The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

W2P: Switching from Weak Supervision to Partial Supervision for Semantic
Segmentation

Fangyuan Zhang'? , Tianxiang Pan

1,2

, Junhai Yong'?, Bin Wang'->*

!'School of Software, Tsinghua University, China
2Beijing National Research Center for Information Science and Technology (BNRist), China
zhangfy 19 @mails.tsinghua.edu.cn, ptx9363 @ gmail.com, yongjh@tsinghua.edu.cn, wangbins @tsinghua.edu.cn

Abstract

Current weakly-supervised semantic segmentation (WSSS)
techniques concentrate on enhancing class activation maps
(CAMs) with image-level annotations. Yet, the emphasis on
producing these pseudo-labels often overshadows the piv-
otal role of training the segmentation model itself. This pa-
per underscores the significant influence of noisy pseudo-
labels on segmentation network performance, particularly in
boundary region. To address above issues, we introduce a
novel paradigm: Weak to Partial Supervision (W2P). At its
core, W2P categorizes the pseudo-labels from WSSS into two
unique supervisions: trustworthy clean labels and uncertain
noisy labels. Next, our proposed partially-supervised frame-
work adeptly employs these clean labels to rectify the noisy
ones, thereby promoting the continuous enhancement of the
segmentation model. To further optimize boundary segmenta-
tion, we incorporate a noise detection mechanism that specif-
ically preserves boundary regions while eliminating noise.
During the noise refinement phase, we adopt a boundary-
conscious noise correction technique to extract comprehen-
sive boundaries from noisy areas. Furthermore, we devise a
boundary generation approach that assists in predicting intri-
cate boundary zones. Evaluations on the PASCAL VOC 2012
and MS COCO 2014 datasets confirm our method’s impres-
sive segmentation capabilities across various pseudo-labels.

Introduction

Weakly-supervised semantic segmentation (WSSS) (Lee
et al. 2019; Wang et al. 2020; Lee, Kim, and Yoon 2021;
Chen et al. 2022; Lee et al. 2021b; Li et al. 2022; Xu et al.
2022) achieves segmentation by using image-level labels in-
stead of precise pixel-wise annotations in fully-supervised
semantic segmentation (FSSS) (Xie et al. 2021; Chen et al.
2018; Long, Shelhamer, and Darrell 2015). It follows the
two-stage paradigm: a classification model generates class
activation maps (CAMs) (Zhou et al. 2016) as pseudo-labels,
which are then used to train a segmentation network.
Contemporary methods in WSSS primarily focus on
enhancing CAMs during the initial stage. Despite pro-
gressive improvements in the metrics for pseudo-labels,
these enhancements do not translate into improved seg-
mentation performance. Table 1 demonstrates that although
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| SEAM IRN A | EDAM AMN A
T-mloU 63.6 66.3 271 68.0 722 427
T-mAcc 80.2 742 6.0} 80.4 713 3.1])
V-mloU 64.5 635 1.0} 70.9 69.5 14]

Table 1: We analyze the quality of pseudo-labels and seg-
mentation performance of various WSSS methods on the
PASCAL VOC 2012 train (T) and wval (V) set using
the mean Intersection-over-Union (mloU) and Accuracy
(mAcc).

AMN (Lee, Kim, and Shim 2022) achieves a higher mloU
compared to EDAM (Wu et al. 2021), it does not lead to
improved segmentation performance in the val set. A simi-
lar occurrence can be observed between SEAM (Wang et al.
2020) and IRN (Ahn, Cho, and Kwak 2019). This inconsis-
tency can be attributed to the presence of inherent noise dur-
ing the initial stage, resulting in lower accuracy as shown in
Table 1. Figure 1(b) depicts how training the FSSS network
with low-quality pixels in the pseudo ground-truths causes it
to converge towards sub-optimal solutions.

In this study, we contend that it is crucial to give greater
emphasis to robust learning with noisy labels for the sec-
ond stage rather than solely focusing on optimizing the
CAMs in the first stage. Unlike image classification, the
process of pixel-wise learning in noisy environments is
more intricate. This complexity arises from the difficulty
of accurately predicting the main supervisory signals in the
boundary regions of WSSS (Rong et al. 2023; Wang et al.
2022). To tackle these challenges, as illustrated in Figure
1(c), we propose a novel framework named Weak to Par-
tial Supervision (W2P), which consists of two modules: the
boundary-preserving noise detection (BPND) module and
the Partially-supervised Learning (PSL) module.

The BPND module trains a segmentation model using a
few iterations with pseudo-labels generated by established
WSSS methods. Motivated by the early-learning theory (Liu
et al. 2020, 2022), which indicates a significant discrep-
ancy between the noisy pseudo-labels and model predic-
tions in the early stages of training, the BPND module em-
ploys pixel-wise “small-loss” metric to distinguish between
clean and noisy pseudo-labels. While “small-loss”criterion
effectively selects trustworthy clean pseudo-labels, it fails
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Figure 1: An overview of various training paradigms for WSSS: (a) Basic weakly-supervised semantic segmentation. (b)
Weakly-supervised to fully-supervised semantic segmentation. (c) Our proposed W2P framework.

to preserve boundary regions that present challenges during
early learning. To address this, we incorporate low-level se-
mantics and introduce a boundary-preserving noise detec-
tion strategy based on the superpixel structure. This strategy
utilizes structural constraints to shift regions near boundaries
with small losses toward the interior of the object, thereby
preserving an accurate boundary representation.

After boundary-preserving noise detection, we train the
partially-supervised learning framework using clean partial
supervisions, with model predictions as reliable supervision
for noisy regions. To reduce errors and ensure robust train-
ing, we propose a class-wise adaptive threshold paradigm
to filter out unreliable predictions. To identify challenging
boundaries, we suggest a boundary-preserving noise correc-
tion algorithm. Additionally, we propose a boundary genera-
tion strategy to enhance boundary predictions by duplicating
and transferring high-confidence object boundaries between
images, creating artificial boundary pixels.

In summary, the main contributions are as follows:

* We propose a new WSSS paradigm that converts weak
to partial supervision by redefining the second stage of
WSSS as the segmentation problem with noisy labels.

* We present a boundary-preserving noise detection mod-
ule for pseudo-labels selection, while preserving com-
plete boundary structure.

e Upon selecting reliable supervision, the partially-
supervised learning module offers complementary sig-
nals for the unreliable parts. We further introduce a
boundary preserving noise correction and boundary gen-
eration strategy to enhance boundary segmentation.

Related Work
Weakly-Supervised Semantic Segmentation

Existing image-level WSSS methods commonly use
CAMs (Zhou et al. 2016) as initial seeds to generate pseudo
segmentation labels. Due to the inherent discrepancies be-
tween semantic labels and pixel-wise annotations, it is chal-
lenging to achieve complete coverage of the object region.
To address this issue, current solutions target at enhancing
the quality of CAMs by utilizing the transformer’s attention
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module (AFA (Ru et al. 2022), MCTformer (Xu et al. 2022),
ViT-PCM (Rossetti et al. 2022)), separating the foreground
regions with contrastive learning (PPC (Du et al. 2022),
ToCo (Ru et al. 2023)), iteratively erasing (OC-CSE (Kweon
et al. 2021), ECS (Sun et al. 2021), AEFT (Yoon et al.
2022)), changing the optimization target (RIB (Lee et al.
2021a), PMM (Li et al. 2021)), generating more accurate
seeds (Su et al. 2021) and incorporating additional signals
such as saliency maps (ICD (Fan et al. 2020), EPS (Lee et al.
2021b), DRS (Kim, Han, and Kim 2021), AuxSeg (Xu et al.
2021) and SANCE (Li, Fan, and Zhang 2022)).

However, these methods primarily focus on generating
pseudo-labels, with little attention given to training with
these labels. URN (Li et al. 2022) proposes a method to iden-
tify noisy labels by estimating uncertainty across different
scales. ADELE (Liu et al. 2022) adaptively corrects pseudo-
labels for different categories. BECO (Rong et al. 2023) in-
troduces a co-training paradigm for correcting noise. These
methods neglect the importance of boundary regions in the
learning process. In contrast to these methods, we propose
a new Weak-to-Partial framework that shifts the focus in
WSSS from relying on CAMs to robustly handle noisy la-
bels. W2P generates partial supervision and progressively
refine noisy parts, with boundary-preserving segmentation.

Robust Learning with Noisy Labels

Learning with noisy labels for classification tasks has re-
cently received significant attention. Existing solutions can
be categorized into two groups: approaches that aim to re-
duce the negative impact of noisy labels, and techniques that
focus on fixing inaccurate annotations. The former group
includes methods that reduce the negative impact of noisy
labels through improved robust optimization (Zhang and
Sabuncu 2018; Ma et al. 2020; Wang et al. 2019), designed
regularization techniques (Liu et al. 2020; Tanaka et al.
2018), robust architecture (Chen and Gupta 2015; Gold-
berger and Ben-Reuven 2017; Han et al. 2018a), and sam-
ple selection (Han et al. 2018b; Jiang et al. 2018). These
algorithms emphasize the role of clean data during the train-
ing process, neglecting the information in the noisy labeled
data. To address this issue, recent studies (Li, Socher, and
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Hoi 2020; Yi et al. 2023; Xia et al. 2022) propose the pro-
gressive correction of noisy supervision through model pre-
dictions, achieving state-of-the-art performance.

Despite the significant progress in noisy learning for clas-
sification tasks, there has been limited research on the more
prevalent problem of robust learning in segmentation tasks.
Only a few studies (Shu, Wu, and Li 2019; Guo and Yuan
2022) have developed noise-robust architectures for medi-
cal image segmentation. ADELE (Liu et al. 2022) exploits
the phenomenon of early learning in semantic segmentation
to adaptively correct noisy labels with various categories.
BECO (Rong et al. 2023) proposes a co-training paradigm
for noise correction. These methods mainly tackle noisy
segmentation as a pixel-wise classification task, disregard-
ing the challenging boundary regions in WSSS tasks. In
contrast, we propose the W2P paradigm, which performs
boundary-preserving noise detection and correction.

Method

Overview

Weakly-Supervised Semantic Segmentation (WSSS) aims
to train a segmentation network using a weakly annotated
dataset denoted as X = {(I,y)}, where I is the image and
y = [y1,¥2,...,yc|T denotes the corresponding image-level
label, with C' denoting the number of object categories.

We present a new framework called Weak-to-Partial
(W2P) that focuses on the second stage of the WSSS. Using
the provided dataset X, we train a WSSS model and gener-
ate initial pseudo-labels for training images. Now we obtain
a new dataset: X, = {(I,Y)}, where Y € RF*W denotes
the inaccurate segmentation map with the spatial size H, W.
To train a segmentation model on this noisy dataset, the W2P
framework incorporates a boundary preserving noisy detec-
tion (BPND) module to focus on identifying precise partial
supervision, providing dependable signals for the partially-
supervised learning (PSL) module. The PSL module lever-
ages high-quality partial supervisions from Y eq, to en-
hance the quality of the Y,,,;,, using model predictions.

Noisy Label Generation

The generation of noisy labels follows the first stage of the
existing WSSS methods. It extracts the initial segmentation
from CAMs extracted from the classification model trained
with X. As the first and second stages of WSSS are in-
dependent, our W2P can be effortlessly applied to existing
WSSS solutions. To showcase the generalization capability
of W2P, we choose three WSSS baseline methods as gener-
ators: IRN(Ahn, Cho, and Kwak 2019), ReCAM(Chen et al.
2022), and AMN(Lee, Kim, and Shim 2022).

Boundary Preserving Noise Detection

Noisy labels are incorporated in the W2P training frame-
work to improve the segmentation network. As in previous
studies (Huang et al. 2022; Sui, Zhang, and Wu 2022; Li,
Socher, and Hoi 2020), the quality of clean pseudo labels
Yeiean significantly impacts the model performance in the
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context of noisy robust learning. In our W2P, the introduc-
tion of erroneous annotations adversely affects the perfor-
mance of the subsequent PSL module, making it unable to
provide reliable labels for the noisy region. Consequently,
this impacts the overall performance.

Therefore, designing a strategy to distinguish between
noisy and clean pseudo-labels is crucial. The prevalent tech-
nique for noise separation is the small-loss criterion, where
labels misaligned with predictions during early-learning
stage are considered noisy, while the rest are deemed clean.
Based on this theory, we propose a noise detection strategy
using the loss of the predictions and pseudo-labels as an in-
dicator of inconsistency. The loss is calculated as:

P=yf,(I,0,), L=CE(PY), (1)

where f, represents the segmentation model trained over ¢
epochs with parameters 6,. The model prediction is denoted
as P, and the Cross-Entropy loss function is denoted as CE.
Noisy labels are identified as pseudo-labels with losses ex-
ceeding a designated threshold.

While the small-loss efficiently identifies clean pseudo-
labels, it faces difficulty in differentiating between boundary
and noisy pixels. Precisely learning pixel-wise annotations
in the boundary area is challenging due to semantic confu-
sion. Consequently, the small-loss metric naturally results in
a loss of boundary supervision. To tackle this issue, we pro-
pose Boundary Preserving Noise Detection (BPND), which
retains boundaries while eliminating noisy pseudo-labels.

BPND aims to leverage the structural prior and spatial
correlation within pixels to preserve object boundaries. This
is achieved by employing superpixels (Achanta et al. 2010;
den Bergh et al. 2012), which are clusters of low-level fea-
tures commonly used in visual and shape analysis tasks. Fig-
ure 3 illustrates that pixels in both the boundary and inner re-
gions often have the same categorical semantics within each
superpixel. Therefore, the preservation of the boundary re-
gion can be accomplished by relying on the semantics of the
internal region. Next, we present our BPND strategy, along
with the use of superpixel representation.

Concretely, given an image I, we calculate the loss
L between its prediction P and pseudo-labels Y using
Equation.1. The superpixel representation of [ is SP =
{SPi}fixlw, where SP; € 1,2, ..., K and K is the number
of superpixels. Pixel j belongs to superpixel k if SP; = k.
The pixels within the same superpixel are expected to have
consistently labeled semantic labels. Therefore, we pro-
pose reducing high loss in boundary regions by exploit-
ing low loss in the interior regions. In practice, we em-
ploy a averaging operation to compute the smoothed loss
Ly = N% Zj:SPj:klj'

where Nj, = |j : SP; = k| is the size of the superpixel
and [; is the loss of pixel j. In practice, as shown in Fig-
ure 2, we calculate the smoothed loss for each superpixel as
follows:

L=R(L,K),SP =0OH(SP), 2)
L;=SP®N(L® SP), 3)

where R(, b) represents the repeat operation along the chan-
nel dimension for b times and OH refers to the one-hot op-
eration for superpixel indexes. ® and © denote the matrix
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Figure 2: Overview of our Weak-to-Partial (W2P) method: Firstly, we generate initial noisy labels using images and image-
level labels with the WSSS module. Next, we utilize the proposed Boundary Preserving Noise Detection (BPND) module
to separate the noisy labels and generate clean supervisions with two masks Gciean and Gpoisy. Then, W2P incorporates a
Partially-supervised Learning (PSL) module that generates complementary supervisions (Y;,¢.,) to refine segmentation within
the region defined by G/, sy . Finally, we combine supervisions from Yj,¢,, and Yeqr to create complete supervisions (Y5,),
which are crucial for training the segmentation model and enhancing performance.

(b)

(d

Figure 3: Visual representation of the noisy detection: (a)
presents the image and its corresponding superpixels. (b)
displays the original noisy label. (c) and (d) exhibit the se-
lected reliable supervision using the “small-loss” method
and the BPND module, respectively.

and pixel-wise multiplication operation, respectively. N is
the normalization operation along the spatial dimensions.

After obtaining the smoothed loss Lg, several issues
arise. The non-normalized cross-entropy loss poses a chal-
lenge in establishing a suitable classification threshold for
clean and noisy data. Moreover, the variation in pseudo-
labels across categories requires laborious task of deter-
mining appropriate thresholds for each category. To ad-
dress these challenges, we propose an adaptive threshold
strategy that autonomously differentiates between clean and
noisy pseudo-labels across categories. Specifically, we fit
a two-component Gaussian Mixture Model (GMM) (Per-
muter, Francos, and Jermyn 2006) with the loss L, for cate-
gory b, using the Expectation-Maximization algorithm. With
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the sharpness of distribution, GMM is efficiently in distin-
guishing the two-modality (clean and noisy) data. Conse-
quently, the clean probability w; for each pixel in category b
is calculated using the posterior probability p(gy|l;), where
gp corresponds to the Gaussian component with the smaller
mean (smaller loss) for category b.

The problem of threshold selection, originally based on
Ly, now relies on the clean probability w;. Here, a threshold
71 is used to create masks Goisy and G jeqn for each cate-
gory, providing partial supervision. Despite using the same
threshold, the category-specific GMM effectively captures
the noise distribution, enabling the generation of adaptive
thresholds for different categories. The masks for clean and
noisy regions, Geean and Gpoisy, are produced:

i True, p(gll;) > 7
clean — {False, p(g”i) <7 7Gnozsy =" Gclean~
“)
Subsequently, partial supervisions Y jeqn and Y., are
generated with Gejeqn and Ghoisy, respectively. This pro-
cess mitigates the presence of low-quality pseudo-labels and
enhances the performance of the PSL.

Partially-supervised Learning

In this module, we propose a partially-supervised training
(PSL) algorithm that utilizes the provided Yjeqr and Yy, o4y
splits from the BPND module. Initially, we train a segmen-
tation framework using the reliable Y,;..,. Then, we utilize
this framework to generate more reliable labels denoted as
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Figure 4: Visual representation of the new supervision: (a)
presents the image with corresponding superpixels. (b) dis-
plays the original prediction. (c) and (d) exhibit the selected
reliable supervision using the “high-confidence” metric and
the BPNC module, respectively.

Yew, which outperform the noisy pseudo-labels Y, s, . Fi-
nally, we merge the Y,j¢qp, and Y., labels to supervise and
enhance the performance of semantic segmentation model.

Figure 2 illustrates the partially-supervised learning mod-
ule consisting of a student model f; and a teacher model f;
with parameters 6, and 6;, respectively. The student model
fs learns from the combined supervision Y,,, derived from
Yiew and Y ieqn, while the teacher model f; generates reli-
able supervisions Y., to substitute the original noisy la-
bels Yj,0isy. To reduce the computational complexity and
improve the reliability of the teacher model, we optimize
the student model using gradient backward while updat-
ing the teacher model through exponential moving average
(EMA) (Tarvainen and Valpola 2017):

9t:/\*9t+(1—)\)*95, (5)

where ) is the EMA coefficient. Utilizing the teacher model,
we generate the merged supervision Y,,, as:

Py = fi(1,0y), (6)
Yiew = argmax Py, Spew = max(softmax(P;)), (7)
)/m = Ynew D )/cleana (8)

where @ merges the two partial supervisions, and S, rep-
resents the confidence associated with Y;,cq,.

The performance of the model heavily depends on the
quality of Yj,e,. Accumulated errors caused by incor-
rect modifications in the noisy regions negatively impact
PSL training. Hence, we utilize the commonly-used “high-
confidence” metric to filter out predictions with low confi-
dences that are deemed unreliable. To avoid the manual ad-
justment of thresholds for different categories, we present
an algorithm that generates adaptive thresholds. This algo-
rithm employs a two-component Gaussian Mixture Model
(GMM) to fit the prediction confidences, denoted as Sje,
for each category. Accurate predictions are selected based
on the reliable probability p(gs|s;), where g, denotes the
Gaussian component with a higher mean (indicating higher
confidences) for category b, and s; represents the prediction
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confidence of the i-th pixel in S;,¢,,. By utilizing adaptive
thresholds, we produce the reliable supervision Y., using
the following method:

p(glsi) > 72

_ {Yéew,
255, plglsi) <7
The value 255 is the “ignore” indicator during training.

While the high-threshold strategy effectively reduces
noise in Figure 4, it also decreases the recall for pixels in the
boundary regions. This limitation, in turn, results in a lack
of crucial supervisory signal in the boundary area, thereby
negatively impacting the overall performance of W2P.

To address this issue, we propose a paradigm called
boundary preserving noise correction (BPNC) and an algo-
rithm for generating boundaries to enhance boundary pre-
diction. The first approach extracts boundary pixels using
structural constraints, while the second approach constructs
boundary pixels through the copying and pasting of high-
confidence areas from one image to another.

i
Ynew

€))

Boundary Preserving Noise Correction In BPNC, su-
perpixels identify low confidence boundaries. Figure 4
shows that same-category pixels are usually grouped to-
gether within superpixels. Boundary regions have lower con-
fidence, while the interior regions have higher confidence.
Thus, high confidence in interior regions can identify low
confidence boundaries. Similar to BPND, the smoothed pre-
diction P,, is calculated for each superpixel as follows:

P, =R(P,K),SP =OH(R(SP,()), (10)

P, =SP®N(P,®SP). 1D

We employ two techniques in the implementation to accel-

erate computation. Firstly, we only smooth the logits of the

most dominant class in prediction for each superpixel. Sec-

ondly, the overall operation is performed on the predictions

without up-sampling. These operations can be efficiently

computed in parallel on GPUs, resulting in negligible ad-

ditional computational time. With smoothed prediction, the
labels Y,,¢,, and the confidences S, are updated by:

Yiew = argmax Py, Spe = max(softmax (P, )). (12)

Boundary Generation The proposed BPNC algorithm
improves boundary segmentation reliability. To capitalize
on the enhanced boundaries, we suggest creating artificial
boundary pixels by copying and pasting high-confidence ar-
eas between images. This allows for the generation of di-
verse boundary scenes by pasting accurate object segmenta-
tions onto various image backgrounds.

For the input images I; and Iy, along with their corre-
sponding smoothed labels Y, . Y2 . we aim to formulate

N N new:? . new:?
the mixed image I,,,;,, and the mixed target Y,;, as:

Inie = (1-M)0 5L) & (MO0 Iy), (13)
Yiia = ((1 - M) © erew) & (M © Ynzew)‘ (14

The copy-paste mask M is formulated as:
M, = {17 p(g‘sf) > T2 7 (15)

0, p(g‘SQ) P

where s represents the confidence of i-th pixel in I.
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Overall Loss Function The overall Weak-to-Partial
(W2P) loss is computed using two pairs: a mixed image
I,,,i, and mixed target Y,,;,, and an original image [ and
combined supervision Y,,,. The loss is defined as follows:

Psmiz:fs(Imiw7es)7Ps:fs(lves)a (16)

Liem = CE(P™* Yi0) + CE(Ps, Yy).  (17)

Since the teacher model exhibits superior robustness to
noise, it is exclusively retained for the inference phase.

Experiments
Experimental Settings

Our experiments use the benchmarks PASCAL VOC 2012
and MS COCO 2014 for WSSS. PASCAL VOC 2012 has
10,582 training images, 1,449 validation images, and 1,456
testing images across 21 categories. MS COCO 2014 has
81 categories with 82,783 training images and 40,504 val-
idation images. The mean Intersection-over-Union (mloU)
is the evaluation metric we use. We use the SLIC (Achanta
et al. 2010) algorithm for superpixel generation. To certify
the effectiveness of W2P, we present extensive ablation stud-
ies on PASCAL VOC 2012 val dataset.

In the first stage of WSSS, we use IRN to generate
pseudo-labels, unless specified. The W2P framework in the
second stage utilizes DeeplabV3+ with a ResNet101 back-
bone pretrained on ImageNet as the segmentation network,
following prior studies. We exclude general tricks like an
output stride of 8 and COCO pretrained models. During in-
ference, we employ established practices and use multi-scale
techniques along with dense CRF.

The W2P framework’s hyperparameters need minimal
tuning, with threshold values 71 and 75 set to 0.9 and X set to
0.99. The BPND stage is trained for 8 epochs on VOC and
4 epochs on COCO, while the PSL stage takes 72 epochs on
VOC and 36 epochs on COCO. A batch size of 16 is used
for all experiments.

Comparison with State-of-the-arts

PASCAL VOC 2012. Table 2 shows W2P’s performance
compared to state-of-the-art WSSS methods on PASCAL
VOC 2012. W2P achieves exceptional results with mIoU of
74.0 and 73.9 using an ImageNet pretrained backbone, set-
ting new state-of-the-art in Image-level WSSS. W2P outper-
forms IRN by 10.7 and 9.3, as well as ReCAM (5.5 and 5.5)
and AMN (4.5 and 4.3), other IRN-based methods. Com-
pared to methods using saliency maps from saliency de-
tection models like SANCE and DRS, our method demon-
strates significant superiority. Moreover, our method outper-
forms MCTformer and other transformer-based methods.

MS COCO 2014. We also report the performance of our
method on the challenging MS COCO 2014 dataset to show-
case its superiority. Table 3 presents the comparison results
on the MS COCO 2014 validation set. Our W2P achieves a
new state-of-the-art mloU of 46.4, demonstrating its effec-
tiveness on a large-scale dataset.
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Method | BackBone | Val  Test
ICD(CVPR20) ResNetl01 | 67.8  68.0
EPS(CVPR21) ResNet101 | 71.0 71.8

EDAM(CVPR21) | ResNetl0l | 70.9 70.6
AuxSeg(ICCV21) ResNet38 69.0 68.6
DRS(AAAI21) ResNetl101 | 71.2 714
SANCE(CVPR22) ResNetl101 | 72.0 729
IRN(CVPR19) ResNet101 | 63.5 64.8
SEAM(CVPR20) ResNet38 | 645 65.7
URN(AAAI22) ResNet101 | 69.5 69.7
ReCAM(CVPR22) ResNetl01 | 68.5 684
ADELE(CVPR22) ResNet101 | 69.3 68.8
PPC(CVPR22) ResNetl01 | 67.7 674
AMN(CVPR22) ResNetl01 | 69.5 69.6
AEFT(ECCV22) ResNet101 | 709 71.7
BECO(CVPR23) ResNetl101 | 72.1 71.8
W2P (Ours) | ResNetl01 | 74.0 73.9
AFA(CVPR22) MiT-B1 69.3 68.8
MCTformer(CVPR22) | ResNet38 | 70.9 71.7
VIiT-PCM(ECCV22) ResNetl101 | 72.1 71.8
ToCo(CVPR23) ViT-B 69.8 70.5
W2P (Ours) ‘ MiT-B2 ‘ 76.0 75.7

Table 2: Performance of WSSS methods in mIoU on PAS-
CAL VOC 2012 val and test.

Method | BackBone | Sup. | Val
IRN(CVPR19) ResNetlOl | 1 | 414
CDA(ICCV21) ResNet38 1 33.2

RIB(NeurIPS21) ResNetlOl | I | 438
MCTformer(CVPR22) ResNet38 1 42.0
URN(CVPR22) ResNet101 I 40.7
BECO(CVPR23) ResNet101 1 45.1
W2P (Ours) | ResNetl01 | I | 46.4

Table 3: Performance comparison of WSSS methods in
terms of mIoU on the COCO val set.

Improvement on boundary segmentation. To validate
the predictions of W2P on boundary areas, we present qual-
itative comparisons from the VOC val set in Figure 5. Com-
pared with IRN and BECO, our W2P improves predictions
on challenging boundary areas and enhances object seg-
mentation. Additionally, we provide quantitative results of
boundary improvement in Table 4.

Ablation Study

Analysis of the proposed components. We evaluate the
proposed components’ effectiveness on different pseudo-
labels generated by IRN, ReCAM, and AMN in Table 5.
Using BPND alone trains FSSS directly with selected clean
labels. Employing PSL solely means training the segmenta-
tion network with all pseudo-labels, allowing updates in all
regions. Equipped with BPND, the W2P framework signif-
icantly improves performance from 65.1 to 74.0 with IRN.
With M+CRE, performance is further improved from 73.5 to
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IRN ReCAM AMN BECO | W2P (ours)
247 280 292 334 | 360

Table 4: Performance of different methods in terms of
boundary mloU (Cheng et al. 2021) on VOC 2012 val set.

i
o

III ‘
IRN

W2P(Ours) GT

BECO

Image

Figure 5: Visualization of segmentation results on PASCAL
VOC 2012 val set.

BPND PSL M+CRF ‘ IRN ReCAM AMN

65.1 67.1 67.9

v 67.5 69.2 70.0
v 70.7 70.9 71.8

v v 73.1 73.5 74.5
v v v 74.0 74.4 75.6

Table 5: Performance of different pseudo-labels in terms of
mloU on VOC 2012 val set. M+CRF denotes the label re-
finement with multi-scale test and dense-CRF.

BPNC AT BG ‘ IRN ReCAM AMN

70.5 70.7 71.6

v | 719 71.8 73.5

v v | 73.6 73.6 75.0
v v v | 74.0 74.4 75.6

Table 6: Analysis of PSL module. AT: Adaptive Threshold.
BG: Boundary Generation.

Method
MJ S20 S50 S7o0 AT
BPND 61.0 709 695 740
PSL 728 73.6 73.0 740

Table 7: Analysis of clean label selection in BPND and PSL
module. AT: Adaptive Threshold. S,,: Select the n% data
with the lowest loss values for BPND or select the n% data
with the highest confidences for PSL.

0.99
67.6

T1 ‘ 0.5
Segm. | 72.2

0.7
73.8

0.9
74.0

0.95
732

Table 8: Value of 7.
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Ty ‘ 0.5 0.7 09 095 099
Segm. \ 734  73.1 740 73.6 73.0
Table 9: Value of 7.

A \ 0.5 0.7 0.9 0.99 0.999
Segm. ‘ 703 71.0 737 740 739
Table 10: Value of .

| ADELE BECO W2P (Ours)
Time | 1.7h 32m 11 m

Table 11: Training time for one epoch. h: hour. m: minute.

74.4 with ReCAM. These results validate the effectiveness
of our W2P framework for different CAMs. For an in-depth
analysis of the PSL module, please refer to Table 6.

Analysis of the adaptive thresholds. Our study compares
the adaptive thresholds for BPND and PSL with the common
strategy (Huang et al. 2022; Han et al. 2018b) of dividing
data into clean and noisy. Table 7 shows our AT strategy’s
superior performance.

Impact with hyper-parameters. Tables 8 and 9 show
the importance of setting moderate values for both 7; and
T9. This ensures accurate noise removal and the utilization
of reliable predictions for correction. In Table 10, the EMA
framework performs well with a threshold above 0.9. We
conduct an analysis of the duration required for training each
epoch in Table 11, demonstrating substantial advantages of
our algorithm compared to prior research.

Conclusion

In this study, we present W2P, a new weakly supervised
segmentation method that focuses on the second stage of
WSSS for robust learning despite noisy labels, specifically
targeting boundary segmentation. By using a class-wise
GMM paradigm, our noise detection module selects reli-
able pseudo-labels while preserving the boundary annota-
tions accurately. Our partially-supervised learning module
utilizes separate partial-supervision to learn from clean su-
pervision and generate accurate signals for noisy parts. Ad-
ditionally, we propose a boundary correction strategy and a
boundary generation method to improve boundary segmen-
tation with only image-level supervision. Extensive exper-
iments on multiple benchmarks show that our method sur-
passes other state-of-the-art WSSS methods.
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