2408.06021v2 [cs.CV] 13 Aug 2024

arXiv

ClickAttention: Click Region Similarity Guided
Interactive Segmentation

Long Xu Shanghong Li

Yongquan Chen

Input & GT Attention for positive clicks ~Attention for negative clicks

Junkang Chen Rui Huang Feng Wu

Input & GT Attention for positive clicks ~ Attention for negative clicks

Fig. 1: Attention visualization of clicked regions based on Transformer —. Red marks denote the negative click; Green
marks indicate the positive click; Black circles indicate the limited click influence range issue; Red rectangles highlight the
regions that should not be activated in the attention maps of positively/negatively-clicked regions.

Abstract—Interactive segmentation algorithms based on click
points have garnered significant attention from researchers in
recent years. However, existing studies typically use sparse click
maps as model inputs to segment specific target objects, which
primarily affect local regions and have limited abilities to focus
on the whole target object, leading to increased times of clicks. In
addition, most existing algorithms can not balance well between
high performance and efficiency. To address this issue, we propose
a click attention algorithm that expands the influence range of
positive clicks based on the similarity between positively-clicked
regions and the whole input. We also propose a discriminative
affinity loss to reduce the attention coupling between positive
and negative click regions to avoid an accuracy decrease caused
by mutual interference between positive and negative clicks.
Extensive experiments demonstrate that our approach is superior
to existing methods and achieves cutting-edge performance in
fewer parameters. An interactive demo and all reproducible codes
will be released at https://github.com/hahamyt/ClickAttention

Index Terms—Interactive segmentation, click attention, dis-
criminative affinity loss, attention coupling

I. INTRODUCTION

Interactive segmentation is a critical task in human-
computer interaction and data annotation that enables target
object segmentation in an image with limited user interaction.
This paper focuses on click-based interactive segmentation
to achieve the target accuracy with minimal parameters and
clicks.

Current click-based methods typically represent user clicks
via a click map that is concatenated with the input image for
target object segmentation [2]-[I4]. [9], [1O], adopted
Gaussian click maps to model user clicks, where the map only
had effective values within a small range of fixed variance
near the clicked point, thus only affecting a limited range of

the target object. Majumder Soumajit, et al. recognized
the limitations of these methods and used the hierarchical
structural prior in the image to improve segmentation per-
formance. Ding Zongyuan, et al. [16] utilized segmentation
results to generate new click points and further optimized
the target mask with these click points. Recently, Kirillov, et
al. proposed a SAM model, which adopted the sparse
prompt embedding to directly encode the coordinates of
clicks, which is different from the methods mentioned above.
Although these methods have built better click models to some
extent, they still struggle to address the issue of limited click
influence range and efficiency.

Since positive and negative clicks indicate the target and
the background respectively, Xu Ning, et al. [6] constructed
a two-channel click map, with one channel designated for
positive clicks and the other for negative clicks. Though widely
adopted in subsequent works [2]l, [3]], [9]-[14], this strategy
exacerbates the sparsity of clicks and hinders the network’s
ability to segment accurately.

Recently, SAM has received widespread attention from
people. Ke Lei, et al. proposed an HQ-SAM, which brings
higher segmentation quality than SAM by using an adapter.
Similarly, Tianrun Chen, et al. [20] proposed a SAM-based
SAM-adapter model to improve the performance of SAM in
underperformed scenes. However, these models have a large
number of parameters, resulting in low efficiency. Also, their
input size is 1024x1024, leading to a high number of FLOPS
than current works (maximum is 672x672). To further improve
the speed of SAM, Xu Zhao, et al. proposed a FastSAM
based on YOLOVS8, which reduces the parameters of SAM and
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Fig. 2: The average IOU varies with clicks (based on the
average results of 8 benchmarks), indicating the proposed
method can utilize fewer clicks to obtain better precision

GPU memory usage significantly. However, these methods still
suffer from inefficiency issues due to the large and complex
model, which limits its application in low-end devices.

To investigate the role of user clicks in interactive segmen-
tation, we use the explainable visualization method for the
self-attention of models, as proposed in [22]. Specifically, we
visualize the attention maps of positively/negatively-clicked
regions as shown in Figure [} The black circles mark the
positively-clicked local regions, indicating the areas where the
model allocates more attention while de-emphasizing the rest
of the target object. Notably, the activated attention ranges of
positively and negatively clicked regions overlap in multiple
areas. Therefore, we use a red rectangle to highlight the
overlapping regions that should not be activated in the attention
maps by positive or negative clicks.

To address these issues, we propose an image patch-based
[1] click attention algorithm and an affinity loss inspired
by SASFormer [23]. This novel approach aims to decouple
positive and negative clicks, guiding positive ones to focus
on the target object and negative ones on the background. To
evaluate its effectiveness, we assessed the proposed algorithm
on widely used benchmarks, including Grabcut [24], Berkeley
[25]], DAVIS [26], SBD [27], COCO-MVal [28], PascalVOC
[29]], and DAVIS-585 [2].

In conclusion, this paper presents the following contribu-
tions to interactive segmentation:

o We propose a click attention algorithm based on local
region similarity, which can effectively model the intents
behind user clicks and reduce the number of clicks.

« We propose a discriminative attention affinity loss, which
can effectively decouple positive and negative clicks and
improve segmentation accuracy.

o As shown in Figure |2} the proposed algorithm achieves
state-of-the-art (SOTA) performance.

II. RELATED WORK
A. Interactive segmentation

Interactive segmentation algorithms increasingly rely on
deep learning. Traditional methods [24], [30]—[32]] have been
surpassed by deep learning methods [2], [3[I, [3]], [6], [10],
(121, (140, (161, 1330, [33[]-[35] which become the current
research mainstream because of their excellent performance.

To mitigate the problem of limited click influence range,
existing studies concentrate on modifying the input of the
network. For instance, Sofiiuk Konstantin, et al. [35] uti-
lized the network’s previous output to simulate user intent,
but this strategy suffers from lags and difficulties in mod-
eling individual clicks, which can increase the number of
required clicks. Liu Qin, et al. [3] used MAE-ViT [36] to
handle multimodal information and improve performance by
increasing network parameters. However, this model has high
computational requirements, which limits its deployment on
low-end devices. Chen Xi, et al. [2] expanded the influence
range of a single click by further processing the region of
interest (ROI). However, this approach discards click points in
other regions and relies heavily on the accuracy of previous
segmentation. Most works [2f], 3], [33]], [34] have used a
two-channel click map to differentiate between positive and
negative clicks, which exacerbates sparsity and fails to address
the coupling problem between the two types of clicks, resulting
in imprecise segmentation.

Although existing works incorporate user clicks in different
ways to improve, inherent challenges remain.

B. Attention mechanism in local regions

In recent years, attention mechanisms have fueled success
across multiple visual tasks.

Fu Jun, et al. [37] significantly improved the segmentation
performance by constructing rich contextual dependencies on
local region features. Schlemper Jo, et al. [38]] implemented
an attention gate mechanism to suppress the network’s focus
on irrelevant regions, which accelerated the learning of task-
relevant features. The design of the attention mechanism in
Vision Transformer [1] can capture the correlation between
patches, enabling the network to focus on specific areas. Ma
Jie, et al. [22] investigated the interpretability of the self-
attention mechanism in Vision Transformer and proposed a
method to analyze attention interactions between different
patches. This method can guide the model to focus on specific
areas by adaptively adjusting the network.

These studies inspired us to use attention mechanisms to
bridge the gap between user clicks and segmentation results,
guiding the network to efficiently understand user intent.

III. METHODS

For limited click influence range and click coupling issues,
we present an interactive segmentation algorithm guided by
local region similarity. The overall framework of the proposed
algorithm is shown in Figure [3]

To fully expand the influence range of clicks, we introduce a
click attention algorithm in Section Further, to decouple
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Fig. 3: Overall framework of the proposed algorithm. Four downsampling blocks come from Segformer [39]]. Click attention
block is adopted for both inference and training; Discriminative affinity loss is adopted for training

the attention coupling between positive and negative clicks, we
propose a discriminative attention affinity loss in Section |III-C

A. Preliminaries

In a click-based interactive segmentation task, model in-
put = includes input image x;, € REX3*WxH click map
x. € RBX2XWXH “and previous segmentation results z,,
sigmoid(xp) € REXIXWXH 'ywhere number 2 in z.. represents
two-channel positive and negative click maps, B denotes
batch size, zp denotes the predicted target object location
distribution, and x,, denotes the final segmentation mask.

To balance the trade-off between efficiency and perfor-
mance, Segformer [39] is adopted as our base segmentation
algorithm. Segformer has four hierarchical Transformer en-
coders for feature extraction, which downsample the input
x at four different scales as [1/4,1/8,1/16,1/32]. Each
downsampling stage is denoted by ¢ with feature dimension C;.
Finally, features of different scales are upsampled to a common
scale and decoded by an MLP to produce the prediction result
Tp € RT >4 *Nets | where Ngys = 1.

Each downsampling stage contains multiple multi-head self-
attention layers, and the SRA [40] is adopted to increase self-
attention efficiency. The attention of stage i, [-th layer and
h;-th head is calculated using formula (T).

Qihi - Ky,
where - denotes the matrix multiplication, ¢ and ! denote the
indexes of layer and head respectively, A;;p, € REXEXE
Qirn, € RBXEX(Ci/hi) represents the query matrix, and
K1 p, € REXEX(Ci/hi) represents the key matrix. For patch

A; 1 p, = softmax ( (1)

j, its corresponding attention map is Ag,l,hi € RExIXL

Each click is associated with a corresponding patch, and the
attention map of a click patch indicates the focus area of the
network under the current click.

B. Click attention based on the local regional similarity

In this section, we propose a click attention algorithm to
enhance the influence range of user clicks.

Segformer divides the input image into L patches and
extracts the corresponding feature f; € REXLxCi f) ¢
RE>1xCi represents the feature for patch j, which often
differs from other patches. The target object is characterized
by multiple patches. Yet typically, positive clicks only fall on a
limited number of patches of the target object. In some extreme
cases, the ideal segmentation accuracy may even require clicks
on all target patches.

Inspired by this, we use fF € REX1%Ci (o denote the k-th
positive click patch feature in stage 7. The overall input feature
fi and N}, positive click patch features {fF|k = 1,... N;} are
adopted to calculate similarities as shown in formula (2).

st = corr(fi, (ff)")

2
where s¥ € RBXL*L corr denotes cross-correlation. The

final similarity score of N positive clicks in stage ¢ can be
calculated by the formula (3).

Ny
==y sk
Z Nk i3 '

where s; ranges from O to 1. Next, we name s; as
the click attention in stage 7 for better explanation.

3)

c RBxLxl
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Fig. 4: Click attention calculation based on patches similarity

However, the features of different patches used for seg-
mentation are ill-suited for similarity calculation. Therefore,
we propose a nonlinear mapping model ¢(-) : REX LxC
RB*L*C" to map patch feature f; into another space ¢(f;) €
RB*L*C" for similarity calculation. This decouples the sim-
ilarity task from the segmentation task and enhances the
robustness of the algorithm. Its structure is shown in Figure
4

Building on this nonlinear mapping ¢ (two MLP layers),
we propose to use segmentation mask labels y; as supervision
information for similarity learning. In addition, the mean
square loss function is adopted for training, as shown in
formula (@).

N;
Laior = 3 Y (eom(6(), o) ~ ) @
ti=1

where N; denotes the number of downsampling stages.

To encourage the segmentation network to pay more atten-
tion to similar regions in input x, the click attention s; is used
to weight the attention A;; ,, which can directly guide the
network to focus on regions with higher similarity score, as
shown in formula ().

Ai,l,h,- =38 ® Ain, )

where © denotes element-wise multiplication, /L,l, n, denotes
the attention before softmax operation.

By adopting click attention in the attention map, regions
in  with a higher similarity will be enhanced, while regions
with lower similarity will be suppressed, thereby guiding the
network to strengthen attention to the target object.

C. Discriminative attention affinity loss

As illustrated in Figure[T] the coupling between positive and
negative clicks can activate irrelevant regions in the attention
map. The attention map A;;p, records the attention scores
among all patches, reflecting the influence of different patches
on the overall attention area of the network. We hypothesize
that the coupling issue arises from overlooking the category
of clicked patches in current methods. As a result, the model
struggles to learn clear discriminative relationships between

positive and negative patches, leading to unnecessary context
dependencies.

Previously, click attention considers solely positively-
clicked patches due to the varying semantics of negative
clicking patches, which may cause the network to mistakenly
focus on similar objects in the background.

To address these issues, we propose a discriminative at-
tention affinity loss based on click attention. By leveraging
positive and negative clicks, the method can mitigate erroneous
attention activation and the coupling issue mentioned earlier.
Its structure is illustrated in Figure [5]
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Fig. 5: Tllustration of discriminative affinity loss calculation
based on click attention

Therein, the input image is divided into L patches, xp is
the target object probability, and x5 = 1 — zp represents the
background probability. The j-th row denotes the attention
map Ag,z, », between the j-th patch and other patches, where
7 is the index of the clicked patch.

Specifically, we average the attention maps A; ; 5, of multi-
heads and multi-layers to calculate the attention map A; of
stage ¢, as shown in formula (6).

N, N,

1
A= S DD A, 6)

P 1=1 h;=1

where A; € REXLXL N, denotes the number of layers, Ny,
denotes the number of heads.

The attention for target object patches is 4;®s; €
while the attention for all background patches is A;®(1—s;) €
RBXLXL where 1 — s; denotes the click attention between
negatively-clicked patches and background patches, and ©
denotes the element-wise multiplication across the second
dimension of A°.

To improve the distinction between positive and negative
clicks, we calculate the affinity loss between A; ® s; (and
A; ® (1 — s;)) and the predicted target object distributions
zp (and background z ). By encouraging the target object
patches’ attention to be more relevant to target object distri-
bution, while encouraging the background patches’ attention

BXLXL
R 9



to be more relevant to background distribution, the coupling
issue can be well alleviated.
The discriminative affinity loss is illustrated in the formula

(7).

1 & .
Layy =N, Z VP — 2l © 54|,
U | )
b e e o 0

where || - ||1 denotes the ¢; loss, N, denotes the number of
stages, and ', 2%, € RP*'*! are interpolated from xp,
respectively, in stage i. z% © s; € RBXIXL,x?D e 1 -
5;) € RBX1XL represent predicted target object patches and
background patches respectively. Y;”°* and Y;"“Y represent the
relevance of attention and prediction results, as illustrated in
the formula (8]).

VP® = (A4ios)®@ap

Yvineg _ (Az ® (1 o 8)) ® x/}5 (8)

where ® denotes the inner product. Y”** and Y;"“’ represent
the predicted probability of the target object and background
distributions, respectively.

IV. EXPERIMENTS

In this chapter, we first introduce the basic configuration of
our algorithm and the training/validation protocols for click-
based interactive segmentation. For ease of description, we re-
fer to the proposed algorithm as ClickAttention in the follow-
ing sections. Next, we evaluate ClickAttention’s performance
by comparing it with current SOTA algorithms on widely used
benchmarks, including Grabcut [24], Berkeley [25], DAVIS
[26]], SBD [27], COCO-MVal [28]], PascalVOC [29], DAVIS-
585 [2]]. Subsequently, an ablation study is conducted to verify
the effectiveness of ClickAttention.

A. Experimental Configuration

Model selection. To meet the demands of high efficiency
and accuracy, B0-S2, and B3-S2 in Segformer [39] are utilized
as base segmentation models. As illustrated in Table [I} the
parameter scale of Segformer is relatively small.

Training protocol. The random cropping strategy is imple-
mented to produce 512 x 512-sized training samples, and the
training procedure is conducted in an end-to-end manner.

For click simulation, the iterative learning [35] and the
training sample generation methods [6] are adopted. The
maximum number of click points is 24, with a decaying
probability of 0.8 [2].

All algorithms in comparisons were trained on COCO [2§]]
and LVIS [41] datasets with random flipping and resizing used
for data augmentation. The AdamW optimizer was used with
B1 = 0.9, B2 = 0.999. Each epoch consisted of 30,000 training
samples, and a total of 230 epochs were completed. The initial
learning rate was 5 x 1073, and it was reduced by 10 times at
epochs 190 and 220. Our model was trained on 6 RTX 3090
GPUs and took about 24 hours.

Evaluation protocol To ensure a fair comparison, we follow
the performance evaluation strategies in [6], [9f, [11[], [13],
[34], [35]. In this case, each click point was sampled from
the predicted region with maximum error to ensure it reached
the expected ground-truth IOU (Intersection Over Union) after
multiple clicks, or the click times required to reach the upper
bound.

The NoC (Number of Clicks) is adopted for performance
evaluation, which represents the average number of clicks
required to achieve the target IOU. The upper bound of click
times is 20, and exceeding this limit means the current task
has failed. Additionally, NoF IOU (Number of Failures) [2] is
used to evaluate the average number of failures.

B. Comparison with State-of-the-Art

Computation analysis. Efficiency is an important perfor-
mance indicator for interactive segmentation. To this end,
we compared the differences in running speed and parameter
size between ClickAttention and current SOTA algorithms, as
shown in Table [l

TABLE I: Efficiency comparison with SOTA. *400’, *448’, and
1024’ etc. denote the default input size required by different
models. The speed is measured on a CPU laptop with 2.4
GHz, 4xIntel Core i5

Model Type

Params(M) FLOPs(G) Speed(ms)

RITM-hrnet32-400 [35] 30.95 41.56 1387
FirstClick-resnet101-512 [9] 50.37 216 6267
SimpleClick-ViT-B-448 [3] 84.89 96.46 8640
SimpleClick-ViT-L-448 [3] 322.18 266.44 10025
HQ-SAM-ViT-B-1024 [19] 637.23 2830.34 11238

SAM-ViT-H-1024 [17] 635.63 2802.69 10351

FocalClick-B3-S2-256 [2] 45.66 12.37 706
Ours-B0-S2 4.36¢90% 2.11“33% 220,L68‘/f,
Ours-B3-S2 46.44 12.43 729

The model parameters of the current SOTA algorithm Sim-
pleClick are 84.89e¢16 and 322.18e16, which are 1.82 times
and 6.94 times larger than our largest model, respectively. Due
to its larger input size, it takes more than 10 times longer for
the algorithm in question to run compared to our algorithm.
Additionally, both RITM and FirstClick-resnetl01 have a
larger number of parameters than the algorithm proposed in
this paper, with FirstClick-resnet101 taking 8.6 times longer
to run than our algorithm. Except for FocalClick, all models
have a runtime exceeding 1 second. Due to the larger input
size of SimpleClick, its inference time is more than ten times
that of our algorithm. In addition, the parameter sizes of RITM
and FirstClick-resnet101 are also larger than the proposed al-
gorithm, with the inference time of FirstClick-resnet101 being
8.6 times as long as ours. Except for FocalClick, all compared
models have more than 1-second running speed. Interactive
segmentation algorithms are widely used in crowdsourcing
annotation tasks, where device performance is typically low.
Therefore, a large number of parameters can create a signifi-
cant burden on devices with only a CPU, leading to reduced
work efficiency.



TABLE II: Evaluation results on GrabCut, Berkeley, SBD, DAVIS, COCO Mval and Pascal VOC datasets. "NoC 85/90° denotes
the average Number of Clicks required to get IoU of 85/90%. All methods are trained on COCO [28]] and LVIS [41]] datasets
(except SAM and HQSAM, more details can be found in chapter [[V-B). Red arrow: ClickAttention > 2n place. Blue arrow:

ClickAttention > 3rd place. Bold font: best performance

Mothod GrabCut [24] Berkeley [25] SBD [27] DAVIS [26] COCO_MVal [28]  PascalVOC [29]
NoC 90 NoC 90  NoC 85 NoC90 NoC90 NoC85 NoC90 NoC 85 NoC 90
f-BRS-B-hrnet32 [11] 1.69 2.44 437 7.26 6.50 - - - -
RITM-hrnet18s [35] 1.68 2.60 425 6.84 5.98 - 3.58 2.57 -
RITM-hrnet32 [35] 1.56 2.10 3.59 571 5.34 2.18 3.03 221 2.59
EdgeFlow-hrnet18 [12] 1.72 2.40 - ; 5.77 . - - .
SimpleClick-ViT-B [3] 1.50 1.86 3.38 5.50 5.18 2.18 2.92 2.06 238
SimpleClick-ViT-L [3] 1.46 1.83 2.92 4.85 477 1.96 2.63 1.71 1.93
SAM-ViT-L [19] 1.62 2.25 5.98 9.63 6.21 3.46 5.60 2.20 2.68
HQ-SAM-ViT-L [3] 1.84 2.00 6.23 9.66 5.58 3.81 5.94 2.50 2.93
FocalClick-B0-S2 [2] 1.90 2.92 5.14 7.80 6.47 3.23 4.37 3.55 4.24
FocalClick-B3-S2 2| 1.68 1.71 373 592 5.59 2.45 3.33 2.53 2.97
Ours-B0-S2 1.66 2.65 445 6.90 5.44 281 377 2.87 3.36
Ours-B3-S2 1.48 1.89 3181500 5171609 4671009 205500 2.8315090 1961159 2261505

Furthermore, our ClickAttention model has significantly
fewer parameters compared to the Segment Anything Model
(SAM) and HQ-SAM, with only 1/13.69 and 1/13.72 of their
parameter sizes, respectively. It’s worth noting that their larger
input size (1024x1024) resulted in FLOPs that are 225 and
227 times larger than ours, respectively. As a result, these
methods may be difficult to apply in worldwide crowdsourcing
image annotation scenarios (most of the devices are low-
performance). However, SAM is an excellent approach that
only encodes input images once and then processes the clicks
in its transformer decoder head. This helps SAM (and HQ-
SAM) maintain a fast inference speed even with large FLOPs.
This is highly inspiring for our future research.

In comparison, the Segformer-based FocalClick and Click-
Attention demonstrate faster inference time. Compared to
FocalClick, ClickAttention achieved better performance at the
cost of a limited loss in speed.

Performance on existing benchmarks Performance on
existing benchmarks Classical methods such as Graph Cut [42]]
and Geodesic star convexity [31] were not compared in the
study due to their performance disadvantage. The performance
comparison results of ClickAttention and current SOTA on
mainstream benchmarks are shown in Table

As illustrated in Table 1, Ours-B0-S2 achieved better perfor-
mance on multiple datasets compared to FocalClick-B3-S2 [?2],
which also uses Segformer. In detail, Ours-BO-S2 performed
1.2% and 2.7% better than FocalClick-B3-S2 on GrabCut and
DAVIS, respectively. This indicates that the proposed algo-
rithm still has competitive performance with fewer parameters.
We believe the reason for this is that the proposed algorithm
fully utilizes all user clicks, whereas FocalClick’s target crop
operation discards points outside the target region, causing it
to only refine the local regions of large targets, but ignore the
overall accuracy.

In addition, compared to FocalClick-B3-S2, Ours-B3-S2
showed better performance in almost all benchmarks. As

shown in Table 1, the algorithms compared performed more
poorly on the SBD and DAVIS datasets. This is likely because
SBD contains over 6000 test samples, and DAVIS includes a
significant number of challenging cases, resulting in relatively
high values of NoC90. Ours-B3-S2 achieved the best perfor-
mance on DAVIS, with a 1% improvement over the second-
place algorithm SimpleClick [3]. On SBD, our algorithm’s
NoC90 improved by 4.9% compared to the third-place al-
gorithm. Combined with Table 2, the results show that our
algorithm achieves competitive performance with fewer pa-
rameters. On GrabCut, Ours-B3-S2 and SimpleClick achieved
the best NoC90 performance. Except for ranking fourth on
the Berkeley benchmark, Ours-B3-S2’s performance on other
datasets is only second to SimpleClick. After analyzing the
characteristics of the Berkeley dataset, we found that it has a
low resolution (480x320) and there are many cases of intricate
edges, including antlers and feathers. The performance of the
proposed algorithm still needs to be improved under these
conditions.

Compared to both SAM and HQ-SAM, the proposed algo-
rithm also achieved better performance with fewer parameters.
It is worth noting that the SAM is trained on a large-
scale dataset containing 10e9 well-annotated images [17]]. In
comparison, the proposed algorithm only requires the COCO-
LIVIS dataset (containing 10e4 well-annotated images) for
training. This indicates that our algorithm has higher effi-
ciency.

C. Performance for Mask Correction

The Mask Correction task involves refining the provided
initial mask with an IOU value between 0.75 and 0.85.
We evaluated the effectiveness of ClickAttention in Mask
Correction using the DAVIS-585 dataset [2]]. The experimental
results are shown in Table [Tl

It can be found that, compared to RITM, SimpleClick, and
FocalClick, ClickAttention has the best performance on the
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Fig. 6: Qualitative results for the effectiveness of the click attention. The first column shows the input clicks and prediction
results. Thee remaining columns display the click attention in different downsampling stages, which demonstrates its ability

to capture the focus range of positive clicks

TABLE III: Quantitative results on DAVIS-585 benchmark.
The metrics ‘NoC’ and ‘NoF’ mean the average Number of
Clicks required and the Number of Failure examples for the
target IOU. All models are trained on COCO [28]+LVIS

Method DAVIS585-SP DAVIS585-ZERO

NoC85 NoC90 NoF85| NoC85 NoC90 NoF85
RITM-hrnet18s [35 371 5.96 49 534 7.57 52
RITM-hrnet32 [35] 3.68 5.57 46 4.74 6.74 45
SimpleClick-ViT-B [3] 2.24 3.10 25 4.06 5.83 42
SimpleClick-ViT-L [3] 1.81 2.57 25 3.39 4.88 36
FocalClick-hrnet32-S2 12|~ 2.32 3.09 28 4.77 6.84 43
FocalClick-B3-S2 [2] 2.00 276 2 4.06 5.89 43
Ours-B3-S2 1741557 282550 151409 |3.7816.0% 5591487 43

DAVIS585-SP task. Compared with the second-ranked Sim-
pleClick, we have improved by 5.8% on NoC90, which proves
the advanced nature of the algorithm in this paper on the
mask correction task. Compared to FocalClick, ClickAttention
improves NoC 85 and NoC 90 in mask correction by 13%
and 12.3% respectively. Compared with the second-ranked
SimpleClick, we have improved by 5.8% NoC90 performance,
which demonstrates the effectiveness of the proposed algo-
rithm in mask correction tasks.

We believe the reason is that the input of the mask can
provide certain prior information for the network. However,
the existing algorithm only treats the mask as an additional
modal feature and does not make full use of it. In our work,
we mainly calculate the similarity between the user click
area and other area features. Among these features, the prior
mask provides consistent feature expression for the target area
tokens. So that it helps the algorithm to better find all similar
tokens. Compared to other methods, the algorithm proposed
in this paper can make better use of prior mask information.

On the DAVIS585-ZERO task, ClickAttention ranks second,

only behind SimpleClick-ViT-L, whose parameter size is 6.94
times larger than ours. Compared to FocalClick, the proposed
algorithm improves NoC 85 and NoC 90 by 6.9% and 5.7%
respectively. This trend is consistent with the results shown in
Table M

D. Ablation Study

We conducted ablation experiments based on the B0-S2
model on DAVIS and DAVIS585-SP [2] datasets.

Holistic analysis. Each component is evaluated to verify
the effectiveness of the proposed algorithm, as presented in
Table [[V] We used Segformer [2]] as the baseline, and studied
the impact of performance by incorporating click attention and
discriminative affinity loss, respectively.

TABLE IV: Ablation studies on both interactive segmentation
from scratch and interactive mask correction. ’‘CA’ and "DAA’
denote click attention and discriminative attention affinity,
respectively

DAVIS
NoC85 NoC90 NoF90

DAVIS585-SP

Method NoC85 NoC90 NoF90

baseine-B0-S2  4.83 6.47 55
+CA 4.221\12% 5.651\12% 4272300
+CA+DAA 408T15% 544/”5% 35736%

2.63 3.69 54
2'23715% 3.441\&7% 34T37VO
2'18T17% 3.19¢13% 25754%

As illustrated in Table [V] CA brings significant improve-
ments in mask correction and DAVIS datasets. Moreover, by
incorporating DAA, the performance is further enhanced in
two evaluation metrics, thereby confirming the effectiveness
of the proposed approach.

Click attention analysis. To verify that ClickAttention
learns the correct click attention based on local region similar-
ity, we visualized the click attention of various downsampling
stages in some typical scenarios, as illustrated in Figure [6]
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Fig. 7: Qualitative results for the effectiveness of the Discriminative click Attention Affinity. The first column shows the input
image and clicks. The second and third columns display the comparison of positively-clicked region attention maps between
the baseline and ClickAttention. The fourth and fifth columns present the negative attention maps between the baseline and

ClickAttention

To ensure the reliability of the verification, all visualization
operations are performed in the evaluation process.

It is evident that with an increase in the number of stages,
the resolution of click attention decreases. Nonetheless, each
stage’s click attention accurately captures the user’s intended
focus which validates the effectiveness of click attention.

Discriminative attention analysis. To verify the effective-
ness of the proposed discriminative affinity loss in decoupling
influences of positive and negative clicks, we conducted a
visualization analysis of the positive/negative region attention
maps in several typical scenarios, as shown in Figure [7}

The third and fifth columns of Figure [7] demonstrate that
the positively and negative-clicked regions’ attention of the
baseline model tends to confuse the target object with the
background, which in turn impacts the performance of training
and inference.

After incorporating the DAA, as shown in columns 2 and
4, positive clicks can focus on the target effectively, while the
negatively-clicked region attention is also able to effectively
decouple from the positively-clicked region attention. As a
result, negative clicks can concentrate exclusively on the
parts where the background and the target object are easily
confused.

It is worth noting that the attention of negatively-clicked
regions is successfully focused on the edges of the target
object, providing valuable guidance for the model’s fine-
grained segmentation.

E. Qualitative Result

To verify the effectiveness of ClickAttention, we evaluated
its precision changes under multiple clicks on several typical
datasets. The results are shown in Figure [§]

The first two rows of Figure 8] demonstrate the performance
of ClickAttention in mask correction. It can be observed that
ClickAttention exhibits excellent performance and achieves
high accuracy within a limited number of clicks. The following
three rows represent the performance of ClickAttention with-
out an initial mask, showing that ClickAttention performs well
under a single click, and the accuracy increases significantly
after three clicks. However, the last row in Figure 8 illustrates
some of the worst and most challenging cases by using
ClickAttention, which demonstrates its limitations. Specifi-
cally, the segmentation of tiny and delicate targets requires
multiple clicks to achieve better results. Similarly, target-
obstructing situations pose challenges for ClickAttention. In
some extreme cases, ClickAttention may produce poor or even
failed segmentation results.

To further verify the effectiveness of ClickAttention, we
compared it with SOTA algorithms including FocalClick
and RITM [35] under the DAVIS585 benchmarks. The cor-
responding quantitative analysis results are shown in Figure
O]

As shown in Figure EL without initial masks, rows 1 and
2 demonstrate that one-clicked ClickAttention obtains better
results than 3 times clicked FocalClick [2] and RITM [35]].
Rows 3 and 4 show that in the task of mask correction,
ClickAttention outperforms FocalClick and RITM
after once corrected click.



Initial Mask IoU: 82.2% 1-click IoU: 89.4% 3-clicks IoU: 97.5%
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Fig. 8: Qualitative results on existing benchmarks. Rows 1 and 2 present the cases where starting from initial masks. Rows 3,
4, and 5 show examples of annotation from scratch. The last row shows the worst and most challenging cases

Withogt Initial Mask i : 95, i ick :9]. RITM 3-clicks ToU: 92.4%

Fig. 9: Comparison results on DAVIS-585 benchmarks. Rows 1 and 2 show the advantages of ClickAttention compared to the
FocalClick-B3-S2 without initial masks. Rows 3 and 4 demonstrate comparisons of the mask correction task



V. CONCLUSION

The current paper investigates the relationship between user
interaction and segmentation models in interactive segmenta-
tion. Specifically, to address the issue of small click influence
range, we propose a click attention algorithm that expands
the attention range based on the similarity between positively-
clicked regions and overall input. Additionally, to address the
coupling issue, we further propose a discriminative affinity
loss that effectively utilizes the discriminability between pos-
itive and negative clicks. Our extensive experimental results
demonstrate that our proposed method significantly improves
algorithm performance while achieving better performance
with smaller parameter scales. Compared to current state-of-
the-art algorithms, our proposed algorithm shows competitive
performance.
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