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Abstract

The emergence of large vision models has propelled significant advances in various
domains. The Segment Anything Model (SAM), a leading model for image segmen-
tation, exemplifies these advances, outperforming traditional methods. However, such
foundation models often suffer from performance degradation when applied to complex
tasks for which they are not trained. Existing methods typically employ adapter-based
fine-tuning strategies to adapt SAM for difficult tasks and leverage high-frequency fea-
tures extracted from the Fourier domain. However, our analysis reveals that these ap-
proaches offer limited benefits due to constraints in their feature extraction techniques.
To overcome this, we propose SAMWave, a novel and interpretable approach that uti-
lizes the wavelet transform to extract richer, multi-scale high-frequency features from
input data. Extending this, we introduce complex-valued adapters capable of capturing
complex-valued information via complex wavelet transforms. By adaptively integrating
these wavelet coefficients, SAMWave enables SAM’s encoder to capture more relevant
information for dense prediction. Empirical evaluations on four difficult vision tasks
demonstrate that SAMWave significantly outperforms existing adaptation methods. This
superior performance is consistent across both the SAM and SAM2 backbones and holds
for both real and complex-valued adapter variants, highlighting the efficiency, flexibility,
and interpretability of our proposed method for adapting segment anything models. Code

is available at https://github.com/saurabhya/SAMWave.

1 Introduction

Large vision models [13, 40, 42] have become the dominant solution for numerous com-
puter vision tasks, significantly advancing fields like semantic segmentation [23, 46] and
object detection. However, their substantial parameter counts, while enabling high perfor-
mance on their trained tasks, lead to sub-optimal generalization to other related problems, a
challenge particularly evident in low-level vision tasks. For instance, while SAM (Segment
Anything Model) [23] excels at semantic segmentation, it struggles with tasks like camou-
flaged object detection, polyp detection, defocus blur detection and other such difficult tasks.
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2 YADAV ET AL.: ADAPTING SAM TO DIFFICULT TASKS

The difficulty of developing a single, universally high-performing model for all such difficult
tasks has led to growing interest in adapting large models [3, 28, 29, 34, 44, 62]. A common
approach is to use finetuning strategies; however, it faces several challenges, including catas-
trophic forgetting [1, 4, 6, 17, 51, 54] and the reliance on large-scale datasets for adequate

adaptation.
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Figure 1: Learned weights for the previ-
ous high frequency extraction method, com-
pared with SAMWave’s real and complex
adapter weights. Unlike the previous method,
SAMWave’s weights are not concentrated around
0.

In this work, we investigate the optimal adap-
tation of large models to related tasks, focus-
ing particularly on SAM, which comprises a
powerful encoder and a prompt-conditioned
decoder. We hypothesize that the encoder
can produce a sufficiently rich latent repre-
sentation, such that the decoder can gener-
ate an effective segmentation mask for a new
task—given appropriate supervision. Previ-
ous works [7, 32] have shown the efficacy of
providing high-frequency features to the en-
coder for adapting a frozen decoder. These
methods are typically performed by trans-
forming input images into the Fourier domain
and applying a predefined mask to empha-
size high-frequency components. Different
images possess varying frequency distribu-
tions, and a fixed mask leads to suboptimal
feature selection. Our empirical study, pre-
sented in Tab. 1, supports this observation—

demonstrating that simply inverting the mask
yields comparable performance across tasks. Fig. | further illustrates this issue. This mo-
tivates our departure from rigid, predefined Fourier-domain masks toward a more adaptive
feature selection mechanism. To this end, we propose a novel high-frequency feature extrac-
tion method using wavelet transform, which offers superior spatial and frequency localiza-
tion [24, 43, 55]. Specifically, we extract horizontal (/;;), vertical (;), and diagonal (Ij,,)
features from an image /, combining them into a high-frequency image Iyr = I, + Iy + Iy,
which provides finer details and texture to the encoder. Wavelet transform is advantageous
due to its ability to capture frequency and spatial information, allowing for a more precise
representation of image details than Fourier-based methods. We further extend this approach
with complex wavelet transforms and complex-valued adapters. Complex-valued represen-
tations offer a more comprehensive way to capture image information, potentially leading to
improved feature extraction and adaptation, as demonstrated in various applications[59, 65].
We are the first to show the adaptation of large vision models using a complex-valued ap-
proach. Our contributions are summarized as follows: @ We demonstrate the limitations
of using the Fourier domain with predefined masks for high-frequency feature extraction.
® Ve introduce a Wavelet High-Frequency (WHF) module that leverages the wavelet trans-
form for effective finetuning. € We propose a complex-valued extension of our method using
complex wavelet transform and complex-valued adapters. € Our experiments show signif-
icant performance improvements over existing tuning methods for SAM and SAM?2 across
four difficult tasks.
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2 Related Works

Visual Adapters:The paradigm of adapting large pre-trained models for downstream tasks
using adapter-based finetuning, initially popular in NLP [18], has effectively extended to
computer vision [9, 30]. Adapter-based fine-tuning is a highly effective form of parameter-
efficient fine-tuning. Instead of updating all the weights of a massive pre-trained model,
this approach freezes the original model and inserts small, learnable neural network mod-
ules called adapters between its layers. During training for a new downstream task, only the
weights of these newly added adapters are updated. This method offers a compelling balance
between performance and computational efficiency. Recent work has shown its applicabil-
ity to vision foundation models like SAM [23], notably through visual prompting methods
[7, 32]. While prior adaptation methods often prioritize global context, our work focuses
on incorporating crucial local, high-frequency information via wavelets to enhance SAM’s
performance on low-level vision tasks.

Low-level Vision Tasks: Our work addresses several low-level vision tasks where fine-
grained details are critical for accurate localization. Camouflaged Object Detection (COD)
involves identifying objects that are seamlessly blended into their background, a significant
challenge due to the low contrast and texture similarity between the object and its surround-
ings [15, 16, 27]. Success in this task requires models to meticulously capture subtle bound-
ary cues and texture discontinuities [41, 66]. Defocus Blur Detection (DBD) aims to pre-
cisely segment out-of-focus regions in an image. This relies on detecting subtle variations
in blurriness across the scene, where the transition from sharp to blurry areas, often charac-
terized by local edge information, is a key indicator for segmentation [22, 50, 58]. Shadow
Detection (SD) requires distinguishing shadows from actual objects or dark surfaces by an-
alyzing illumination patterns and local context [19, 73]. The task is challenging as shadows
can alter an object’s appearance, and accurately identifying their soft or sharp boundaries is
crucial for robust scene understanding. PolyP Detection (PD) focuses on the precise delin-
eation of polyp regions from endoscopic images, a critical step for assisting clinicians in the
early detection of colorectal abnormalities [48, 61]. The task is demanding due to the highly
variable shape, size, and subtle appearance of polyps against the surrounding tissue.

While some methods [32] use generic high-frequency components for low-level tasks,
we propose a more principled approach using specific wavelet decompositions to provide
targeted local feature guidance to SAM for these diverse low-level vision challenges.

3 Methodology

In this section, we describe our proposed network: SAMWave. The idea is to leverage
the high-frequency features obtained from the wavelet transform and use them to guide the
Segment-Anything model (SAM) [23] for more precise segmentation in various tasks.

Table 1: Result of low frequency (LFreq) & high frequency (HFreq) on camouflaged object detection
on three separate datasets. We also show the difference in the performance of both approaches.

CHAMELEON CAMO CODI10K
Sut &t Rt ML || Sat &t Fgt ML || Sat &1 Fpt ML

HFreq| 0.896 0919 0.824 0.033 || 0.847 0.873 0.765 0.070 || 0.883 0.918 0.801 0.025
LFreq || 0.888 0903 0.830 0.034 || 0.824 0.843 0.765 0.078 || 0.872 0.901 0.803 0.027

+0.008 +0.016 -0.006 +0.001 ||+ 0.023 +0.030 0.000 +0.008 ||+ 0.009 +0.017 -0.002 +0.002
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Figure 2 Overview of SAMWave for difficult vision tasks. Left shows that the image is passed
through SAM and our WHF (wavelet high frequency) module, where the high-frequency features are
extracted. The extracted details are then combined with patch embeddings obtained from the trans-
former encoder. Note that the encoder is frozen; we only updated the decoder for our training. Right
shows the overview of a single adapter used; for complex adapters, we replace the weights of MLP
layers with complex values.

3.1 Motivation for High-Frequency Feature Utilization

Precise segmentation, particularly the accurate delineation of object boundaries, is a chal-
lenging task that fundamentally relies on capturing fine-grained image details. These de-
tails are predominantly encoded within the high-frequency components of the image sig-
nal. Therefore, effectively leveraging high-frequency features is crucial for achieving high-
quality segmentation masks.

Previous methods aiming to incorporate high-frequency information, such as those in [7,
32], have often relied on extracting these features in the Fourier domain using a predefined,
fixed mask. However, a significant limitation of this “one mask fits all” approach is its
inability to adapt to the diverse characteristics and varying distributions of high-frequency
information across different images and tasks. Consequently, a static Fourier mask may
not effectively isolate the relevant high-frequency cues necessary for robust fine-grained
segmentation in all scenarios.

We conducted an empirical study to investigate the efficacy of this fixed-mask approach
for capturing essential high-frequency information. We compared the performance using
features extracted via the standard high-frequency mask (HFreq) against those extracted by
inverting this mask to obtain a low-frequency mask (LFreq). Our experiments focused on the
challenging task of camouflaged object detection, and the results are summarized in Tab. 1.
While HFreq shows superior performance on 9 out of /2 metrics compared to LFreq, a
closer examination reveals that the average performance gain offered by HFreq is remark-
ably small, merely 0.009. Despite high frequencies theoretically being more aligned with
boundary information, this marginal difference suggests that a fixed Fourier mask is not an
optimal strategy for extracting discriminative high-frequency features that significantly en-
hance segmentation performance across varied data. This observation motivates the need
for a more adaptive and practical approach to harness high-frequency information to guide
models like SAM towards more precise segmentation.
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3.2 SAM as the Backbone

Our SAMWave framework employs the Segment-Anything Model (SAM) [23] as its core
backbone, leveraging its robust pre-trained capabilities for various segmentation tasks. SAM
comprises three main components: an image encoder, a prompt encoder, and a mask decoder.

The image encoder, a pre-trained ViT-H/16, processes the input image I € R¥*W>3 to
produce dense embeddings Ejyg € R 1616256 These embeddings are spatially downscaled
by 16x and have 256 channels after a 1 x 1 convolution. The prompt encoder processes
input prompts (such as dense features from our method), typically using convolutions, and
these prompt embeddings are element-wise added to Ejpe. The mask decoder, a lightweight
transformer-based network inspired by [5, 11], takes the combined embeddings and predicts
the final segmentation mask via upsampling and a linear classifier.

In SAMWave, we freeze the weights of the pre-trained image encoder and train only the
parameters of the mask decoder to adapt SAM’s segmentation generation to the task-specific
guidance.

3.3 Wavelet High-Frequency Module (WHF)

The Wavelet High-Frequency (WHF) mod-
ule extracts rich high-frequency spatial fea-
tures using the Discrete Wavelet Transform

HxW
(DWT). Given an input image I € R7*W>3, I g AW e <%
we first resize it to I’ € R2A>*2W>3 " This 7 ¥
. . SRl Transform
upsampling compensates for the DWT’s in- -

Iy € CHW

(For Complex Wavelet
transform)

herent downsampling, ensuring output sub-
bands match the original H x W resolution.

. 1
Applying a 2D DWT to I decomposes Figure 3: An overview of the WHF module, we

1t H?to four subban(.is aF H XWX 3. 85" first use the wavelet transform to obtain high- and
olution: Il/l (approximation), Il/h (horizon- low-frequency features. Then, we combine the
tal details), Ii/zl (vertical details), and I},zh high-frequency features to create a feature map.
(diagonal details). I’ M { Il/l’ Il/h’ [;l I Illz h} For complex-valued features, the methodology re-
Focusing on fine details, we exclude the mains the same but utilizes a c.o.mplex wavelet
low-frequency Il/l subband and combine the transform for the initial decomposition step.
high-frequency detail subbands (1),.1;,,1;,,)

to form the composite high-frequency map Iyr. Inr =1, +1;,+ 1,
edge and texture information (Fig. 3).

€ RIXW>3 captures

A key advantage of this wavelet-based approach is its inherent flexibility. While we
describe the process using standard real-valued DWT, the WHF module can seamlessly in-
corporate complex wavelet transforms, such as the Dual-Tree Complex Wavelet Transform
(DT-CWT)[33]. The core procedural steps—resizing, wavelet decomposition into subbands,
selection and combination of high-frequency subbands, and linear projection—remain iden-
tical. The only change lies in the specific wavelet basis functions used in the decomposition,
allowing for adaptation to properties captured by complex wavelets[47] (e.g., phase infor-
mation, shift invariance) without altering the module’s overall structure.
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3.4 SAMWave Architecture

SAMWave enhances SAM’s segmentation capabilities by integrating learned high-frequency
wavelet features via lightweight adapters. As illustrated in Fig. 2, the architecture consists
of three key modules—Embedding Tune, WHF Tune, and Adapters—which are integrated into
the SAM backbone. y W
Embedding Tune: This module generates a learned spatial feature map wpg € R16* 16 "7
from SAM’s image patch embeddings Fenp using a learnable MLP layer ¢pg (.; Opg):

Ve = Ope (Femb; OpE)

WHF Tune: Complementary to Wpg, this module processes the high-frequency feature map
IgF from the WHF module (§3.3). Depending on the wavelet, Iyr can be real or complex.
Since the features Iy are 2D spatial features, they are divided into patches and projected
using a convolution layer to obtain V¢, matching Wpg’s dimensions.

Real/Complex Adapters: Adapters are placed within SAM’s image encoder layers. For

. . ) H W
layer i, the adapter input is the channel concatenation ¥ = [Wpg, Wr] € R167 16 *2Y (or

complex). The output P() = ¢,§Q (o(¢t(,j3,e(‘P))) with P() € R16% 16 *Cimg_
l//,(,;zle and y/,ﬁz are MLPs (standard or complex), and the activation function (o) is GeLU
(or split GeL U for complex). PU¥) is then added with the layer’s feature map F!

img*

img — Fl(Zg + P(l)

In case of complex adapters, the real and imaginary parts of P() are both added separately
to Fjyg. The P() feature is obtained for each layer separately and then added to the respective
layer’s feature map. It provides robustness to learn features required for adaptation.
SAMWave benefits from: 1) Feature Complementarity: combining SAM’s semantic fea-
tures with explicitly learned high-frequency details; 2) Wavelet Flexibility: easily integrates
various wavelets, including complex ones with C-Adapters to leverage properties like shift
invariance and phase information for improved robustness on challenging tasks.

3.5 Objective Function

Following [7, 32], we optimize the tasks in SAMWave by minimizing the loss between the
predicted binary mask (/2) and ground truth (m). Specifically, we use binary cross-entropy
loss (Lpee)[12] for defocus blur detection, balanced binary cross-entropy loss (Lppee) for
shadow detection, and summation of binary cross-entropy and intersection-over-union loss
(Lppee + Lioy) for camouflaged object detection. The loss functions are formulated below as
follows:

Lipce(ri,m) = — (m*log (i) + (1 —m) xlog(1 — 1)) (D

Lppee(r,m) = — * (m*log (i) + (1 —m) xlog(1 — 1)) )
_ Ym+¢

C_Zm—I—Z(l—m)—FS )

Lioalim) =1 - o EE) 4)

L(h+m)— Y (rhxm)
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Table 2: Comparison of Camouflaged Object Detection performance on three datasets against task-
specific and finetuning methods. Our SAMwave approach demonstrates improved performance across
all datasets compared to existing methods.(H: best, B: second best)

Method CHAMELEQN CAMO CODI10K

Sut &t Fgr ML Sat &1 FEt ML Sat &1 Fyt My
SINet[15] 0.869 0.891 0.740 0.044 || 0.751 0.771 0.606 0.100 || 0.771 0.806 0.551 0.051
RankNet[36] 0.846 0913 0.767 0.045 || 0.712 0.791 0.583 0.104 || 0.767 0.861 0.611 0.045
JCODI[26] 0.870 0.924 - 0.039 || 0.792 0.830 - 0.082 || 0.800 0.872 - 0.041
PFNet[38] 0.882 0.942 0.810 0.033 || 0.782 0.852 0.695 0.085 || 0.800 0.868 0.660 0.040
FBNet[31] 0.888 0.939 0.828 0.032 || 0.783 0.839 0.702 0.081 || 0.809 0.889 0.684 0.035
FSPNet[20] - - - - 0.856  0.899 0.799 0.050 || 0.851 0.895 0.735 0.026
SAM([23] 0.727 0.734  0.639 0.081 || 0.684 0.687 0.606 0.132 || 0.783 0.798 0.701 0.050
SAM2[45] 0359 0.375 0.115 0.357 || 0.350 0.411 0.079 0311 || 0429 0.505 0.115 0.218
EVP[32] 0.871 0917 0.795 0.036 || 0.846 0.895 0.777 0.059 || 0.843 0.907 0.742 0.029
SAM-Adapter[7] 0.896 0.919 0.824 0.033 || 0.847 0.873 0.765 0.070 || 0.883 0.918 0.801 0.025
SAM2-Adapter[8] 0915 0.955 0.889 0.018 || 0.855 0.909 0.810 0.051 || 0.899 0.950 0.850 0.018

SAM as Backbone
Real-Valued Adapters

Ours (daubechies (db)) 0922 0.947 0.856 0.023 || 0.865 0.903 0.790 0.057 || 0.900 0.936 0.824 0.021
Ours (coiflet (cf)) 0923 0.952 0.890 0.022 || 0.856 0.888 0.807 0.060 || 0.903 0.939 0.857 0.019
Ours (haar (ha)) 0923 0.954 0.866 0.023 || 0.868 0.905 0.798 0.056 || 0.899 0.934 0.819 0.022
Ours (symlet (sym)) 0915 0.947 0.845 0.027 || 0.846 0.880 0.777 0.067 || 0.897 0.938 0.822 0.021

Complex-Valued Adapters

0.931 0961 0.883 0.020
0.928 0.957 0881 0.019

Ours (Symmetric-b (sy-b))
Ours (Symmetric-a (sy-a))

0.856 0.896 0.797 0.058 || 0.902 0.940 0.843 0.019
0.858 0.893 0.800 0.057 || 0.902 0.939 0.841 0.019

SAM2 as Backbone
Real-Valued Adapters
Ours (daubechies (db)) 0912 0952 0880 0.018 || 0.870 0.927 0.828 0.045 || 0.905 0.956 0.861 0.016
Ours (coiflet (cf)) 0917 0963 0883 0.017 || 0.866 0.923 0.824 0.048 || 0.905 0.957 0.862 0.016
Ours (haar (ha)) 0918 0962 0.889 0.017 || 0.869 0.926 0.829 0.047 || 0.900 0.952 0.865 0.017
Ours (symlet (sym)) 0917 0.961 0.887 0.017 || 0.871 0.929 0.831 0.045 || 0.905 0.954 0.859 0.016

Complex-Valued Adapters

Ours (Symmetric-b (sy-b)) 0.917 0.966 0.890 0.016 || 0.864 0.921 0.824 0.049 || 0.902 0.955 0.858 0.017
Ours (Symmetric-a (sy-a)) 0917 0960 0881 0.019 || 0.864 0.921 0.826 0.048 || 0.903 0.955 0.856 0.016

4 Experimental Details and Results

We evaluate our approach on four difficult vision tasks: camouflaged object detection, shadow
detection, defocus blur detection, and polyp detection, and compare the performance with
current state-of-the-art methods. We also perform ablation studies to analyze the effective-
ness of our approach.

4.1 Datasets and Evaluation Metrics

Camouflaged Object Detection. Following [7, 32], we evaluate on COD10K [15], CAMO
[25], and CHAMELEON [53]. Metrics: S-measure (S,,) [14], mean E-measure (&y), weighted
F-measure (F [3” ) [37], and Mean Absolute Error (M).

Shadow Detection. Following [7, 32], we evaluate on SBU [63] and ISTD [64]. Metric:
Balanced Error Rate (BER).
Defocus Blur Detection. Following [7, 32], we evaluate on CUHK [49] and DUT [67].
Metrics: F-measure (F, ﬁ) and Mean Absolute Error (M).
PolyP Detection. Following [61], we evaluate on Kvasir-SEG [21], CVC-ClinicDB [2],
ColonDB [56], ETIS [52]. Metrics: mDice and mloU.

Additional details about the datasets, including their train-test split, are provided in the
supplementary.
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Figure 4: Visual comparison of our proposed SAMWave with existing methods for the COD task.

4.2 TImplementation Details

All experiments are implemented in PyTorch on an NVIDIA A100 GPU. We follow a similar
training setting as [7, 32] with an image size of 1024 x 1024. We use pre-trained SAM and
SAM2 networks as the backbone. We use the AdamW optimizer for weight updates and use
a learning rate of 0.0002.

4.3 Experimental Results

Camouflaged Object Detection: We compare our approach with existing task-specific
methods [31, 35, 39] and efficient tuning methods [7, 32]. Tab. 2 shows that SAMWave
significantly outperforms these methods across three datasets, consistently with SAM and
SAM?2 backbones. To demonstrate the efficacy of our adaptive approach, we show that per-
formance improvement over previous methods is consistent across different wavelets. De-
spite vanilla SAM?2 performing poorly compared to SAM and other methods in Tab. 2, its
performance is significantly boosted when combined with our approach. We provide the
qualitative results in Fig. 4.

Table 3: Comparison of state-of-the-art approaches on shadow detection.(m: best, B: second best)

Ours
Dataset DSD FDRNet MTMT EVP  SAM- SAM2- SAM as Backbone SAM?2 as Backbone
711 [72] [10] [32] Adapter[7] Adapter[8] Real-valued Complex-valued Real-valued Complex-valued
Adapters Adapters Adapters Adapters
db cf ha sym|sy-b sy-a db cf ha sym|sy-b sy-a

ISTD (BER ,L)H 217 155 172 1.35 1.43 1.43

1.24 1.24 1.01 1.04|1.09 1.15 1.91 1.24 0.92 1.2212.60 1.32
SBU (BER |) || 345 3.04 3.15 431

2.93 3.01 3.00 3.07|3.06  3.06 |3.04 5.28 2.99 3.77|4.43 432

Shadow Detection: We compare the performance of our approach against existing methods
across two benchmark datasets. In both cases, our method yields substantial performance
improvements. Although the performance improvements are relatively minor on the ISTD
dataset when using Daubechies and Coiflet wavelets compared to other wavelet variants, the
improvement remains significant, demonstrating the robustness and generalizability of our
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adaptive approach.

Table 4: Comparison with state-of-the-art approaches on blur detection.(M: best, B: second best)

Dataset

DeFusion- BTBNet CENet DAD EFENet EVP

Ours

SAM as Backbone

SAM2 as Backbone

Net[57] [67] [68] [70] [69] [32] Real-valued Complex-valued Real-valued Complex-valued
Adapters Adapters Adapters Adapters
db cf ha sym |sy-b sy-a db cf ha sym|sy-b sy-a
DUT flj T 0.823 0.827 0.817 0.794 0.854 0.890(|0.888 0.886 0.880 0.885(0.892 0.893 |0.896 0.893 0.894 0.893(0.907  0.902
0.118 0.138  0.135 0.153 0.094 0.068||0.068 0.067 0.108 0.106(0.067 0.066 |0.051 0.051 0.051 0.051(0.052 0.056
CHUK fﬁ T 0.818 0.889  0.906 0.884 0.914 0.928(/0.922 0.916 0.911 0.911{0.917 0.912 ]0.923 0.924 0.925 0.924(0.928  0.925
0.117 0.082 0.059 0.079 0.053 0.045|/0.040 0.046 0.070 0.069(0.045  0.046 |0.036 0.039 0.037 0.038|0.036  0.039

Defocus Blur Detection: For the Blur Detection task, we primarily compare our method
with EVP[32], as SAM-Adapter[7] does not report results for this task. As shown in Tab. 4,
our approach achieves the best results using complex-valued adapters with the SAM?2 back-
bone. While we outperform EVP in all cases, our method demonstrates significant improve-
ments over other existing approaches as well.

Table 5: Comparison with state-of-the-art methods on PolyP detection. (M: best, B: second best)

Ours
Dataset M2UNet  SAM SAM2  SAM-EG SAM as Backbone SAM2 as Backbone
) [60]  Adapter [7] Adapter [8] [61] Real-valued Complex-valued Real-valued Complex-valued
Adapters Adapters Adapters Adapters

ha sym |sy-b  sy-a cf  ha sym |sy-b sy-a

ClinicDB mDice || 0.901 0.931 ||0.855 0.652 0.866 0.854(0.832 0.840 |0.887 0.881 0.885 0.874|0.862  0.846

mloU 1| 0.853 0.879 ]|0.789 0.449 0.794 0.786(0.761  0.772 |0.826 0.821 0.827 0.816(0.800 0.784

ColonDB mDice || 0.767 0.774 ]|0.743 0.635 0.724 0.737(0.726  0.748 |0.764 0.769 0.769 0.778|0.781  0.782

mloU 1 || 0.684 0.689 ]/0.668 0.386 0.647 0.661(0.652 0.671 |0.696 0.703 0.697 0.704|0.710  0.707

Kvasir mDice || 0.907 0.850 0.873 0.915 |0.889 0.812 0.901 0.900({0.901  0.902 |0.917 0.913 0.911 0.908(0.899  0.902

mloU 1| 0.855 0.776 0.806 0.862 |(0.818 0.618 0.827 0.828/0.834 0.838 |0.867 0.861 0.859 0.860|0.844  0.847

ETIS mDice T|| 0.670 0.757 ||0.688 0.445 0.685 0.693(0.680  0.732 |0.780 0.749 0.784 0.802(0.797 0.750

mloU 1| 0.595 0.681 ]|0.610 0.223 0.603 0.622(0.611  0.654 |0.709 0.683 0.720 0.737|0.730  0.676
PolyP Detection: Tab. 5 presents quantitative results for the PolyP detection task. Com-

pared to existing approaches[7, 8, 60, 61], our method achieves significant improvements
across nearly all datasets. We observe further gains when using the SAM2 backbone, espe-
cially with complex-valued adapters. While our performance is comparable to that of [61],
it is important to emphasize that—unlike their task-specific model-our adaptive approach is
designed to generalize across multiple low-level vision tasks.

R-valued vs C-valued Adapters: Tab. 2, 3, 4, and 5 show that, when using the SAM back-
bone, complex-valued adapters perform comparably to—or in some cases better than—their
real-valued adapters. Furthermore, when switching to the SAM2 backbone, complex-valued
adapters consistently yield improved results, highlighting the enhanced compatibility and
representational capacity of SAM?2 for this task.

4.4 Ablation Study

We conduct three ablation studies to highlight our contribution. First, we remove the WHF
module and adapters from the SAM backbone while keeping everything else the same, and
then, we provide each of the wavelet transform subbands. Lastly, we replace the wavelets
used in our approach with other wavelets and observe the result.

Effect of adapters: We remove high-frequency features and patch embeddings from the
backbone and train the SAM model. Tab. 6 shows the result for the same. Although this
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Table 6: The results of our ablation study highlight the importance of adapters for efficient finetuning;
it also highlights the importance of each low-frequency subband (LL) and the rest of the high-frequency
subbands (HL, LH, HH) in the image in the wavelet domain. The ablation experiment is done for
camouflage object detection, and SAM is taken as the backbone.

Method

CHAMELEON CAMO COD10K
St &t FPt ML Set &1 FET MU St &t Ft MU

SAM Finetuned || 0.796 0.802 0.676 0.062 || 0.750 0.756 0.639 0.105 || 0.789 0.817 0.596 0.049

LL HL LH HH H Evaluating each component

v X X X | 0907 0937 0842 0029 | 0.856 0.884 0785 0.062 || 0.891 0929 0817 0.024
X v X X [ 0895 0927 0834 0030 | 0851 0882 0781 0063 || 0.887 0924 0816 0.024
X X v X |[089%6 0915 0838 0030 | 0854 0887 0790 0.063 | 0.891 0928 0.838 0.023
X X X v [[0908 0935 0848 0028 | 0.853 0.883 0783 0064 || 0.893 0928 0818 0.023
X v v v |[0923 0952 0890 0022 0856 0.888 0.807 0.060 || 0.903 0.939 0.857 0.019

helped improve performance over SAM, it lags significantly.

Effect of each subband: In §3.3, we claim that when combining all three high-frequency
subbands (HL, LH, HH), there is a significant improvement in the performance. Hence,
we perform an ablation study by considering each subband individually and observing its
significance to assert our claim. As expected, we see performance degradation for all three
datasets when provided with low-frequency features (LL). Similarly, when we provide each
high-frequency subband, we see a similar pattern in performance loss. However, we only see
the best performance when all three are combined.

Effect of each wavelet: To ensure that the results obtained are not due to any specific
property of a single wavelet, we use four different wavelets and show their results. The
comparative result are shown in Tab. 2, 3, 4, 5. The observation is similar across all four
tasks; we see more performance gain for some wavelets, but overall, using any wavelet
provides better information than previous methods.

5 Conclusion

This work presents a new efficient fine-tuning method for large vision models, particu-
larly SAM and SAM?2, for solving four difficult vision tasks. Additionally, we show that
a complex-valued adapter can be used to fine-tune large vision models efficiently. We first
show that the existing method of providing high-frequency information to the network is
not optimal and needs improvement. We propose a WHF module, which converts the input
image to a wavelet domain and combines the high-frequency subbands. When provided to
the networks, this new feature map significantly improves over existing methods.
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