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A. Limitations

Our method proposes Graded Knowledge Distillation
(GKD), in which pixel-level enhancement utilizes a cross-
entropy map to generate a weight map for selective pixel-
wise distillation. This operation essentially distills pixels
with high certainty. As shown in Figure 3 of the main text,
the deweight regions are mostly located near the bound-
aries. However, there is no free lunch. While this approach
reduces the risk of introducing noise, it also reduces the
model’s ability to learn boundary details. As a result, the
predicted maps may show insufficient sharpness along the
edges in some cases, as illustrated in Figure 1.
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Figure 1. Failure cases.

B. Method Details

B.1. Details of ETC and FGC in GME

B.1.1. Details of ETC.

The bounding boxes generated by MLLMs are not entirely
accurate and tend to be larger than ground truth boxes.
Due to the inherently ambiguous boundaries between fore-
ground and background in COD, when using these over-
sized boxes as prompts, SAM often erroneously responds
to the entire background region rather than the actual fore-
ground target, as shown in Figure 2 (a). Therefore, GME
introduces ETC to count the number of response masks
truncated by boundaries and filters out masks with exces-
sive truncation numbers. Specifically, for a given candidate
mask Vi, the ETC first determines whether foreground ac-
tivation exists at each of its four boundaries. If foreground
activation is detected at any boundary, the truncation num-
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Figure 2. Visualization of poor masks in the normal-quality grade. a) reverse response: SAM erroneously segments the background region
as foreground. b) fragmented response: SAM generates numerous discrete small response regions.

1 5 9 13 17 20
Epoch

0.04

0.06

0.08

0.10

0.12

0.14

0.16

M
A

E

Baseline
GKD(Ours)

1 5 9 13 17 20
Epoch

0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

0.90

Em
Baseline
GKD(Ours)

Figure 3. Training efficiency. Performance across different training epochs.

ber is incremented by one. Subsequently, the ETC elimi-
nates masks with relatively large truncation numbers:

RRi = I(trum(V i) < n), (1)

where trum(·) is the truncation numbers of mask V i and n
is the truncation threshold.

B.1.2. Details of FGC.
Due to the inherent challenges of COD tasks and the imper-
fect accuracy of input bounding box prompts, SAM tends
to generate fragmented responses when processing highly
challenging samples, indicating low confidence in its seg-
mentation predictions for these cases, as shown in Figure 2
(b). Therefore, the FGC counts the number of connected
components and filters out masks with an excessive num-
ber of connected components. Specifically, the FGC em-
ploys an optimized two-pass connected-component labeling

algorithm [7] to compute the number of connected compo-
nents, subsequently filtering out masks with higher compo-
nent counts:

FRi = I(conc(V i) < α), (2)

where conc(·) is the connected components numbers of
mask V i and α is fragmentation threshold.

The GME conducts normal-quality mask reevaluation
and filtration by simultaneously considering two critical
factors (truncation number and fragmentation levels):

ReFilter(V i) = I(RRi + FRi = 2), (3)

B.2. Implementation Details of Zero-shot Setting
Compared to the unsupervised training setting, the zero-
shot setting cannot remove low-quality masks, so we de-
signed a targeted strategy specifically for the zero-shot sce-
nario. Specifically, if all candidate masks of a sample are
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Figure 4. The detailed architecture of the backbone network.

identified as low-quality, we reuse the MLLMs to obtain
point labels via CA-CoT, and use these points as prompts
for SAM to generate new candidate masks. We then use
GME to determine whether any non-low-quality mask ex-
ists. If such a mask is found, it is used as the final result.
If none exist, the smallest mask by area among all candi-
date masks is selected as the final result. It is worth noting
that although this process requires additional inference us-
ing MLLMs and SAM, the number of samples that actually
need re-inference is relatively small, with only 863 out of
6397 samples affected. This results in only a 13 percent
increase in inference cost.

B.3. Detailed Structure of Backbone Network
The design of the backbone network is not the focus of our
work. We use either PVT [6] or ResNet [2] as the encoder
for feature extraction. Then, we design a simple segmen-
tation head to produce the final segmentation results from
the encoder. As shown in Figure 4, for an input image
I ∈ R3×H×W , we put it into the encoder to get the out-
put features Feati for the i-th. Then, we get the multi-scale
features (Feat1, Feat2, Feat3, Feat4) with ( 14 ,

1
8 ,

1
16 ,

1
32 ) res-

olution of input images. We downsize the channel dimen-
sion of Feati into 64 by using 3 × 3 convolutional layers.
Next, these feature maps are unified into the same size by an
up-sampling operation, and combined through the concate-
nation. Finally the output map Ŝ∈ R1×W×H is obtained by
the 3× 3 convolution layer.

C. Experiments
C.1. Impact of the Hyperparameter
There are three main hyperparameters in the model’s GME
module: the high-quality threshold τh and passable thresh-
old τl in SIM, and the fragmentation threshold α in FGC.
Although there is also a boundary truncation threshold n in
ETC, it can only take four discrete meaningful values: 1, 2,
3, and 4. Therefore, we do not consider it a hyperparameter.
We test diverse values for these parameters, as shown in Ta-
ble 1. Based on these results, we set τh = 0.9, τl = 0.6, α =

τh MAE↓ τl MAE↓ α MAE↓ n MAE↓
0.95 0.083 0.65 0.082 30 0.084 1 0.083
0.90 0.081 0.60 0.081 40 0.082 2 0.081
0.85 0.086 0.55 0.084 50 0.081 3 0.084
0.80 0.095 0.50 0.089 60 0.081 4 0.089

Table 1. The impact of τh, τl, α and n in the Graded Mask Evalu-
ator.

Method δ = 0.3 δ = 0.5 δ = 0.7 δ = 0.8 δ = 0.9 Mean

Qwen2.5-VL-3B
Baseline 77.2 63.9 48.5 37.6 21.1 49.7

Ours 88.6 79.4 63.9 52.2 29.8 62.8
Qwen2.5-VL-7B

Baseline 84.6 76.8 62.5 50.3 28.9 60.6
Ours 90.7 82.4 67.3 54.6 32.0 65.4

Qwen2.5-VL-72B
Baseline 90.7 82.9 69.3 57.1 33.2 66.6

Ours 93.1 85.4 71.9 58.7 35.1 68.9

Table 2. Ablation study of CA-CoT across MLLM scale. δ repre-
sents IoU thresholds.

Method δ = 0.3 δ = 0.5 δ = 0.7 δ = 0.8 δ = 0.9 Mean

Baseline 75.3 60.6 45.2 34.8 19.6 47.1
Ours 86.1 73.7 57.3 47.2 27.8 58.4

Table 3. Ablation Study of CA-CoT on Shikra-7B.

Method δ = 0.1 δ = 0.2 δ = 0.3 δ = 0.4 δ = 0.5 Mean

Baseline 74.1 55.5 39.1 22.9 15.3 41.4
Ours 87.8 70.6 48.5 28.4 19.4 50.9

Table 4. Ablation Study of CA-CoT on LLaVA-1.5-7B.

50, and n = 2. It is worth noting that the value of α has lit-
tle impact on the results under different settings. Therefore,
there are only two key hyperparameters that require tuning.

C.2. Training Efficiency

We visualize the curves of various metrics during training,
as shown in Figure 3. The training settings are kept con-
sistent, including the optimizer, learning rate, and train-
ing epochs. We observe that GKD not only improves the
performance of knowledge distillation but also enhances
its efficiency. Compared to training without GKD, using
GKD allows the model to achieve the same performance
with fewer training epochs and faster convergence. This is
because GKD focuses on the most informative knowledge
while effectively avoiding the negative impact of inaccurate
knowledge during training, enabling more efficient knowl-
edge distillation.



Methods Backbones Sup. CAMO COD10K NC4K
MAE↓ Sm↑ Em↑ Fw

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

β ↑
CVP ∗ [5] MM’24 Qwen2.5-VL3B, DINO V2, SAM-HQ Z 0.096 0.757 0.804 0.689 0.067 0.727 0.795 0.583 0.079 0.774 0.841 0.686
ProMaC [3] NIPS’24 Qwen2.5-VL3B, CLIP, SAM, SD V2 Z 0.092 0.786 0.852 0.704 0.042 0.808 0.874 0.649 0.069 0.782 0.851 0.723
UCOD-MKD (Ours) Qwen2.5-VL3B, SAM Z 0.101 0.738 0.786 0.652 0.036 0.830 0.882 0.755 0.059 0.823 0.866 0.766

Table 5. Comparison of our method with recent state-of-the-art zero-shot approaches. ∗ indicates code that is not publicly released and is
reproduced based on the paper.

C.3. Ablation Study of CA-CoT across MLLM
Scales

To validate the generalizability of our CA-CoT module, we
conduct experiments across MLLMs of different parameter
scales, including 72B, 7B, and 3B. As shown in Table 2,
CA-CoT consistently improves the performance of MLLMs
across all models.

C.4. Ablation Study on Different Types of MLLMs
To demonstrate the generality of our CA-CoT, we addition-
ally conduct experiments on several widely used MLLMs,
including LLaVA-1.5-7B [4] and Shikra-7B [1]. As shown
in Tables 2, 3, and 4, our method consistently improves the
performance of these MLLMs on the COD task.

Moreover, we observe that Qwen2.5-VL and Shikra out-
perform LLaVA on the COD task. This is understand-
able, as LLaVA differs in model architecture from other
MLLMs and lacks targeted optimization for visual localiza-
tion. Therefore, for a fair comparison, under the zero-shot
setting, we replace the MLLMs used in ProMac and CVP
with Qwen2.5-VL-3B. As shown in the Table 5, our method
remains superior even when using the same MLLM. It is
worth noting that even with Qwen2.5-VL, the performance
of CVP and ProMac does not improve significantly. This
is because their zero-shot paradigms differ from ours: CVP
tends to first obtain a bounding box and then a point prompt
to generate a mask, which dilutes Qwen2.5-VL’s advantage
in box localization; meanwhile, ProMac relies heavily on
semantic-based decision-making, whereas LLaVA holds an
advantage in aligning visual and textual semantics.

D. Discussion
D.1. Discussion of Unsupervised COD
We construct a teacher model using an MLLM and train a
student model with a tailored distillation strategy, achiev-
ing strong performance that significantly surpasses previ-
ous unsupervised methods. We believe that our approach
represents a promising direction for unsupervised COD for
two reasons: 1) MLLMs are developing rapidly, with both
their performance improving quickly and their parameter
sizes decreasing (e.g., the emergence of 2B models), which
greatly lowers the barrier for real-world deployment. 2) Al-
though using an MLLM may increase inference cost, em-
ploying it as a teacher to guide the training of a lightweight

student model substantially accelerates the training process
(as shown in Figure 3). This implies that the overall train-
ing cost is greatly reduced, making the inference overhead
negligible compared with the cost of training. 3) Although
current MLLMs still cannot reach the quality of human-
annotated labels on challenging tasks such as COD, they
can still be selectively leveraged through various strategies.
Moreover, with the rapid progress of MLLMs (e.g., Qwen3-
VL) and segmentation models such as SAM (e.g., SAM3),
the potential upper bound of this pipeline will continue to
rise.

D.2. Discussion of Zero-shot COD
Existing zero-shot pipelines vary widely and lack a uni-
fied framework, largely because many backbone models
are available, including DINOv2, various MLLMs, dif-
fusion models, SAM, and CLIP. Our zero-shot paradigm
achieves state-of-the-art performance with the fewest base
models—using only an MLLM and SAM. This demon-
strates the feasibility of a zero-shot COD pipeline con-
structed solely from an MLLM and SAM. By focusing on
optimizing the MLLM for COD and applying simple post-
hoc filtering on SAM-generated masks, strong performance
can be obtained without relying on complex pipeline de-
signs.
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