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Abstract

Camouflaged scenes, where objects blend seamlessly into
their environments, pose significant challenges to both hu-
man observers and computer vision systems. To address this,
we propose a novel framework that leverages off-the-shelf
foundation models to generate multi-modal prompts for the
Segment Anything Model (SAM), thus eliminating the need
for manual prompts and significantly improving overall per-
formance on this downstream task. At first, we generate an
image caption using the BLIP model and obtain its text em-
bedding through the use of a text encoder. We then generate
a visual embedding through the vision encoder of the BLIP
model and use both as inputs to SAM to provide additional
semantic information about the image. Finally, we propose a
couple of architectural novelties, a) we effectively integrate
the multi-modal information in SAM through a multi-level
adapter and b) we replace the dense embedding of SAM
with the image embedding of its image encoder. Our method
achieves new state-of-the-art performance in 11 out of 12
metrics in three benchmark datasets for camouflaged detec-
tion. Additionally, our method can be successfully adapted to
other tasks such as medical image segmentation performing
on par or even outperforming the state-of-the-art methods.
Our code is available in https://github.com/ic—
gialangian/Vision—Language—SAM.

1. Introduction

Camouflaged Object Detection (COD) focuses on identify-
ing objects that are visually blended into their surroundings,
often sharing similar colors and patterns, which makes them
challenging to detect. COD has garnered significant attention
in the field of computer vision due to its potential implica-
tions and extensive applications in areas such as surveillance
systems [15], wildlife monitoring [44], tracking [25, 36]
and low-altitude economy (LAE) [9]. However, this task
remains a significant challenge for computer vision because
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Figure 1. Visualization of segmentation results generated by SAM
under different bounding-box prompts. (a) Original image and
corresponding ground truth mask. (b) Segmentation result with a
bounding-box prompt placed in the background, failing to capture
the object. (c) Segmentation result with a properly placed bounding-
box prompt, closely matching the ground truth. (d) Segmentation
result with a bounding-box prompt slightly larger than in (c), result-
ing in over-segmentation and mask leakage into the background.
This figure highlights the sensitivity of SAM to bounding-box
prompt placement and size.

of the barely detectable differences between the object and
its surroundings, causing traditional segmentation methods
to either overlook or misclassify the target objects.

Despite the remarkable performance of deep learning-
based methods in various computer vision tasks, they still
struggle with Camouflaged Object Detection (COD). A key
reason for this underperformance is the limited size of avail-
able datasets. Without high-quality datasets, models struggle
to learn expressive feature representations, which are essen-
tial for accurately distinguishing camouflaged objects from
their surroundings. Obtaining more data can be a way to ad-
dress this issue, nevertheless this can be labor-intensive since
it requires humans to annotate correctly numerous images.

Another approach is to leverage large foundation mod-
els like the Segment Anything Model (SAM) that have
demonstrated adaptability for downstream tasks using sparse
prompts (e.g., text, bounding boxes) and dense prompts (e.g.,
masks) for segmentation. However, even SAM that has
been trained on the huge dataset SA-1B struggles with COD
for many reasons. One reason is COD is highly complex
since background and foreground look very similar. Another
problem is a fundamental limitation of SAM, that relies on

19882



Mamba

—_—_—————————

£ { ) |
.. . | There| | 1 fox |
, Caption | |
_— :
l : ¢ |
. E | |
There is a fox in the snow \ [ /I

N ——— e — —

SAM
- — N\ Language
i prompt

P p

—_———————— ——

Figure 2. The proposed paradigm for segmenting camouflaged ob-
jects. BLIP is used for image captioning to automatically generate
descriptions for each input image. A text encoder, Mamba, then
extracts text embeddings from the generated descriptions, which
are further combined with vision embeddings from BLIP’s image
encoder to create vision-language prompts for the SAM decoder.

manual user prompts, referred to as sparse prompts, such as
a bounding boxes, text and pixel points.

Specifically, relying on these sparse prompts can be a
significant source of error since the size of the bounding box
can significantly affect the output of SAM. This is evident
in Figure 1, that shows how SAM struggles to segment the
object of interest by predicting different segmentation masks
for every different bounding box input. For instance, Figure
1(b) demonstrates that if a given bounding box encloses
the background, SAM will segment the background instead
of the target animal. When the bounding box is slightly
enlarged by moving only 10 pixels from Figure 1(c) to (d),
which could easily occur in practice, the segmentation mask
in (d) shows a visible false positive compared to (c).

In this work we address the challenges of SAM in COD
and propose a novel method that leverages SAM to suc-
cessfully segment COD images. Specifically, we propose
to discard the manual prompt inputs completely and utilize
multi-modal prompts to guide the segmentation process of
SAM so that the object of interest is successfully segmented.
We propose a novel way of using text information by utiliz-
ing the BLIP model to generate a text caption of the image of
interest and embed this caption using a powerful text encoder,
the Mamba proposed in [4]. We also use the BLIP model’s
expressive visual encoder to obtain a vision embedding from
the image of interest. Both the vision and language embed-
dings can provide complementary information that can aid
SAM segment the object of interest (Figure 2).

Additionally, we propose two architectural ideas to im-
prove the performance of our method. First, we utilize a
multi-level adapter as a way to incorporate the visual in-
formation effectively by providing the vision embedding as

input in multiple of SAM’s transformer layers. The multi-
level adapter serves to bridge the gap between the unaligned
semantic spaces of vision and text embeddings and SAM’s
transformer layers. Second, we identify a limitation of SAM,
which is the use of a dense embedding that constitutes of a
mask embedding that is generated by embedding a user pro-
vided input mask using a convolutional network and adding it
to the image embedding generated by SAM’s image encoder.
However, if no input mask is provided, then the masked em-
bedding is replaced with a randomly initialized embedding
that can lead to degradation in performance. We propose to
completely discard the mask embedding and use only the
image embedding from SAM’s image encoder, completely
alleviating SAM’s reliance on manually provided user inputs
while also enhancing performance in COD. We refer to our
method as Multi-modal Segment Anything (MM-SAM). Our
contributions can be summarized as follows:

* We proposed a novel way to exploit text embeddings by
using the BLIP model to generate a text caption for the
image of interest.

* We are the first, to the best of our knowledge, to utilize
both vision and language information to improve SAM’s
performance in COD.

* We integrate two architectural ideas in SAM that improve
SAM'’s performance, namely a multi-level adapter and a
dense embedding relying only on SAM’s image embed-
ding.

* We achieve new state of the art performance in 11 out of
12 metrics in 3 widely popular benchmark COD.

2. Related Work

Camouflaged Object Detection Camouflaged object de-
tection (COD) is a challenging task in computer vision that
involves identifying objects that closely resemble their back-
ground. In early studies, researchers relied on low-level
features such as texture, brightness, and color to differentiate
the foreground from the background [34, 38]. These features
formed the foundational basis for various segmentation tech-
niques. However, the performance of most of these methods
heavily depends on accurately annotated samples for train-
ing, resulting in significant manual costs and limits in their
practical application. Deep learning has been the paradigm
of choice in more recent COD works after [3] trained a deep
learning model on a new COD dataset achieving remarkable
performance in the process.

Currently, the main lines of research that researchers
attempt to tackle COD through deep learning is through
improvements in network architecture, learning paradigm
and supervision level [47]. One study targeting architectural
design is [41], where the authors propose a sophisticated
architecture using an attention mechanism to fuse multi-level
features. Another work extracts frequency-domain features
using the discrete cosine transform and fuses them with RGB
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Figure 3. The overall structure of the proposed method. 1) BLIP Image encoder is used to obtain the vision embedding. 2) BLIP’s text
decoder and the Mamba text encoder are used to obtain the text embedding. 3) The Vision embedding is incorporated into SAM using a
multi-level adapter. 4) The text embedding and the vision embedding are concatenated to form sparse embedding. 5) The sparse embedding
is concatenated with SAM’s image embedding to SAM’s decoder. 6) SAM’s decoder outputs the predicted segmentation mask.

images via a novel architecture [50].

Other ideas include using multi-task learning such as
using an auxiliary loss function to help guide the network
such as predicting associated cues in the such as boundary
along with the segmentation mask [5] and localizing the
camouflaged object simultaneously with segmenting them
[30]. Also, different levels of supervision has been explored
as a way to alleviate the burden of relying on pixel-wise
annotated datasets. Weakly-supervised training regimes have
been proposed that use only sparse annotations such as points
and scribbles [6] as well as semi-supervised training regimes
that use labeled and unlabeled by generating pseudo-labels
for the latter and exploiting both to obtain more accurate
segmentation predictions [29].

Segment Anything The Segment Anything (SAM) [17]
proposed the first foundational model for image segmenta-
tion, achieving remarkable zero-shot performance in novel
segmentation tasks in a similar way that Large Language
models achieved in language tasks. The success of this work
inspired new lines of research that attempt to utilize the pre-
trained SAM model effectively in novel segmentation tasks.
Fine-tuning SAM effectively has been the main research
interest in attempting to use SAM successfully in novel
situations. [2] uses a simple adapter to incorporate domain-
specific information or visual prompts into SAM. In [33],
the authors proposed to fine-tune SAM efficiently by param-
eter space reconstruction. In [21], inspired from the success
of adversarial training in NLP, the authors proposed to use
adversarial tuning to improve the generalizability of SAM
by mapping natural images onto a low-dimensional mani-
fold using a generative model, perturbing their embedding

along an adversarial direction within the manifold before
generating new adversarial images that are used to fine-tune
SAM. Apart from fine-tuning SAM, GenSAM [10] proposed
to utilize generic text prompts to automatically generate and
utilize visual prompts to aid COD performance.

Language Prompting Language prompting is the concept
of providing a large language model with text input, referred
to as a prompt, to guide its generated response. It has been
shown to help language models achieve impressive improve-
ments in performance in NLP tasks [1]. Different types
of prompts have been proposed such as hard prompts [46],
which use a pre-designed template to guide model outputs,
and soft prompts which use trainable embeddings that are
fine-tuned to various tasks [19]. This paradigm shift in NLP
inspired the Computer Vision community to research lan-
guage prompting as a way of improving the performance
of computer vision tasks. The seminal work of CLIP [35]
trained very robust visual models by training them using
image and caption pairs.

Segmentation tasks have also explored language prompts,
for example, SAM leverages text prompts provided by a user
to improve segmentation performance. More recent works
also focused on addressing SAM’s limitations through lan-
guage prompting such as GenSAM [10], which eliminated
the need for user prompts by using generic text prompts to
guide the segmentation process.

Visual Prompting is inspired by prompt tuning in natural
language processing (NLP) [1, 26] but rather than use text
as input, visual cues are used as the prompt input. The orig-
inal SAM model utilized visual prompts such as bounding
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boxes, point coordinates within the image that indicate areas
of interest and masks that are image regions that may have
been partially segmented. Along this line of research, [28]
proposed focus on visual prompts that are image-specific in
contrast to the typical dataset-specific visual prompts. Specif-
ically, the authors proposed to use explicit visual information
from every image such as features from frozen patch embed-
dings and the image’s high-frequency components. The work
of [2] addressed the limitations of the Segment Anything
Model (SAM) in handling specific segmentation tasks like
camouflaged object detection, shadow detection, and med-
ical image segmentation by proposing to use a lightweight
adapter model to incorporate domain-specific visual prompts
into the SAM network.

Our work bears some similarities with GenSAM [10].
While GenSAM uses a generic text prompt followed by a
cross-modal chain of thoughts prompting to obtain heatmaps
for visual prompts, ours simply leverages BLIP and Mamba
to generate image specific text prompts and uses BLIP’s
image embedding as a visual prompt. Additionally, our work
proposes architectural novelties integrated in SAM such as a
multi-level adapter and the utilization of an improved dense
embedding in contrast to GenSAM that proposes none.

3. Methodology

3.1. Overview of Architecture

We follow the SAM baseline in [2] and directly adopt the
original image encoder and mask decoder from the one with
ViT Huge (ViT-H) architecture. Figure 3 illustrates the over-
all structure of the proposed method. We first exploit BLIP
for the image captioning task to automatically generate de-
scriptions for each input image. Then an LLM or a text
encoder, such as Mambea, is used to extract text embeddings
from the generated descriptions, which are further combined
with vision embeddings from BLIP’s image encoder to create
vision-language prompts for the SAM decoder. Additionally,
within the SAM image encoder, the vision embeddings from
each transformer block are integrated with those from BLIP.
This combination is used to train an adapter for fine-tuning
SAM’s image encoder.

3.2. Vision-Language Prompts

Caption Generation via BLIP BLIP is first used as a
caption generator to automatically provide an appropriate
description for each camouflaged scene I;:

prompt, = BLIP(I;), 1

where, the generated prompt; is a brief sentence that de-
scribes and summarizes the primary elements of the given
input I;. Notably, no instruction is provided to specify the
template of the generated caption; it relies solely on the in-
put image. For example, in Figure 3, BLIP generates the

following caption for the given image: “There is a lion in the
tall grass.”, which highlights the key elements in the image
(i.e., lion and tall grass).

Vision Embeddings with BLIP Given that BLIP is pre-
trained on a large-scale dataset and possesses the capability
to generate coherent image descriptions, its encoder can
serve as a highly efficient feature extractor for generating
the vision embedding €?**?°" of the given image I;. The
embedding e?***°" contains comprehensive information and

will be used to train the model in the latter stages:

e;}isiOn — BLIPencode’r‘ (IZ ) ) (2)

where BLIP,,,coq¢, represents its image encoder.

Text Embeddings with Mamba To better utilize the gen-
erated caption of the input image for model training, an LLM
— Mamba is employed to extract the text embedding !¢
from the generated description:

ele*" = Mamba(prompt,). 3)
Then, the vision embedding e?****" and the text embedding
e!®** are concatenated to form the input token of SAM’s
decoder:

sparse
%

text
7

= concat(el¢®t, evision), 4)

sparse
4

where e denotes the sparse embedding.

3.3. Multi-Level Feature Adapter

One of our key contributions is the development of an adapter
to fine-tune the image encoder, which integrates both local-
level features from the transformer block of SAM and global
image-level features from vision-language models (VLMs),
such as BLIP. This differs from previous work like SAM-
Adapter [2], which focuses primarily on adapters that incor-
porate visual prompts and task-specific frequency informa-
tion. The output embedding of each adapter layer and each
transformer block are then added together to produce the fi-
nal output (see Figure 3). Hence, the proposed adapter layer
not only reduces the computational cost of fine-tuning but
also allows for better task-specific representation learning
by incorporating vision embeddings from BLIP’s pretrained
image encoder. Moreover, the vision embedding e?*?°" of
BLIP’s image encoder contains image-level feature, while
the output embedding F£"°°" from the I-th transformer
block contains pixel-level features. According to [12], the
above multi-level adaptation is capable of aligning BLIP’s
features to the demands of COD contexts. The details of the
multi-level feature adapter can be described as:

]_-ladapter _ Adapterl (Concat(]_—lencode'r eyision))7 (5)

»
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Figure 4. Visualization for the heatmaps of dense embeddings
and image embeddings in SAM. (a) RGB image (b) Ground Truth
(c) The original dense embedding in SAM (d) The original image
embedding of image encoder in SAM.

where Adapter'(-) denotes the I-th adapter layer and
F{AaPer s its output feature. To reduce the number of learn-
able parameters, all adapter layers share the same weights.
Finally, .ﬁadap ‘" and F¢meode” are added together to form
the input feature F;* for the next transformer block stage as:

]:l* =- ]_-ladapter + (1 _ ’Y) . ]_—lencode7“7 (6)

where v is the weight coefficient. By leveraging the pro-
posed multi-level feature adapter, the model can integrate
both global and local features, enhancing its ability to dis-
criminate foreground objects in the image.

3.4. Rethinking Dense Embedding in Mask Decoder

In the original SAM framework, the mask decoder is used to
map the image embedding €% the prompt embedding
to the final segmentation result. In particular, the prompt
embedding consists of a sparse embedding e;”*"* and a
dense embedding ef¢"*¢, which are generated by the sparse
prompts (e.g., text, bounding boxes, points) and the dense
prompts (e.g., masks), respectively. However, when the
mask is not accessible, the dense embedding is replaced by
a randomly initialized variable and its visualization result
is shown in Figure 4c. From the visualization results, it is
evident that the embedding initialized by random variables
lacks significant semantic information. Instead of adopting
a random dense embedding, we propose to use the image
embedding e§"c°%" generated from the image encoder of
SAM since it contains useful semantic information as it is
evidently shown in Figure 4d. Therefore, the image embed-
ding eg™c°?¢" is passed through a fully connected layer with
an activation function to produce a semantically meaningful
dense embedding efems¢:

ede?Lse _ GELU(Linear(eencoder))’ @)

i i

where GELU(-) is the Gaussian Error Linear Units activation
function [8] and Linear(-) is the fully connected layer. Next,
following the original SAM approach, the image embedding
egneoder g added to the dense embedding "% and then
fed into the mask encoder with the sparse embedding e;7*"*¢

: i
to predict the final result S/ "':

final dense encoder _sparse
S’i 7 + ei ) ei ) (8)

= Decoder(e

Finally, the model is trained with the linear combination of
the focal loss and the dice loss.

4. Experiments

4.1. Dataset and Evaluation Metrics

For the task of camouflaged object detection, we utilize
the COD10K dataset [3], the CHAMELEON dataset [40],
and the CAMO dataset [18] in our experiments, without
providing any additional prompts such as bounding boxes,
scribbles, points, or full masks. COD10K is the most ex-
tensive dataset for camouflaged object detection, compris-
ing 3,040 training samples and 2,026 testing samples. The
CHAMELEON dataset contains 76 images sourced from the
Internet for testing purposes. The CAMO dataset includes
1,250 images, with 1,000 designated for training and 250 for
testing. Adherent to the training protocol outlined in Fan
[3] and Chen [2], we use a composite dataset of CAMO and
CODI10K for training. Performance evaluation is conducted
by using the CAMO and COD10K test sets, as well as the
entire CHAMELEON dataset. For the task of medical image
segmentation, we use ColonDB [42] and Kvasir [16] for
polyp image segmentation

Based on the standard evaluation of COD, we utilize
common metrics to assess our method: structure-measure
(S4), weighted F-measure (F é”), mean E-measure (Ey),
and mean absolute error (MAE). The structure-measure (S,,)
adopts object perception and region perception to assess
the similarity of structural information. The weighted F'-
measure [ represents the weighted mean F'-measure (Fm)
metric, which indicates the standard overall performance that
is computed as a function of precision and recall. The mean
E-measure (E) aims at capturing the image-level statistics
and local pixel-matching information. The mean absolute er-
ror (MAE) metric is commonly used to measure the average
pixel-level error, indicating the similarity between prediction
masks and ground truth masks. Additionally, we use the
Precision-Recall (PR) and F-measure curves to show the
overall performance.

—— (SiNet)
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Figure 5. The Precision-Recall (PR) curve and F'-measure curve
on all testing datasets.

19886



Table 1. Quantitative results for camouflage detection.

CHAMELEON CAMO COD10K

Method

Sat Ept FFt Mael Sot Esgt Fft Mael Sat Ey? FPT Mael

Task-Generic Prompt Setting
CLIP-Surgery+SAM [22] 0.689 0.741 0.606 0.147 0.612 0.692 0.520 0.189 0.629 0.698 0.488 0.187
GroundingSAM [37] 0.744 0.776 0.662 0.122 0.707 0.753 0.656 0.157 0.764 0.813 0.670 0.085
GenSAM [10] 0.764 0.807 0.680 0.090 0.719 0.775 0.659 0.113 0.775 0.838 0.681 0.067
ProMaC [11] 0.833 0.790 0.899 0.044 0.767 0.846 0.725 0.090 0.805 0.876 0.716  0.042
Supervised Setting

SINet [3] 0.869 0.891 0.740 0.044 0.751 0.771 0.606 0.100 0.771 0.806 0.551 0.051
JCOD [20] 0.870  0.924 - 0.039  0.792 0.839 - 0.082  0.800 0.872 - 0.041
FBNet [23] 0.888 0939 0.828 0.032 0.783 0.839 0.702 0.081 0.809 0.889 0.684 0.035
RankNet [31] 0.846 0913 0.767 0.045 0.712 0.791 0.583 0.104 0.767 0.861 0.611 0.045
SAM-Adapter [2] 0.896 0919 0.824 0.033 0.847 0.873 0.765 0.070 0.883 0.918 0.801 0.025
PFNet [32] 0.882 0942 0.810 0.033 0.782 0.852 0.695 0.085 0.800 0.868 0.660 0.040
FSPNet [14] - - - - 0.856 0.899 0.799 0.050 0.851 0.895 0.735 0.026
MM-SAM 0923 0946 0.853 0.027 0.863 0.901 0.782 0.059 0.896 0.907 0.808 0.023

RGB

SINet JCOD

FBNet PFNet SAM-Adapter Ours

Figure 6. Comparisons with other state-of-the-art methods.

4.2. Implementation Details

We use the SAM model from Chen et al. [2] as our baseline.

For all experiments, we utilize the AdamW optimizer. The
initial learning rate is set to 2e-4, and a cosine decay schedule
is applied. All training and testing images are resized to
1024 x 1024 resolution, and the model is trained with a batch
size of 1. The camouflaged object segmentation task is
trained for 20 epochs using PyTorch on a single NVIDIA
RTX 3090 GPU with 24GB of memory.

19887

4.3. Comparisons with State-of-the-art Methods

Comparisons with current state-of-the-art methods, namely
SINet [3], RankNet [31], JCOD [20], PFNet [32], FBNet
[23], SAM [17], SCOD [7], SAM-Adapter [2] and GenSAM
[10] are presented in Table 1. To provide a comprehen-
sive assessment of each method’s efficacy, this comparative
study evaluates multiple algorithms for camouflage detection
across three benchmark datasets: CHAMELEON, CAMO,
and COD10K.

The proposed method consistently outperforms existing



Table 2. Ablation studies on SAM.

Method’s Variant | CHAMELEON CAMO
SAM Language Vision Dense Adapter ‘ Sot Eyt Fy1 JWAEi‘ St Est FYt MAE] ‘ Sa® Ept

COD10K
F¥t MAE|

0.836 0.872 0.666  0.065 | 0.790 0.839 0.619 0.107 | 0.807 0.801 0.606  0.054
0.845 0881 0.706 0.054 | 0.784 0.848 0.630  0.101 0.818 0.833 0.651 0.046
0.854 0.898 0.725 0.048 | 0.811 0.863 0.676 0.085 | 0.821 0.818 0.642  0.042
0872 0915 0.769 0.043 | 0822 0.882 0.712 0.075 | 0839 0.871 0.706  0.034
v v 0923 0946 0.853 0.027 | 0863 0901 0.782 0.059 | 0.896 0.907 0.808  0.023
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Figure 7. Qualitative results on ablation studies. Each column
refers to a proposed method and they are gradually added to the
SAM baseline from left to right. (a) RGB images. (b) Ground truth.
(c) SAM baseline. (d) Language prompts. (e) Vision prompts. (f)
Dense embedding. (g) Adapter.

algorithms across all datasets and metrics, demonstrating
its robustness and accuracy in camouflage detection. Sig-
nificant improvements in Sy, Ey, Fjg’, and MAE highlight
the ability of the method to maintain structural integrity,
alignment, and precision while minimizing errors. Figure 5
presents the PR curve and F'-measure curve on all testing
sets, clearly indicating that our method (red line) achieves
superior performance.

It is important to note that the superior segmentation
capabilities of the proposed method are not solely dependent
on SAM in COD. As shown in Table 1, SAM struggles
with COD due to the lack of prompt guidance. This issue
can be mitigated by equipping SAM with either a vision
or language prompt, such as those used in SAM-Adapter
or GenSAM. These prompts provide additional semantic
guidance, enhancing performance relative to SAM alone.
However, even with these improvements, they still fall short
of the performance achieved by our proposed method.

We further visualize testing examples in diverse scenarios
in Figure 6. The top four rows show animals well camou-
flaged and embedded in the background. Our approach suc-
cessfully segments challenging samples, whereas other meth-
ods still struggle in certain situations. The final row illus-
trates a simpler case, where the rabbits stand out against the
background. In that case, all methods obtain accurate masks
of the rabbits. Notably, while the ground truth overlooks the
overlapping grass and rabbits, JCOD, SAM-Adapter, and

Training-free

Figure 8. Visualization of training-free mode for polyp segmenta-
tion

our method still manage to segment the overlapping grass.

4.4. Ablation Study

We conducted an ablation study to validate our method’s
effectiveness. Results, detailed in Table 2, show that adding
each component—Ilanguage prompts, vision module, dense
connections, and adapter—progressively improve model per-
formance for COD. The baseline (first row) represents SAM
applied directly, without prompts.

Initially, we examined vision-language prompts applied
to SAM, which significantly improved segmentation pre-
diction, particularly enhancing Ey and Fg’ scores. Adding
a vision module further improved metrics, indicating that
multi-modal information benefits the model. Dense connec-
tions notably enhanced Fy’ and reduced MAE, indicating
greater prediction precision. Finally, the adapter mechanism,
added to the full model (SAM + Language + Vision + Dense),
yielded the highest scores, emphasizing its importance in
integrating features from different modules.

Figure 7 illustrates qualitative ablation results, showing
segmented masks under various conditions. While SAM
alone roughly segments objects, it produces many false posi-
tives and false negatives. Adding language prompts reduces
these errors by providing semantic guidance. Further im-
provements come from adding vision prompts, though some
issues remain. The final configuration (SAM + Language +
Vision + Dense + Adapter) maximally utilizes multi-scale
and multi-modal information, resulting in clearer object seg-
mentation and elimination of false negatives.
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Table 3. Results for medical image segmentation under training-free setting. Training-free mode means that our model directly incorporates
embeddings from foundation models without the proposed adapter for fine-tuning. Zero-shot indicates that our entire model including the

proposed adapter is fine-tuned on COD dataset.

CVC-ColonDB Kvasir
Method Venue
SaT Eet Ff1T Mael So1 Eyt Fgt Mael
GPT4V+SAM [17] Arxiv23  0.242 0.246 0.051 0578 0.253 0.236 0.128 0.614
LLaVAL.5+SAM [17,24] NeruIPS23 0.357 0.355 0.194 0491 0.403 0400 0.293 0479
X-Decoder [51] CVPR23  0.331 0.327 0.095 0462 0384 0.371 0202 0.449
SEEM [52] NeruIPS23 0.284 0.280 0.085 0.570 0.367 0.337 0.215 0.520
GroundingSAM [17, 27] ICCv23 0206 0.195 0.071 0.711 0.468 0.521 0.353 0.387
GenSAM [10] AAAI24 0379 0494 0.059 0244 0487 0.619 0.210 0.172
ProMaC [11] NerulPS24 0.530 0.583 0.243 0.176 0.573 0.726 0.394 0.166
MM-SAM(Training-Free) Ours 0451 0.527 0.107 0317 0475 0.637 0.159 0.235
MM-SAM(Zero-Shot) Ours 0.565 0.520 0.220 0.185 0.740 0.756 0.535 0.134
Table 4. Zero-shot on saliency and blur detection. Table 5. Results on different text encoders.
DUTS CUHK CAMO COD10K
Method Method Sat Eot Fst Mael Saf FEst Fzt Mael
Ey1t Mael mIoUT Fgt
SAM 0790 0839 0619 0.107 0807 0801 0.606 0.054
SAMed [48] 0.764 0.104 0.554  0.717 SAM+CLIP 0779 0.848 0.629 0.101 0812 0816 0.631 0.047
SAM+Bert 0782 0.854 0.634 0099 0812 0823 0631 0.045
SEEM [52] 0599 0.326 0.608 ~ 0.675 SAM+Llama 0774 0852 0.620 0102 0806 0826 0.626 0.047
Painter [45] 0.811 0.113 0.186 0.273 SAM+Mamba 0.784 0.848 0.630 0.101 0.818 0.833 0.651 0.046
PerSAM [49] 0.641 0.257 0.558 0.716
AlignSAM [13] 0.782  0.082 0.685 0.769 .
4.7. Text Encoder Analysis
MM-SAM 0.877  0.058 0.698 0.746

4.5. Training-free Medical Image Segmentation

We compare our model with other state-of-the-art (SOTA)
training-free methods on medical image segmentation. The
proposed method directly incorporates embeddings from
foundation models without using the proposed adapter for
fine-tuning on any dataset. Table 3 shows that without any
fine-tuning, our method achieves competitive performance
with other state-of-the-art methods. Figure 8 illustrates that
foundation models can directly provide multi-modal prompts
to SAM for medical image segmentation. Additionally, using
our model fine-tuned on COD dataset we achieve impres-
sive performance on polyp segmentation, demonstrating the
generalizability of our paradigm.

4.6. Zero-shot Segmentation on Other Tasks

We compare our proposed method with other state-of-the-art
approaches based on foundation models for saliency detec-
tion and blur detection tasks. Using the same evaluation
metrics as in AlignSAM [13], we directly apply our method
on DUTS [43] and CUHK [39] datasets without further fine-
tuning. Table 4 illustrates the superior performance of our
method compared to other publicly available SOTA results.
These results demonstrate that our framework maintains ro-
bust generalization ability on diverse tasks.

In Table 5, we conduct experiments on different text en-
coders to demonstrate the improvement of language prompts.
The SAM baseline includes only the image encoder and
mask decoder. Compared to CLIP, which is used in the
original SAM for text prompts, Mamba show more robust
performance on COD fine-tuning. However, various LLMs
provide similar improvements, likely due to the simple cap-
tions generated by BLIP.

5. Conclusion

In this paper, we propose a versatile framework for camou-
flaged object detection (COD) that leverages off-the-shelf
foundation models. To the best of our knowledge, this is
the first framework to employ both vision-language models
(VLMs) and large language models (LLMs) for the COD
task. Our method abandons the commonly used prompt
encoder in SAM and incorporates accessible and stable
prompts, namely vision and language prompts, directly into
the mask decoder and the proposed multi-modal adapter for
fine-tuning. We further investigate the architecture of SAM
and mitigate the dense embedding issue due to the lack of
mask prompts in practice. Extensive experiments demon-
strate the superiority of our method over other state-of-the-art
methods across three datasets.
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