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Abstract

The existing co-salient object detection (CoSOD) mod-
els lack sufficient generalization ability in real-world sce-
narios. To address this limitation, this paper presents
CoMCS, a generalizable co-salient object detection frame-
work that enhances robustness to unseen domains through
mixed content-style modulation. The framework comprises
a Mixed Content Modulator (MCM), a Mixed Style Modula-
tor (MSM), and a Semantic Contrast Module (SCM), which
collectively extract domain-invariant scene structure priors
and augment source domain styles to bridge domain gaps.
Specifically, we leverage CLIP to obtain multi-class seman-
tic embeddings that capture conceptual knowledge of the
entire scene. The MCM then models semantic relationships
between co-salient object prototypes and these embeddings
via cross-attention, capturing scene structures resilient to
distribution shifts. Meanwhile, the MSM simulates domain
perturbations by synthesizing feature statistics during train-
ing, enabling style augmentation within the source domain.
To reduce representation ambiguity in unseen domains, the
SCM employs a uniformity loss to ensure well-separated
prototypes in hyperspherical space. Additionally, we con-
struct an Unseen-domain Dataset (UND) with image groups
from CoCA, CoSOD3k, and CoSal2015 to further evaluate
generalization. Extensive experiments on four benchmarks
demonstrate that CoMCS outperforms various state-of-the-
art methods.

1. Introduction

Co-Salient Object Detection (CoSOD) aims to identifying
common salient objects across a set of relevant images. It
plays a crucial role in numerous real-world applications,
such as object detection in surveillance footage [2, 22, 41],
multi-camera object detection [20] and image search for
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Figure 1. Comparison of CoSOD pipeline. (a) The dominant
CoSOD framework [55, 64, 65] relies supervised learning on a
pre-defined training dataset, struggling to generalize to unseen do-
mains. (b) Our CoMCS improves generalization through joint
content-style modulation to learn a robust representation, achiev-
ing more accurate predictions.

given images in search engines [26], to name a few.
Generally, existing leading CoSOD methods [14, 55, 60,

63–65] follow three steps to segment co-objects. First, a
pre-trained encoder (e.g. VGG-16 [42] or PVT-V2 [50])
extracts multi-level image features, including deep features
with rich content semantic information of target shapes or
scene structures [5] and shallow features with rich style
details of texture and color [16]. Subsequently, the net-
work aggregates these features to derive co-object consen-
sus with coupling content and style cues. Finally, the con-
sensus cues are fed into a U-shaped [43, 60, 68] or FPN-
structured [14, 55, 65] decoder, producing the co-salient ob-
ject prediction. Among them, how to extract high-quality
consensus cues is crucial to the model.

Despite the demonstrated success, existing works [43,
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55, 63–65] exhibit certain limitations in consensus extrac-
tion due to the lack of generalization to unseen content and
style. Firstly, the nature of supervised learning on a lim-
ited training set tends to produce a model that overfits to the
semantic content present in the training data. When encoun-
tering real-world scenes with unseen categories, the trained
model often suffers from poor generalization, leading to in-
correct predictions. As illustrated by Figure 1 (a), due to
the semantic overfitting issue, the model mistakenly treats
the seen category (bananas) as the co-salient object of the
unseen co-object (avocado). Secondly, due to the supervi-
sion from binary labels during training, the model tends to
overfit some generic style features (e.g. texture) with simi-
lar patterns in the training dataset. When testing on unseen
domains with a large domain gap to the source domain, the
domain-specific style patterns in the consensus features will
degrade the model to yield unsatisfying prediction quality.

Domain generalization (DG) [67] as an emerging re-
search topic is an intuitive solution to the two problems.
Several DG methods [9, 30, 66] increase the style diversity
of training data by optimizing and augmenting the style fea-
tures (e.g. texture, color and tone) of training data. Other
DG methods [3, 19, 58] improve the generalization abil-
ity of the model in the face of domain perturbations in the
data by simultaneously optimizing the content features (e.g.
edge structure and object shape) and style features of the
training data. Existing works [5, 21, 34, 36] have demon-
strated that deep neural networks can encode not only con-
tent information but also style information. Although these
methods achieve good results, due to the lack of perception
of content information outside the training set, they cannot
effectively improve the generalization ability of the model
when faced with unseen categories and styles. At the same
time, semantic content can be preserved while editing stylis-
tic information. Since the content information and the style
information can be encoded simultaneously, we enhance the
generalization ability of the model by modulating the style
information and the content information respectively.

In this paper, we propose a Mixed Content Style Modula-
tion framework for generalizable CoSOD, dubbed CoMCS,
which effectively addresses the distribution shift issue
across domains. First, we utilize the CLIP model to de-
rive conceptual knowledge linked to the semantic categories
within the whole scene. This yields domain-invariant multi-
class semantic embeddings, which are subsequently fed into
the designed Mixed Content Modulator (MCM). Then, the
MCM models the semantic interactions among the proto-
types of co-salient objects and the multi-class semantic em-
beddings via a cross-attention mechanism [46]. This pro-
ficiently captures domain-invariant scene structure priors,
which contribute to mitigating scene distribution shifts in
previously unseen domains. Meanwhile, we design the
Mixed Style Modulator (MSM) to address uncertainties

arising from domain shifts. During training, the MSM syn-
thesizes feature statistics-specifically, the mean and stan-
dard deviation to generate novel stylistic variations, thereby
enhancing data augmentation within the source domain. Fi-
nally, we design the collaborative Semantic Contrast Mod-
ule (SCM) that enhances the co-features by inter-group at-
tention. Meanwhile, the SCM utilizes a uniform loss func-
tion, ensuring that the learned prototypes are uniformly dis-
tributed within the hyperspherical space, thereby effectively
mitigating the ambiguity associated with co-salient object
representations from unseen domains.

Besides, to verify the superior generalization of the pro-
posed CoMCS model to unseen domains. We construct an
unseen-domain benchmark dataset (UND), which selects 50
co-object image groups with unseen categories during train-
ing from CoCA [63], CoSOD3k [13], CoSal2015 [57] with
a total of 290 co-object categories. Extensive evaluations
on CoCA [63], CoSOD3k [13], CoSal2015 [57] and the
proposed UND demonstrate favorable performance of our
CoMCS to a variety of state-of-the-art methods.

Our contributions are summarized as follows:
• A novel mixed content-style modulation framework,

termed CoMCS, is introduced for generalizable CoSOD,
which improves the model’s generalization ability across
arbitrary unseen domains by systematically adjusting
both style and content features

• An MCM is proposed to establish the association be-
tween the co-object prototype and the multi-class se-
mantic embedding, which proficiently encapsulates the
domain-invariant structural priors of scenes.

• An MSM is designed to increase the style diversity of
training data by simulating various style characteristics.

• An SCM is built to capture the co-features and reduce the
degree of ambiguity between different co-features.

2. Related Work

2.1. Co-Salient Object Detection

For the Co-Salient Object Detection (CoSOD) task, how to
extract consensus information representing cooperative ob-
jects from a group of image features is very important for
obtaining high quality prediction results. To extract consen-
sus information, earlier work [40, 44, 52, 53, 57]employed
hand-designed features or extracted consensus information
from image groups through simple convolution and line
projection operations. Due to inadequate exploration of
interrelationships in feature maps, these methods can only
extract low-quality consensus information. In order to im-
prove the quality of the consensus information extraction,
a lot of work [14, 15, 43, 60–62] has been done to extract
higher quality consensus features through different network
designs. [60, 61]use dynamic convolution to extract coop-
erative features from multi-scale feature maps. [43, 62] use
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Figure 2. Pipeline of our CoMCS. The whole network consists of three main modules: MCM, MSM and SCM. Among them, MCM
captures domain-invariant structural information by establishing collaborative object prototypes and multi-class semantic embeddings;
MSM increases the style diversity of the training domain by simulating multiple styles; SCM is designed to capture cooperative features
and reduce the interfering noise contained in them. Specifically, MSM is only used during training.

the self-attention mechanism to learn the cooperative ex-
pression from the feature map. [14, 15] use relevant atten-
tion mechanisms between image groups to find collabora-
tive consensus. In addition, these methods [14, 55, 59, 63–
65, 68]enhance the ability of the model to distinguish dif-
ferent cooperative objects and further obtain high-quality
consensus information by simultaneously or separately uti-
lizing special training modes and additional data sets, cat-
egory labels and contrast learning. Among them, [59, 63]
use additional classifiers to enhance the model’s seman-
tic awareness of cooperative objects. [55, 65] use the idea
of contrastive learning to push apart different categories of
features as much as possible during training. With the aid
of classifier, [14, 64] use inter-group training to enhance
the ability of the network to distinguish cooperative fea-
tures by processing two kinds of cooperative objects at the
same time. [68] excludes non-cooperative features by iter-
ative clustering under the guidance of additional data sets.
Although these methods improve the quality of the model’s
extraction of collaborative consensus. However, they ignore
the impact of unseen class objects and out-of-domain data
distribution in real application scenarios. Due to the lack of
semantic awareness of unseen class objects and overfitting
to domain-specific information, the consensus extracted by
these methods sometimes contains non-cooperative objects
incorrectly, resulting in incorrect prediction results. In this

paper, we propose the CoMCS framework to enhance the
semantic perception of unseen class objects and improve the
generalization ability of the model through the joint modu-
lation of content and style.

2.2. Domain Generalization
Generalization of a model trained in the source domain to an
environment with different data distributions is a challeng-
ing and long-studied task [48]. Among them, how to make
the model learn the domain-invariant features is the main
purpose of various generalization methods. These methods
can be roughly divided into three categories. Feature exten-
sion [24, 48, 56, 58, 66], feature alignment [27, 29, 31, 35]
and feature decoupling [5, 6, 36, 38]. Among them, feature
alignment is to match the statistical features of the two do-
mains in the training process or use contrast learning to nar-
row the semantic features extracted from the two domains as
much as possible to enhance the model’s learning of invari-
ant feature representations. Feature decoupling is to decom-
pose the original feature into domain variation and domain
invariant features and enhancing the generalization ability
of the model to any domain by emphasizing the learning
of domain invariant features. Feature extension is a simple
and effective method, which extends the style of the train-
ing data at the image or feature level. By training the model
on data with more diverse distribution, it can learn more in-
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variant features independently, thus reducing the overfitting
of the style features of the training domain.

3. Proposed Method

3.1. Method Overview

Figure 2 shows the overall architecture of our CoMCS. The
CoMCS has two branches with a pre-trained CLIP image
encoder [39] and a VGG encoder [42], respectively. Dur-
ing training, a set of collaborative images I = {I}Nn=1 are
fed into the model as one batch. First, the VGG encoder
accepts I as input, outputting its corresponding multilevel
features F = {Fs,Fm,Fd}, where Fs denotes the shallow
features with rich style information, Fd denotes the deep
features with rich content information and Fm denotes the
other middle-stage features. Meanwhile, the CLIP image
encoder inputs I to achieve a multi-class semantic embed-
ding E that is domain-invariant to different scenes. Then,
the shallow features Fs are sent to the MSM to synthesize
the styles, getting the augmented shallow features Fstyle

s .
The deep features Fd are sent to the SCM, getting the co-
saliency-enhanced features Fco

d followed by a global aver-
age pooling (GAP) layer [32], yielding the co-saliency pro-
totype Pco. Then, the embedding E and the prototype Pco

are fed into the MCM, outputting the context-rich proto-
type Pcon. Next, Pcon is used to modulate the deep fea-
tures Fd, yielding the modulated deep features Fmod

d with
the rich scene structure information. Finally, we add Fco

d

and Fmod
d element by element, and send them to the FPN

decoder [33], yielding the final prediction. The total train-
ing process is supervised under a combination of a uniform
loss LUni [49], a BCE loss LBCE [7] and an IOU loss
LIOU [23]. During inference, a set of collaborative images
will be fed into the model without MSM to obtain the final
prediction.

3.2. Mixed Content Modulator

With the SCM, we get the co-saliency enhanced features
Fco

d ∈ RN×C×H×W , followed by the GAP [32] to ob-
tain the co-saliency prototypes Pco ∈ RN×C×1×1. Mean-
while, through the CLIP image encoder, we obtain the
multi-class embedding E ∈ RN×C×1×1, which contains
domain-invariant semantic information across different do-
mains. Next, the Pco and E are fed into a set of convo-
lutional layers to generate the query Q, key K and value
V . Among them, Q is from the co-saliency prototype Pco,
which captures seen co-saliency content information, while
K and V are from the multi-class embedding E , which en-
codes domain-invariant semantics from the whole scene.
Subsequently, to learn the scene structure priors, the cross-
attention mechanism [46] is employed to model the seman-

Figure 3. Visualization of the high-level feature maps (the 2nd and
3rd columns) and the activation maps (the 4th and 5th columns) of
prediction layers with and without MCM. With MCM, the scene
structures are highlighted that help to filter out more distractors,
yielding more accurate predictions.

tic relationship between E and Pco as{
Attention(Q,K,V) = Softmax

(
QK⊤
√
dk

)
V,

Pcon = Attention(Q,K,V) +Q,
(1)

where Softmax(·) denotes the softmax function, ⊤ is the
transpose operator,

√
dk is a scaling factor used to stabi-

lize the gradients during the attention computation. The
new context-rich prototype Pcon ∈ RN×C×1×1 encodes
the domain-invariant scene structure priors. Then, these
new multi-class prototypes Pcon are element-wise multi-
plied with the deep features Fd ∈ RN×C×H×W , yielding
the modulated features Fmod ∈ RN×C×H×W which effec-
tively capture the scene structure priors.

Figure 3 shows the effect of the MCM. The semantic
relationship between different classes should be domain-
invariant, e.g. the unseen co-saliency object avocado and
interference object lemon are closely related across do-
mains. The model without MCM only considers part of
content information, while the model with MCM consid-
ers more comprehensive scene structure information, thus
improving the model’s discrimination to co-objects.

3.3. Mixed Style Modulator
After passing through the first block of the VGG encoder,
we get the shallow feature Fs ∈ RN×C×H×W , where N
denotes the number of feature maps, C represents the chan-
nel count of the features, and H , W denote the spatial
height and width dimensions of the features, respectively.
We then compute the mean and standard deviation across
the spatial dimensions of each channel using{

µ(Fs) =
1

HW

∑H
h=1

∑W
w=1 Fs,

σ(Fs) =
√

1
HW

∑H
h=1

∑W
w=1(Fs − µ(Fs) + ϵ)2,

(2)
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Figure 4. The t-SNE [45] visualization of the shallow feature
statistics with the MSM, where novel domains are synthesized via
generating feature statistics with diverse distribution possibilities.
The images on the right are the original image, and the images
on the left is the restored image using a pre-trained style transfer
model [21].

where ϵ is a small constant added to prevent numerical in-
stability due to zero variance respectively. These first-order
(mean) and second-order (standard deviation) statistics col-
lectively encapsulate the style information inherent in the
shallow features. Since variance can represent the degree of
dispersion of the data [30], we quantify the style dispersion
across the two feature groups by computing their variances
via{

S2
µ = 1

N

∑N
n=1(µ(Fs)− ( 1

N

∑N
n=1 µ(Fs)))

2,

S2
σ = 1

N

∑N
n=1(σ(Fs)− ( 1

N

∑N
n=1 σ(Fs))

2,
(3)

where S2
µ ∈ R1×C×1×1 and S2

σ ∈ R1×C×1×1 denote the
variance of the mean and standard deviation statistics across
the batch, respectively. These metrics capture the disper-
sion of style parameters within the current batch. Next,
we introduce randomized style statistics µrandom(Fs) and
σrandom(Fs) based on the obtained dispersion degree index
as{

µrandom(Fs) = µ(Fs) + wϵµS
2
µ, ϵµ ∼ N (0, 1),

σrandom(Fs) = σ(Fs) + wϵσS
2
σ, ϵσ ∼ N (0, 1),

(4)

where w ∈ RN×C×1× 1 is a scaling factor that con-
trols the magnitude of the injected noise. Finally, we in-
terpolate the randomized style {µrandom(Fs), σrandom(Fs)}
with the original style {µ(Fs), σ(Fs)} using mixing co-
efficients λ, which are sampled from a Beta distribution
λ ∈ Beta(α, α). The combined style parameters are for-
malized as follows{

γ(new) = µrandom(Fs) + (1− λ)µ(Fs),

β(new) = σrandom(Fs) + (1− λ)σ(Fs).
(5)

Figure 5. Category statistics of the proposed unseen-class dataset.

After getting the blended style, the AdaIN operation [21] is
used to adjust the original feature maps as

MSM(x) = β(new)(
Fs − µ(Fs)

σ(Fs)
) + γ(new). (6)

Then, we obtain the styled features Fstyle
s ∈ RN×C×H×W

with diverse styles. After that, the styled features Fstyle
s

is fed into the VGG encoder. In the training process, we
will choose whether to apply the new style with a random
probability of p.

Figure 4 shows the effect of the MSM. It can be clearly
seen that after the MSM modulates the original style fea-
tures, the new style features extend the scope of the origi-
nal style, thereby augmenting the training set domain that is
helpful to improve the robustness of the trained model.

3.4. Collaborative Semantic Contrast Module
After passing the MSM module and the remaining blocks
of the VGG encoder, we get the deep feature Fd ∈
RN×C×H×W . Then, the convolutional layers are employed
to generate two feature maps, which are subsequently re-
shaped to the size of RNHW×C . These reshaped fea-
ture maps are then utilized to compute a correlation map
S ∈ RNHW×NHW , representing the similarity between
images within the group. Subsequently, the correlation map
S is reshaped to the size of RNHW×N×HW . By identifying
the vector with the highest score in the H ×W dimension
and averaging over the N dimension, we extract the chan-
nel vector that exhibits the highest similarity in the spatial
dimension for each feature map. These vectors are regarded
as primary prototypes, denoted as Ppr ∈ RN×C×1×1,
which encapsulate collaborative information within the im-
age groups. To further enhance the representation of coop-
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erative information, the N dimension of the two prototypes
is averaged. An adaptive adjustment operation is then ap-
plied on Ppr as follow

Pad = Ppr ⊙ (Sigmoid (Conv(Ppr))), (7)

where ⊙ denotes element-wise multiplication, Sigmoid
represents the activation function, and Conv signifies a 1-
dimensional convolutional operation. Subsequently, the ad-
justed collaborative prototypes Pad are employed as con-
volutional kernels to perform convolution operations on the
corresponding deep features Fd to obtain the collaborative
features, which are then element-wise multiplied with the
original deep feature mapsFd to produce enhanced collab-
orative feature maps Fen

d .

3.5. Loss Function
Our loss function for training is a composite of three distinct
loss functions: the uniform loss LUni [49], the BCE loss
LBCE [7], and the IOU loss LIOU [23] as

LUni(P1, P2; t) = log e
−t(1− P1·P2

∥P1∥·∥P2∥ ), (8)

where t is the temperature coefficient, P1 and P2 are the
semantic embeddings representing each group of collabora-
tive features. LUni(P1, P2; t) in (8) pushes P1 and P2 away
from each other that ensures that the learned prototypes are
uniformly distributed within the hyperspherical space [49].

The BCE loss LBCE [7] and the IOU loss LIOU [23] are
defined as{
LBCE = − 1

N

∑N
i=1[Yi log(Ŷi) + (1− Yi) log(1− Ŷi)],

LIOU = 1− 1
N

∑N
i=1

|Yi∩Ŷi|
|Yi∪Ŷi|

,

(9)
where Y is the ground-truth and Ŷ is the predicted mask.
Then the total loss function is

Lall = λ1LUni + λ2LBCE + λ3LIOU , (10)

where λ1, λ2, λ3 are hyper-parameters that balance these
three loss functions.

4. Experiments
4.1. Datasets and Evaluation Metrics
Training Sets For effectively training our CoMCS model,
following other state-of-the-art CoSOD methods [43, 55,
64, 65], we combine the CoCo-SEG [47] and DUTS-
class [63] as our training dataset.

Benchmark Test Sets We select three commonly-used
CoSOD benchmark datasets to evaluate our proposed ap-
proach, including CoSal2015 [57], CoSOD3k [12] and
CoCA [63].

Unseen-domain Test Sets To fully evaluate the general-
ization ability of our model in unseen domains, we con-
struct a new dataset termed as unseen-domain bechmark
dataset (UND). The UND selects 50 sets of cooperative im-
ages with unseen categories at the training sets (25 cate-
gories from CoCA, 15 categories from CoSOD3k and 10
categories from CoSal2015). Figure 5 shows the category
statistics of our UND.

Evaluation Metrics We utilize four widely-used evalua-
tion metrics, including S-measure Sα [10], Maximum E-
measure Emax

ϕ [11], Maximum F-measure Fmax
β [1], and

MAE [4].

4.2. Implementation Details
Since most of mainstream methods such DCFM [55],
GCoNet+ [64], and DMT [28] leverage VGG-16 backbone,
for fair comparison, we also employ pre-trained VGG-
16 [42] as an encoder for multiscale feature extraction and
CLIP-ViT-B/32 [39] for semantic embedding extraction.
The decoder architecture follows the FPN [33]. All images
are resized to 224×224 pixels during both training and infer-
ence phases. During training, images are processed in two-
category batches, while inference handles single-category
image sets. The model is trained for 200 epochs using the
Adam optimizer [25] with an initial learning rate of 1e-4,
weight decay of 1e-4 and β parameters (β1=0.9, β2=0.999).
All experiments are implemented in PyTorch [37] on a
NVIDIA GeForce RTX 4090 GPU.

4.3. Comparison to State-of-The-Art Methods
Compared Methods To provide a comprehensive eval-
uation, we compare our CoCSM with 17 state-of-the-art
methods over the past four years, including GICD [63], Co-
EGNet [13], DeepACG [59], CADC [60], GCoNet+ [64],
DCFM [55], UFO [43], TCNet [15], CoRP [68],
GCoNet [14], MCCL [65], CADC+ [61], ICSM [51],
IPPO [54], ASCoD [17], E2HCoD [8], and UniTR [18].

Quantitative Results Table 1 lists the quantitative results
on benchmark test sets, where our CoMCS model achieves
superior performance in terms of all evaluation metrics.
Specifically, on the most challenging CoCA dataset, our
model achieves gains of 0.9% in Sα, 1.2% in Emax

ϕ and
0.9% in Fmax

β compared to the second-best results.
Table 3 lists the quantitative results on unseen-domain

test sets. Our CoMCS achieves the best performance in
terms of all metrics, especially outperforming the second-
best performing MCCL by 2.2% in Sα, the second-best per-
forming GCoNet+ by 2.7% in Fmax

β . These experiments
validate the high generalization capability of our model to
unseen domains.

32178



Table 1. Quantitative comparison between our CoMCS and other state-of-the-art methods on three regular benchmark datasets. Red and
blue fonts indicate best and second-best performance, respectively.

Methods CoCA CoSOD3k CoSal2015
Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓ Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓ Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓

GICD(ECCV2020) 0.658 0.513 0.715 0.126 0.797 0.770 0.848 0.079 0.844 0.844 0.887 0.071
DeepACG(CVPR2021) 0.688 0.552 0.771 0.102 0.792 0.756 0.838 0.089 0.854 0.842 0.892 0.064

CADC(ICCV2021) 0.681 0.548 0.744 0.132 0.801 0.840 0.859 0.096 0.866 0.862 0.906 0.064
GCoNet(CVPR2021) 0.673 0.544 0.760 0.105 0.802 0.777 0.860 0.071 0.845 0.847 0.887 0.068
DCFM(CVPR2022) 0.710 0.598 0.783 0.085 0.810 0.805 0.874 0.067 0.838 0.856 0.892 0.067

CoEGNet(TPAMI2022) 0.612 0.493 0.717 0.106 0.762 0.736 0.825 0.092 0.836 0.832 0.882 0.077
UFO(TMM2023) 0.697 0.571 0.782 0.095 0.819 0.797 0.874 0.073 0.860 0.865 0.906 0.064

TCNet(TCSVT2023) 0.685 0.552 0.777 0.101 0.832 0.804 0.878 0.068 0.870 0.864 0.911 0.054
CADC+(PAMI2023) 0.708 0.609 0.791 0.107 0.823 0.808 0.876 0.070 0.875 0.889 0.922 0.060
CoRP(TPAMI2023) 0.703 0.575 0.741 0.110 0.820 0.794 0.864 0.075 0.859 0.864 0.896 0.060
MCCL(AAAI2023) 0.714 0.590 0.796 0.103 0.856 0.837 0.903 0.061 0.890 0.891 0.927 0.051

GCoNet+(PAMI2023) 0.738 0.637 0.812 0.081 0.843 0.834 0.901 0.062 0.881 0.891 0.924 0.056
UniTR(TMM2024) 0.708 0.574 0.789 0.089 0.853 0.834 0.900 0.072 0.860 0.857 0.906 0.063

ICSM(TiM2024) 0.725 0.626 0.806 0.099 0.853 0.843 0.890 0.061 0.890 0.893 0.924 0.052
IPPO(VRIH2024) 0.747 0.644 0.810 0.084 0.836 0.819 0.889 0.065 0.877 0.889 0.922 0.055

ASCoD(ICASSP2025) 0.738 0.640 0.816 0.083 0.830 0.819 0.900 0.063 0.860 0.867 0.907 0.061
E2HCoD(ICASSP2025) 0.729 0.626 0.805 0.081 0.837 0.820 0.886 0.071 0.880 0.877 0.912 0.055

CoMCS 0.747 0.649 0.821 0.084 0.857 0.843 0.907 0.058 0.890 0.896 0.929 0.052

Table 2. Quantitative ablation experiments on three modules of our CoMCS on three regular benchmark datasets.

Strategy CoCA CoSOD3k CoSal2015
SCM MCM MSM Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓ Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓ Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓

0.662 0.492 0.744 0.125 0.816 0.781 0.876 0.082 0.849 0.829 0.886 0.074
✓ 0.724 0.608 0.787 0.091 0.840 0.829 0.900 0.065 0.874 0.880 0.913 0.059
✓ ✓ 0.743 0.636 0.815 0.083 0.853 0.839 0.904 0.057 0.887 0.894 0.927 0.049
✓ ✓ 0.735 0.629 0.800 0.093 0.851 0.840 0.907 0.063 0.884 0.889 0.921 0.056
✓ ✓ ✓ 0.747 0.649 0.821 0.084 0.857 0.843 0.907 0.058 0.890 0.896 0.929 0.052

Table 3. The quantitative comparison between our CoMCS and
other state-of-the-art methods is performed on unseen-domain
benchmark datasets. Red and blue fonts indicate best and second-
best performance, respectively.

Methods Unseen-domain dataset
Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓

CADC(ICCV2021) 0.784 0.718 0.820 0.092
GCoNet(CVPR2021) 0.793 0.747 0.849 0.069
DCFM(CVPR2022) 0.783 0.743 0.846 0.071

UFO(TMM2023) 0.787 0.742 0.853 0.080
TCNet(TCSVT2023) 0.810 0.758 0.869 0.064
CoRP(TPAMI2023) 0.814 0.770 0.860 0.066
MCCL(AAAI2023) 0.834 0.789 0.886 0.060

GCoNet+(PAMI2023) 0.826 0.803 0.892 0.059
UniTR(TMM2024) 0.813 0.759 0.878 0.063

CoMCS 0.856 0.830 0.908 0.051

Table 4. The quantitative ablation experiments on three modules
of our CoMCS model in unseen-domain dataset.

Strategy Unseen-domain dataset
SCM MCM MSM Sα ↑ Fmax

β ↑ Emax
ϕ ↑ MAE ↓

✓ 0.786 0.713 0.848 0.082
✓ ✓ 0.847 0.817 0.898 0.060
✓ ✓ ✓ 0.856 0.830 0.908 0.051

Qualitative Results Figure 6 show the qualitative com-
parison results of our CoMCS against other state-of-the-art
methods. In the cooperative image groups containing nu-

merous interfering objects unrelated to the co-objects, our
CoMCS effectively identifies the true co-objects while elim-
inating these interferences. For example, in the avocado
group, the CoMCS precisely identifies and excludes non-
cooperative objects such as oranges and bananas, which
have highly similar appearances to the co-objects. In con-
trast, the other evaluated methods often produce erroneous
predictions in the presence of such complex interferences.

4.4. Ablation Study
Effect of SCM As listed in Table 2, the SCM consistently
improves the model performance in all three datasets. In
CoCA, adding SCM achieves improvements of 6.2% in Sα,
11.6% in Emax

ϕ , 4.3% in Fmax
β and 3.4% in MAE com-

pared to the baseline model. In CoSOD3k, the respective
gains are 2.4% in Sα, 4.8% in Emax

ϕ , 2.4% in Fmax
β and

1.7% in MAE. In CoSal2015, the improvements are 2.5%
in Sα, 5.1% in Emax

ϕ , 2.7% in Fmax
β and 1.5% in MAE.

Figure 7 (a), (b) shows t-SNE visualization results of the
baseline and the baseline with SCM, where adding SCM
yields more compact semantic clusters for different classes.

Effect of MCM As listed in Table 2, the integration of the
MCM significantly boosts model performance, particularly
in CoCA, which has more interfering objects. Compared
to using only the SCM, the addition of MCM yields im-

32179



Figure 6. Qualitative comparison of our CoMCS with other methods on images containing objects of unseen class.

Figure 7. The t-SNE [45] visualization of high-level semantic features.

provements of 1.9% in Sα, 2.8% in Fmax
β , 2.8% in Emax

ϕ

and 3.4% in MAE. In the relatively simpler CoSOD3k,
the MCM achieves respective gains of 1.3% in Sα, 1.0%
in Emax

ϕ , 0.4% in Fmax
β , and 1.7% in MAE. In the

CoSal2015 dataset, which has fewer distractors, the SCM
module enhances the model’s focus on co-objects, resulting
in improvements of 1.3% in Sα, 1.4% in Emax

ϕ , 1.4% in
Fmax
β , and 1.0% in MAE.

As shown by Figure 7 (c), adding MCM further yields
more semantic clusters than that without MCM as shown by
Figure 7 (b), which verifies the effectiveness of the MCM.

Effect of MSM As listed in Table 2, the MSM consis-
tently enhances model performance across all benchmark
datasets. On the challenging CoCA, adding MSM achieves
notable improvements of 1.1% in Sα, 2.1% in Fmax

β , and
1.3% in Emax

ϕ compared to using only SCM and MCM,
despite a marginal 0.2% MAE reduction. Similar per-
formance gains are observed on CoSOD3k, with improve-
ments of 1.1% in Sα, 1.1% in Emax

ϕ , 0.9% in Fmax
β , and

a slight 0.2% in MAE. Notably, even on the less com-

plex CoSal2015 with fewer distractors, the MSM maintains
consistent improvements of 1.0% Sα, 0.9% Emax

ϕ , 0.8% in
Fmax
β , and 0.3% in MAE.

As shown by Figure 7 (d), all the semantic clusters are
compact, thereby further validating the effectiveness of the
CoMCS that excels at discriminating the co-salient objects
from background distractors.

5. Conclusion
In this paper, we propose CoMCS, a novel framework for
generalizable co-salient object detection that effectively
mitigates cross-domain distribution shifts through mixed
content and style modulation. The framework captures
domain-invariant scene structures by modeling semantic
interactions between co-salient object prototypes and multi-
class embeddings, synthesizes diverse stylistic variations
via feature statistics to enhance intra-domain augmenta-
tion, and disambiguates co-features through a dedicated
co-feature modeling module. We further introduced a new
dataset UND for better evaluate generalization. Extensive
experiments demonstrate that CoMCS consistently out-
performs state-of-the-art methods across all benchmarks.
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