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Abstract
The objective of co-saliency detection is to segment the
co-occurring salient objects in a group of images. To address this task, we introduce a new deep network architecture via semantic-aware contrast Gromov-Wasserstein distance (DeepACG). We first adopt the Gromov-Wasserstein
(GW) distance to build dense 4D correlation volumes for all
pairs of image pixels within the image group. These dense
correlation volumes enable the network to accurately discover the structured pair-wise pixel similarities among the
common salient objects. Second, we develop a semanticaware co-attention module (SCAM) to enhance the foreground co-saliency through predicted categorical information. Specifically, SCAM recognizes the semantic class of
the foreground co-objects, and this information is then modulated to the deep representations to localize the related
pixels. Third, we design a contrast edge-enhanced module
(EEM) to capture richer contexts and preserve fine-grained
spatial information. We validate the effectiveness of our
model using three largest and most challenging benchmark
datasets (Cosal2015, CoCA, and CoSOD3k). Extensive experiments have demonstrated the substantial practical merit of each module. Compared with the existing works, DeepACG shows significant improvements and achieves state-ofthe-art performance.

1. Introduction
Salient object detection mimics the human vision system
to identify the most visually distinctive regions in a single
image. Extending this task, co-saliency detection (CoSD)
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in part by the NSFC (61876088, 61876090, 61825601, U20B2065), in
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Figure 1. Results of different module variants. (a) Input images;
(b) Ground truth; (c) DeepACG w/o SCAM&EEM; (d) DeepACG
w/o EEM; (e) The proposed DeepACG.

is a recently emerging research topic to discover the common salient foreground objects among an image group. Due
to its useful potential, it has been increasingly applied into various vision applications, including image/video segmentation [12, 44, 56, 14], object co-localization [41], and
weakly supervised semantic segmentation [40].
CoSD has traditionally been formulated as a two-step
procedure. First, visual representations are described using hand-engineered features, including: 1) low-level features, such as SIFT [2], color feature [29], and texture feature [21]; 2) mid-level attributes [27]; and 3) multi-cue fusion [1]. Second, these features are then fed into a subsequent module to identify co-saliency. Nonetheless, the
hand-engineered features are shallow in nature, and are not
able to adapt to large variations of object appearances [58]
and complex background textures [43]. Recent studies first
improve the CoSD by developing deep-learning-based approaches [57, 46] to extract robust and richer visual representations and explore the semantic correlations between
images. These methods have been shown as a promising alternative to conventional approaches. Later, the endto-end deep learning frameworks [17, 43] have been proposed to integrate the process of feature learning and saliency map prediction. Deep graph neural network has also
been adopted to model the non-local and long-range de-
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pendencies for CoSD [58]. Although these studies have
made a remarkable progress and shown state-of-the-art performance, challenges still exist for further research. The
first key question is how to design effective architectures
to capture more accurate pixel-pair correspondences while
incorporating structured information. Second, the semantic categories of the co-occurring salient objects are usually
unknown, but the intra-class differences of shape and appearances are huge. Third, most existing CoSD works focus mainly on the region accuracy, but lose the fine-grained
information on boundaries.
Towards addressing the aforementioned challenges, we
present a novel deep network architecture via semanticaware contrast Gromov-Wasserstein distance (DeepACG)
for CoSD. Figure 1 illustrates the effectiveness of DeepACG. Gromov-Wasserstein (GW) distance is a notation of
distance among metric measure spaces [32, 31, 39]. GW
distance is mostly related to the Earth Mover’s Distance
(EMD) [35] that is widely applied in various classic vision
tasks [35, 61, 51]. EMD is constructed between distributions on the same geometric domain, which measures the
structural similarity. Differently, GW distance is built between different geometric domains [37]. It is able to measure distances between pairs of nodes within each domain,
as well as measuring how these distances compare to those
in the counterpart domain [3]. GW distance can extract soft matches in the presence of diverse geometric structures [37]. It has been shown great success in finding correspondences between a source domain and target domain
with shared (semantic) structures in both 2D and 3D settings [37]. We adopt GW distance to capture pair-wise correspondence for each pixel feature between the target image
and source images in the group (Figure 1(c)). Then, we utilize the semantic categorical information of the co-salient
objects to enhance the localization of pixels (Figure 1(d)).
In the end, a contrast edge-aware design is used to preserve
the boundary information and further improve the segmentation accuracy (Figure 1(e)).
Our major contributions are summarized as follows:
(1) We propose to adopt GW distance to extract dense
4D correlation volumes for all pairs of image pixels and
find their correspondences between target and source image
domains. With the GW distance, the network is able to minimize distortion of long-and short-range distances, and find
the probabilistic matches. The GW distance matching layer
can be embedded into the network for end-to-end training.
(2) We present a Semantic-aware Co-Attention Module
(SCAM) to enhance the co-occurring salient regions. SCAM first predicts the semantic categories of the co-salient
objects. Then, this information is modulated to the feature
representations to refine the localized semantic regions.
(3) We introduce a contrast Edge-Enhanced Module
(EEM) to generate fine-grained segmentation for the bound-

aries of the co-salient objects. To our best knowledge, this
is the first edge-aware design in CoSD task.
(4) Extensive experiments have been conducted to validate the effectiveness of our DeepACG on three largest and
most challenging datasets, including Cosal2015 [54], CoCA [59], and CoSOD3k [9]. Our DeepACG significantly
outperforms the baseline models, and achieves state-of-theart performance.

2. Related Work
2.1. Image Co-saliency Detection
Early CoSD methods extract image low-level features
like Gabor and SIFT features, and then detect image cosaliency through low-level feature consistency between the
testing images [2]. The use of mid-level features, such as single image saliency detection result and over-segmentation
result can be referred to the literature [21, 27, 1, 16]. With
the extracted features, the inter-image saliency is detected by bottom-up or top-down method [52]. The top-down
methods generally score image pixels or super-pixels with
hand-crafted co-saliency cues [20, 54, 38]. Top-down methods discover the co-saliency from the image feature through
proper learning mechanism design. Typical examples include the self-paced multiple-instance learning model [55]
and unified metric learning model [13].
More recently, there is a surge of deep learning-based
image CoSD models that learns feature extraction and predictor holistically [10]. By treating the testing images as
graphical model nodes, single-image saliency detection and
cross-image co-occurrence region discovery are formulated
into unary and pairwise terms of a fully-connected conditional random field model in [15]. Zhang et al. [59] propose a gradient-induced model that utilizes the image gradient information to induce more attention to the discriminative co-salient features. In [57], a hierarchical framework
is proposed for CoSD, in which the initial CoSD result generated by neural network model is refined by label smoothing. In [58], a deep graph neural network model is proposed
to characterize the intra- and inter-image region correspondence for CoSD.

2.2. Image Matching
Image matching, i.e. to establish object or region correspondences between images, is a long-standing research
area in computer vision [30]. The image matching technique has extensive applications including SLAM [5], image stitching [25] and structure from motion [6]. Graph
matching is one of the major image matching methodologies. Graph matching represents image pixels or key points
of one image as graph nodes and the matching task is
to estimate the node edge connection between two graphs. One general formulation of the edge estimation task

13704

Figure 2. Pipeline of the proposed DeepACG. First, the input images I are passed through an encoder sub-network, producing the corresponding multi-scale feature presentations. The top-layer features X are fed into a GW matching layer, which finds the dense correspondence between any pair of local regions in I, and then transfers the matched feature information from the source to the target image
domains. Afterwards, the output enhanced features Y are fed into the SCAM, where we leverage the co-category label information as guidance to learn a semantic co-salient object embedding γ and a group of co-attention maps M that highlight the semantic-aware co-salient
regions. γ and M are then fed into a decoder sub-network, which is similar to the feature pyramid network (FPN) [24] that fuses the
multi-scale features along the right-to-left path and top-down connections. Finally, the left-layer fused features are passed into the EEM,
followed by a 1 × 1 convolutional layer and a Sigmoid layer to produce the boundary-aware co-saliency maps S̃.

is the quadratic assignment problem [19, 28], which is
NP-hard for an exact solution. A common practice is to
solve the task with proper relaxations, such as convex relaxation [4], convex-to-concave relaxation [50] or continuous relaxation [42]. In our work, the proposed GW matching layer is motivated by [37]. In that work, Solomon et
al. [37] propose a probabilistic matching algorithm through
optimizing an entropy-regularized GW objective for shape
correspondence.

3. Proposed Approach
Given a group of N relevant images I = {In }N
n=1 as input, our objective is to learn the DeepACG model that can
highlight the common objects with the same category therein. Figure 2 shows the architecture of the DeepACG that
is mainly composed of four components: an encoder that
leverages the VGG16 network [36] as backbone to extract
features; a GW matching layer that aligns the features of the
co-salient regions; an SCAM that enhances the foreground
co-saliency through predicted categorical information; and
a decoder that includes an EEM to produce the boundaryaware co-saliency maps. Our key designs are on the later
three components, which will be detailed in the following
sections.

Figure 3. Schematic of GW matching. For a feature vector in the
target image, we take the inner product with all pairs in itself and
generate a 4D W × H × W × H correlation volume, where each
pixel produces a 2D response map. Here we reshape the correlation volume to a W H × W H correlation map Ct . We apply similar strategy to the source images and produce an N W H × N W H
(N = 2 here) correlation map Cs . Finally, we construct the GW
distance using the two correlation maps for structural matching.

3.1. GW Matching Layer
Each image in I is fed into the encoder sub-network,
producing its corresponding feature representation X =
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⊤
W H×C
, where W, H denote the width
[x⊤
1 ; . . . ; xW H ] ∈ R
and height of the feature map, C is the channel number,
and xi ∈ RC denotes the i-th feature vector. We sequentially select one image as the target image, and the
other N − 1 images in I as the source images. We
then use their features to conduct GW matching between
the target image and the source ones. Specifically, as
shown in Figure 3, given the target image features Xt =
[xt1 , . . . , xtW H ]⊤ ∈ RW H×C and the source image representations Xs = [xs1 , . . . , xs(N −1)W H ]⊤ ∈ R(N −1)W H×C ,
we first compute their corresponding correlation maps as
Ct = Xt Xt ⊤ , Cs = Xs Xs ⊤ , where the (i, j)-th element of
Ct and the (k, l)-th element of Cs are formulated as
⊤

Ct (i, j) = xti xtj , Cs (k, l) = xsk ⊤ xsl ,

(1)

which are the inner product of feature pairs at locations i, j
on the target domain and at locations k, l on the source
domain, measuring the dependency between any location
pairs.
If there exist matching pairs between the target and the
source domains, i.e. i 7→ k and j 7→ l, the distance between
the feature pair at locations i and j on the target domain
should be similar to that at locations k and l on the source
domain. Based on this assumption, we leverage the regularized 2-GW distance [37] for optimal structural matching,
which is defined as
GW22 (Cs , Ct )
X
= min{ (Ct (i, j) − Cs (k, l))2 P(i, k)P(j, l) − αH(P)},
P∈P

ijkl

(2)
P
where H(P) = − ik P(i, k) ln(P(i, k)) is the entropy
W H×(N −1)W H
of the optimal matching flows P ∈ R+
, set
⊤
P = {P : P1(N −1)W H = 1W H , P 1W H = 1(N −1)W H },
1D is a D-dimensional all-ones vector. Intuitively, the
matching flow P(i, k) represents the probability that the ith location in the target domain corresponds to the k-th location in the source domain. After achieving the optimal
matching flows P, we transfer the aligned feature information from the source domains to the target domain via
e t = PXs .
X

(3)

Finally, we concatenate and reshape all the aligned feae ti , i = 1, . . . , N , producing the strong features Y =
tures X
e t1 , . . . , X
e tN ) ∈ RN ×C×W ×H that are effective to encat(X
hance the co-saliency regions in I.
As listed by Algorithm 1, we directly use the GW solver
proposed by [37] to solve problem (2), which alternates
between a closed-form exponential formula and Sinkhorn
projection (refer to Algorithm 2) onto the cone of doubly stochastic matrices. The GW mathcing layer is differentiable since its operations in Algorithms 1 and 2 only

Algorithm 1 GW solver
Input: Ct , Cs , α, η = 0.5
Output: P
1: P ← Ones(W H, (N − 1)W H)
2: for i = 1, 2,3, . . . do

3:
K ← exp Ct PCs ⊤ /α
P ← Sinkhorn-projection(K ∧η ⊙P∧(1−η) ), where ∧η
denotes the element-wise power of η of a matrix, ⊙
denotes element-wise multiplication.
5: end for
4:

Algorithm 2 Sinkhorn-projection
Input: K
Output: diag(v)Kdiag(w)
1: v, w ← 1
2: for j = 1, 2, 3, . . . do
3:
v ← 1 ⊘ (Kw), where ⊘ denotes element-wise division
4:
w ← 1 ⊘ (K⊤ v)
5: end for

Figure 4. Illustrations of the behavior of the learned matching
flows P. The starting points of arrows represent the anchor locations in the target image, and the ending points represent their
corresponding matched locations in the source images.

contain matrix-vector multiplication and element-wise division, which can be readily plugged into the vanilla deep
neural networks for end-to-end training. The GW matching
layer can be readily implemented with automatic differentiation in PyTorch [33].
Figure 4 visualizes two examples of the behavior of the
learned matching flows P, where it has found the meaningful relational cues across the source images.

3.2. Semantic-aware Co-attention Module
The GW matching is effective to enhance the co-saliency
regions via structurally learning the dense correspondence
between all feature pairs in I. However, in some challenging scenarios, where there exist distractors with similar appearance to the co-salient targets (see the bananas vs.
the peanut butter jar in Figure 5), the misleading matching flows between the distractors and the co-salient targets
may cause the aligned features to highlight the distractors
(see the left-second column in Figure 5, where the distractor peanut butter jar is highlighted). To address this issue,
we further propose the SCAM to guide the features to tell
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3.3. Decoder Sub-network

Figure 5. Effect of SCAM to distractor (i.e. peanut butter jar).
Left to right: inputs, the responses of features Y, the correlation
responses of the embedding γ and the features Y, the co-attention
responses M.

the co-salient targets from distractors with predicted semantic co-category information.
As shown by Figure 2, given the input Y ∈
RN ×C×W ×H of the SCAM, we first feed it into a 3×3 convolutional layer, producing the features Z = Conv3×3 (Y),
following a GAP layer to produce the semantic co-salient
object embedding γ ∈ RC
γ=

H
W X
N X
X
1
Z(n, :, w, h).
N W H n=1 w=1

(4)

h=1

The embedding γ is then passed through an FC layer with
weights W ∈ RL×C , where L denotes the number of categories, following a ReLU and a Sigmoid layers, yielding the
predicted co-category labels l̃ = Sigmoid(ReLU(Wγ)) ∈
RL . Then, we take the shared FC weights W as a linear classifier to classify the features Z, yielding the classification results M̃ ∈ RN W H×L . Finally, we use the
predicted co-category labels l̃ to fuse the classification results, producing the semantic-guided co-attention response
M = reshape(M̃l̃) ∈ RN ×W ×H .
Since the classifier pays more attention to the most discriminative features for semantic classification, the learned
co-attention response M may omit some useful information
that is essential to highlight the co-salient regions. To solve
this problem, we design a residual module that complementarily learns an another spatial attention map from the input
features X using a 1 × 1 convolutional layer and a Sigmoid
layer
M = M ⊕ Sigmoid(Conv1×1 (Y)),
(5)
where ⊕ denotes element-wise sum operator.
Figure 5 shows the effect of γ and M, where we can
observe that γ can weaken the influence of the distractor
while enhancing the co-saliency features, and M can further
filter out the distractors. Finally, the learned γ in (4) and M
in (5) are fed into the decoder sub-network, which are used
to modulate the multi-scale features, such that γ serves as
the channel-wise scale parameters adjusting the weights of
different channels in the feature maps, and M is used as the
element-wise bias parameters injecting spatial co-attention
prior to the modulated features [48].

The decoder sub-network has the similar architecture as
the FPN [24], which combines low-resolution, semantically strong features with high-resolution, semantically weak
features via a right-to-left pathway and top-down connections to the corresponding encoder layers. Besides, the embedding γ in (4) and the co-attention maps M in (5) are
fed into the decoder sub-network to modulate each layer of
features. Finally, the left-layer features are passed through
the edge-enhanced module for co-salient object boundary
enhancement, following a 1 × 1 convolutional layer and
a Sigmoid layer, producing the predicted co-saliency maps
n
S̃ = {S̃ }N
n=1 .
Edge-Enhanced Module (EEM): Due to the downsampling of the input images, their high-level semantic features pay more attention to the inside parts of the objects
rather than their boundaries. Especially after the features
are further spatially modulated using the co-attention maps M, the object boundary information loses considerably,
leading to inaccurately predicted results, especially on the
object boundaries. To address this issue, we further design
the EEM for boundary enhancement, which can effectively fuse the rich contexts from high-level features and the
fine-grained spatial details from the low-level ones. We first
resize the high-level feature maps to have the same size as
the low-level ones, and then we calculate the difference between the two feature maps, producing the boundary features with rich contexts and spatial detail information. To
further enhance the boundary features, we leverage a residual module that learns the residual to weight the boundary
features. Finally, the enhanced boundary features and the
input features from the right path are fused to generate the
output of the EEM.
Loss: The whole network parameters are optimized endto-end using the loss function
L = Lcls + LIoU + LWBCE ,

(6)

where Lcls is the cross-entropy loss for semantic classification defined as
L

Lcls = −

1X
l(l) log(l̃(l)) − (1 − l(l))log(1 − l̃(l)), (7)
L
l=1

where l ∈ RL denotes the ground-truth co-category labels.
LIoU is the IoU loss that is a relaxation of the Jaccard distance widely used to evaluate segmentation accuracy [23]
P
i,j min(S(i, j), S̃(i, j))
,
(8)
LIoU = 1 − P
i,j max(S(i, j), S̃(i, j))
where S ∈ {0, 1}W ×H is the ground-truth mask of the
co-saliency map. LWBCE is the Weighted Binary CrossEntropy (WBCE) loss for pixel-wise classification that is
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defined as
LWBCE = −

1
WH

H X
W
X

wS(i, j) log(S̃(i, j))

j=1 i=1

(9)

− (1 − w)(1 − S(i, j)) log(1 − S̃(i, j)),
where weight w is the ratio of the negative pixel number
over all the pixels in one image, which balances the importance of the positive and negative pixels in the loss.

4. Experiments
4.1. Implementation Details
We use the similar settings as the recently proposed CoSD framework [43] to configure the system: the input image
group I contains N = 5 images with the same category as a
batch, and a mini-batch of 6 × I images from all categories
are sent into the network simultaneously. All the images are
resized to 224 × 224 × 3 pixels as input, and the predicted
co-saliency maps are resized to the expected sizes as outputs. In the training process, we use the Adam algorithm [18]
to optimize the whole network end-to-end and set the first
and second decay rates of momentum to 0.9 and 0.999, respectively. We set the weight attenuation to 1e-6. We set
the learning rate of all parameters of the network to 1e-4,
and set the learning rate to be an half every 25, 000 iterations until convergence. Our DeepACG is implemented in
PyTorch [33] and an NVIDIA RTX2080Ti GPU is adopted
for acceleration, which requires a total of 140, 000 training
steps.
We use the COCO-SEG dataset released by [43] for
training, which contains 200, 000 images and we remove
the images containing small objects therein. The dataset
includes L = 78 categories and each image has a manuallylabeled binary mask with co-category labels l. The training
process takes about 30 hours.

4.2. Datasets and Evaluation Metrics
The deepACG model is evaluated on three largest
and most challenging benchmark datasets, including Cosal2015 [54], CoCA [59], and CoSOD3k [9]. Among them,
the Cosal2015 is a widely-used benchmark dataset for CoSD. It owns 2, 015 images of 50 categories. For some categories, such as pineapple, there are many non-co-salient
objects with similar appearances, which is very challenging
to accurately detect the co-salient targets. The CoCA contains 80 classes with 1, 297 images in total. This dataset
is characterized by more complex background interferences
than those in Cosal2015. The CoSOD3k is the largest evaluation benchmark at present. It has a total of 160 categories with 3, 316 images. Different from Cosal2015, a
large amount of images in CoSOD3k have two or three instances to be highlighted, which span a wide range of categories, shapes, object sizes, and backgrounds. We use

four evaluation metrics for comparison, including the mean
absolute error MAE [43], F-measure Fβ [52], E-measure
Em [8], and S-measure Sm [7].

4.3. Comparisons with State-of-the-arts
We leverage the evaluation codes released by Fan et
al. [9] to compare with several state-of-the-art methods, including BASNet [34], PoolNet [26], EGNet [60],
CBCD [11], ESMG [22], CODR [49], DIM [53], CSMG [57], SSNM [56], GICD [59], GW [46], SCRN [47],
and GCAGC [58]. Among them, BASNet [34], PoolNet [26], and EGNet [60] are state-of-the-art saliency object detection methods that have achieved favorable performance on CoSD task.
Qualitative Results. Figure 6 shows some visualization results of our DeepACG compared with three representative state-of-the-art methods, including GICD [59],
GCAGC [58], and CSMG [57]. The proposed DeepACG
performs favorably well under the challenging scenarios
that the co-salient targets suffer from complex background
clutters, small sizes, large-scale appearance or shape variations, severe occlusions, etc. In the Alarm Clock and Beaker
groups, the co-salient objects suffer from large-scale shape
and appearance variations (see the alarm clock in the rightmost column in Alarm Clock and the two beakers in the
third and fourth columns in Beaker), making it difficult to
accurately extract the co-salient targets without semantic
guidance. Our DeepACG achieves much better visual results than the others due to the use of predicted semantic information as guidance in the SCAM. In the Globe group, the
co-salient globes undergo significant appearance variations (the second column) and background clutters (the righttwo columns), making only using appearance information
unable to well group the co-salient targets (see the results
of GCAGC and CSMG). The DeepACG makes use of the
correlation maps to conduct GW matching, which naturally
encodes the shape topology information in the correlation
maps to help better group the co-salient targets with different appearance textures yet similar shapes. As shown by the
left-two columns, the co-saliency maps generated by GICD
contain a large amount of background noises. The reason is
that it uses consensus embedding as guidance for learning,
which is polluted by background distractors. Similar results produced by GICD on Alarm Clock and Beaker groups.
Our DeepACG can effectively filter out the distractors by
using the co-attention mask in the SCAM. In the Frog and
the Pinapple groups, some parts of the co-salient targets have tenuous and complex boundaries (see the frog feet
and the pinapple crown). Due to the use of EEM to enhance
boundary information, our DeepACG can produce satisfying co-saliency maps with fine boundary details while the
co-saliency maps generated by the compared methods are
more coarse.
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Figure 6. Results of our DeepACG compared with other state-of-the-art methods

Figure 7. Comparisons with state-of-the-art methods in terms of PR and F-measure curves on three benchmark datasets

Qualitative Results. Figure 7 shows the PR and the Fmeasure curves of all compared methods on three benchmark datasets. It can be observed that DeepACG achieves
the best performance over the other state-of-the-arts, where
all the curves of DeepACG are on the top of those generated
by the other comparison methods. Meanwhile, Table 1 lists the statistic comparison results of all compared methods,
where GICD and GCAGC are the most recently proposed
state-of-the-art methods. DeepACG achieves the best per-

formance in terms of all evaluation metrics on three benchmark datasets. Specifically, on the COCA dataset, DeepACG reaches the best scores of 0.552, 0.771, and 0.688 in
terms of F-measure, E-measure, and S-measure, respectively, with a gain of 2.9%, 1.7%, 1.7% compared to the second
best-performing GCAGC with scores of 0.523, 0.754, and
0.669, respectively. Besides, on the other two benchmarks,
DeepACG also achieves the best scores in terms of all metrics, further demonstrating its effectiveness on large-scale
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Table 1. Statistic comparisons of our DeepACG with the other state-of-the-arts. Red and blue bold fonts indicate the best and second-best
performance, respectively. *single image saliency object detection methods.-the results have not been provided by the benchmarks.
Methods

MAE↓
BASNet∗ (CVPR2019) [34] 0.097
EGNet∗ (ICCV2019) [60]
0.099
PoolNet∗ (CVPR2020) [26] 0.094
SCRN∗ (CVPR2020) [47]
0.097
CBCD (TIP2013) [11]
0.233
ESMG (SPL2014) [22]
0.247
CODR (SPL2015) [49]
0.204
DIM (TNNLS2016) [53]
0.312
GW (IJCAI2017) [46]
0.147
CSMG (CVPR2019) [57]
0.130
SSNM (AAAI2020) [56]
0.102
GCAGC (CVPR2020) [58] 0.085
GICD (ECCV2020) [59]
0.071
DeepACG
0.064

Cosal2015
S m ↑ Em ↑
0.820 0.846
0.818 0.842
0.820 0.851
0.814 0.854
0.544 0.656
0.552 0.653
0.689 0.723
0.593 0.697
0.743 0.793
0.774 0.818
0.788 0.843
0.817 0.866
0.842 0.884
0.854 0.892

Fβ ↑
0.784
0.782
0.785
0.789
0.503
0.470
0.608
0.559
0.697
0.777
0.794
0.813
0.834
0.842

Table 2. Ablations of our model on the CoCA. NLA is short for
non-local attention. EMD is short for earth mover’s distance. Red
bold fonts indicate the best performance.
Models
w/o GW
w/o SCAM
w/o GW&SCAM
w/o EEM
with NLA
with EMD
DeepACG

MAE↓
0.107
0.104
0.130
0.105
0.105
0.104
0.102

Sm ↑
0.676
0.678
0.632
0.679
0.676
0.678
0.688

Em ↑
0.756
0.764
0.715
0.767
0.756
0.760
0.771

Fβ ↑
0.529
0.529
0.443
0.532
0.532
0.535
0.552

challenging datasets.

4.4. Ablation Study
To verify the effect of the key module designs in our
DeepACG, we further conduct extensive ablative studies
on CoCA dataset. Table 2 lists the corresponding experimental results in terms of all metrics. We can observe that
without GW matching, the Fβ score drops from 0.552 to
0.529 by 2.3% and the Em score reduces by 1.5% from
0.771 to 0.756, validating that the GW matching plays a
vital role in our DeepACG. Moreover, without SCAM, the
performance of DeepACG drops significantly in terms of all
metrics, especially for the Fβ that decreases from 0.552 to
0.529 by 2.3%. If we further remove both the modules GW and SCAM, the performance of our model significantly
drops by 10.9% and 5.6% in terms of F-measure and Smeasure, respectively. Then, we test our DeepACG without
EEM, which suffers from a drop score of 2% in terms of
F-measure, which proves the effectiveness of the EEM to
handle complex object boundaries that is essential to pro-

MAE↓
0.122
0.119
0.120
0.118
0.228
0.239
0.229
0.327
0.157
0.120
0.100
0.089
0.089

CoSOD3k
S m ↑ Em ↑
0.753 0.791
0.762 0.796
0.763 0.797
0.773 0.806
0.528 0.589
0.532 0.615
0.630 0.645
0.559 0.610
0.711 0.723
0.726 0.756
0.785 0.816
0.778 0.831
0.792 0.838

Fβ ↑
0.696
0.703
0.704
0.717
0.363
0.364
0.458
0.420
0.645
0.675
0.740
0.743
0.756

MAE↓
0.195
0.179
0.179
0.166
0.172
0.171
0.124
0.116
0.111
0.125
0.102

CoCA
S m ↑ Em ↑
0.589 0.623
0.594 0.637
0.599 0.631
0.610 0.658
0.526 0.659
0.603 0.666
0.632 0.734
0.628 0.741
0.669 0.754
0.658 0.701
0.688 0.771

Fβ ↑
0.397
0.389
0.401
0.416
0.313
0.398
0.503
0.482
0.523
0.504
0.552

ducing high-quality co-saliency maps.
Finally, we replace the GW matching layer with the NLA module [45], which enhances features by considering
all pair-wise location interactions. The DeepACG with NLA has an Fβ score of 0.532, which is lower than DeepACG by 2%. This is due to the NLA module generates
non-zero weights for all pair-wise positions, which may introduce noisy interactions that degrade the model. However, the deepACG learns the optimal matching flows based
on the GW distance, which only assign non-zero weights to
the most stable locations (see Figure 4), thereby achieving
better performance. So does the DeepACG with EMD [51],
which performs better than that with NLA, but worse than
DeepACG by a drop of 1.7% in terms of Fβ score. This
is because the EMD matching directly learns structure similarity between two semantic feature points, which is less
robust to the object topology changes than the GW matching.

5. Conclusion
This paper have presented a new deep network architecture DeepACG for co-saliency detection, which includes
three novel module designs. First, a novel GW distance
matching layer has been designed that is built on dense 4D
correlation volumes for all pairs of image pixels within
the image group, which is able to accurately discover the
structured pair-wise pixel similarities among the co-salient
objects. Second, a semantic-aware co-attention module
has been developed to enhance the foreground co-saliency
through predicted categorical information. Third, a contrast
edge-enhanced module has been designed to capture richer
context and preserve fine-grained spatial information. Extensive evaluations on three benchmarks have demonstrated
superior performance of our method over state-of-the-arts.
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