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Abstract

We propose MonoBox, an innovative box-supervised seg-
mentation method constrained by monotonicity to liberate its
training from the user-unfriendly box-tightness assumption.
In contrast to conventional box-supervised segmentation,
where the box edges must precisely touch the target bound-
aries, MonoBox leverages imprecisely-annotated boxes to
achieve robust pixel-wise segmentation. The ‘linchpin’ is
that, within the noisy zones around box edges, MonoBox
discards the traditional misguiding multiple-instance learn-
ing loss, and instead optimizes a carefully-designed objec-
tive, termed monotonicity constraint. Along directions tran-
sitioning from the foreground to background, this new con-
straint steers responses to adhere to a trend of monotoni-
cally decreasing values. Consequently, the originally unreli-
able learning within the noisy zones is transformed into a cor-
rect and effective monotonicity optimization. Moreover, an
adaptive label correction is introduced, enabling MonoBox
to enhance the tightness of box annotations using predicted
masks from the previous epoch and dynamically shrink the
noisy zones as training progresses. We verify MonoBox in
the box-supervised segmentation task of polyps, where sat-
isfying box-tightness is challenging due to the vague bound-
aries between the polyp and normal tissues. Experiments on
both public synthetic and in-house real noisy datasets demon-
strate that MonoBox exceeds other anti-noise state-of-the-arts
by improving Dice by at least 5.5% and 3.3%, respectively.

Code — https://github.com/Huster-Hg/MonoBox

Introduction

Colorectal Cancer (CRC) threats to human health world-
wide, and colonoscopy is a golden-standard of identifying
and resecting early polyps (Haggar and Boushey 2009; Ji
et al. 2024). Recently, numerous deep learning-based polyp
segmentation methods (Fan et al. 2020; Zhao, Zhang, and
Lu 2021; Dong et al. 2021; Zhang et al. 2022; Ji et al.
2023) have been proposed to assist the accurate resection
and workload reduction. However, they are mostly fully-
supervised and thus require pixel-level mask labels, which
are time-consuming and expensive to acquire.
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Figure 1: Examples of non-tight box annotations produced
by endoscopists in the real annotation process. The red
dashed lines indicate regions where the annotation is too
wide, and the yellow dashed lines indicate regions where the
annotation is too narrow.

To reduce the annotation cost, weakly-supervised seg-
mentation (WSS) methods are studied, aiming to train seg-
mentation models with more cost-effective labels, such as
image-level categories (Ahn, Cho, and Kwak 2019), points
(Cheng, Parkhi, and Kirillov 2022), and bounding boxes
(Tian et al. 2021; Wang and Xia 2021). Among them, box-
supervised segmentation (BSS) methods achieve the closest
performance to fully-supervised methods, and thus attract
dominant research attentions. The prevailing idea of BSS is
called multiple-instance learning (MIL), which views each
pixel as an instance, and defines a pixel-width image col-
umn or row as a positive bag if it crosses the annotated box,
or negative bag otherwise. By pooling the instances’ predic-
tions as the corresponding bag-level prediction, the segmen-
tation model can be trained to produce pixel-level results in
the optimization of bag classification. However, the existing
MIL-based BSS methods (Tian et al. 2021; Wang and Xia
2021; Cheng et al. 2023; Wei et al. 2023; Wang et al. 2023)
mostly, if not all, are based on a box-tightness assumption,
that is, the box’s edges must precisely touch the target to
make sure the bag-level labels are accurate. This severely in-
hibits the practical application of polyp datasets. In the polyp
context, as shown in Figure 1, the characteristics of polyps,
such as blurred boundaries, low contrast with normal tissues,
and small sizes, bring ambiguities to annotators and lead to
inaccurate (i.e., non-tight) box annotations. Therefore, im-
proving the tolerance of BSS methods to inaccurate boxes
can alleviate the annotation difficulty and thus is of urgency
for the clinical usage of polyp segmentation.

The above objective can fall into the scope of noise learn-
ing, where the noise is induced by box non-tightness. A
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Figure 2: In cases (I, II, III, IV) of four typical noisy box
annotations (green line), our proposed monotonicity con-
straint (MC) provides correct constrains for four sampled
bags (black dashed line) from the unconfident region (the
region between two yellow lines), but the traditional MIL
lead to incorrect constraints. For brevity, we only visualize
the local region of the upper boundary of the box annotation.

straightforward solution is to rectify the boxes to enhance
the tightness (Song, Kim, and Lee 2019; Xu et al. 2021), but
this usually requires a set of clean data as reference, which
is beyond the scope of this work. Without clean reference,
one promising solution is to apply noise-tolerant classifica-
tion losses (Wang et al. 2019; Ma et al. 2020) for address-
ing the inaccurate bag-level labels in MIL. In addition to
the loss term, sampling more accurate bags is another di-
rection (Wang and Xia 2022; Zhu et al. 2023). However,
no matter improving classification losses or sampling strate-
gies in MIL, these solutions ignore the spatial correlation of
noises (i.e., incorrect bags), showing weakness in the task of
segmentation.

In this paper, we propose MonoBox that constrains mono-
tonicity for tightness-free BSS, which is motivated by two
characteristics of the spatial distribution of incorrect bags:
(1) the confusing bags are sampled nearby the non-tight
box edges, and (2) the probability of sampling a positive
bag decrease from inside to outside across the box edges.
Specifically, we first define the regions near the box edges
as unconfident regions and the others as confident ones. For
bags sampled from the confident regions, we adopt tradi-
tional MIL constraints. For bags sampled from the uncon-
fident regions, we propose a novel monotonicity constraint
(MC), which does not force hard predictions aligning the un-
reliable labels, but instead encourages a monotonicity trend
that the inner response should be higher than the outer re-
sponse. Principally, MC finds a soft but reliable surrogate
objective when the precise ground-truth is absent, and the
objective conforms to the expected spatial distribution pat-
tern. As evidenced by the four typical noisy cases in uncon-
fident regions (see Figure 2, for the bags (i.e., a,b,c,d) across
the inaccurate box edge, the MIL’s classification loss may
result in misguiding supervisions, while MC can always de-
rive meaningful gradients for optimization.

Moreover, as the model gradually gains the ability of dis-
tinguishing polyp pixels, the MC’s imposing areas should

3573

dynamically change correspondingly. Thus, we further in-
troduce a label correction strategy to gradually replace the
noisy boxes with the predicted masks’ bounding boxes, and
shrink the unconfident regions, as the training progresses.
This improves the box tightness and increases the learning
efficacy of MonoBox.

In summary, our major contributions are as follows.

e We propose a tightness-free box-supervised polyp seg-
mentation method, namely MonoBox, which can be ef-
fectively trained to precisely segment polyps using noisy
box annotations.

e We propose a new monotonicity constraint (MC) to con-
vert the confusing supervisions into reliable ones on the
unconfident regions, and a label correction strategy to dy-
namically improve the box-tightness during training.

e We conduct extensive and comprehensive experiments
on both public and in-house datasets. The public dataset
contains our synthetic controllable noises, and the in-
house shows real non-tightness patterns. The compari-
son results demonstrate that our method can generally
improve the robustness of MIL-based BSS methods for
non-tight box annotations, and its superiority over the
anti-noise state-of-the-arts with an increase of Dice by at
least 5.5% and 3.3% on the public and in-house dataset,
respectively.

Related Work
Fully-Supervised Polyp Segmentation

The polyp segmentation methods mostly rely on the fully-
supervised learning to train their models. For example,
PraNet (Fan et al. 2020) generated a global map as the initial
guidance region and then used the reverse attention mod-
ule to refine the segmentation results by using the multi-
level features. SANet (Wei et al. 2021) adopted a shallow
attention module and a color exchange operation to remove
background noise and reduce the interference of image color
to segmentation respectively. Polyp-PVT (Dong et al. 2021)
utilized a transformer encoder, a camouflage identification
module, and a similarity aggregation module, to effectively
suppress noises in the features and significantly improve
their expressive capabilities. However, these methods all re-
quire pixel-level polyp annotations, which is difficult and
time-consuming to acquire than box-level annotations, im-
peding the application on large-scale datasets.

Weakly-Supervised Segmentation Using Boxes

For reducing the cost of annotation, box-supervised seg-
mentation (BSS) is extensively studied. These methods can
be broadly classified into two categories. One is generating
pseudo-labels and the other is based on multiple-instance
learning (MIL).

Earlier, most of the methods were based on generat-
ing pseudo-labels. For example, BoxSup (Dai, He, and
Sun 2015) and Box2Seg (Kulharia et al. 2020) used
MCG (Williams et al. 2004) and GrabCut (Rother, Kol-
mogorov, and Blake 2004), respectively to generate refined
pixel-level masks as pseudo labels based on ground truth



(GT) boxes. Mahani et al. (Mahani et al. 2022) proposed
to reduce the loss weight of high entropy regions according
to the predicted results to reduce error propagation during
training. However, these methods rely heavily on the quality
of pseudo labels and lack a stable and accurate guidance.

Recently, an idea based on MIL has been adopted by a
wide range of methods due to its effectiveness (Hsu et al.
2019; Tian et al. 2021; Lan et al. 2023; Cheng et al. 2023;
Wang et al. 2023; Sun et al. 2024). It takes the compact-
ness of the box as a priori and considers the maximum value
of any row or column of pixels within the box as a posi-
tive and the maximum value of any row or column of pixels
not passing through the box as a negative. The implementa-
tion details vary from method to method, such as projec-
tion into a 1D vector (Tian et al. 2021; Lan et al. 2023;
Cheng et al. 2023) or reconstruction into a 2D box-like
mask (Wei et al. 2023; Wang et al. 2023). With MIL loss as
the pipeline, some auxiliary constraints, such as color par-
wise affinity (Tian et al. 2021), multi-scale consistency (Wei
et al. 2023) are introduced to further improve the perfor-
mance. Among them, IBoxCLA (Wang et al. 2023) pro-
posed Contrastive Latent-Anchors (CLA), which enhances
the feature contrast between the polyp and the surround-
ing normal tissue, and achieves state-of-the-art (SOTA) in
box-supervised polyp segmentation. However, these meth-
ods are extremely dependent on the box tightness assump-
tion, which reduces the cost-effective advantage of BSS
methods.

Learning With Noisy Labels

The task that training accurate models using noisy labels has
been an active research area. In the classification realm, var-
ious techniques were proposed, such as label correction (Ma
et al. 2018; Song, Kim, and Lee 2019), noise-tolerant loss
function (Ghosh, Kumar, and Sastry 2017; Ma et al. 2020),
and data cleaning (Han et al. 2018; Jiang et al. 2018). Most
of them can be translated to segmentation task which can be
regarded as pixel-level classification. In the detection realm,
He et al. (He et al. 2019) proposed KL loss for learning lo-
calization variance to alleviate the interference of ambiguity
boxes on the detector. Xu et al. (Xu et al. 2021) introduced a
meta-learning method to deal with noisy labels by utilizing
a few clean samples. OA-MIL (Liu et al. 2022) and SSD-
Det (Wu et al. 2023) proposed to leverage clean class labels
as guidance signals for refining inaccurate bounding boxes.
However, there are drawbacks when applying to segmen-
tation. The solutions for classification do not consider the
structure information of the object, while those for detection
can not well guarantee the tightness in corrected boxes.

At present, there are only a few studies explicitly aiming
at BSS with noisy box labels. PolarT (Wang and Xia 2022)
adopt MIL on the polar transformed image, which reduces
the number of incorrect bags but biases the model toward
simple instances. FSRM (Zhu et al. 2023) first generated
pseudo-masks based on the noisy boxes, and then relied on
the pseudo-masks to guide the bag sampling in MIL. How-
ever, the noises also can be inherited in the pseudo-masks,
negatively impacting the following MIL learning conse-
quently. In this paper, we aim to seek a noise-tolerant con-
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straint to replace the unreliable MIL-loss on the non-tight
regions, and view the constraint as a plug-and-play module
to boost the robustness of the current MIL-based SOTAs to
tightness-free box annotations.

Method

Figure 3(b) gives the overview of MonoBox, which em-
ploys the most advanced and efficient image-level MIL fash-
ion (Wei et al. 2023; Wang et al. 2023) by optimizing a
proxy map rather than individual sampled bags for box-
supervised segmentation (BSS), and introduces a new mono-
tonicity constraint (MC) to improve the optimization relia-
bility on the noisy regions. Meanwhile, MonoBox designs a
label correction strategy to dynamically improve the tight-
ness of box annotations. In the following, we first recap the
optimization of proxy map, and then explain the key com-
ponents of MonoBox, and at last briefly discuss the exten-
sibility of MC to other box-supervised MIL frameworks of
segmentation.

Optimizing Proxy Map for BSS

Given a colonoscopy image I € R3*HXW and its GT
box annotation B = (a1, Yit, Trb, Yr)» Where (zie, yir)
and (x,p, yrp») represent the coordinates of the top-left and
bottom-right points of box, respectively, the GT box-filled
mask b € {0,1}7*" is created by assigning 1 within B
and 0 outside B, and a segmented map m € (0,1)#*W is
obtained by applying the segmentation model on 1.

The GT mask b and the predicted map m have dis-
crepant representation, which impedes a direct optimization
between them. To bridge the gap, m should firstly be con-
verted into a proxy map p using the following equation:

pli, j] = max(m[i, :]) - max(mf:, j]), )
where 7 and j represent the pixel indexes. The proxy map
p decouples the shape information from the segmentation
map, and thus can be optimized directly using the GT box-
filled mask, as illustrated in Figure 3(b). The typical opti-
mization objective is the consistency constraint (e.g., Dice)
between b and p, which is formulated as follows:

2 x [bNp|

ol +Tpl - ?

The consistency constraint relies on the tightness as a
prior, which is hard to be satisfied for polyps and thus ren-
ders the above consistency constraint unreliable.

Lcc =

Separating Confident and Unconfident Regions

Based on the fact that the noise in the m caused by non-
tight box distributes around the edges, we divide the proxy
map into confident and unconfident regions. Specifically, as
shown in Figure 3(a), there are four unconfident regions
{Rl,R" R! RV} € RVMXW corresponding to the left,
right, top, and bottom edges of the GT box, respectively.
The areas of four unconfident regions are determined by the
width and height of the GT box annotation and an unconfi-
dent scale \. For example, R,lu can be calculated as:

1, ¢ €[z — A w,zi + X w)
andy € [y — A~ h,yrp + A R,
0, otherwise.

3
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Figure 3: (a) Schema of generating GT box-filled mask (assigning 1 within box annotations and 0 outside box annotations),
confident region (as Eq. 4) and unconfident regions (as Eq. 3). (b) Overview of our proposed MonoBox. For the proxy map
decoupled from the segmented map, we first define the confident and unconfident regions, and then adopt the consistency
constraint and monotonicity constraint on them, respectively. Moreover, we utilize a strategy of label correction strategy to

dynamically improve the tightness of box annotations

where w = ., — x;; and h = y,, — y;; are the width and
height of the GT box, respectively. The confident region is
mutually exclusive with four unconfident regions, which can
be formulated as follows:

R.=J— (R,UR, UR,UR.), )
where J is a map of size H x W with all ones. On the con-
fident region, we adopt the consistency constraint, which is
calculated in Eq. 2. On the unconfident region, we use our
proposed monotonicity constraint, which is detailed in the
next part.

Monotonicity Constraint on Unconfident Regions
Monotonicity constraint (MC) encourages a monotonicity
trend that the box-inner response should be higher than the
box-outer response. This is inspired by the fact that the
closer to the box center, the higher probability of sampling
positive bags, which is also satisfied for those non-tight
boxes. This fact implies that, in the first-order derivative
function of the direction pointing to the box center, the gra-
dient should not exceed zero \//alue./ To tl’/liS end, we first de-
sign four operation kernels, f, _, f ., fy,, and fy+, which
are formulated as:

T T
fom = {_11] fotr = {_11] fy-= [_11} [+ = [_11} , (5

and then we take f/_, f/+, f/_, and fl+ to compute the

first-order gradient maps on the proxy map p for R, RT,
R, and Rb respectively. ng , p > py and p , are the
four correspondlng gradient maps, and utilized to calculate
losses by comparing them with zeros for monotonicity con-
straint (MC loss). Taking the MC loss in RL as an example,

the formula is as follows:

>

i, R [4,5]=1

Lo = mazx (P;— (6)

li, 1, 0) .
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Similarly, we calculate the MC loss for the other three un-
confident regions, denoted as £, L4, and LY. There-
fore, the complete MC loss is formulated as:

Lyc = Lo + Lo + Lo + Le. @)

Label Correction for Dynamic Training

We introduce label correction to maximize the learning effi-
cacy. This is motivated by the observation that the segmen-
tation model guided by the above MC loss can gradually
gain the ability to classify polyp pixels, yielding reasonable
segmentation results closer to the true clean box. Specif-
ically, we transform the segmentation results into boxes
{Bf,j =0,1,..., M} by finding connected regions and cal-
culating the tightest box for each region. Next, we match the
predicted boxes { BY} with the GT boxes {B;}. The rule is
that a GT box matches with only one predicted box that has
the largest IoU with it, and the IoU must exceed a thresh-
old 7. We merge the matched GT and predicted boxes to
get the corrected boxes, and left the unmatched GT boxes as
they are. The label correction increases the tightness of most
GT boxes, and thus lowers noise degree. Therefore, the un-
confident scale A in Eq. 3 should be decreased accordingly.
During the training, we evoke the label correction every ¢
epochs, and dynamically adjust A after each label correction
by half reduction.

Generality for MIL-Based BSS

Although the implementation of the MC is based on proxy
map optimization, we would like to remark that it is easy
to expand to other MIL-based variants (Hsu et al. 2019;
Tian et al. 2021) of BSS. Specifically, for the bags sampled
from the unconfident regions, we only need to remember
the row or column index of each bag, and the monotonic-
ity constraint is a contrastive constraint of bag pairs with



adjacent indexes, that is, the prediction of bag with inside
index should be higher than that with outside index. Such
process is just simplified by use of the proxy map and the
four derivative kernels in our implementation of MonoBox.

Experiments
Implementation Details

MonoBox is implemented using PyTorch (Paszke
et al. 2019) and trained using a single NVIDIA
GeForce RTX 3090 GPU with 24GB memory. We use
AdamW (Loshchilov and Hutter 2017) as the optimizer,
and set both the learning rate and weight decay to 0.0001.
We resize the input image into 352 x 352 and set the batch
size to 16. We train the models for 50 epochs in total and
evoke the label correction every 10 epochs, i.e., t = 10. The
unconfident scale \ in Eq. 3 and the IoU threshold 7 in label
correction are set to 0.2 and 0.7, respectively.

Datasets and Evaluation Metrics

Public Synthetic Noisy Dataset. We select five public
polyp datasets used in previous work (Wang et al. 2023):
ClinicDB (Bernal et al. 2015), Kvasir-SEG (Jha et al. 2020),
ColonDB (Tajbakhsh, Gurudu, and Liang 2015), EndoScene
(Véazquez et al. 2017), and ETIS (Silva et al. 2014). Fol-
lowing (Wang et al. 2023), we set 550 samples in ClinicDB
and 900 samples in Kvasir as the train-set, and the remain-
ing samples from these two datasets and all samples from
the other three datasets as the test-set. Note that the original
annotations for these datasets are ground truth (GT) masks,
and we convert the GT masks to boxes by finding the tightest
bounding boxes of the connected components.

We consider the boxes converted above to the tight
and clean. For simulating tightness-free boxes, we per-
turb box coordinates of these clean boxes. Specifically, let
(¢, Ye, w, h) denote the center x coordinate, center y coor-
dinate, width, and height of an clean box. We simulate an
noisy bounding box (&, ., @, h) by randomly shifting and
scaling the box as follows:

Te=Tc+ Ax-w, Ye=yc+Ay-h,
w=(1+Aw) - w, h=(14+Ah)-h

where Ax, Ay, Aw, and Ah follow the normal distribution
N(0,0?), o is the noise level.

®)

In-House Real Noisy Dataset. CThe in-house dataset co-
sists 18,656 colonoscopy images of polyp. The dataset is
from a local hospital, which is split to the train-set (17,350
images) and test-set (1,306 images). The train-set is pro-
vided with box annotations (Figure 1 shows four box-
annotated examples), and the test-set is provided with pixel-
level annotations by two experts. Written informed con-
sent was not required for this study as documented clini-
cal colonoscopic images were collected retrospectively and
appropriately by anonymizing and deidentifying. Therefore,
the study design was exempted from full review by the In-
stitutional Review Board.
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Real Synthetic
BSSMethods o 10U HD(px) Dice IoU HD(px)
UB n/a n/a n/a 0.774 0.694 3.317
& LB 0.775 0.671 3.164 0.700 0.597 4.146
< SSD-Det 0.770 0.651 3.321 0.710 0.599 4.107
% NCE+RCE 0.783 0.684 3.224 0.721 0.615 3.989
© PolarT 0.766 0.654 3.328 0.701 0.591 4.288
= FSRM 0.785 0.689 3.174 0.722 0.613 3.853
Ours 0.804 0.714 2916 0.763 0.660 3.411
UB n/a  n/a n/a 0.827 0.750 3.048
< LB 0.803 0.716 2.412 0.735 0.628 4.310
—  SSD-Det 0.802 0.713 2.324 0.743 0.634 3.898
© NCE+RCE 0.811 0.721 2203 0.748 0.641 3.737
& PolarT 0.797 0.711 2.538 0.734 0.622 3.664
~  FSRM 0.816 0.720 2.242 0.748 0.642 3.664
Ours 0.849 0.764 1.920 0.803 0.714 3.338
Table 1: Comparison segmentation results between

MonoBox and other anti-noise methods. The best perfor-
mance is marked in bold. ‘LB’ means directly training the
backbone with noisy datasets, ‘UB’ means training the
backbone with clean datasets.
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Figure 4: Visualization results of the different anti-noise
methods using IBoxCLA as the model on the Real noisy
dataset and the Synthetic noisy dataset.

Evaluation Metrics. We first use a threshold of 0.5 to
binarize the segmented map of models to obtain the bi-
nary mask, and then we employ three widely-used evalua-
tion metrics, including Dice, IoU, and Hausdorff distance
(HD) to evaluate the similartity between the segmented and
the ground truth (GT) masks. Among these metrics, Dice
and IoU are similarity measures at the regional level, which
mainly focus on the internal consistency of segmented ob-
jects. HD can better evaluate the segmentation results at the
boundaries.

Comparison with Anti-Noise SOTAs

We view MonoBox as a plug-and-play anti-noise method,
and compare it with four state-of-the-art (SOTA) anti-noise
methods, i.e., SSD-Det (Wu et al. 2023), NCE+RCE (Ma
et al. 2020), PolarT (Wang and Xia 2022), and FSRM (Zhu
et al. 2023) on the Real noisy dataset and the Synthetic noisy
dataset with noise level ¢ = 0.2. We train these methods
using two box-supervised segmentation (BSS) backbones,
i.e., WeakPolyp (Wei et al. 2023) and IBoxCLA (Wang



Components Real Synthetic

MC LC Dice IoU HD Dice IoU HD
X X 0803 0716 2412 0.735 0.628 4.310
v X 0838 0.758 2.053 0.787 0.700 3.655
X v 0809 0720 2.447 0.744 0.628 4.002
v v 0849 0.764 1.920 0.803 0.714 3.338

Table 2: Ablation study on the effectiveness of the two pro-
posed components, i.e., Monotonicity Constraint (MC) and
Label Correction (LC).

GT mask

image

Figure 5: Visualization results of different variants. (a)-(d)
correspond to the 1lst-4th rows in Table 2. Yellow arrows
show the predicted small thorn-like incorrect regions.

et al. 2023). Note that, we denote UB and LB as backbones
trained using the clean and noisy datasets, respectively, and
since there are no clean annotations in the Real noisy dataset,
we do not report results of UB for the Real noisy dataset.

The comparison results are provided in Table 1. Compar-
ing the results of LB and UB of the two backbones, we can
see that on Synthetic noisy dataset, the noise leads a decrease
of Dice by 7.4% and 9.2% for WeakPolyp and IBoxCLA, re-
spectively. This exhibits the high sensitivity of the existing
BSS methods to noisy boxes. When using MonoBox for op-
timization, the performance margin compared to the UB is
significantly narrowed for both backbones.

Moreover, our method achieves the best performance
among all anti-noise methods. IBoxCLA with our method
exceeds that with the second-best method, i.e., FSRM, by
3.3% and 5.5% in Dice on the Real and Synthetic noisy
datasets, respectively. This is because FSRM aims to cor-
rect the original noisy boxes using the model’s predictions,
but the predictions guided by traditional MIL are unreliable
under the supervision of noisy labels. In contrast, the mono-
tonicity constraint of MonoBox can provide reliable super-
vision even under noisy labels.

Figure 4 shows the visualization results of different meth-
ods using IBoxCLA as the backbone. It can be seen that the
model trained with our method can accurately find the incon-
spicuous polyps and segment more reasonable boundaries.

Ablation Study

Effectiveness of Key Components. To verify the effec-
tiveness two key components of MonoBox, i.e., monotonic-
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Figure 6: Label accuracy curve across the training process.
The ordinate represents the IoU between the training box
label and the clean box label. Following the implementation
details, the label correction is performed every 10 epochs.

ity constraint (MC) and label correction (LC), we train three
variants of MonoBox by disabling MC and/or LC, and IBox-
CLA is used as the BSS backbone. The segmentation results
are presented in Table 2 and Figure 5. Based on these results,
two key conclusions can be made as follows:

(1) By comparing the first two rows in Table 2 corre-
sponding to (a) and (b) in Figure 5, we find that MC signif-
icantly improves the tolerance of the model to noisy boxes.
From Figure 5(a), we find that on the Real noisy dataset, the
baseline tends to produce small thorn-like regions (indicated
by yellow arrows) at the boundary. This is because the doc-
tors often annotated over-sized boxes, and thus the model
has to output splinters to touch the incorrect boundaries.
This phenomenon does not occur in the Synthetic noisy
dataset, because we use gaussian distributed noise with zero-
centered mean value, as shown in Eq. 8. Notably, as shown
in Figure 5(b), MC can mitigate the misdirection of incorrect
box annotations and eliminate erroneous thorn-like regions.

(2) By comparing the first and third rows in Table 2, we
find that using LC alone brings only limited improvement
and fails to address erroneous thorn-like regions. However,
when LC is combined with MC, it can lead more improve-
ment and eliminate the thorn-like regions, as shown in Fig-
ure 5(d). To clearly show the mechanism of LC, we visu-
alize the label accuracy curve with/without MC across the
training process on the Synthetic noisy dataset in Figure 6.
Without MC, LC hardly improves the accuracy of labels,
while with MC, LC significantly and continuously improves
the label accuracy. This is because MC optimizes the con-
straint in unconfident regions, having the predicted masks
more precisely, which can guide LC to improve the tight-
ness of boxes, which in turn can guide more accurate pre-
dictions. Therefore, MC and LC complement each other and
the combination of them achieves the best performance.

Different Strategies for Unconfident Region. MonoBox
essentially defines the unconfident region and improves the
reliability of constraint in this region through monotonic-
ity constraint (MC). Likewise, there are also some strategies
that address the constraint of the unconfident region, such as
excluding this region in loss calculation, or computing the
loss using soft labels. To further verify the effectiveness of
MC, we conduct an experiment to compare the performance



Real Synthetic
Methods Dice IoU HD Dice IoU HD
UB na nfa  na 0827 0750 3.048
LB 0.803 0.716 2.412 0.735 0.628 4.310
Exclusion 0.809 0.720 2.371 0.731 0.620 3.940
Soft Label 0.816 0.730 2.222 0.749 0.650 3.960
MC (Ours)  0.838 0.758 2.053 0.787 0.700 3.655

Table 3: Comparison results between the MC and two strate-
gies for addressing the unconfident regions.

A Dice HD | 7 Dice HD |t Dice HD
0.1 0.836 2.108| 0.5 0.842 1.994| 2 0.840 2.057
0.2 0.849 1.920| 0.6 0.846 1953| 5 0.844 1.987
03 0844 1964| 0.7 0.849 1.920| 10 0.849 1.920
0.4 0.838 2.011| 0.8 0.845 1.988| 20 0.842 2.043

Table 4: Ablation on A, 7 and ¢ on the Real noisy dataset

of MC with two strategies, denoted as Exclusion and Soft
Label, respectively. We choose 2D-Gaussian Label (Qadir
et al. 2021) as the implementation of Soft Label. Note that,
to avoid the influence of other components, we disable LC
in this experiment. The quantitative comparison results are
presented in Table 3. As can be seen, using Exclusion hardly
improves the performance of the baseline. This is because
simply excluding the unconfident regions could waste the
possibly carried valuable information. Using Soft Label can
improve the performance compared to LB, but there is still a
large gap compared to UB. In contrast, our MC significantly
improves the baseline’s noise tolerance and achieves better
performance than both strategies by remarkable margins.

Hyperparameters Choices. Table 3 compares our results
on the Real noisy dataset with different choices of hyperpa-
rameters: confindent scale A in Eq. 3, IoU threshold 7 and in-
terval epoch ¢ in label correction. As can be seen, MonoBox
using A = 0.2, 7 = 0.7, and ¢ = 10 shows the best perfor-
mance, respectively. Note that, MonoBox does not rely on
hyperparameter tuning when applied to different datasets.
As shown in Figure 7, we keep hyperparameter choices con-
stant (A = 0.2, 7 = 0.7, t = 10) on datasets with different
noise levels, MonoBox can maintain stable performance and
outperform other SOTA methods.

Performance under Different Levels of Noise

We conduct an experiment to analyze the stability of
MonoBox and the previous anit-noise SOTAs against differ-
ent level of synthetic box noises. Specifically, taking IBox-
CLA as the BSS backbone, we train the methods multiple
times using four Synthetic noisy datasets with different noise
levels o. Figure 7 illustrates the performance trends in terms
of Dice of these methods. As can be seen, when adding a
slight noise (o = 0.1), the segmentation backbone suffers
a significant decrease in Dice from 0.827 to 0.753 (UB vs.
LB). Compared to LB, MonoBox greatly alleviates noise in-
terference, improving Dice by 5.7% (0.810 vs. 0.753) com-
pared to LB and almost competitive to UB (0.810 vs. 0.827).
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Figure 7: Dice of different methods under the different levels
of noise on the Synthetic noisy dataset.

Methods AP APsqg AP75 APs APy APp

UB 0.321 0.551 0.324 0.156 0.343 0.435
LB 0.248 0.480 0.225 0.117 0.282 0.329
FSRM 0.259 0.488 0.240 0.124 0.293 0.344
MonoBox(Ours) 0.308 0.532 0.304 0.149 0.331 0.417

Table 5: Comparison results on the COCO test-dev split.

As the noise level increasing, all methods show varying de-
grees of performance degradation. However, the curve of
MonoBox is more stable and flatter compared to other meth-
ods, which shows that our method is more robust to noise.

Generality for Other Scenarios and Methods

MonoBox is not only applicable to any scenario, but also can
be easily implemented with other MIL-based BSS methods.
To verify this, we conduct an experiment on COCO (Lin
et al. 2014), set BoxInst (Tian et al. 2021) as the backbone,
and expand the MonoBox to adapt its MIL-based loss, i.e.,
projection loss. The tightness-free box annotations are gen-
erated by Eq. 8. As shown in Table 5, MonoBox signif-
icantly narrows the performance gap between LB and UB
and outperforms FSRM by a large margin, which verifies
that generality of MonoBox on natural scene and other MIL-
based BSS methods.

Conclusion and Future Work

In this paper, we propose MonoBox, which addresses the
limitations of the existing BSS method on tightness-free box
annotations. Inspired by the specific spatial distribution of
the noise, we propose MC to provide more reliable optimiza-
tions in model training. Moreover, we propose LC to im-
prove the tightness of the box annotations and dynamically
optimize the training process. Our approach is general and
can easily cooperate with modern MIL-based BSS meth-
ods. The comprehensive experiments on the public synthetic
noisy dataset and the in-house real noisy dataset demon-
strate that MonoBox can effectively solve realistic problems
in clinical practice and has great application value. Never-
theless, MonoBox currently adopts a uniform unconfident
scale for all samples during training, we will explore meth-
ods to adaptively perceive the appropriate unconfident scale
of each training sample in the future.
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