledge from the foundation model SAM as compared with training from
scratch with FSL. It also demonstrates the remarkable efficacy of CAT-SAM in
substantially expanding SAM’s applicability across various downstream tasks.

We conducted further experiments to compare CAT-SAM against HQ-SAM
[21], a state-of-the-art SAM-based adaptation solution for intricate structural
image segmentation. For fair comparisons, we follow the evaluation protocol of
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Table 6: Extremely fine-grained segmentation over four intricate structural image
datasets. HQ-SAM and the two CAT-SAM variants are fine-tuned over full HQSeg-
44K |21]. All adopt the boxes converted from their GT masks as the box prompt input
for fair comparisons.

Models ‘ DIS [35] ‘ COIFT |28] |[HRSOD |51 |ThinObject [28|| Average

mloU mBloU|mIoU mBloU|mIoU mBloUmloU mBIoU |mloU mBloU

SAM |23] 62.0 52.8 |92.1 86.5 |90.2 83.1 |73.6 61.8 79.5 T71.1
HQ-SAM |21]| 78.6 70.4 |94.8 90.1 |93.6 86.9 |89.5 79.9 89.1 81.8
CAT-SAM-T |84.0 78.1 |95.6 92.0 |93.4 87.6 | 94.0 87.9 91.7 86.4
CAT-SAM-A (83.6 777 [95.6 92.2 |93.1 87.1 |94.1 88.2 91.6 86.3

HQ-SAM and tune CAT-SAM on the complete HQSeg-44K dataset, consist-
ing of 44,320 meticulously annotated image masks. Tab. [f] shows experiments
across four exceptionally fine-grained segmentation datasets including DIS [35],
ThinObject [28], HRSOD [51], and COIFT [28] (in mIoU and the boundary
metrics (mBIoU) [7]). We can see that CAT-SAM-T achieves slightly better
performance than CAT-SAM-A, while both clearly outperform HQ-SAM and
the original SAM. These experiments further demonstrate the efficacy of our
proposed conditional tuning in adapting SAM toward challenging downstream
tasks. Visual qualitative comparisons are provided in the appendix.

4.4 CAT-SAM for Non-RGB Domains

We also explore CAT-SAM’s performance across more challenging image modal-
ities characterized by larger domain discrepancies. Specifically, we assess its ef-
ficacy on non-RGB domains, including JSRT [39] for chest organ segmentation
using X-ray images and FLS |40] for marine debris segmentation with Sonar
images, and HRSID [45] for ship instance segmentation with SAR images. For
adaptation, we randomly select either one or sixteen target images for 1-shot
and 16-shot scenarios, respectively, while employing the entire training set for
full-shot adaptation. These datasets represent novel image distributions as com-
pared with SAM’s training data. Note we train instances of all classes together
while evaluating them by classes. Since no images in FLS contain objects of all
11 classes, we only report results of 16-shot and full-shot adaptation for FLS.
Tab. [7] shows experimental results. Notably, CAT-SAM-T and CAT-SAM-
A improve the mIoU to 93.0% and 92.6%, respectively, with only one shot of
JSRT training image. The improvements saturate gradually as the number of
training samples increases, with marginal gains of 1.4% and 2.0%, respectively,
when adapted with full-shot target data. These findings underscore the supe-
rior few-shot capability of the proposed CAT-SAM and align well with those
reported in Tab. [5} Experiments on FLS [40| show different results. While both
CAT-SAM variants exhibit clear adaptation effects, the performance gains for
both 16-shot and full-shot adaptation are notably lower as compared with pre-
viously evaluated datasets. The discrepancy is largely attributed to two primary
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Table 7: Few-shot adaptation with varying number of training samples for non-
RGB datasets, including FLS with Sonar images for marine debris segmentation,
JSRT for chest X-ray segmentation, and HRSID for ship instance segmentation
with SAR images. "N/A" denotes that 1-shot adaptation over FLS is unattainable due
to the absence of images containing objects from all 11 classes.

#Samples | Methods | JSRT | FLS [40] |  HRSID
\ | Lungs Heart | mIoU | mloU | AP APsy APrs
None | SAM | 850 719 | 785 | 69.7 |382 86.6 268
Lot CAT-SAM-T | 954 905 | 93.0 | N/A [46.0 884 454
CAT-SAM-A | 947 905 | 92.6 | N/A |449 880 414
l6.shot | CAT-SAM-T | 958 027 | 942 | 732 [462 89.3 452
CAT-SAM-A | 955 915 | 93.5 | 714 |457 894 437
Fullshot | CAT-SAM-T | 963 926 | 944 | 817 |514 930 550
CAT-SAM-A | 96.4 928 | 94.6 | 820 |529 939 56.0

factors: 1) the inherent difficulty of FLS with its 11 semantic classes (per-class
performances are provided in appendix); and 2) the larger variation of FLS
data in shapes and object sizes as compared with previously evaluated data. As
for ship instance segmentation using SAR images in HRSID , this dataset
presents different challenges as ships are very small in size. The results show that
CAT-SAM consistently outperforms SAM in this diverse domain, highlighting
its efficiency in domain adaptation with large domain discrepancy. These experi-
ments further underscore the need for a more comprehensive adaptation of SAM
for exceptionally challenging downstream tasks. We expect further studies along
this research direction.

4.5 Analysis & Discussion
Prompts with Single Point. SAM provides

flexibility in geometric prompts including a
single foreground point. However, prompting #

with a single foreground point can be chal- SN TONTSRML menTsaen
lenging as the single point could correspond
WHU

IS
3

to multiple objects . Nonetheless, adapta- I ' l

tion with few-shot target samples can alleviate 2

this ambiguity by guiding the model to focus

on the specific foreground distribution within Kvasic SBU-Shadow  MA Road
the annotation space. We evaluate this by us-
ing the same randomly-selected single point
as the geometric prompt, and Fig. 3| shows
the segmentation results for images from WHU, Kvasir, SBU-Shadow, and MA.
Roads on road segmentation.

0

Fig. 3: Single point to mask eval-
uation for one-shot adaptation.
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e

WHU MA. Roads SBU-Shadow Kvasir JSRT FLS HRSID

Fig. 4: Visual comparisons of SAM (top row) and CAT-SAM (bottom row). We
illustrate samples from WHU for building segmentation, MA. Roads for road
segmentation, SBU-Shadow for shadow segmentation, Kvasir for polyp segmen-
tation, JSRT for chest organ segmentation (X-ray images), FLS for marine
debris segmentation (Sonar images), and HRSID for ship instance segmentation
(SAR images). CAT-SAM exhibits one-shot adaptation across most datasets, except
for 16-shot over FLS. Red boxes and stars denote geometric prompts, colored regions
are mask predictions, and lines show the boundary of ground truth segmentation.

Similar to the experiments using boxes as prompts, CAT-SAM consistently

demonstrates superior target segmentation while using a single point as prompt,
underscoring its robustness in adaptation while preserving SAM’s inherent geo-
metric prompting flexibility. In addition, both CAT-SAM variants achieve rela-
tively less improvement for the dataset Kvasir. This can be largely attributed to
the high similarities in color and texture between the polyps and the local gas-
trointestinal regions in Kvasir, making it challenging for a single point to provide
clear geometric guidance.
Visual Illustrations. Fig. [4 shows qualitative comparisons between SAM and
CAT-SAM across multiple segmentation tasks. These illustrations demonstrate
how our proposed CAT-SAM remarkably enhances the mask quality of SAM
under the presence of only one-shot target samples. Please refer to the appendix
for more visual comparisons.

5 Conclusion

We introduce CAT-SAM, a conditional tuning network tailored for few-shot
adaptation of SAM. We propose decoder-conditional joint tuning to mitigate
the tuning imbalance between SAM’s heavyweight image encoder and lightweight
mask decoder and facilitate efficient SAM adaptation. To achieve this, we design
the prompt bridge structures, enabling interaction when tuning these two net-
work modules. We develop two CAT-SAM variants by integrating the prompt
bridge with two representative tuning strategies including prompt tuning and
adapter. Our comprehensive evaluation across diverse scenarios and tasks on 11
segmentation datasets underscores the superior domain adaptive efficiency of
both CAT-SAM variants, even in the extremely challenging one-shot scenario.
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