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Abstract

Interactive segmentation is a pivotal task in computer
vision, focused on predicting precise masks with minimal
user input. Although the click has recently become the most
prevalent form of interaction due to its flexibility and effi-
ciency, its advantages diminish as the complexity and de-
tails of target objects increase because it’s time-consuming
and user-unfriendly to precisely locate and click on narrow,
fine regions. To tackle this problem, we propose NTClick,
a powerful click-based interactive segmentation method ca-
pable of predicting accurate masks even with imprecise user
clicks when dealing with intricate targets. We first intro-
duce a novel interaction form called noise-tolerant click, a
type of click that does not require user’s precise localization
when selecting fine regions. Then, we design a two-stage
workflow, consisting of an Explicit Coarse Perception net-
work for initial estimation and a High Resolution Refine-
ment network for final classification. Quantitative results
across extensive datasets demonstrate that NTClick not only
maintains an efficient and user-friendly interaction mode
but also significantly outperforms existing methods in seg-
mentation accuracy.

1. Introduction

Interactive segmentation is a crucial task in computer vi-

sion, aimed at predicting accurate masks of target objects

with minimal and diverse forms of user inputs. This tech-

nique is widely used in various applications such as photo

editing (e.g., composition, inpainting ,and color grading),

medical image analysis and industrial inspection. More im-

portantly, interactive segmentation is capable of efficiently

building and expanding datasets and is playing an increas-

ingly significant role in the pursuit of large vision models, as

demonstrated by Segment Anything Model (SAM) [14]. As

a tool for data annotation, the pursuit of annotation accuracy

is endless. Therefore, recent interactive segmentation meth-

ods like SAM-HQ [12] and SegNext [21] use dichotomous

segmentation datasets (e.g., DIS5K [26]) and thin object

segmentation datasets (e.g., ThinObject5K [18]) as bench-

marks because these datasets possess finer scenarios, higher

resolution and superior annotation quality.

However, current interactive segmentation methods face

two primary challenges when dealing with detailed targets:

1) Inefficient interactions. Methods proposed recently

usually prefer to adopt click as the form of interaction due

to click’s unparalleled flexibility. However, as the target ob-

jects or regions become more intricate (sometimes only a

few pixels wide), the efficiency of users in accurately locat-

ing and clicking on narrow target regions decreases rapidly,

whether using a computer mouse or a mobile device, as

shown in Fig. 1 (a). Therefore, scribble-based methods,

like Slim Scissors [6], was proposed. Scribble-based meth-

ods allow users to utilize coarse scribbles instead of precise

clicks to segment thin objects, as shown in Fig. 1 (b). More-

over, while coarse scribbles do not require precise local-

izations, its efficiency is also limited when fine regions are

dense, leading to an excessive amount of area that needs to

be smeared. Thus, there is still a lack of an interaction that is

truly efficient and user-friendly when dealing with fine ob-

jects. 2) Resolution limitations. Interactive segmentation

methods like SAM [14] and SegNext [21] adopt transformer

architecture (e.g. ViT [5]) to build a sufficiently complex

feature space to achieve exceptionally high segmentation

accuracy and robust zero-shot capability. However, be-

cause the computational complexity of self-attention mech-

anism in ViT increases quadratically with image resolution,

these methods must downsample high-resolution images to

a fixed resolution (e.g., 10242) when processing them. This

enforced downsampling inevitably causes significant loss of

high-resolution details, limiting the model’s ability to pre-

dict intricate regions accurately. Thus, even with adequate
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Figure 1. Interaction forms of existing click-based methods,

scribble-based methods ,and NTClick. A, and A refer to fore-
ground click and background click, A refers to noise-tolerant click.

Zoom in to observe details.

interactions, current methods still fall short of generating

high-quality masks, as illustrated in Fig. 1 (a) and (b).

Therefore, we propose NTClick in this paper, a power-

ful interactive segmentation method capable of performing

fine-grained perception at high resolution based on impre-

cise user interactions. First, beyond the traditional fore-
ground click and background click, we introduce a novel

type of interaction click, called noise-tolerant click. Differ-

ent from foreground click and background click, which ex-

plicitly indicate to the model whether the class of a specific

region is foreground or background, noise-tolerant click in-

forms the model that there are fine structures or objects in
the vicinity. Thus, by definition, noise-tolerant click does

not require the user to perform precise localization and is

inherently tolerant to the noise of localization. Next, we

propose a two-stage workflow to handle such possible im-

precise and noisy user interactions. In the first stage, we

utilize an Explicit Coarse Perception network to predict

which regions in the image are solid foreground, solid back-

ground, and regions potentially containing fine structures

or objects. This estimation is output as a three class mask,

called Foreground Background Uncertain map (FBU map).

At this stage, we do not predict the specific class of each

pixel in the uncertain region, allowing this initial perception

to be processed and output at a relatively low resolution. In

the second stage, we upsample the FBU map to a high reso-

lution and concatenate it with original RGB image, feeding

them together into a High Resolution Refinement network

(HRR). Guided by the FBU map, HRR finally classify all

pixels in the uncertain region. By exploring the construction

of long-range attention and short-range attention at high res-

olution, we achieve a balance between simplicity and per-

formance in HRR.

Consequently, NTClick not only achieves higher seg-

mentation accuracy but also offers better user-friendliness.

As shown in Fig. 1 (c), when encountering difficult-to-

locate regions, NTClick allows users to provide noise-
tolerant click to segment the intricate target. Regardless of

whether the noise-tolerant click lands accurately on the ob-

ject, in the gap, or on the edge between the object and the

background, NTClick consistently provides stable perfor-

mance.

We conduct extensive experiments on highly accurate

annotated datasets such as DIS5K [26] (including TE1-

TE4), HRSOD [36] and ThinObject5K [36]. Under a more

flexible and efficient interaction form, NTClick still demon-

strates superior performance. On DIS5K-VD, NTClick

achieves an improvement of 3.12 in NoC@90 and 3.54 in

5-mIoU. On the most challenging and complex test set,

DIS5K-TE4, NTClick achieves a notable improvement of

5.46 in NoC@90 and 8.04 in 5-mIoU. We believe that

NTClick has tremendous practical application value due to

its exceptional accuracy and user-friendliness.

2. Related Works

2.1. Interactive Segmentation

Interactive segmentation is a fundamental task in computer

vision as it serves as a tool for data annotation, provid-

ing sufficient datasets for a wide range of tasks. There-

fore, even before the rise of deep learning, interactive seg-

mentation methods, such as GrabCut [27] and Snakes [10],

had already been proposed. In the subsequent period, in-

teractive segmentation has experienced significant, continu-

ous and diverse development with the advancement of deep

learning. DIOS [31] was the first to apply deep convolu-

tional neural networks to interactive segmentation. Click-

based methods, represented by ITIS [22], RITM [29], In-
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Figure 2. Overall architecture of the proposed NTClick. In the FBU map, black, white, and gray regions denote the foreground, background

and uncertain regions, respectively.

terformer [8] and SimpleClick [20], have become the most

mainstream and popular methods in recent years. This is

because selecting target objects through clicks is not only

intuitive but also highly efficient and flexible in practical ap-

plications. However, click-based methods also have certain

limitations. For example, providing four accurate extreme

clicks required by DEXTR [23] can be difficult in certain

scenarios, which is why IOG [38] proposed to utilize boxes

as an interaction form. Additionally, when dealing with thin

or intricate objects, almost all click-based methods become

user-unfriendly because precisely locating and clicking in

narrow areas is highly inefficient. To address this, Slim

Scissors [6] proposes using rough scribbles as an interaction

method for fine regions. NTClick proposed in this paper re-

tains the efficiency of click-based methods while incorpo-

rating the advantage of scribble-based methods, which do

not need precise localization.

2.2. High Quality Segmentation
In recent years, many efforts have been dedicated to higher

segmentation accuracy. Approaches such as Pointrend [13],

Refinemask [37] and Mask transfiner [11] are designed to

directly predict high-precision results. Other methods focus

on refining obtained masks, such as CascadePSP [3], Seg-

Fix [35] and SegRefiner [30]. These methods refine existing

outputs in a decoupled manner. Additionally, there is a sub-

task of segmentation called image matting [16, 25, 33, 34],

which mainly aims to convert a obtained binary mask or

a special three-class mask (trimap) into fine-grained pre-

dictions. However, matting requires perceiving the trans-

parency of the target, thus creating a gap between it and

high quality segmentation. NTClick is inspired by the con-

cept of trimap and incorporates some of the successful de-

signs of matting methods in the refinement stage.

3. Methodology
3.1. Noise-tolerant Click
To address the pain point of requiring frequent precise local-

ization and clicking from users when segmenting intricate

targets, we propose the use of noise-tolerant click, a third

option of clicks distinct from foreground click and back-
ground click. noise-tolerant click only needs to fall within

the approximate range of the fine regions, as it is merely

intended to inform the model that there are fine objects or

structures in the vicinity.

Take the bonsai in Fig. 2 as an example, for difficult-to-

locate regions such as the foliage, users are encouraged to

provide a noise-tolerant click. Whether the noise-tolerant
click lands on the foliage, in the gaps between the foliage,

or on the edges between the foliage and gaps, NTClick can

stably predict accurate results. Meanwhile, for large con-
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tinuous regions that are easy to locate, like the plant pot,

trunk and background, NTClick encourages users to follow

the original interaction mode by providing foreground click
and background click.

We have retained as much of the original interaction

mode of click-based methods as possible because click is

inherently an excellent form of interaction, capable of seg-

menting large dense regions with very sparse user input.

Therefore, noise-tolerant click is a supplement to the ex-

isting interaction mode based on foreground click and back-
ground click. Both foreground click, background click and

noise-tolerant click are encoded using disk maps and added

with the RGB image as separate channels, following the

click encoding used by RITM [29] and SimpleClick [20].

3.2. Explicit Coarse Perception Network
In the first stage, we use an Explicit Coarse Perception net-

work (ECP) to make an initial explicit estimation, called

Foreground Background Uncertain (FBU) map. FBU map

is essentially a three-class mask, with the three classes be-

ing foreground, background and uncertain:

FBU map ∈ {foreground, background, uncertain}W×H

(1)

Taking the bonsai in Fig. 2 as an example, foreground
region is supposed to include simple parts without complex

structures, such as the cup and trunk. background region is

supposed to include large, continuous backgrounds, such as

the yard. uncertain is supposed to include regions with intri-

cate structures, such as foliage and edges. Pixels within un-
certain regions are temporarily marked as uncertain, with-

out specific classification.

We choose to use an explicit approach to constrain ECP’s

learning of the FBU map. This required creating “ground

truth FBU map”, for which we apply a simple morphology

process to convert the fine-grained ground truth masks pro-

vided by the dataset into “ground truth FBU maps.” This

morphological processing mainly consists of erosion and

dilation operations, as it is a common practice in image pro-

cessing to smooth fine details in masks. Take the bonsai in

Fig. 2 as an example, applying a few rounds of dilation

and erosion transforms the foliage and edge regions into

uncertain regions. The code for morphology process can

be found in the supplementary materials. In both the train-

ing and evaluation phases, we use the ground truth FBU

map generated by this manner to determine where to sample

foreground click, background click, or noise-tolerant click.

Since ECP does not require precise classification of fine-

grained regions and only needs to categorize them as un-
certain, this perception can be accomplished at a relatively

low resolution. As shown in the ablation study in Tab. 3, an

ECP network with an input resolution of 448 is capable of

outputting high-quality FBU map.

In designing the model structure, we aimed to keep it as

simple as possible. As shown in Fig. 2, we opt to follow

SimpleClick and SegNext [20, 21], using a plain ViT [17]

composed of window attention blocks and global attention

blocks as the encoder, and a decoder composed of a simple

feature pyramid [19] and MLP. However, the input to ECP

consists of three types of clicks rather than two, and the out-

put is an FBU map instead of a binary mask. Therefore, the

model’s learning objective is fundamentally different. De-

tails of specific structure of ECP, training and data process-

ing can be found in Sec. 1 of supplementary materials.

3.3. High Resolution Refinement Network

In the second stage, we utilize a High Resolution

Refinement network (HRR) to perform fine-grained percep-

tion. As shown in Fig. 2, we first upsample the FBU map

predicted by ECP from a low resolution to 10242 and con-

catenate it with the RGB image before feeding them into

HRR. Since the FBU map has already classified a substan-

tial portion of the image as either foreground or background,

and this information provides a strong prior for the per-

ception, HRR can achieve accurate classification of pixels

within the remaining uncertain regions. The designing of

HRR’s structure is not challenging, since using a dense map

to assist in fine-grained segmentation is a widely adopted

and validated approach, both in fields of mask refinement

[30, 35] and image matting [16, 34]. To maintain the sim-

plicity of NTClick, we construct the HRR with a plain ViT

and a simple convolution-based decoder, following ViT-

Matte [33]. We use ground truth masks to directly supervise

the training of HRR.

Hereby, a complete NTClick is ready. As shown by the

first result in Tab. 4, this version of NTClick has already

achieved competitive results in comparison with state-of-

the-art methods, demonstrating the feasibility of our work-

flow: “noise-tolerant click → FBU map → mask”.

But what if we want higher precision? We believe that

the key lies in removing the constraints of resolution. As

shown in Fig. 3, when performing fine-grained segmenta-

tion, limiting the resolution to 1024 leads to significant de-

tail loss. Some details, which are only a few pixels wide,

are irretrievably lost due to downsampling. However, we

cannot directly increase the input resolution of HRR be-

cause both the computational and space complexity of the

global attention block in plain ViT increase quadratically

with the image resolution. This is also one of the key rea-

sons why popular interactive segmentation methods (e.g.,

SAM-HQ [12] and SegNext [21]) must limit input resolu-

tions to 10242, because their use of ViT leads to running out

of memory at higher resolutions (e.g., 20482 and 40962).

Therefore, we replace global attention block with grid at-

tention block proposed in MobileViT [24] for two reasons:

1) Grid attention block has a large perceptive field and ca-
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Figure 3. The impact of resolution on qualities of images and pre-

dicted masks. Please zoom in to examine the details.

pable of establishing long-range dependencies like global

attention block. 2) Because grid attention only computes

self-attention for patches spaced by a interval of K, the

computational complexity of grid attention is significantly

lower. Consider an image of w × h patches, the computa-

tional complexity of global attention and grid attention are:

Ω(Global Attention) = 4whC2 + 2(wh)2C

Ω(Grid Attention) = 4whC2 + 2
(wh)2

K2
C

(2)

where C represents the dimension of a patch and K rep-

resents the interval of grid attention. For high-resolution

images, the computational burden primarily arises from the

latter term. Therefore, by setting a relatively large K,

we can significantly reduce the computational complex-

ity. Meanwhile, analyzing from the perspective of space

complexity, the space complexity of global attention is

O(w2h2), whereas that of grid attention is only O(w
2h2

K2 ).
The default setting for K in NTClick is 8.

However, this replacement introduces issues in establish-

ing local dependencies. When the global attention block in

plain ViT is replaced with grid attention block, the back-

bone is essentially composed of window attention block and

grid attention block. As demonstrated in Fig. 4, due to the

fixed window partitioning mechanism in window attention

and the lack of global attention block, two adjacent patches

often have no chance to construct direct dependency with

each other from start to finish. The exchange of information

between them can only be facilitated through intermediary

patches. We consider that the lack of direct dependencies

for adjacent patches is detrimental for detail-oriented tasks

like fine-grained segmentation. To this end, we replace win-

dow attention block with neighborhood attention block pro-

posed in NAT [7]. As shown in Fig. 2, neighborhood at-

tention always computes direct attention with patches in its

immediate vicinity, rather than computing attention within

Figure 4. represents all patches that have the opportunity to com-

pute direct attention with the • patch. ××× represents all patches that

are adjacent to the • patch but have no chance to compute direct

attention with • patch.

a fixed window region like window attention. The ablation

study in Tab. 4 also demonstrates that the use of neigh-

borhood attention yields a significant performance improve-

ment compared to a rough replacement. Finally, we signifi-

cantly increase the input resolution of HRR with a manage-

able computational overhead. For example, we can achieve

refinement at a resolution of 40962 with a consumer-grade

GPU (NVIDIA RTX 3090 24GB). Under the same hard-

ware conditions, methods like SAM-HQ [12] and SegNext

[21] run out of memory when the input resolution reaches

only 20482. As shown in Fig. 3, expanding input resolution

brings about a substantial performance improvement.

To this end, we have optimized both the short-range

and long-range dependencies in plain ViT, achieving fine-

grained perception at ultra-high resolution with controlled

computational overhead. This optimization fundamentally

only alters the mechanism for computing attention between

patches without introducing new structures or parameters.

In this study, we primarily validate the significance of ex-

panding resolution for fine-grained segmentation with min-

imal modifications to a plain ViT.

4. Experiments
4.1. Benchmark
Datasets. We conduct evaluations on three datasets: DIS5K

[26], ThinObject5K [18] and and HRSOD [36]. DIS5K in-

cludes four test sets, TE1, TE2, TE3, and TE4, each con-

taining 500 images with increasing resolution and complex-

ity. Among them, TE4 is the most challenging one, featur-

ing the highest resolution and the most intricate object struc-

tures. Additionally, DIS5K includes a validation set that

features a comprehensive range of resolutions and scene

complexities, making it our first choice for ablation studies.

HRSOD [36] is specifically designed for the task of salient

object detection at high resolutions and ThinObject5K [18]

focuses on the challenging task of segmenting thin and elon-

gated objects. We also test on these two datasets to further

enhance the diversity of scenarios in our benchmark. In

Tab. 1, we present isoperimetric inequality quotient (IPQ)

of each test set, which mainly describes the overall structure

complexity of the scenes contained within the dataset. The
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Method

Benchmark DIS5K-VD DIS5K-TE1 DIS5K-TE2 DIS5K-TE3 DIS5K-TE4 HRSOD ThinObject-5K

IPQ=157 IPQ=27 IPQ=51 IPQ=93 IPQ=443 IPQ=6 IPQ=27

NoC90 5-mIoU NoC90 5-mIoU NoC90 5-mIoU NoC90 5-mIoU NoC90 5-mIoU NoC90 5-mIoU NoC90 5-mIoU

RITM[29]ICIP23 15.21 50.49 11.86 64.68 14.16 54.88 16.25 50.13 18.55 43.93 4.82 87.80 8.31 74.59

CDNet[1]ICCV21 15.40 63.60 12.90 73.77 15.44 68.20 17.10 63.88 18.82 54.04 5.49 88.60 7.47 85.71

FocalClick[2]CVPR22 12.56 77.97 9.16 85.69 11.39 82.58 14.00 78.66 17.46 69.56 3.48 93.93 4.19 92.51

SAM[14]ICCV23 13.01 71.37 9.06 81.71 11.73 76.31 14.44 69.54 18.14 59.79 3.34 92.96 6.41 88.72

SimpleClick[20]ICCV23 12.89 72.98 9.78 85.09 11.79 78.20 14.46 73.13 17.98 60.83 3.84 93.08 4.38 91.42

FocSAM[9]CVPR24 11.70 76.33 7.73 86.95 9.66 82.76 12.40 76.86 17.21 61.77 3.10 94.03 5.25 90.88

SAM-HQ[12]Neurips23 11.04 80.21 7.35 87.39 8.80 84.49 11.08 79.86 16.18 70.35 3.12 94.65 5.01 91.84

SegNext[21]CVPR24 10.35 85.69 8.19 87.76 8.38 88.34 10.15 87.21 14.61 79.94 3.56 94.24 3.19 94.26

NTClick (Ours) 7.23 89.23 6.12 90.34 5.90 90.82 6.54 89.96 9.15 87.98 2.16 95.64 2.76 95.20

Table 1. Comparison with click-based methods on various datasets. Due to constraints on the width of the table, we denote NoC@90 as

NoC90 here. All the methods compared in this table represent their strongest versions. The best results are highlighted in bold black font.

IPQ values are collected from DIS5K [26], where the IPQs

for HRSOD and ThinObject5K represent those of the entire

dataset, rather than just the test set. Nevertheless, we re-

port them as a reference. Overall, DIS5K features the most

challenging scenarios and the highest annotation quality.

Metrics. Following previous work, we mainly use Num-

ber of Click (NoC) and mIoU. NoC indicates the average

number of clicks required per image to achieve a predefined

IoU. It assesses the interaction cost of the model in practical

use. For example, NoC@90 indicates the average number

of clicks required to reach an IoU of 90. Additionally, we

set the maximum number of clicks at 20 to handle scenar-

ios where the IoU fails to reach the predefined threshold

following convention. mIoU represents the average inter-

section over union (IoU), while 5-mIoU refers to the mIoU

after 5 continuous clicks. We use this metric to directly

demonstrate the segmentation accuracy of different meth-

ods, following SegNext [35].

4.2. Implementation Details
We used HQSeg-44k [12] as our training set. HQSeg-44k

contains six datasets, including DIS5K (train set) [26], Thi-

nObject5K (train set) [18], FSS-1000 [15], ECSSD [28],

MSRA-10K [4] and DUT-OMRON [32], with a total of

44,320 images. ECP and HRR can actually be trained in

a decoupled manner. ECP was trained for 25 epochs using

the adam optimizer, with the learning rate set to 5 × 10−5.

HRR was trained for 200k iterations using the AdamW op-

timizer, with the learning rate set to 5× 10−4. More details

about training and evaluation can be found in Sec. 2 of sup-

plementary materials.

Methods Interactions DIS5K-VD ThinObject-5K

Slim Scissors [6] Click&Scribble 82.57 91.10

NTClick (Ours) Click 89.23 95.20

Table 2. Comparison with scribble-based method.

Figure 5. IoU curves of NTClick and other methods.

4.3. Quantitative Comparisons

We first compare NTClick with various click-based meth-

ods, including interactive segmentation methods and the

methods derived from SAM [14]. As shown in Tab. 1,

NTClick achieves performance superior to state-of-the-art

methods, demonstrating that our method is capable of per-

forming fine-grained perception using imprecise user in-

teractions and the feasibility of our two-stage workflow.

NTClick achieves optimal performance across all seven test

sets. Particularly on the most challenging test set, DIS5K-
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Backbone Resolution
NoC@90↓ 5-mIoU↑

ViT-Base ViT-Huge 4482 10242

� � 8.58 87.32

� � 7.94 88.45

� � 7.23 89.23

Table 3. Ablation study of ECP network. A large backbone with a

small input resolution can achieve better coarse perception.

Figure 6. Statistic of different types of clicks. The data was col-

lected by recording the number of clicks required for different

methods to achieve a 90% mIoU on DIS5K-VD (470 images) and

DIS5K-TE4 (500 images). Following common practice, the max-

imum click limit was set to 20.

TE4, NTClick delivers a remarkable improvement of 5.46

in NoC@90 and 8.04 in 5-mIoU. IoU curve of NTClick is

shown in Fig. 5.

In addition, we recorded the number of each type of

clicks sampled during the evaluation process, as illustrated

in Fig. 6. To achieve the same level of accuracy, NTClick

not only requires fewer clicks but also allows users to em-

ploy noise-tolerant clicks in intricate regions where fore-

ground and background are difficult to distinguish, without

the need for precise localization, making it comparatively

more efficient and user-friendly. Moreover, this advantage

becomes more pronounced as the complexity of scenes and

objects increases.

In Tab. 2, we also compare NTClick with Slim Scis-

sors [6], a powerful method capable of performing fine seg-

mentation based on users’ rough scribbles. As both meth-

ods do not require precise localization and inputs, NTClick

achieves higher segmentation accuracy with sparser input.

Overall, NTClick delivers superior segmentation accuracy

with a more user-friendly interactive form, both in compar-

ison with existing click-based and scribble-based methods.

4.4. Ablation Study
Explicit Coarse Perception. ECP essentially performs an

initial coarse perception, without the need to predict the fi-

nal mask of intricate regions. Therefore, ECP does not re-

Local Attention Long-range Attention NoC@90↓ 5-mIoU↑
window global 9.54 86.98

window × 17.31 72.17

window grid 7.74 88.90

neighbourhood grid 7.23 89.23

Table 4. Ablation study of HRR network. Using neighbourhood

attention to establish local dependencies and grid attention to en-

able long-range dependencies achieves better performance.

Method Resolution Limitations NoC@90↓ 5-mIoU↑ Latency/s

SAM-HQ 1024 11.04 80.21 0.43

SegNext 1024 10.35 85.69 0.15

1024 9.89 86.39 0.40

NTClick 2048 7.70 88.99 0.52

4096 7.23 89.23 0.81

Table 5. Comparison of the first-click latency with other methods.

quire a high input resolution. In Tab. 3, we explore the

performance of different input resolutions and backbone

scales. The results indicate that using a large backbone

achieves the best even at low resolutions. Meanwhile, ECP

with a small scale backbone and low input resolution can

also achieve performance superior to existing models.

High Resolution Refinement. We first design a version of

HRR composed of a plain ViT, with an input resolution limit

of 1024, as reported in the first result in Tab. 4. However, as

shown in Fig. 3, the resolution of 1024 obviously limits the

accuracy of fine-grained segmentation. Thus, we opts to in-

crease the input resolution during the refinement stage. The

challenge here lies in the fact that the computational com-

plexity of global self-attention, used to build long-range de-

pendencies, increases quadratically with image resolution.

However, not constructing long-range dependencies would

result in a significant drop in performance, as indicated by

the second result in Tab. 4. Therefore, we propose using

a grid attention instead of global attention to build long-

range dependencies, and employing neighborhood attention

instead of window attention to compensate for the short-

comings of grid attention in constructing local dependen-

cies. As shown in Tab. 4, this version of HRR provide the

superior performance.

Input Resolution Limitation. NTClick is essentially ca-

pable of inferring at a dynamic resolution, allowing users to

achieve different levels of accuracy and latency by adjusting

the resolution limit of the input image, as shown in Tab. 5.

Generally, a higher resolution provides greater accuracy but

also introduces higher latency. However, higher accuracy

reduces the number of interactions required, which is cru-

cial for interactive models. For instance, NTClick achieves

an accuracy with just 4 clicks that other methods require 20

clicks to reach, as shown in Fig. 5. Therefore, NTClick’s

8927



Click & Image Predicted Mask

SegNext

Scribble & Image Predicted Mask

Slim Scissors

Click & Image Predicted Mask

NTClick (Ours)

Figure 7. Visual comparison results of NTClick, SegNext and Slim Scissors. A, and A refer to foreground click and background click, A

refers to noise-tolerant click. Zoom in to observe details.

random seed 100 200 300 400 500 Mean Value

NoC@90 7.00 6.85 6.90 6.86 6.84 6.89

5-mIoU 89.99 90.11 90.13 90.18 90.21 90.12

Table 6. Robustness of clicks. The results with slight variations

demonstrate that NTClick is robust to localization noise across

various click patterns.

time cost is expected to be lower in practical applications

when accounting for user response and operation time.

4.5. Robustness of Different Clicks
The core advantage of NTClick is that it does not require

precise localization when selecting fine objects or segment-

ing intricate regions. Fig. 1 and 7 demonstrate this advan-

tage visually, and here we further provide quantitative re-

sults in Tab. 6. During this testing, we allow clicks to be

randomly sampled within the error regions and collect re-

sults with five different random seeds (100, 200, 300, 400,

500). The results indicate that NTClick provides stable per-

formance for various types of clicks.

4.6. Visualization Results
In Fig. 7, we provide several visual comparisons between

NTClick, SegNext and SAM-HQ. Notably, noise-tolerant
clicks of NTClick often fall between the gaps and edges of

intricate objects, yet this does not affect NTClick’s ability

to predict stable and accurate masks. More visualizations

can be found in Sec. 3 of supplementary materials.

4.7. Limitations

Although NTClick achieves significant improvements in

fine-grained segmentation, there remains a noticeable gap

compared to the ground truth. This gap is challenging

to eliminate by providing continuous clicks, a common

dilemma observed in all existing methods. Once the num-

ber of provided clicks reaches a certain threshold (approx-

imately 10), the benefit of subsequently clicks diminishes

considerably, as shown in Fig. 5.

5. Conclusion

In this paper, we propose NTClick, a powerful interactive

segmentation method capable of predicting high-quality

masks with imprecise user clicks. NTClick introduces a

new form of interaction that effectively addresses the chal-

lenge of requiring frequent precise localization in click-

based methods for fine-grained segmentation, significantly

enhancing user-friendliness. Furthermore, by employing a

two-stage workflow, NTClick offers significant improve-

ments with a more flexible interaction mode. We believe

that the user-friendliness of NTClick will lead to substan-

tial practical value.
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