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Abstract—The recent advances of weakly-supervised semantic
segmentation (WSSS) have witnessed remarkable progress using
image-level labels. However, many existing approaches always
suffer from inaccurate class activation maps (CAMs), which arise
from translating category information into object localization.
This paper approaches WSSS from a novel perspective, treating
incomplete and incorrect activations as pixel-level noisy labels
that can be effectively calibrated within a developed contrastive
learning framework. Unlike prior efforts that mainly relied on
data augmentation to generate supervised signals, we create pos-
itive and negative training pairs by jointly capturing pixel-level
context in both embedding and semantic spaces. To accomplish
this, we employ shrinking and expansion operations to produce
pixel-level pseudo-labels that supervise the contrastive learning
process. Specifically, during the shrinking operation, a series of
robust seeds are produced under the constraints of feature and
semantic consistency. In contrast, the expansion operation designs
a distance-constrained feature similarity module to propagate
categorical semantics based on the principle that pixels belonging
to the same object should exhibit similar feature embeddings
and close spatial locations. This approach helps the classifier
in identifying more under-activated pixels while suppressing
incorrectly activated ones. In addition to enhancing the accu-
racy of CAMs, our method allows for the utilization of more
positive training pairs to learn robust feature representations,
thus ultimately improving noisy label calibration. We conducted
exhaustive experiments on the PASCAL VOC 2012, MS COCO
2014, and Cityscapes datasets. The extensive experimental results
demonstrate the effectiveness of our method, achieving 79.5%,
51.9%, and 53.4% mloU on three datasets, respectively.
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Fig. 1. Visual examples of CAMs using [14] and our method on PASCAL
VOC dataset [15]. Areas with a deeper red indicate higher activation levels,
while those in blue represent lower activations. For clarity, the categorical tags
that require to be activated have also been superimposed in the top-right corner
of each example. Compared with Zhou et al. [14], the CAMs generated by
our approach are more accurate, as they correctly highlight nearly the entire
objects (indicated by red dashed circles) and effectively suppress co-occurring
background regions (denoted by yellow dashed circles). (Best viewed in color.)

Index Terms—Weakly-supervised semantic segmentation, noisy
labels, contrastive learning, pixel-level pseudo-labels.

I. INTRODUCTION

ECENTLY, semantic segmentation [1], [2] has made

significant progress with the rapid advancements in deep
learning. However, the fully supervised learning paradigm re-
quires massive manual labeling, which is both labor-intensive
and time-consuming, especially when annotating pixel-level
ground truth for training semantic segmentation models. To
mitigate this limitation, numerous efforts have been proposed
to develop semantic segmentation under weaker forms of
supervision, such as points [3], [4], scribbles [5], [6], bounding
boxes [7], [8], and image-level labels [9]—[13]. Due to the least
annotation efforts, using only image-level labels has become
the dominant strategy in the weakly-supervised setting for
semantic segmentation (WSSS), where our work also aligns
with this paradigm.

When image-level labels are the sole source of supervision,
existing advanced methods for WSSS typically involve two
main steps. Initially, a classifier network is trained to generate
class activation maps (CAMs) [14], which serve as pseudo
ground truths for training subsequent pixel-level segmentation
networks. However, as illustrated in Fig. 1, it is widely
recognized that the trained classifier tends to activate the
most discriminative parts rather than entire object regions
[16], [17]. Relying on such pixel-wise inaccurate CAMs as
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Fig. 2. Overall pipeline of our method. After input images are encoded into feature embeddings using backbone networks, the shrinking and expansion
operations are employed to create robust and reliable pseudo-label masks. Concretely, the shrinking operation aims to filter out robust seeds (indicated by
the orange region in shrinking operation) from noisy CAMs by assigning them very high confident scores. These strong seeds are stored as category-specific
prototypes (represented by circles with different colors) in a memory bank, which can be iteratively updated throughout the training process. Conversely, the
expansion operation seeks to identify more reliable pixels (indicated by the orange region in expansion operation) with the assistance of DFSM. These newly
discovered category-specific pixels (denoted by squares with different colors), together with prototypes stored in memory bank, are used to construct positive
and negative training pairs for training a developed contrastive loss, where the pixel-level noisy labels can be effectively calibrated. (Best viewed in color)

supervisory signals can adversely affect the training of the
follow-up segmentation networks [10], [18], [19]. In response
to this challenge, various efforts have been made to produce
more accurate CAMs, which can be broadly categorized into
four approaches: 1) adversarial region erasing [20]-[23] that
gradually erases highly activated areas to uncover additional
object regions; 2) contextual formulation [9], [24], [25] that
thoroughly investigates or decomposes object-related context
within or across images; 3) affinity expansion [26]-[28] that
propagates pixel information through feature similarities to
recalibrate incorrectly activated seeds; and 4) foundation mod-
els [10], [12], [29]-[31] that transfer object-aware knowledge
learned from visual-prompt pairs to mitigate inaccurate CAMs.
In spite of achieving impressive results, these advanced ap-
proaches inherently suffer from certain limitations. Concretely,
as additional object regions are progressively discovered, the
first category is prone to over-activation [13], [32], resulting in
the highlighting of non-target regions. In contrast, the second
category may incorrectly activate background areas due to
the inherent context of category co-occurrence [9], [25]. The
third category improves the quality of CAMs but at the cost
of introducing additional and complex affinity networks [26],
[27], while the last category requires extra prompt supervision
rather than relying solely on image-level labels [12], [31], [33].

Unlike these advanced approaches [9], [10], [13], [28], this
paper tackles the issue of CAM calibration from a novel
perspective: we treat estimated incomplete and incorrect acti-
vations as pixel-wise noisy labels, framing WSSS as a noisy
label correction problem. In spite of extensive literature that
focuses on learning from noisy labels in image classification
[34]-[36], there are very few efforts [10], [18], [37]-[39]
addressing WSSS from the standpoint of noisy label learning.
Due to the memory effect in deep neural networks (DNNs)
[34], which eventually tend to fit noisy labels during training,
ADELE [37] adaptively corrects noisy labels in the early
stages of learning. Guided by object boundaries, BECO [38]
rectifies noise in pseudo-labels using a co-training scheme.
URN [39] mitigates noisy supervision by estimating uncer-
tainty in pseudo-label masks. S2C [10] directly transfers the

knowledge of SAM [40] to enhance the quality of CAMs.
In contrast to these methods, we calibrate pixel-level noise
labels within a developed contrastive learning framework.
Differing from prior approaches that primarily rely on data
augmentation for supervision in WSSS [16], [41], we construct
positive and negative training pairs for each category by
jointly capturing pixel-level context in both embedding and
semantic space. To achieve this, as shown in Fig. 2, we
employ shrinking and expansion operations to generate robust
pseudo-labels used to supervise contrastive loss. Taking feature
and semantic consistency into account, a series of reliable
seeds are produced through the shrinking operation in pseudo-
labels, ready to update the memory bank for each category.
Conversely, a distance-constrained feature similarity module
(DFSM) is designed in the expansion operation to convey
categorical semantics according to a common principle: pixels
with similar feature embeddings and closer spatial distances
are more likely to belong to the same object. Two operations
complement each other, enabling contrastive loss to progres-
sively correct noisy labels throughout the training phase. It is
worthy that, thanks to the shrinking and expansion operations,
our developed contrastive loss is capable of exploring multiple
positive training pairs, rather than merely relying on single one
adopted in data augmentation [42]-[46], which is too weak to
learn robust feature representations. This approach allows us to
fully leverage the potential of noisy CAMs to refine incomplete
activations while calibrating incorrect ones.

In general, our method offers several key advantages. Firstly,
the proposed contrastive learning framework facilitates robust
representation learning to combat pixel-level noisy activations.
By capturing pixel-level context in both embedding and se-
mantic spaces, our method identifies reliable pixels and less
discriminative ones using CAMs shrinking and expansion,
respectively, thereby enabling the creation of multiple positive
training pairs used in a developed contrastive loss functions.
Secondly, unlike previous affinity expansion methods that rely
on graph models [28] or auxiliary cross-task learning [26] to
propagate features, our shrinking and expansion operations are
both highly effective and simple to implement. Lastly, our
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method presents an elegant framework that is conveniently
scalable and generalizes well, allowing for seamless integra-
tion with different backbones for WSSS, including ResNet
families [10], [32], [47] and Transformers [30], [48]. The
most closely related work to our approach is [49], which
addresses the segmentation problem under semi-supervised
settings where a small amount of fully annotated pixel-level
ground truths are available. In contrast, our work tackles a
more challenging scenario in which only image-level labels
are provided for training segmentation networks. In nutshell,
the major contributions of our paper are three-fold:

o We propose a parameter-efficient and backbone-agnostic
framework to address pixel-level noisy labels in WSSS
using a contrastive learning paradigm. By leveraging the
shrinking and expansion operations on CAMs, we can
gradually eliminate pixel-level noisy labels, ultimately
providing reliable supervision for segmentation tasks.

« Instead of relying on data augmentation, which typically
limits the utilization of only one positive training pair in
traditional contrastive loss, our method enables to explore
multiple positive training pairs. This approach enhances
inter-class distinction and intra-class compactness, bene-
fiting for learning more robust feature representations.

« We evaluated our approach on three widely used semantic
segmentation datasets: PASCAL VOC 2012 [15], MS
COCO 2014 [50], and Cityscapes [51]. The experimental
results demonstrate that our method outperforms recent
state-of-the-arts, achieving segmentation mloU scores of
79.5%, 51.9%, and 53.4% on three datasets, respectively.

The remainder of this paper is organized as follows. After a

brief introduction of related work in Section II, we elaborate
on the details of our method in Section III. Experimental
results and ablation studies are given in Section IV, and
Section V provides concluding remarks and future work.

II. RELATED WORK

In this section, we briefly review recent methods from two
perspectives: WSSS, and learning from noisy labels.

A. WSSS using Image-level Labels

The most typical category is adversarial region erasing
[11], [13], [20]-[23] that drives the classier to pay attention to
different parts of an object by hiding the most activated regions
step-by-step. As a pioneer work, AE-PSL [22] introduces
an iterative framework, where images with erased highly
activated regions are fed into next iteration. Another excellent
work is [20], which explores the potential of the classifier
to mine out additional regions. ECSNet [21] constrains the
relationships between CAMs during the erasing process. Chen
et al. [11] employ a cross-image erasing strategy to alleviate
over-expansion issue of CAMs by transferring object prior
knowledge. In [23], reliable regions are produced by erasing
previous expanded ones. The most recent work is [13], which
gradually learns a faithful mask to correct CAM confusions.

Another group of methods to improve the quality of CAM is
context modeling [24]-[28]. For example, CDA [52] decouples
object context in images for WSSS. PLDA [53] captures the

context between discriminative and non-discriminative regions
by addressing their distribution discrepancies. WS-FCN [25]
integrates global context and local content to refine CAMs.
SeCo [9] learns object co-occurrence to produce more accurate
pseudo-label masks. Moreover, coarse CAMs can be calibrated
using affinity matrices that encode the pixel-wise context [26]—
[28]. Rather than focusing on object relations within images,
some methods emphasize capturing cross-image context. In
[24], Wang et al. investigates cross-image semantics for WSSS
using object co-attention. MCIS [54] utilizes a pair of images
to extract inter-image context. MBCC [55] designs a memory
bank to save cross-image context, which can be used again to
produce class-specific masks for current images.

Instead of focusing on the refinement of CAMs and pseudo-
labels, an alternative method formulates WSSS from the
perspective of contrastive learning [41]-[46]. For instance,
Du et al. [41] improves the quality of CAMs using pixel-
to-prototype contrast learning. Ke et al. [42] improve WSSS
through pixel-to-segment contrast, assuming that the segments
are predefined. Duan et al. [43] explores multi-label prototypes
using cross-class and cross-image prototype contrastive learn-
ing. In [44], intra-class variations are captured through context-
aware prototypes. RCA [45] mines dataset-level context from
region-based semantic contrast. Different from these methods
that produce CAMs for each semantic category, C2AM [46]
generates class-agnostic CAMs for foreground objects and
background elements using cross-image contrast.

Most recently, visual-language foundation models, such as
CLIP [56] and SAM [40], have attracted great attention for
WSSS [10], [29]-[31]. With the supervision of text prompts,
CLIMS [29] is the first work to leverage CLIP [56] to activate
more comprehensive object regions while suppressing closely
related backgrounds. CLIP-ES [30] employs the softmax func-
tion in CLIP to compute GradCAM, providing reliable pseudo-
labels to train subsequent segmentation networks. S2C [10]
transfers object knowledge from SAM [40] to the classifier,
ultimately enhancing the quality of CAMs. In contrast to these
multi-stage methods, WeCLIP [31] and ExCEL [12] adopt a
single-stage pipeline, where [31] investigates the potential of
the CLIP backbone to extract robust semantic features, while
[12] designs a dense patch-text alignment paradigm to explore
CLIP knowledge. A comprehensive review on the approaches
to WSSS using foundation models can be found in [19].

In contrast to these advanced approaches, our method for-
mulates WSSS from the perspective of noisy label learning,
where the incomplete and incorrect activations are considered
as pixel-level noise. By leveraging the shrinking and expansion
operations, these noisy labels can be progressively calibrated
to produce more reliable pseudo-labels for segmentation.

B. Learning from noisy labels

Learning from noisy labels has been extensively studied
in the field of image classification, which can be roughly
divided into four groups: (1) robust network architecture
[57]1-[60], (2) robust regularization [61]-[66], (3) robust loss
functions [67]-[69], and (4) sample selection [70]-[72]. The
first group focuses on developing various robust network
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architectures [58]-[60] that can effectively model the noise
transition matrix associated with a noisy dataset. However,
these approaches often struggle when faced with a high noise
ratio. To mitigate this issue, the second group turns to robust
regularization strategies, such as data augmentation [61], [62],
robust early learning [37], [63], [64], and Mixup [65], [66].
In terms of designing robust loss functions, the third group
like loss correction [67]-[69] and loss reweighting [73], [74]
dynamically adjusts the weights assigned to different samples
based on their confidence levels. An alternative approach is
to use contrastive learning [75]-[78], which maximizes inter-
class disparities while minimizing intra-class distances. Since
clean and wrong labels are not available in advance, multi-
view data augmentation is frequently employed in contrastive
learning. Nonetheless, creating a reliable metric to identify
noisy samples remains a challenge, potentially leading to an
accumulation of errors from incorrect selections. To minimize
these false corrections, recent studies have adopted sample
selection techniques [70]-[72] to isolate label-corrected exam-
ples from label-noisy ones. In particular, multi-round learning
[79] iteratively refines the selected examples, while co-training
methods [80]-[82] utilize multiple networks to collaborate
effectively with each other.

In contrast to image classification tasks, there are very few
studies [10], [18], [37]-[39] that specifically address pixel-
level noisy labels for WSSS. This field initially emerged
from medical image analysis [83], [84]. LVCNet [84] incorpo-
rates domain-specific prior knowledge to improve robustness.
COPLE-Net [83] inherits U-Net architecture and employs dice
loss to segment medical images. By separating the early learn-
ing phase and the memorization phase, ADELE [37] is the first
work against image-level noisy labels. DuPL [18] presents a
dual-path network, in which each sub-network contributes to
progressively correcting noisy labels. BECO [38] introduces a
co-training paradigm that designs two robust loss functions to
separate the reliable and unreliable components of pixel-level
pseudo-labels. Based on the observation that uncertain pixels
are closely related to the response scale, URN [39] estimates
pixel uncertainty across different views to mitigate the impact
of pixel-level noisy labels.

Unlike these impressive methods, we develop a contrastive
learning framework to address pixel-level noisy labels in
WSSS. Our method does not rely on multi-view data aug-
mentation, which typically uses only a single positive pair
[41], [42], [45], [46] in loss function. Instead, it allows for the
use of multiple positive training pairs to learn more robust
feature representations. Moreover, rather than focusing on
building robust segmentation networks [37], [38] under the
supervision of pixel-level noisy labels, we concentrate on
creating more accurate and reliable pseudo-label masks for
training subsequent segmentation networks.

III. OUR METHOD

The whole pipeline of our method is shown in Fig. 2, which
consists of three main components: (1) shrinking operation
that filters out reliable seed pixels from noisy CAMs; (2) ex-
pansion operation that seeks more potential object regions; and
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Fig. 3. The detailed architecture of FSCM. The heat maps of M s represent the
activated degrees of the pixels, where deeper red color denotes higher activated
level, and deeper blue color indicates lower activated level. For clarity, the
categorical labels have also been superimposed in the top-left corner of each
image. (Best viewed in color)

(3) developed contrastive learning that progressively calibrates
noisy labels at the pixel level in CAMs. Immediately below,
we introduce each component in detail.

A. Shrinking Operation

Identifying reliable pixels or regions in CAMs is crucial
for WSSS [21], [22], [27], [28]. Some previous approaches
[21]-[23] implicitly capture contextual information between
initialized and erased CAMs, yet they often ignore semantic
context to produce reliable regions. Lots of alternative efforts
have been proposed to find reliable pixels by exploring pixel-
level interactions [27], [28]. These methods, however, typically
require learning auxiliary affinity attention sub-networks that
involve large amount of computations. In contrast, this section
describes a simple shrinking operation that leverages pixel-
level context in both embedding and semantic space to create
reliable seed regions from noisy CAMs.

The detailed structure of the shrinking operation is shown in
the blue area of Fig. 2. Let F, € RE*H*W be encoded feature
embeddings produced by a pre-trained backbone network (e.g.,
ResNet families [24], [25], [47] or Transformers [16], [85],
[86]), where H, W, and C are height, width, and number
of feature channels of Fj, respectively. Following [14], [32],
the first step in the shrinking operation is to project F, into
noisy CAMs M, € REFDXHXW for K foreground objects
and an extra background region through a classification head.
Subsequently, the produced M, together with encoded feature
embeddings F, pass through a feature-semantic consistency
module (FSCM), where pixel-wise feature and semantic con-
text are fully considered. Finally, the reliable and consistent
pseudo-labels E, € RETDXHXW are generated by applying
an erosion operation to eliminate boundary noise and tiny
foreground regions. The selected reliable pixels are then
employed to produce robust prototypes, stored in a memory
bank for developed contrastive learning. In the following, we
elaborate on the details of FSCM, as the core component in
our shrinking operation.

1) FSCM: As illustrated in Fig. 3, the goal of FSCM is
to encourage pixels activated with the same category ought to
have similar feature representations. To this end, F is first
flattened into a 2-D sequence X € RHWX*C | facilitating the
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Fig. 4. Visual comparison of CAMs before and after applying FSCM. From
top to bottom are input images and the associated ground-truths, noisy CAMs
M, and reliable CAMs C, where areas with a deeper red indicate higher
activation levels, while those in blue represent lower activations. For clarity,
the categorical labels have also been superimposed in the bottom-left corner
of each images. (Best viewed in color)

computations of following symmetric similarity matrix A5 €
RHWXHW.

A, =o(XXT) (1)
where o(+) stands for softmax function. After that, the similar-
ity matrix A, is reshaped into a 3-D tensor T € R¥WxHXW
where the i*" channel T; € R¥*W indicates the similarity
scores of all feature positions with respect to pixel .

Next, to effectively capture pixel-level context in both
feature and semantic space, a consistency score ¢ (i) for
pixel i in k" category is calculated using an element-wise
product “o” from the semantic guidance of M and the feature
similarities encoded by T;:

HW
> ME () o Ti(5)
(i) = g @)

> M () + Ti(j) — ME(G) 0 Ti(j)]

j=
where M¥ € RT*W refers to the k" channel of M, and
the index j denotes all possible positions in both Mf and T;.
Collecting ¢* (i) for all positions i and all categories k& forms
more reliable CAMs C € RIK+H)xHxW

Unlike self-attention [27], [28] that requires feature projec-
tion to encode global context, the calculation of A in Eq. (1)
is parameter-free, facilitating to save both model size and com-
putational costs. Moreover, since no parameters are learned in
FSCM, the consistency score defined in Eq. (2) encourages the
encoder to learn more robust feature representations, which not
only highlights the shared components between M ’S“ and T';, but
also constrains them to be as consistent as possible, thereby
ensuring the reliability of the selected seed pixels.

To further demonstrate the effectiveness of FSCM, Fig. 4
illustrates some visual examples that compare M, and C. It
is evident that the activated area of noisy M shrinks to more
reliable C, concentrating more on foreground object instances.
In particular, nearly all seed pixels are located within object
regions, such as “ship”, “bottle”, and “cat” in these examples.

2) Pseudo-labels Generation: Given reliable C, the final
step of the shrink operation is to produce pseudo-label masks
E, € REH)XHXW Following [20]-[23], those pixels, whose
confidence level are lower than a pre-defined threshold n €
[0, 1], are first treated as “unknown”, then E; is generated by
assigning the highest probability scores in C for each pixel:

1, if C*()>n && k—argmaka()
E"(i) = 3)
0, else

W'U
® Matrix product

»]/-

© Element-wise product

Fig. 5. The detailed architecture of DFSM. (Best viewed in color)

where E¥ (i) denotes the k*" channel for pixel i in E,. Finally,
an erosion operation is applied to further shrink E;, ensuring
the produced pseudo-label masks are fully reliable.

B. Expansion Operation

Expanding CAMs is widely used in WSSS to discover
more potential object regions [11], [13], [23]. Most previous
efforts iteratively accumulate multiple CAMs through region
erasing [20]-[22]. These methods, however, need caution
to avoid over-estimated activations. An alternative approach
[23] seeks under-estimated activations by learning an offset
network using deformable convolution. In contrast, we design
a DFSM to expand CAMs based on following fundamental
principles: pixels with similar feature embeddings and closer
spatial distances are more likely to belong to the same object.

The detailed structure of expansion operation is depicted
in the orange area of Fig. 2. Apart from DFSM, it has
nearly the duplicated architecture compared with shrinking
operation, where the classification head and FSCM are shared
to produce pseudo-label masks E, € RUKHUXHXW = Note
FSCM is also adopted in expanding operation, as we expect
the expanded pixels to be reliable as well, benefiting to provide
robust supervision for forthcoming contrastive learning. In the
following, we introduce the details of DFSM.

1) DFSM: Fig. 5 presents the detailed structure of DFSM,
which is mainly inspired by affinity attention [27], [28]. How-
ever, besides taking feature similarities into account, DFSM
also considers location constraint, which is often ignored by
[27], [28]. Concretely, the feature similarities are encoded by
a spatial attention map A, € RIW>HW "where the pixel-wise
interactions are fully explored. In addition, DFSM designs an
extra location map D € REWXHW “\hich restricts positional
relationships among different pixels.

Given the encoded feature Fg, we first flatten it into a 2-
D sequence X € RHWXC " then three linear transformations
{WF We, W} € REXC are learned to project input sequence
X into key, query, and value {K,Q,V} € REWxC:

K=XWF  Q=XWI V=XW 4)

After that, the pixel-wise mutual interactions are calculated
using a matrix product between K and @, producing feature
similarities map A.:

OK'

Aezo(m

) (&)
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where o(+) stands for softmax function and dj, is a scale factor
determined by the feature dimension of K.

On the other hand, let (x;,y;) and (z;,y;) be position
coordinates for pixel ¢ and pixel j, respectively, then their ab-
solute spatial distance d(i, j) is calculated using the Euclidean
distance:

(i, ) = s — 22 + (0 = y)? ©
However, d;; changes along with the variance of the feature
resolutions. We thus recompute it with respect to the diagonal
length of feature resolution, leading to a normalized relative
distance d(i, j):
T . d Za]
d(i, j) = %
vW?+H
Intuitively, if two pixels have long distance, they are not likely

to belong to same object, and vice versa. As a result, we define
D(i, j) as an exponential inverse function of d(, j):

D(i, j) = exp (—d(i, j)) ®)
By collecting D(i,j) for all pairs of positions (¢,j), we
form a symmetric location map D. Notably, calculating D is
essentially different from positional encoding in self-attention
[27], [28] that addresses the inherent limitation of disorder
property of tokenlized embeddings. Instead, the purpose of
D is to ensure that tokens with close spatial positions should
have similar feature representations, and vice versa. Moreover,
positional encoding adopts a sinusoidal fashion, while we
employ normalized Euclidean distance.
Finally, as our DFSM considers both feature similarities and
location constraint, a feature weight matrix § € REWXHW g
defined using an element-wise product between A, and D:

S=A.oD (€))

(7

However, as each element of D is not restricted to a certain
range, directly integrating it with A, may be inappropriate.
As the value of each element in A, is at the range of [0, 1],
the location map D has to be normalized into the same value
range of A.:

D-D min
D maxr D min
where D,,,;, and D,,,, are the minimum and maximum value
of D, respectively. Then, Eq. (9) can be rewritten as:

S=A.oD (11)

After that, the output feature F, € RfW*¢ is calculated using
a matrix product between weight matrix S and value V:

F,=SV

D= (10)

(12)

which is reshaped to a 3-D feature tensor F, € RE*H*xW

with equal dimension with respect to input feature Fy that is
ready for following CAM M, creation, as shown in Fig. 2.
Guided from the supervision of image classification, DFSM
conveys categorical semantics within the constraint of feature
similarities and relative distance, helping the classifier identify
more under-activated pixels. Fig. 6 shows some visual exam-
ples of M and M., where M. highlights more under-activated
regions, resulting in expansions into less discriminative parts,

such as “horse”, “train” and “cat” in these examples.

o

o
g8 .
pers Sisk

Fig. 6. Visual comparison of CAMs before and after applying DFSM. From
top to bottom are input images and the associated ground-truths, noisy CAMs
M, and expanded CAMs M., where areas with a deeper red indicate higher
activation levels, while those in blue represent lower activations. For clarity,
the categorical labels have been also superimposed in the bottom-left corner
of each images. (Best viewed in color)

bicycle

C. Developed Contrastive Learning

Contrastive learning is commonly-used in prototype learn-
ing for WSSS [32], [41], [43]-[45]. As pixel-wise supervision
is not available, previous methods [41], [46] typically employ
linear or nonlinear transformations to produce multi-view
augmented images. However, since pseudo-labels have been
generated in Eg and E., respectively, we are able to train
contrastive loss under the supervision of E; and E., without
relying on data augmentation.

As shown in the green area of Fig. 2, our developed con-
trastive learning framework consists of two major components:
a memory bank that stores the prototypes for each semantic
category, and developed contrastive loss that corrects noisy
pixel-level labels in CAM. Concretely, after receiving E in
the shrink operation, a memory bank B € RE*XNx(K+1) jg
constructed and iteratively updated throughout the entire train-
ing phase, where N is the number of representative prototypes
for each category. On the other hand, let F € RC>*Mkx(K+1)
be selected feature set by masking E. onto feature maps
F,, where M) is the number of selected features for k"
category. By pairing each selected feature with prototypes,
the positive and negative training pairs are constructed, which
can be utilized to supervise our proposed contrastive loss,
thereby fostering robust feature representations that progres-
sively eliminate noise in the CAMs. Immediately below, we
elaborate on the details of memory bank construction and the
definition of our developed contrastive loss.

1) Memory Bank Initialization and Update: This section
introduces a non-parametric and dynamic memory bank de-
signed to store category-specific prototype features. At the
beginning of training phase, a series of feature embeddings of a
specific category are selected by masking E; onto feature maps
F,. Then, the associated prototypes are initialized using K-
means algorithm [87], where each cluster center corresponds
to a prototype. During each training iteration, let f’v be a newly
selected feature for k*" category. We first determine Vi belongs
to which prototype based on their distance in feature space:

i = argmin [[f* — b} ||s, Vi (13)
where || - ||2 represents ¢» norm. Thereafter, inspired by [45],
the prototype bi—c is updated by smoothly integrated with
using a momentum-based update strategy:

by < by + (1 —)f* (14)
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where v is a non-negative momentum parameter at the range
of [0, 1]. This momentum-based strategy ensures a smooth
temporal evolution of the prototype features, allowing the
preservation of historical information while incorporating new
observations. Throughout the training process, the updated
prototypes can capture a more accurate and comprehensive
diversity of each category, thereby enhancing the robustness
and consistency of the learned representations.

2) Developed Contrastive Loss: Since the pseudo-labels are
available in the memory bank B and selected features F, our
method indeed falls into the regime of supervised contrastive
learning. The first step is to build training pairs based on B and
F.Let b’ € B be j™" prototype, also known as anchor, for k*"
category, and ﬂ € F be i'" selected feature for [*" category,
both of which is a C-dimensional vector. As a result, the
negative and positive training pairs are constructed by simply
judging whether their labels are consistent or not:

: b
(zirz)) |z = S, , 7 = —
IW\Iz 185112
k,

) lzi =
Hlez o ||bk||2

where || -||2 denotes ¢ norm. Since there are K +1 categories
and each category has NN prototypes, each selected feature jﬁ
has a total of K N negative training pairs.

Recall that the objective of our developed contrastive loss
is to enhance the similarities between the features in B and
F with the same class, while minimizing the similarities to
the features that have different semantic labels, therefore, the
contrastive loss £¥ ~ for k' category is defined as:

k=1 V(7)) (15)

(ZirZm k#1, 9(i,j) (16)

con

My,
N >~ exp{z - zf/m}
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= Z exp{zi -z} /7} + Z > exp{zi - Zm/7T}
B e 17
where “-”” denotes inner product, and 7 is a non-negative scalar
temperature parameter. Finally, the total contrastive loss for all
categories is equally combined as:
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In contrast to conventional contrastive loss [42], [45], [46]
that solely depends on one positive training pair, the loss
defined in Eq. (17) allows us to explore multiple positive
training pairs as well as a large number of negative training
pairs, both of which are beneficial for learning more robust
feature representations. Moreover, previous contrastive learn-
ing methods [17], [45] are prone to the problem of weak and
noisy pseudo-labels, posing great challenges in learning robust
representations. However, our training algorithm corrects the
pixel-level noisy label in a recursive manner: contrastive loss
first enhances feature representations for shrinking and expan-
sion operations to produce high-quality CAMs; inversely, the
generated CAMs provide more reliable training pairs used to
supervise our contrastive loss.

3) Total Loss: As shown in Fig. 2, there are two losses used
to supervised our WSSS method. The first is our developed
contrastive loss L., defined in Eq. (18), while the second is
classification loss L5, which is defined using cross-entropy
loss [20]-[23]. Thus, the total loss is a weighted sum defined
between L. and L.op:

Etotal = Ecls + )\‘Ccon (19)

where is a non-negative parameter that controls the individual
contribution of L. and L..,.

IV. EXPERIMENTS

To evaluate our method, we conducted exhaustive experi-
ments on three semantic segmentation datasets: PASCAL VOC
2012 [15], MS COCO 2014 [50], and Cityscapes [51], where
our approach and most representative state-of-the-art WSSS
networks are compared in terms of segmentation accuracy. In
addition, a series of ablation studies were carried on to reveal
the potential impact of various components, and gain a deeper
understanding of the underlying behavior of our method.

A. Dataset and Evaluation Metric

1) PASCAL VOC 2012: As a widely-used benchmark for
WSSS, PASCAL VOC 2012 dataset [15] consists of a total
of 4,369 images, with 1,464 images in the training set, 1,449
images in the validation set, and 1,456 images in the test set.
The dataset provides pixel-level annotations for 20 foreground
classes and 1 background class. In line with standard practices
[17], [32], we enhance the training set by incorporating addi-
tional annotated images from the SBD [88] dataset, resulting
in a total of 10,582 images in the augmented training set, while
keeping the validation and test sets unchanged.

2) MS COCO 2014: MS COCO 2014 [50] is a more
challenging dataset that involves more object categories and
training images. It contains 80 foreground classes and 1 back-
ground class, including approximately 80K training images
and 40K validation images.

3) Cityscapes: Unlike PASCAL VOC [15] and MS COCO
[50], Cityscapes [51] is a small-scale dataset, which is split to
2,975/500/1,525 for training, validation, and testing, respec-
tively. It contains a total of 30 classes, and only 19 classes are
used for public assessment.

Note although pixel-level ground truths are both available
in two datasets, our method only utilizes image-level labels
from the training set, and its performance is evaluated on the
validation and test sets.

4) Evaluation Metric: Following [20]-[22], we employed
the popular mean intersection-over-union (mloU) across all
classes between the segmentation outputs and the pixel-wise
ground-truths to assess the segmentation performance. More-
over, following [17], [32], [44], we also used mIoU to evaluate
the quality of CAMs and pseudo-label masks. To ensure a
fair comparison, we submit the semantic segmentation outputs
of PASCAL VOC test set to the official evaluation server.
On the other hand, the widely used floating point operations
(FLOPs) and model size (parameters) are used to measure
computational complexity of our method.
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(a) PASCAL VOC 2012 (b) MS COCO 2014

Fig. 7. Visual comparison of CAMs on (a) PASCAL VOC 2012 and (b) MS COCO 2014 datasets. From top to bottom are original images, corresponding
ground truth, CAMs produced from SIPE [32], CLIP-ES [30], POT [33], S2C [10], and our method. Compared to these state-of-the-art baselines, our approach
obtains more complete, consistent, and accurate CAMs while effectively suppressing background activated noise. In the last column of two datasets, we also

exhibit a failure example, where we still achieve better results compared to selected baselines. (Best viewed in color)

B. Implementation Details

1) Training Settings: To evaluate the scalability and gen-
eralization of our method, we employ ResNet families [10],
[32], [47] and Transformers [30], [48], both pre-trained on
ImageNet [89] with output stride of 16, as our backbone
networks. For first two datasets, the input images are resized
to a fixed resolution of 512 x 512, and the data augmentation
strategy follows the setup proposed by [17], [32], including
random flipping, scaling, and cropping. The model is trained
using the stochastic gradient descent optimizer, with an initial
learning rate of le-2 for the backbone and le-1 for the other
components. The momentum and weight decay are set to 0.9
and Se-4, respectively. Following [20]-[22], our network is
trained for a total of 10 epochs, during which the first 2 epochs
adopt a warm-up strategy that only applies cross-entropy loss,

e., A = 0 in Eq. (19). Particularly, we also trained S2C
[10] for 10 epochs to ensure fairness. The learning rate is
adjusted using a poly scheduler, with a power decay of 0.9.
The batch size is set to 32 for the PASCAL VOC dataset
and 8 for the MS COCO dataset, respectively. To ensure a
diverse distribution and to prevent excessive computational
overhead, the size of the per-class memory bank is set to 500.
Following [17], [30], [32], the enhanced CAMs are used to
produce pseudo-labels, which serve as pixel-level supervision
for training the subsequent DeepLabV2 [90]. Consistent with
[20]-[22], the segmentation results are ultimately refined using
Dense CRF model. Other hyper-parameters are empirically
determined as follows: confidence threshold n = 0.8 in Eq.
(3); momentum weight v = 0.9 in Eq. (14), temperature
coefficient 7 = 0.5 in Eq. (17), and loss weight A = 0.1 in
Eq. (19), respectively. Our source code is publicly available
online at https://github.com/njupt-quanzhou/LNL-for-WSSS.

2) Selected State-of-the-Art Baselines: To show the advan-
tages of our method, we selected 29 state-of-the-art baselines
for comparison, including both single-stage and multi-stage
pipelines. The first group includes AFA [27], ToCo [85],
TSCD [91], CRME [13], ExCEL [12], and WeCLIP [31].
On the other hand, the second one contains region erasing
methods [14], [20], [21], context modeling approaches [41],
[48], [52], [54], contrastive learning networks [32], [41]-[45],
and foundation models [29], [30], [33], [92], [93]. Particularly,
those WSSS approaches [10], [18], [37]-[39] addressing noisy
label learning are also invited as baselines.

C. Comparisons With State-of-the-art WSSS Baselines

1) Performance of CAMs and Pseudo-Label Masks: We
begin by evaluating the quality of various localization maps:
CAMs, their enhanced versions after CRF refinement, and
pseudo-label masks. Table I reports the comparison results
between our method and state-of-the-art baselines on the
PASCAL VOC 2012 training set. It reveals that our method
consistently boosts performance by remarkable margins when
combined with [10]. Moreover, when only image-level labels
are available, our method significantly outperforms other base-
lines, achieving mloU scores of 79.1%, 80.8%, and 84.3% in
terms of CAMs, CRF, and Mask, respectively.

To further demonstrate the effectiveness of our method, Fig.
7 also exhibits the qualitative visual comparison of CAMs
between several selected baselines [10], [30], [32], [33] and
our approach on PASCAL VOC and MS COCO datasets.
It demonstrates that whether involving single or multiple
instances, our method is able to correctly and consistently ac-
tivate entire object reglons (e g., “table”, “airplane”, “sheep”,

“sign”, “elephant”, “person”, and “dog” in the examples
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Fig. 8. Visual examples of localization maps on PASCAL VOC 2012 set.
From left to right are input images, corresponding ground truth, CAMs, CRF
refinement outputs, and the pseudo-label masks. (Best viewed in color)

TABLE I
LOCALIZATION MAPS AND PSEUDO-LABEL MASKS COMPARISON WITH
THE STATE-OF-THE-ART APPROACHES IN TERMS OF MIOU (%) ON THE
PASCAL VOC 2012 TRAIN SETS. “Z”, “S”, AND “L” STAND FOR
SUPERVISION FROM IMAGE-LEVEL LABELS, SALIENCY MAPS, AND
LANGUAGE PROMPTS, RESPECTIVELY. “-” DENOTES THE RESULTS ARE
NOT REPORTED. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD NUMBER.

Method | Year Sup. | CAMs CRF Mask
CSENet [20] | ICCV21 T 56.0 62.8 -
ECSNet [21] | ICCV21 A 56.6 58.6 -

CDA [52] ICCV21 A 58.4 - 66.4
SIPE [32] CVPR22 v 58.6 64.7 68.0
AFA [27] CVPR22 A 55.4 - 68.7
P2PC [41] CVPR22 T 61.5 64.0 69.2
CLIMS [29] | CVPR22 T+ L 56.6 62.4 70.5
MCT [48] CVPR22 i 61.7 68.5 72.1
RCA [45] CVPR22 T+ S - - 73.2
BECO [38] CVPR23 A 65.5 - 70.9
ToCo [85] CVPR23 i 71.6 - 72.2
CLIP-ES [30] | CVPR23 T+ L 68.2 72.0 75.0
DuPL [18] CVPR24 A - - 75.1
CPAL [44] CVPR24 T+ L 71.9 - 75.8
PSDPM [92] | CVPR24 T+ L - - 77.3
MuP-VSS [43] | CVPR25 A 71.7 72.6 74.1
POT [33] CVPR2S T+ L 75.0 - 79.3
S2C [10] CVPR24 T 76.7 79.3 82.5
+Ours - T | 791(12.4) 80.8(11.5) 843(11.8)

of two datasets), while suppressing incorrect activations in
background regions, which is attributed to our capability of
eliminating pixel-level noisy labels. In the final column of two
datasets, we also show two failure examples, where the region
of “train” is not entirely and consistently highlighted, probably
due to its significant appearance diversity and extremely clutter
background. Even so, compared with other baselines, we
still effectively restrain background noisy activations. Fig. 8
also illustrates some visual qualitative results of CAMs, CRF
refinement outputs, and final pseudo-label masks, where object
boundaries and shapes are well delineated.

2) Segmentation Performance on PASCAL VOC 2012:
Table II reports the segmentation results compared with single-
stage and multi-stage baselines on PASCAL VOC 2012 val and
test sets. Whether a ResNet [10], [47] or Transformer [30],
[48] backbone is adopted, our method is able to consistently
improve performance. In particular, integrating our method
with S2C [10] leads to the highest mloU scores of 80.1%
and 79.5% on val and test set, respectively. We also discover
that the largest mloU gains (e.g., 3.3% and 3.8%) are obtained
when equipping with CLIP-ES [30], probably because of using

TABLE 11
SEGMENTATION RESULTS COMPARISON WITH THE STATE-OF-THE-ART
APPROACHES IN TERMS OF MIOU (%) oN PASCAL VOC 2012 VAL AND
TEST SETS. “Z”, “S”, AND “L” STAND FOR SUPERVISION FROM
IMAGE-LEVEL LABELS, SALIENCY MAPS, AND LANGUAGE PROMPTS. THE
BASELINES THAT ADDRESS NOISY LABEL LEARNING ARE HIGHLIGHTED IN
GRAY COLOR. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD NUMBER.

Method Year  Backbone Sup. \ Val Test
Single-stage WSSS:
AFA [27] CVPR22 MiT-BI A 66.0 66.3
TSCD [91] AAAI23 MiT-B1 A 67.3 67.5
ToCo [85] CVPR23  ViT-B A 71.1 72.2
DuPL [18] CVPR24 ViT-B T 73.3 72.8
WeCLIP [31] CVPR24 VIT-B I+ L| 764 77.2
CRME [13] CVPR25 ViT-B A 75.5 759
ExCEL [12] CVPR25 VIT-B T+ L| 784 78.5
Multi-stage WSSS:
MCIS [54] ECCV20 RI0I I4S 66.2 66.9
CDA [52] ICCV21 WR38 A 66.1 66.8
ECSNet [21] ICCV21 WR38 T 66.6 67.6
CSENet [20] ICCV2l  WR38 T 68.4 68.2
PSCL [42] ICLR21  RI101 A 69.5 71.6
P2PC [41] CVPR22 WR38 A 67.7 67.4
CLIMS [29] CVPR22 R50 ZI+L| 693 68.7
ADELE [37] CVPR22 WR38 /A 69.3 68.8
URN [39] AAAI22 RI101 T 69.5 69.7
SIPE [32] CVPR22  RI101 A 68.8 69.7
RCA [45] CVPR22 WR38 ZI+S 71.1 71.6
BECO [38] CVPR23  R50 T 72.1 71.8
CPAL [44] CVPR24 RI01 Z+4+L| 745 74.7
PSDPM [92] CVPR24 RI101 I+ L| 741 74.9
MuP-VSS [43] CVPR25 WR38 T 73.6 74.7
POT [33] CVPR25 RS0 ZI+L| 76.1 76.9
BAS [47] ICcv24 R50 A 69.6 69.9
+Ours - R50 T |725(12.9) 72.1(12.2)
CLIP-ES [30] CVPR23 VIiT-B I+ L| 711 71.4
+Ours - ViT-B T+ L|74.4(13.3) 74.2(13.8)
MCT [48] CVPR22  DeiT-S A 71.9 71.6
+Ours - DeiT-S T |75.1(13.2) 75.3(13.7)
S2C [10] CVPR24 WR38 T 78.8 78.1
+Ours - WR38 Z |80.1(1T1.3) 79.5(11.4)

text prompts as additional supervision. Another interesting
phenomenon is that adopting Transformer backbones (e.g.,
DeiT-S and ViT-B) always results in larger improvements
than ResNet families (e.g., R50 and WR38), averagely en-
hancing 1.2% and 1.9% mloU scores. This indicates that
incorporating more powerful pre-trained backbones will lead
to more accurate segmentation results. In particular, we also
highlight the baselines that address noisy label learning in
gray. Our method significantly improves these approaches,
yielding average gains of 7.5% and 7.3% on val and test
set, respectively. Fig. 9 shows qualitative comparison results
with several state-of-the-art methods [10], [30], [33]. As can
be seen, compared with the selected baselines, our approach
yields more consistent segmentation predictions with precisely
delineated object shapes and boundaries (e.g., “TV”, “bottle”,
“person”, “horse”, “sofa”, and “dog”), which are closer to the
ground truths.

3) Segmentation Performance on MS COCO 2014: In this
section, we carry out experiments on more challenging MS
COCO 2014 dataset to further demonstrate the effectiveness
of our method. The results are reported in Table III. Consistent
with Table II, our method achieves remarkable improvement
of mloU scores (e.g., 4.0%, 4.8%, 5.0%, and 1.5% when
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Fig. 9. Visual examples of semantic segmentation results on PASCAL VOC 2012 val set. From top to bottom are input image, corresponding ground truth,
and segmentation results from CLIP-ES [30], S2C [10], POT [33], and our approach, respectively. (Best viewed in color)

TABLE IIT
SEGMENTATION RESULTS COMPARISON WITH THE STATE-OF-THE-ART
APPROACHES IN TERMS OF MIOU (%) ON MS COCO 2014 VAL SET. “Z”,
“S”, AND “L” STAND FOR SUPERVISION FROM IMAGE-LEVEL LABELS,
SALIENCY MAPS, AND LANGUAGE PROMPTS. THE BASELINES THAT
ADDRESS NOISY LABEL LEARNING ARE HIGHLIGHTED IN GRAY COLOR.
THE BEST RESULTS ARE HIGHLIGHTED IN BOLD NUMBER.

Method Year Backbone  Sup. |
Single-stage WSSS:
AFA [27] CVPR22 MiT-B1 T 38.9
TSCD [91] AAAI23 MiT-B1 T 40.1
ToCo [85] CVPR23 ViT-B T 423
DuPL [18] CVPR24 ViT-B T 44.6
WeCLIP [31] CVPR24 ViT-B T+4+L 47.1
CRME [13] CVPR25 ViT-B T 47.2
ExCEL [12] CVPR25 ViT-B I+L 50.3
Multi-stage WSSS:
CDA [52] ICCV21 WR38 T 332
CSENet [20] ICCV21 WR38 T 36.4
RCA [45] CVPR22 VGGl6 I+S 26.7
URN [39] AAATI22 R101 T 40.7
MCT [48] CVPR22 DeiT-S A 42.0
BECO [38] CVPR23 R50 i 45.1
CPAL [44] CVPR24 R101 Z+L 46.8
PSDPM [92] CVPR24 R101 IT+L 47.2
MuP-VSS [43] CVPR25 WR38 T 46.6
POT [33] CVPR25 R50 IT+L 47.9
SIPE [32] CVPR22 R101 T 40.6
+Ours - R101 s 44.6(14.0)
MCT [48] CVPR22 DeiT-S T 42.0
+Ours - DeiT-S T 46.8(14.8)
CLIP-ES [30] CVPR23 ViT-B IT+L 454
+Ours - VITB  Z+L | 504(15.0)
S2C [10] CVPR24 WR38 T 50.4
+Ours - WR38 T 51.9(11.5)

combined with SIPE [32], MCT [48], CLIP-ES [30], and S2C
[10], respectively. In particular, when SIPE [32] is integrated,
we achieve comparable results with respect to [30], [38].
However, when the backbone is replaced with more powerful
DeiT-S [48] and ViT-B [30], our approach obtains higher
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Fig. 10. Visual examples of semantic segmentation results on MS COCO
2014 val set. From top to bottom are original images, corresponding ground
truth, and our segmentation outputs. (Best viewed in color)
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incremental enhancement than combined with [32], yielding
0.8% and 1.0% mloU improvement. It is also discovered that
our method outperforms all baselines that address noisy label
learning, which is once again consistent with Table II. More
specifically, it improves mloU scores by 11.2%, 7.3%, 6.8%,
and 1.5% compared to URN [39], DuPL [18], BECO [38], and
S2C [10], respectively. Fig. 10 also illustrates several visual
examples of segmentation outputs on MS COCO 2014 dataset.
It is evident that our approach effectively handles challenging
cases involving object occlusion (e.g., “surfboard”), complex-
shaped objects (e.g., “person”), and multiple object instances
(e.g., “apple”). It is worth to note that in the first example, our
method successfully segments the entire region of “bottle”,
even though the lower part of pixel-wise annotations are not
correctly available in ground truth.

4) Segmentation Performance on Cityscapes: This section
assesses the effectiveness of our method on small-scale dataset
Cityscapes [51]. Following [93], the input images are ran-
domly cropped into 512 x 1024 for fair comparison. Consistent
with the training protocol used for the PASCAL VOC and
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TABLE IV
SEGMENTATION RESULTS COMPARISON WITH THE STATE-OF-THE-ART
APPROACHES IN TERMS OF MIOU (%) ON CITYSCAPES VAL AND TEST
SETS. “Z” AND “L” STAND FOR SUPERVISION FROM IMAGE-LEVEL
LABELS AND LANGUAGE PROMPTS. THE BEST RESULTS ARE
HIGHLIGHTED IN BOLD NUMBER.

Method Year Backbone  Sup. ‘ Val Test
CAM [14] CVPRI16  ViIT-B T 33.0 332
CLIMS [29] CVPR22 R50 I+L 18.1 18.0
CLIP-ES [30] CVPR23 R101 IT+L 354 35.0
CARB [93] AAAI24 R50 IT+L 52.1 51.8
+Ours - R50 T+ L | 53.8(T1.7) 53.4(11.6)
TABLE V

ABLATION STUDIES FOR OBJECT BOUNDARY ACCURACY IN TERMS OF
F-SCORE (%) ON PASCAL VOC 2012 AND MS COCO 2014 DATASETS.
“BW?” STANDS FOR BOUNDARY WITH (PX). “-/-” INDICATES THE RESULTS

ON TWO DATASETS, RESPECTIVELY.

BW \ 1 2 3
PSDPM [92] 76.8/47.1 79.9/50.1 84.4/54.7
MuP-VSS [43] 76.2/46.4 79.2/49.4 83.0/53.6
POT [33] 78.3/47.7 81.5/50.9 85.2/55.1
S2C [10] 80.1/49.3 83.8/52.2 88.0/56.8
S2C+Ours 81.5/50.6 84.1/53.8 88.6/57.3

MS COCO, we first initialized the backbone network with
pre-trained weights from [93], and then fine-tune it using
our proposed method. The results are reported in Table IV.
Consistent with the results reported in Table II and Table III,
when combined with CARB [93], our approach still achieves
remarkable improvements, yielding 53.8% and 53.4% mloU
scores in val and test set, respectively.

5) Performance for Object Boundary Accuracy: Although
the segmentation results in Fig. 9 and Fig. 10 have shown that
object boundaries and shapes are well delineated, this section
still evaluates the object boundary accuracy in terms of F-score
at different thresholds [94], [95]. Ideally, we hope our method
works well in the strictest regime (e.g., smallest boundary
width), where the estimated boundaries are expected to exactly
match the ground truth. As a result, we first perform boundary
detection on segmentation outputs and corresponding ground
truth, then the experiments are conducted by reducing bound-
ary width step-by-step. The results are reported in Table V.
It is discovered that, compared with selected baselines [10],
[33], [43], [92], our approach averagely improves 3.4 and 2.8
F-score, respectively. Particularly, our method achieves 3.7 and
3.0 F-score improvement in the strictest regime (width = 1px).

6) Comparison of Implementing Efficiency: This section
compares the implementing efficiency between our method
and several selected state-of-the-art baselines [10], [30], [32],
[48]. The results are reported in Table VI. It is observed that
when our system is integrated with the baseline backbones,
the model size and GFLOPs are consistently reduced, while
inference speed is uniformly improved. In particular, when
combined with S2C [10], the model size and GFLOPs are
approximately decreased by 81.3% and 94.3%, respectively,
only achieving 123.2M model parameters with 156.8 GFLOPs.
This advantage mainly stems from the exclusion of a frozen
SAM [40] foundation model that dominates both model size
and computational costs in [10]. Notably, the SAM [40] model

Table

Fig. 11. Visual examples of the improvement in CAMs using different
components on PASCAL VOC 2012 dataset. For clarity, the associated
semantic labels are superimposed on the top-right of each results. From left
to right are input images, CAMs produced from baselines, baselines+DFSM,
baselines+DFSM+Erosion, and entire our method. (Best viewed in color)

TABLE VI
COMPARISON OF IMPLEMENTING EFFICIENCY IN TERMS OF MODEL SIZE,
FLOPs, AND FPS.

Method | Params(M) | FLOPs(G) | FPS 1
SIPE [32] 63.7 56.8 25.0
+Ours 57.1(010.4%)  462(118.7%)  38.2(152.8%)
MCT [48] 85.7 38.8 39.2
+Ours 54.6(136.3%) 32.3116.8%) 42.2(17.7%)
CLIP-ES [30] 135.6 102.4 16.4
+Ours 91.4(132.6%)  84.6(117.4%)  21.3(129.9%)
S2C [10] 657.1 2733.6 12.1
+Ours 123.2(]81.3%) 156.8(94.3%) 14.9(123.1%)

TABLE VII
ABLATION STUDIES FOR THE CONTRIBUTION OF EACH COMPONENT IN
TERMS OF CAM MIoOU (%), MODEL SIZE, AND GFLOPS oN PASCAL
VOC 2012 DATASET.

Baseline DFSM Erosion FSCM ‘ Params(M) FLOPs(G) mloU
D A. |
v 44.54 39.78 58.6
v v 44.54 39.78 59.3
v v 57.12 44.08 59.8
v v v 57.12 44.08 60.3
v v v v 57.12 44.08 60.7
v v v v v 57.12 46.22 62.1

is no longer required during the inference phase, resulting in
a slight improvement in running speed (14.9FPS vs 12.1FPS
for the baseline) of our approach.

D. Ablation Studies

To better understand the underlying behavior of our method,
this section reports the results of a series of ablation studies.

1) Ablation Studies of Different Components: This section
evaluates the contribution of each component to the improve-
ment of CAMs. We start from establishing a baseline based
on [32], then DFSM, Erosion, and FSCM are sequentially
introduced. To further assess the individual contributions of
feature similarity maps A, and normalized location maps D
within DFSM, we exclude one component while remaining
the rest. Note when only DFSM is introduced, we produce
pseudo-label masks E; and E. from M, and M, according to
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Fig. 12. Visual examples of the improvement in CAMs at different iterations throughout the training phase on the PASCAL VOC dataset. From left to right
are original images, ground truth, and produced CAMs in different iterations, ranged from 500 to 3000 with updated step 500. (Best viewed in color)

TABLE VIII
ABLATION STUDIES FOR DIFFERENT CONTRASTIVE LEARNING
STRATEGIES IN TERMS OF CAM MIOU (%) oN PASCAL VOC 2012 AND
MS COCO 2014 DATASET.

Method Pixel-to-prototype  Pixel-to-segment Ours

Dataset [41] [45] )
PASCAL VOC 2012 [15] 59.7 60.8 62.1
MS COCO 2014 [50] 35.5 36.4 38.1

II-A2, respectively. Except the baseline that directly creates
CAMs using classification head, other ablation studies utilize
developed contrastive loss to produce CAMs. The results
are reported in Table VII. In general, performance improves
progressively with the sequential introduction of each com-
ponent. When only the baseline is employed, we achieve the
poorest performance of 58.6 % mloU score. The introduction
of DFSM results in a significant improvement of 1.7% mloU.
More specifically, A, and D contribute an increase of 1.2%
and 0.7% mloU, respectively, highlighting the essential role
of feature affinity in calibrating noisy CAMs. The simple
erosion operation leads to a slight improvement of 0.4% in
performance. Finally, by introducing FSCM, our contrastive
learning strategy enhances the performance to 62.1% mloU.
Table VII also reports the computational complexity for each
individual component in terms of model size and GFLOPs.
The entire method only requires 57.12M model size and
46.22GFLOPs. Note only the linear transformation in com-
puting A, requires parameters, while other components are
parameter-free. Among all components, the backbone network
(baseline) dominates the model size and computational costs,
demonstrating that our method is parameter-efficient and easy
to implement. In Fig. 11, we also display some visual results.
As more components are progressively introduced, the accu-
racy of the CAMs continues to increase, consistenting with
the results reported in Table VII.

2) Ablation Studies for Developed Contrastive Learning:
As multiple positive training pairs are considered in Eq. (17),
it is essential to compare our approach with existing pixel-to-
prototype [41] and pixel-to-segment [45] contrastive methods,

TABLE IX
ABLATION STUDIES FOR ITERATIVE TRAINING IN TERMS OF CAM MIoU
(%) ON PASCAL VOC 2012 AND MS COCO 2014 DATASET.

Epochs
m ‘ 2 4 6 8 10

PASCAL VOC 2012 [15] 43.9 54.7 58.4 61.3 62.1
MS COCO 2014 [50] 27.5 32.8 35.7 37.1 38.1

both of which rely solely on a single positive training pair in
their loss functions. Concretely, we vary only the contrastive
loss while keeping the rest of our system fixed. In the first
setting, we directly substitute Eq. (17) with the traditional
loss function of [41]. In the second setting, following [45],
an average pooling is applied to the masked feature set F to
produce segment-based prototypes, which are then used in sub-
sequent pixel-to-segment contrast. The results are presented
in Table VIIL. It is clear that our contrastive learning strat-
egy outperforms conventional approaches, achieving average
improvements of 1.9% and 2.2% mloU on two datasets.

3) Ablation Studies for Iterative Training: To present how
our method refines incomplete activations while calibrating
incorrect ones, this section evaluates the improvement of
CAMs along with the increase of training epochs. Table IX
reports the quantitative results on PASCAL VOC and MS
COCO datasets. It is observed that the mloU scores gradually
improve throughout the training phase. Fig. 12 provides visual
examples at different training iterations on PASCAL VOC
dataset. The qualitative results demonstrate that regardless of
whether the input images contain single (first two examples)
or multiple object instances (last two examples), our method
effectively eliminates noisy activations in the background
while highlighting the entire object regions step-by-step.

E. Analysis of Parameter Settings

1) Effect of memory bank size: The size of memory bank
determines how many prototypes are enough to fight against
noisy labels, significantly influencing the trade-off between the
representation capability, occupied storage space, and compu-
tational efficiency in our contrastive learning paradigm. We
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TABLE X
PARAMETER ANALYSIS FOR MEMORY BANK SIZE N IN TERMS OF CAM
MIoU (%), MEMORY, AND GFLOPs oN PASCAL VOC 2012 SET.

N | 100 300 500 700 900

Memory (M) 4.1 12.3 20.5 28.7 36.9

FLOPs (G) 8.59 25.64 4291 64.36 81.38

mloU (%) 61.2 61.8 62.1 62.2 62.3
TABLE XI

PARAMETER ANALYSIS FOR CONFIDENCE THRESHOLD 7 AND LOSS
WEIGHT A IN TERMS OF CAM MIOU (%) oN PASCAL VOC 2012 SET.

M 0.5 0.6 0.7 0.8 0.9

0.05 56.1 59.8 60.9 61.7 61.4

0.10 54.8 60.4 61.3 62.1 61.8

0.15 529 59.9 61.4 61.9 61.6

0.20 51.5 59.6 61.1 61.5 61.3
TABLE XII

PARAMETER ANALYSIS FOR MOMENTUM WEIGHT 7y IN TERMS OF CAM
MIoU (%) oN PASCAL VOC 2012 SET.

vy |01 02 03 04 05 06 07 08 09 1
mloU | 60.1 604 602 605 609 61.1 614 618 621 587

thus evaluate the performance variance along with the changes
of prototype number IV, ranged from 100 to 900 with updated
step 200. The results are reported in Table X. It reveals that
smaller N leads to insufficient ability to represent the diversity
of each category. In contrast, a larger N offers only slight
improvements yet requires significantly huge computational
budgets. The best trade-off is achieved when N = 500, thus
chosen as default setting in our memory bank B.

2) Effect of Confidence Threshold and Loss Weight: Among
all hyper-parameters, confidence threshold 7 and loss weight
) are essential to the final performance. This section evaluates
the effect by jointly tuning two parameters together, where n
varies in the range of [0.5, 0.9] in step 0.1, while A changes in
the range of [0.05, 0.20] in step 0.05. The results are reported
in Table XI. When 7 is too small, the performance drops
drastically, as the pseudo-label masks become unreliable. It
is also observed that the mloU scores peak at n = 0.8 and
A = 0.1, which are opt to default settings in our method.

3) Effect of Momentum Weight: Momentum weight ~ af-
fects the update of prototypes that controls the representation
capability of memory bank, thus playing a significant role in
our contrastive learning. As a result, we conduct experiments
by changing « and report the results in Table XII. Note v =1
denotes there is no evolution of prototypes, and the memory
bank is only determined by initialization, thus leading to the
drastic drop of mloU scores. In addition, we also observe that
the performance slightly fluctuate along with the change of ~,
and the highest mloU score is obtained when v = 0.9.

V. CONCLUSION REMARKS AND FUTURE WORK

In this paper, we formulate WSSS as a noisy label correc-
tion problem, where incomplete and incorrect activations are
considered as pixel-level noisy labels. By applying expansion

and shrinking operations, robust and reliable pseudo-labels are
produced for constructing positive and negative training pairs.
Under the supervision of these training pairs, we propose a
developed contrastive learning strategy that utilizes multiple
positive pairs to learn more robust feature representations,
thereby facilitating the calibration of noisy labels in CAMs
step-by-step. Extensive experiments demonstrate the effective-
ness of our method on PASCAL VOC 2012, MS COCO 2014,
and Cityscapes datasets. One limitation of our method is the
inability to effectively handle substantial appearance variations
and extremely clutter backgrounds, as the failure cases shown
in Fig. 7. In the future, we aim to leverage foundation models
(e.g., CLIP [56] and SAM [40]) to deal with this challenge.
In addition, we would like to expand our work to a broader
spectrum of weakly-supervised scenarios, such as video-based
segmentation [5] and crowd density estimation [96].
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