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Abstract

Camouflaged Object Detection (COD) aims to
segment objects that are hidden within complex
backgrounds. Due to the low visual contrast of
camouflaged objects, annotations are costly, mo-
tivating unsupervised COD (UCOD) to eliminate
labeling expenses. Most UCOD methods fol-
low the “MLLMs + other foundation models +
SAM” paradigm, which relies on spatial interac-
tions that are unreliable in camouflaged scenar-
ios, leading to fundamental performance bottle-
necks. In this paper, we propose a novel UCOD
framework that leverages SAM3 through category-
level interaction with MLLMs, bypassing unreli-
able spatial prompts. To address SAM3’s sensi-
tivity to category granularity, we introduce Fine-
grained Category Query, guiding MLLMs to gener-
ate full-granularity category chains for robust cate-
gory prompting. To mitigate suboptimal segmen-
tation caused by high camouflage and background
confusion, we propose Semantic–Geometric Dual
Confirmation, which jointly validates segmentation
masks from semantic and spatial perspectives. Fur-
thermore, we introduce Semantic–Geometric Rea-
soning Injection, which injects critical semantic
and geometric cues into MLLMs to refine category
reasoning and progressively correct segmentation
errors under extreme camouflage or MLLM hal-
lucinations. Extensive experiments show that our
method significantly outperforms existing UCOD
approaches and achieves performance comparable
to weakly supervised COD.

1 Introduction
Camouflaged object detection (COD) aims to detect ob-
jects that are highly concealed within their surrounding en-
vironments [Fan et al., 2020a; Fan et al., 2021; Fan et al.,
2023]. These objects exhibit visual appearances that are ex-
tremely similar to the background, particularly along object
boundaries that almost blend into the surroundings, making
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Figure 1: Left: Pipeline of traditional training-free UCOD meth-
ods. Top-right: Pipeline of our SAM3-based method with category-
guided interaction between MLLMs and SAM3, producing the final
mask. Bottom-right: Performance comparison of COD methods
under varying supervision. Our method outperforms UCOD and
weakly-supervised methods.

the task highly challenging. Despite this difficulty, camou-
flaged object detection has broad application potential in real-
world scenarios, such as rare species discovery [Fan et al.,
2020a], medical image segmentation (e.g., polyp segmenta-
tion [Fan et al., 2020b], lung infection segmentation [Fan et
al., 2020c]), and agriculture (e.g., locust detection to prevent
invasion [Fan et al., 2020a]).

Considering that annotating camouflaged objects is partic-
ularly time-consuming and labor-intensive due to their low
visibility [Fan et al., 2020a; Chen et al., 2024b], unsuper-
vised camouflaged object detection (UCOD) has attracted in-
creasing attention as a promising alternative. Early UCOD
methods require training and generally suffer from limited
performance (e.g., FOUND [Siméoni et al., 2023], UCOS-
DA [Zhang and Wu, 2023]), resulting in low practical usabil-
ity. With the rapid development of foundation models, new
opportunities have emerged for UCOD. Many recent UCOD
approaches (e.g., GenSAM [Hu et al., 2024a], ProMac [Hu
et al., 2024b], CVP [Tang et al., 2024]) leverage founda-
tion models to significantly improve performance without any
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Figure 2: Issues arising from SAM3 in UCOD, i.e., (a) Category
granularity sensitivity: Failures caused by misalignment of category
granularity. (b) High-camouflage scenarios failure: Failures due to
low confidence in highly camouflaged regions. (c) Background mis-
segmentation: Incorrect segmentation of regions with similar back-
ground.

training. However, a substantial performance gap with su-
pervised models still remains, which to some extent limits
their real-world applicability. Most of these UCOD methods
follow a common paradigm of “MLLM + other foundation
models + SAM”. The core idea is to combine MLLMs with
other foundation models to generate spatial prompts for target
objects, which are then fed into SAM [Kirillov et al., 2023]
for segmentation. We argue that this paradigm may suffer
from fundamental bottlenecks in camouflaged scenarios. This
bottleneck mainly arises from two aspects. First, the spatial
localization capability of MLLMs is limited in camouflaged
scenarios. The boundaries between camouflaged objects and
the background are highly ambiguous, making it difficult for
MLLMs to provide accurate spatial prompts. Second, SAM is
highly sensitive to spatial prompts in camouflaged scenes. In-
accurate prompts can severely degrade segmentation quality,
forming a vicious cycle between unreliable localization and
fragile segmentation. Consequently, we argue that spatial in-
formation interaction between MLLMs and SAM is likely a
key factor constraining performance. The recent emergence
of SAM3 [Carion et al., 2025] offers a new opportunity by
supporting category-level prompts for the first time. This in-
spires us to explore a new direction—bypassing unreliable
spatial interactions and instead leveraging more robust cate-
gories for model interaction, potentially breaking the perfor-
mance bottleneck of existing paradigms, as shown in Fig. 1.

Although SAM3 can be directly paired with MLLMs to
provide a potential solution for UCOD, effectively leverag-
ing it remains non-trivial. First, in UCOD, MLLMs are re-
quired to obtain the category via task-specific prompts (e.g.,
“Return the camouflaged object category”). However, this
process is inherently uncontrollable, as MLLMs may return
categories at varying levels of granularity. Correspondingly,
SAM3 is highly sensitive to textual prompts in camouflaged
scenarios, where even slight variations in category granular-
ity for the same image can significantly affect segmentation
results, as shown in Fig. 2. As a result, the category gran-
ularity produced by MLLMs may be suboptimal for SAM3,
leading to segmentation failures. To address this issue, we
propose Fine-grained Category Query, which explicitly in-
structs MLLMs to consider categories at multiple granularity
levels in the prompt and dynamically return a full-granularity
category chain for the camouflaged object. This design effec-
tively mitigates the negative impact of category granularity

on SAM3 and improves segmentation robustness.
After obtaining the full-granularity category chain, it is

used as a prompt set and fed into SAM3 to generate segmen-
tation masks. Unfortunately, SAM3 is not trained on COD
datasets and has a limited understanding of the camouflage
concept. As a result, two typical failure cases may occur:
1) even with correct category prompts, SAM3 may lack con-
fidence when segmenting highly camouflaged objects, lead-
ing to segmentation failure; and 2) due to the absence of ex-
plicit constraints on the camouflage concept during segmen-
tation, SAM3 may easily include surrounding background
regions with similar appearances, as shown in Fig. 2. To
address these issues, we first introduce Text Prompt Aug-
mentation tailored for UCOD, which explicitly incorporates
the camouflage concept into the prompts, thereby improv-
ing the segmentation of highly camouflaged objects. In ad-
dition, we propose Semantic-Geometric Dual Confirmation,
which jointly evaluates the generated masks from both se-
mantic and spatial perspectives to filter out masks that corre-
spond to background regions.

Despite these designs substantially improving the perfor-
mance of the proposed method, failure cases remain unavoid-
able. In particular, when MLLMs generate inaccurate re-
sponses due to the extreme ambiguity of camouflaged sam-
ples or inherent hallucination effects, such errors can propa-
gate to the subsequent SAM3 stage and ultimately lead to er-
roneous segmentation results. To further enhance reliability,
we introduce Semantic-Geometric Reasoning Injection that
supplements MLLMs with critical semantic and geometric
cues, enabling more reliable reasoning in camouflaged sce-
narios. The refined category information is then fed back to
SAM3 to produce more robust segmentation results. Overall,
this design allows the system to progressively correct errors
and significantly improves segmentation stability under chal-
lenging camouflage conditions.

Our contributions are summarized as follows:

• We propose a novel training-free framework for UCOD.
To the best of our knowledge, this is the first work
to leverage SAM3 in the UCOD setting by interact-
ing with MLLMs through category-level prompts, rather
than spatial prompts.

• We introduce Fine-grained Category Queries, enabling
MLLMs to generate full-granularity category chains,
thereby mitigating the adverse impact of SAM3’s sen-
sitivity to category granularity on UCOD.

• We propose Semantic–Geometric Dual Confirmation
and Semantic–Geometric Reasoning Injection. The for-
mer jointly validates segmentation results from seman-
tic and geometric perspectives, while the latter injects
semantic and geometric priors into MLLMs to enhance
reasoning over failure cases, thereby improving subopti-
mal outcomes in challenging camouflaged scenarios.

• Experimental results demonstrate that our method
significantly outperforms existing UCOD approaches,
achieves performance comparable to WSCOD methods,
and even approaches that of fully supervised methods.
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2 Related Work

Camouflaged Object Detection. Camouflaged Object De-
tection (COD) focuses on detecting camouflaged objects
within an image. Research on Camouflaged Object Detec-
tion (COD) has progressed rapidly, yet most existing meth-
ods rely on fully supervised annotations [Pang et al., 2022;
Luo et al., 2024; He et al., 2025b], which incur substan-
tial labeling costs. To reduce annotation overhead, many
works explore weakly supervised settings, using annotations
such as points [Chen et al., 2024a], bounding boxes [Chen
et al., 2024b], and scribbles [He et al., 2025a; He et al.,
2023b] as alternatives to pixel-level labels. Although these
approaches alleviate labeling effort to some extent, they still
require per-image annotation. Beyond weak supervision, a
growing body of work investigates COD under unsupervised
settings. Existing UCOD methods can be broadly categorized
into two groups. The first group consists of training-based
UCOD methods, such as UCOS-DA [Zhang and Wu, 2023]
and UCOD-DPL [Yan et al., 2025], which follow a paradigm
of generating pseudo labels and then training segmentation
models. The second group includes training-free UCOD
methods [Tang et al., 2024; Hu et al., 2024a; Hu et al., 2024b;
Du et al., 2025], which rely on foundation models includ-
ing MLLMs, diffusion models, DINOv2 [Oquab et al., 2023],
CLIP [Radford et al., 2021], and SAM. These methods typ-
ically follow a paradigm of combining MLLMs with other
foundation models to generate spatial prompts, which are
then used by SAM for segmentation. Benefiting from foun-
dation models, this category generally achieves better perfor-
mance than training-based UCOD methods.
Multimodal Large Language Models for COD. Multi-
modal Large Language Models (MLLMs) achieve unified
vision-language understanding through joint visual-textual
token alignment. These MLLMs, like GPT-4V [Achiam
et al., 2023], LLaVA-1.5 [Liu et al., 2024] and Qwen2.5-
VL [Bai et al., 2025], demonstrate unparalleled adaptabil-
ity across diverse tasks. Many studies employ MLLMs for
UCOD. CVP [Tang et al., 2024] proposes CoVP to im-
prove MLLMs’ perception in COD. GenSAM [Hu et al.,
2024a] tries to map text prompts onto image heatmaps us-
ing MLLMs, acquiring visual prompts. ProMaC [Hu et al.,
2024b] leverages hallucinations from large models to obtain
instance-specific prompts. EASE [Du et al., 2025] utilizes
MLLMs to extract category-level textual information from
images, which is then input into a Diffusion Model to gen-
erate corresponding images.
Segment Anything Model for COD. Segment Anything
Model (SAM) [Kirillov et al., 2023] is an interactive seg-
mentation model that supports multiple types of prompts.
Owing to this flexibility, SAM has been widely adopted in
both weakly supervised and unsupervised COD [Chen et al.,
2024b; Tang et al., 2024; Hu et al., 2024a; Hu et al., 2024b;
Du et al., 2025]. In WSCOD, methods [He et al., 2025a;
Chen et al., 2024b] use weak annotations as prompts to gen-
erate pseudo masks via SAM. In UCOD, approaches [Tang
et al., 2024; Hu et al., 2024a; Hu et al., 2024b; Du et al.,
2025] obtain spatial prompts by combining MLLMs with
other foundation models and feed them into SAM for seg-

mentation. Recently, SAM3 [Carion et al., 2025] further ex-
tends SAM by supporting category-level prompts, enabling
segmentation to be conditioned on semantic categories rather
than explicit spatial cues.

3 Approach
The overall architecture of the proposed framework is illus-
trated in Fig. 3. The Fine-grained Category Query (FCQ) ex-
plicitly guides MLLMs to comprehensively reason about the
camouflaged object categories at multiple semantic granulari-
ties. Semantic–Geometric Dual Confirmation (SGDC) jointly
validates the masks produced by SAM3 from both semantic
and geometric perspectives. Semantic–Geometric Reasoning
Injection (SGRI) further enhances the reasoning capability of
MLLMs by incorporating prior knowledge from both seman-
tic and geometric domains, enabling robust handling of hard
samples caused by segmentation failures.

3.1 Fine-grained Category Query
We employ a task prompt as the input to MLLMs to obtain
the camouflaged object category, which is then used as the
prompt for SAM3 to generate segmentation masks. How-
ever, the granularity of the categories predicted by MLLMs is
highly variable, and SAM3 is sensitive to category specifica-
tions in camouflaged scenarios. This mismatch often leads to
sub-optimal segmentation results, as illustrated in Fig. 2. To
address this issue, we propose Fine-grained Category Query
(FCQ), which explicitly enforces MLLMs to reason about
camouflaged object categories at multiple levels of granular-
ity within the task prompt, as shown in Fig. 3. Specifically,
conventional UCOD methods adopt a simple task prompt for
MLLMs, e.g., “Return the camouflaged object localization
and category.” In contrast, we augment the prompt by explic-
itly requiring MLLMs to identify camouflaged objects at dif-
ferent granularity levels and to dynamically return a complete
chain of categories across these levels according to each input
image. This design effectively mitigates the negative impact
of category-granularity sensitivity on SAM3. In addition, we
further require MLLMs to output background category and
localization information in the prompt, which will be utilized
by subsequent modules. The detailed prompt design is pro-
vided in the supplementary material.

3.2 Semantic-Geometric Dual Confirmation
After obtaining the full-granularity category chain, it is used
as a prompt set for SAM3 to generate segmentation masks.
However, since SAM3 is not trained on COD datasets, it has
a limited understanding of the concept of camouflage, which
leads to two major issues: 1) SAM3 exhibits low confidence
when segmenting highly camouflaged objects. 2) Due to the
lack of explicit constraints on the camouflaged concept, it
tends to mistakenly segment visually similar background re-
gions. To address these problems, we propose Text Prompt
Augmentation and Semantic–Geometric Dual Confirmation
(SGDC). The former enhances SAM3’s ability to segment
camouflaged objects by strengthening its understanding of the
camouflage concept, while the latter performs a comprehen-
sive quality assessment of the generated segmentation masks.
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Figure 3: The main framework of our proposed method. The MLLM first obtains the category granularity chain, background categories,
and bounding boxes through the Fine-grained Category Query (FCQ). The category granularity chain and background categories are then
used with SAM3 to generate the corresponding masks. The Semantic-Geometric Dual Confirmation (SGDC) module is subsequently applied
to identify difficult samples with poor segmentation. Finally, Semantic-Geometric Reasoning Injection (SGRI) refines these difficult samples
by injecting semantic and geometric priors into the MLLM.

Specifically, MLLMs take the task prompt and the input im-
age described in the previous section as input, and output a
full-granularity category chain, the background category, and
the corresponding localization coordinates:

{Cfg, Cbg, B} = MLLMs(I, Ptask), (1)

where I denotes the input image, Ptask is the task prompt, B
represents the bounding box, Cfg denots the category chain,
and Cbg represents the background category. The category
chain Cfg is further augmented in a COD-specific manner:

Ĉi
fg = {Ci

fg, “Camouflaged” ⊕ Ci
fg }, (2)

where ⊕ denotes string concatenation, i represents the in-
dex of the granularity level in the full-granularity category
chain Cfg = {C1

fg, C
2
fg, . . . , C

N
fg}, ordered from coarse to

fine. Ĉi
fg and Cbg are used as category prompts for SAM3,

yielding multiple foreground masks and a single background
mask, respectively. The corresponding segmentation masks
are obtained as:

Mfg = {SAM3(I, Ĉi
fg) | i = 1, . . . , N }, (3)

Mbg = SAM3(I, Cbg). (4)
where Mfg and Mbg denote the sets of foreground masks
and the background mask obtained from SAM3, respectively.
It is worth noting that Mfg may contain zero or more masks,
as SAM3 may produce no output for a given category prompt.

For the non-empty cases of Mfg , we perform a semantic and
geometric dual assessment. From the semantic perspective,
well-segmented samples should exhibit complementary fore-
ground and background masks with low overlap. Therefore,
we use the Intersection-over-Union (IoU) to evaluate the de-
gree of overlap between Mfg and Mbg:

Sigisem =

{
1, if IoU(mi

fg,Mbg) < τ,

0, otherwise,
∀mi

fg ∈ Mfg,

(5)
where mi

fg denotes the i-th foreground mask in Mfg , τ is
a threshold controlling the allowed overlap, and Sigisem in-
dicates whether mi

fg satisfies the semantic complementar-
ity constraint. From the geometric perspective, although
the bounding boxes predicted by MLLMs are not perfectly
aligned at the boundaries, they can still roughly indicate the
location of the identified camouflaged objects. Therefore, we
extract the enclosing bounding box of each foreground mask
in Mfg as the predicted object location, and compare it with
the box provided by MLLMs:

Sigigeo =

{
1, if IoU

(
Box(mi

fg), B
)
> η,

0, otherwise,
∀mi

fg ∈ Mfg,

(6)
where Box(·) denotes the bounding box of mask, η is a
threshold, and Sigigeo indicates whether mi

fg is geometrically
consistent. Only masks with Sigisem = 1 and Sigi

geo = 1 are
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Methods Backbones Sup. CAMO COD10K NC4K
MAE↓ Sm↑ Em↑ Fw

β ↑ MAE↓ Sm↑ Em↑ Fw
β ↑ MAE↓ Sm↑ Em↑ Fw

β ↑
Fully-Supervised Methods

SINet [Fan et al., 2020a] CVPR’20 ResNet50 F 0.092 0.745 0.804 0.644 0.043 0.776 0.864 0.631 0.058 0.808 0.871 0.723
UGTR [Yang et al., 2021] ICCV’21 ResNet50 F 0.086 0.784 0.822 0.684 0.036 0.817 0.852 0.666 0.052 0.839 0.874 0.747
ZoomNet [Pang et al., 2022] CVPR’22 ResNet50 F 0.066 0.820 0.892 0.752 0.029 0.838 0.911 0.729 0.043 0.853 0.896 0.784
FEDER [He et al., 2023a] CVPR’23 Res2Net50 F 0.066 0.836 0.897 0.806 0.029 0.844 0.911 0.736 0.042 0.862 0.913 0.823
SAM-Ada. [Chen et al., 2023] ICCVW’23 VIT-H F 0.070 0.847 0.873 0.765 0.025 0.883 0.918 0.801 - - - -
HitNet [Hu et al., 2023] AAAI’23 PVT V2 F 0.060 0.834 0.892 0.801 0.027 0.847 0.922 0.798 0.042 0.858 0.911 0.825
CamoFocus [Khan et al., 2024] WACV’24 PVT V2 F 0.044 0.870 0.924 0.842 0.022 0.868 0.931 0.802 0.031 0.886 0.932 0.853
RUN [He et al., 2025b] ICML’25 PVT V2 F 0.045 0.877 0.934 0.853 0.021 0.878 0.941 0.808 0.030 0.892 0.940 0.866
SAM-COD1 [Liu et al., 2025] ICCV’25 PVT V2, SAM-B F 0.047 0.866 0.948 0.839 0.023 0.881 0.969 0.817 0.032 0.889 0.963 0.857

Weakly-supervised Methods
CRNet [He et al., 2023b] AAAI’23 ResNet50 S 0.092 0.735 0.815 0.641 0.049 0.733 0.832 0.576 0.063 0.775 0.855 0.688
MiNet [Niu et al., 2024] MM’24 ResNet50 S 0.091 0.750 0.840 0.669 0.049 0.749 0.840 0.596 0.061 0.793 0.869 0.709
SSE [He et al., 2025a] TPAMI’25 ResNet50 S 0.090 0.765 0.826 0.742 0.036 0.807 0.883 0.724 0.051 0.836 0.891 0.805
SAM-COD [Chen et al., 2024b] ECCV’24 PVT V2 S 0.060 0.836 0.903 0.779 0.029 0.833 0.904 0.728 0.039 0.859 0.912 0.795
PCOD [Chen et al., 2024a] ECCV’24 PVT V2 P 0.074 0.798 0.872 0.721 0.042 0.784 0.859 0.650 0.051 0.822 0.889 0.748
SAM-COD [Chen et al., 2024b] ECCV’24 PVT V2 B 0.062 0.837 0.901 0.786 0.028 0.842 0.914 0.745 0.037 0.867 0.923 0.813

Unsupervised Methods (with model training)
FOUND [Siméoni et al., 2023] CVPR’23 DINO V1 U 0.127 0.701 0.784 0.606 0.086 0.689 0.740 0.513 0.085 0.755 0.819 0.656
UCOS-DA [Zhang and Wu, 2023] ICCV’23 DINO V1 U 0.129 0.685 0.782 0.584 0.085 0.670 0.751 0.482 0.084 0.741 0.824 0.637
SdalsNet [Shou et al., 2025] AAAI’25 DINO V1 U 0.117 0.696 - - 0.071 0.696 - - 0.084 0.738 - -
UCOD-DPL [Yan et al., 2025] CVPR’25 DINO V1 U 0.108 0.706 0.801 0.621 0.059 0.727 0.822 0.577 0.074 0.761 0.851 0.680

Unsupervised Methods (without training)
GenSAM [Hu et al., 2024a] AAAI’24 BLIP-26.7B, CLIP, SAM U 0.117 0.730 - 0.655 0.069 0.731 - 0.584 0.087 0.754 - 0.665
CVP [Tang et al., 2024] MM’24 Shikra7B, DINO V2, SAM-HQ U 0.100 0.749 - 0.680 0.065 0.733 - 0.592 0.082 0.768 - 0.681
ProMaC [Hu et al., 2024b] NIPS’24 LLaVA-1.513B, CLIP, SAM, SD V2 U 0.098 0.775 0.832 0.698 0.045 0.795 0.861 0.624 0.073 0.779 0.845 0.707
EASE [Du et al., 2025] CVPR’25 LLaVA-1.57B, DINO V2, SD V1.5, SAM U 0.099 0.777 0.841 0.748 0.028 0.856 0.914 0.801 0.051 0.849 0.902 0.815
Ours Qwen2.5-VL3B, SAM3 U 0.056 0.842 0.892 0.810 0.034 0.859 0.918 0.802 0.035 0.891 0.935 0.873

Table 1: Comparison of our methods with recent methods. “F”, “S”, “B”, “P” and “U” denote fully-supervised, scribble-supervised, box-
supervised, point-supervised and unsupervised methods, respectively. Bold indicates the best result in group settings, and underline indicates
the second-best result.

retained as valid candidates, and all valid masks are finally
fused by mean aggregation to generate the final output mask.

3.3 Semantic-Geometric Reasoning Injection
Although most samples are successfully segmented after
SGDC, a subset of hard cases still fails. This is mainly due
to inaccurate predictions from MLLMs, which consequently
lead to failures in SAM3. To address this issue, we propose
Semantic–Geometric Reasoning Injection (SGRI), which in-
jects semantic and geometric priors into MLLMs to enhance
their reasoning ability on hard samples. For semantic pri-
ors, we collect the category information from successfully
segmented samples to construct a category library, which is
then provided to MLLMs as a set of highly probable can-
didate categories. For geometric priors, we extract the log-
its maps from SAM3 for the failed samples. Although these
logits maps may be noisy and incomplete, they still contain
informative boundary cues that are valuable for identifying
camouflaged objects, as illustrated in Fig. 3. We therefore
extract boundary information from the logits maps and com-
bine it with the original image to inject geometric priors into
MLLMs. With both semantic and geometric priors, MLLMs
are prompted to re-reason and generate a new foreground cat-
egory chain. To ensure a reliable final mask, the category
chain is fed back into SAM3 to obtain a set of logits maps.
We then group the logits maps according to their IoU similar-
ity. Logits maps within the same group are first fused to form
a group-level mask. The fused masks from different groups
are subsequently concatenated to construct a composite mask
image. This is further downsampled to reduce computational
cost and is concatenated with the input image as the input

to MLLMs, which performs a final selection to produce the
ultimate segmentation result.

4 Experiments
4.1 Experimental Setup
Datasets. We evaluate our method on three widely used cam-
ouflaged object detection benchmarks: CAMO [Le et al.,
2019], COD10K [Fan et al., 2020a], and NC4K [Lv et al.,
2021], which contain 250, 2,026, and 4,121 test images, re-
spectively.
Evaluation Metrics. We employ four commonly used met-
rics for evaluation: Mean Absolute Error (MAE), S-measure
(Sm) [Fan et al., 2017], E-measure (Em) [Fan et al., 2018],
weighted F-measure (Fw

β ) [Margolin et al., 2014].
Implementation Details. We implement our method in Py-
Torch and conduct all experiments on a single NVIDIA RTX
A6000 GPU. We adopt the official release of SAM3 [Carion
et al., 2025] for all experiments. For the MLLM component,
we use Qwen2.5-VL-3B [Bai et al., 2025], and the detailed
prompts are provided in the supplementary material. The log-
its maps are binarized with a fixed threshold of 128 before
being used.

4.2 Compare with State-of-the-art Methods
Quantitative Comparison. As shown in Tab. 1, we conduct
a comprehensive comparison with COD methods of different
learning paradigms. Compared with fully supervised meth-
ods, our approach outperforms several strong fully supervised
baselines. Compared with weakly supervised methods, our
method achieves comparable performance without any train-
ing. Compared with training-free unsupervised methods, our
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Figure 4: Visual comparison with state-of-the-art fully supervised, weakly supervised, and unsupervised methods. The colors pink, yellow,
purple, green, and blue indicate unsupervised, point-supervised, box-supervised, scribble-supervised, and fully supervised methods, respec-
tively.

Methods Foundation Models. Iterations MAE↓ Sm↑ Em↑ Fw
β ↑

GenSAM BLIP-26.7B, CLIP, SAM 12 (Fully) 0.117 0.730 - 0.655
ProMac LLaVA-1.513B, CLIP, SAM, SD V2 6 (Fully) 0.098 0.775 0.832 0.698
Ours Qwen2.5-VL3B, SAM3 3 (Partly) 0.056 0.842 0.895 0.810

Table 2: Comparison of UCOD methods in terms of model com-
plexity and performance.

Components MAE↓ Sm↑ Em↑ Fw
β ↑MLLM SAM3 FCQ SGDC SGRI

✓ ✓ 0.144 0.684 0.696 0.568
✓ ✓ ✓ 0.157 0.724 0.779 0.689
✓ ✓ ✓ ✓ 0.142 0.741 0.806 0.704
✓ ✓ ✓ ✓ ✓ 0.056 0.842 0.895 0.810

Table 3: Ablation study of our proposed method.

approach delivers superior performance while using fewer
foundation models and significantly fewer parameters. Com-
pared with unsupervised methods that require training, our
method not only eliminates the need for training but also sub-
stantially surpasses these methods.
Qualitative Evaluation. We visualize the predicted camou-
flaged object segmentation masks produced by our method
and competing approaches under several challenging scenar-
ios, including small objects, large objects, complex back-
grounds, and blurry boundaries. As shown in Fig. 4,
our method consistently achieves higher segmentation accu-
racy than existing UCOD and WSCOD methods, producing
clearer object boundaries and more detailed representations
of camouflaged objects.
Computational Cost Analysis. As shown in Tab. 1, although
our model relies on foundation models, it requires fewer foun-
dation models and has a smaller overall parameter footprint
compared with other high-performing UCOD methods. Fur-
thermore, unlike ProMac and GenSAM, which require six
and twelve full iterations respectively, our method adopts a
more targeted strategy by dynamically selecting objects for

subsequent optimization based on the input sample, as shown
in Tab. 2. These optimization targets constitute only a small
subset of the dataset, and the additional optimization involves
only two extra MLLM inferences. Since the foundation mod-
els do not require training, the memory footprint is approxi-
mately ∼11 GB, and inference on a single image takes only
∼4.14 s, which is substantially lower than the training cost
of supervised methods (e.g., SAM-COD requires ∼21 GB of
memory and ∼7 hours of training). Additionally, although
each sample involves multiple category queries to SAM3, the
image encoder is executed only once, and its features are
reused across different queries. The additional computational
overhead introduced by the text encoder and mask decoder is
relatively small compared to that of the image encoder.

4.3 Ablation Study
To verify the effectiveness of our modules, we conduct abla-
tion studies on the most challenging dataset, CAMO, where
all methods achieve the lowest scores according to Tab. 1.
Effectiveness of Fine-grained Category Query. As shown
in Tab. 3, compared with directly using a task prompt that
prompts the MLLM to return a single category of camou-
flaged object, our fine-grained category queries significantly
improve the final performance.
Effectiveness of Semantic-Geometric Dual Confirmation.
The Semantic-Geometric Dual Confirmation (SGDC) mod-
ule identifies low-quality segmentation masks and applies
subsequent refinement to these cases, thereby improving the
final segmentation performance. In the ablation study of
this module, we disable the subsequent refinement operation
(SGRI) for the identified masks. Instead, we use bounding
boxes predicted by the MLLM as prompts for SAM3 to gen-
erate replacement masks. Even under this setting, the overall
performance still improves significantly, as shown in Tab. 3.
Effectiveness of Semantic-Geometric Reasoning Injec-
tion. As shown in Tab. 3, applying Semantic-Geometric Rea-
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η MAE↓ Sm↑ Em↑ Fw
β ↑ τ MAE↓ Sm↑ Em↑ Fw

β ↑
0.20 0.058 0.837 0.889 0.806 0.20 0.057 0.838 0.890 0.807
0.30 0.056 0.842 0.895 0.810 0.25 0.057 0.839 0.892 0.808
0.40 0.057 0.839 0.891 0.808 0.30 0.056 0.842 0.895 0.810
0.50 0.059 0.832 0.886 0.803 0.35 0.058 0.834 0.887 0.806

Table 4: Parameter analysis on η and τ .

Type MAE↓ Sm↑ Em↑ Fw
β ↑

Qwen2.5-VL3B [Bai et al., 2025] 0.056 0.842 0.895 0.810
Qwen2.5-VL7B [Bai et al., 2025] 0.054 0.847 0.901 0.813
Qwen2.5-VL72B [Bai et al., 2025] 0.053 0.851 0.904 0.815

Table 5: Ablation study of our proposed method with different
MLLM scales.

Type MAE↓ Sm↑ Em↑ Fw
β ↑

LLaVA-1.57B [Liu et al., 2023] 0.061 0.827 0.874 0.790
Qwen2.5-VL3B [Bai et al., 2025] 0.056 0.842 0.895 0.810

Table 6: Ablation study of our method using different MLLM back-
bones.

 Image GT Ours  ProMac

Transparent Object SegmentationAnomaly Detection

 Image GT Ours CamoFormer-P 

Figure 5: Qualitative results on transparent object segmentation and
anomaly detection.

soning Injection to the low-quality masks identified by SGDC
leads to a substantial improvement in the final performance.

4.4 Further Analysis
Hyperparameter sensitivity. Two hyperparameters are in-
volved in our model, namely τ and η. We evaluate different
values of these hyperparameters, as reported in Tab. 4. Based
on the results, we set τ = 0.3 and η = 0.3 in all experiments.
Notably, the model performance is relatively insensitive to the
specific values of these two hyperparameters.
Comparison across Different MLLMs. As shown in Tab. 5,
we evaluate the performance of our method with MLLMs of
different scales. While the performance generally improves
as the model scale increases, the gains are relatively mod-
est. In addition, we examine the performance across differ-
ent types of MLLMs. As shown in Tab. 6, our method still
achieves strong results when LLaVA is used as the MLLM.

4.5 Transferability Studies
To evaluate the transferability of our proposed method to re-
lated downstream tasks, we conduct experiments on Anomaly
Detection (AD) and Transparent Object Segmentation (TOS).
Extension to Transparent Object Segmentation. To

Methods GSD [Lin et al., 2021]
MAE↓ Sm↑ Em↑ Fβ↑

Weakly-supervised Methods
SAM-P [Kirillov et al., 2023] 0.266 0.514 0.501 0.473
WSSA [Zhang et al., 2020] 0.185 0.650 0.712 0.661
CRNet [He et al., 2023b] 0.154 0.710 0.751 0.743

Unsupervised Methods
GenSAM [Hu et al., 2024a] 0.155 0.559 0.700 0.394
ProMac [Hu et al., 2024b] 0.147 0.569 0.723 0.409
Ours 0.103 0.786 0.842 0.796

Table 7: Performance comparison on the Transparent Object Seg-
mentation task.

Methods CDS2K [Fan et al., 2023]
MAE↓ Sm↑ Em↑ Fw

β ↑
SINetV2 [Fan et al., 2021] 0.102 0.551 0.567 0.215
HitNet [Hu et al., 2023] 0.118 0.563 0.564 0.276
DGNet [Ji et al., 2023] 0.089 0.578 0.569 0.258
CamoFormer-P [Yin et al., 2024] 0.100 0.589 0.588 0.298
Ours 0.047 0.627 0.603 0.340

Table 8: Performance comparison on the Anomaly Detection task.

demonstrate the strong generalization capabilities, we evalu-
ated our model on the transparent object segmentation (TOS)
task. Specifically, we evaluate our proposed model on the
GSD [Lin et al., 2021] dataset for TOS. As shown in Tab. 7
and Fig. 5, our method also performs well on the TOS task.
Extension to Anomaly Detection. For the anomaly detec-
tion task, we conduct experiments on the CDS2K benchmark
dataset [Fan et al., 2023], following the experimental settings
of [Fan et al., 2023]. As shown in Tab. 8 and Fig. 5, our
method also achieves competitive performance on anomaly
detection.

5 Conclusion
In this work, we presented a novel training-free framework
for unsupervised camouflaged object detection that leverages
SAM3 via category-level interaction with MLLMs. By in-
troducing Fine-grained Category Queries, Text Prompt Aug-
mentation, and Semantic–Geometric Dual Confirmation with
Reasoning Injection, our method effectively mitigates the
limitations of spatial prompts and improves segmentation ro-
bustness in challenging camouflaged scenarios. Extensive ex-
periments demonstrate that our method consistently outper-
forms existing UCOD approaches and achieves performance
comparable to weakly supervised methods, all without requir-
ing any training. Beyond its empirical success, our method
provides a new paradigm for integrating foundation models
in UCOD, highlighting the potential of robust category-level
interactions for tackling highly ambiguous visual tasks.
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