
Received: 12 August 2025

Revised: 6 September 2025

Accepted: 9 September 2025

Published: 12 September 2025

Citation: Zhou, X.; Tang, Z.

Enhanced Pseudo-Labels for

End-to-End Weakly Supervised

Semantic Segmentation with

Foundation Models. Appl. Sci. 2025,

15, 10013. https://doi.org/

10.3390/app151810013

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Enhanced Pseudo-Labels for End-to-End Weakly Supervised
Semantic Segmentation with Foundation Models
Xuesheng Zhou 1 and Zhenzhou Tang 2,*

1 School of Computer and Information Engineering, Fuyang Normal University, Fuyang 236037, China;
zxs@fynu.edu.cn

2 Wenzhou Key Laboratory for Intelligent Networking, Wenzhou University, Wenzhou 325035, China
* Correspondence: mr.tangzz@gmail.com

Abstract

Weakly supervised semantic segmentation (WSSS) aims to learn pixel-level semantic con-
cepts from image-level class labels. Due to the simplicity and efficiency of the training
pipeline, end-to-end WSSS has received significant attention from the research community.
However, the coarse nature of pseudo-label regions remains one of the primary bottlenecks
limiting the performance of such methods. To address this issue, we propose class-guided
enhanced pseudo-labeling (CEP), a method designed to generate high-quality pseudo-
labels for end-to-end WSSS frameworks. Our approach leverages pretrained foundation
models, such as contrastive language-image pre-training (CLIP) and segment anything
model (SAM), to enhance pseudo-label quality. Specifically, following the pseudo-label
generation pipeline, we introduce two key components: a Skip-CAM module and a pseudo-
label refinement module. The Skip-CAM module enriches feature representations by
introducing skip connections from multiple blocks of CLIP, thereby improving the quality
of localization maps. The refinement module then utilizes SAM to refine and correct the
pseudo-labels based on the initial class-specific regions derived from the localization maps.
Experimental results demonstrate that our method surpasses the state-of-the-art end-to-end
approaches as well as many multi-stage competitors.

Keywords: weakly supervised semantic segmentation; pseudo-label; foundation model;
CLIP; SAM

1. Introduction
Fully supervised semantic segmentation (FSSS) relies heavily on pixel-level anno-

tations for model training, which are typically expensive and labor-intensive to acquire.
Alternatively, weakly supervised semantic segmentation (WSSS) attempts to learn semantic
segmentation models using weaker annotations, such as image-level labels [1,2], bound-
ing boxes [3,4], or scribbles [5,6]. Based on different training paradigms, WSSS methods
can be categorized into multi-stage and single-stage (end-to-end) approaches. Recently,
end-to-end WSSS [7,8] has attracted significant attention due to its concise and straight-
forward training pipeline. End-to-end WSSS methods commonly employ pseudo-labels
as supervision signals to train semantic segmentation networks. End-to-end approaches,
such as AFA [7] and ToCo [8], also focus on improving the quality of pseudo-labels. For in-
stance, ToCo [8] and WeCLIP [9] replace pseudo-labels with ground-truth labels (which
can be regarded as the highest-quality pseudo-labels) as supervision signals for training
segmentation networks, and experimental results demonstrate significant improvements in
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segmentation performance. Therefore, the quality of pseudo-labels providing supervision
signals is one of the key factors in enhancing segmentation performance.

Both multi-stage and end-to-end WSSS approaches typically employ class activation
maps (CAM) [10] or its variants to generate initial localization maps. However, CAM usu-
ally focuses only on highly discriminative regions. Recently, several studies have attempted
to incorporate contrastive language-image pre-training (CLIP) [11] into WSSS frameworks.
CLIP, trained on approximately 400 million image–text pairs, exhibits strong image–text
alignment capabilities and robust image representation power. Previous studies [9,12] have
demonstrated that CLIP possesses remarkable object localization abilities and has been
employed to enhance CAM performance. Nevertheless, directly utilizing CAM derived
from CLIP for constructing pseudo-labels still encounters issues such as coarse localiza-
tion and ambiguous boundaries, leaving considerable room for further improvement in
pseudo-label quality.

Furthermore, another foundational model, the segment anything model (SAM) [13],
has recently been introduced into WSSS frameworks. SAM demonstrates remarkable zero-
shot generalization capability, enabling accurate segmentation of previously unseen objects
without additional training, thus providing high-quality masks for downstream tasks.
However, masks generated by SAM typically lack class discriminability, and their quality
greatly depends on the provided input prompts. Existing studies [14,15] generally employ
SAM either for pseudo-label refinement or as a supervisory signal for CAM generation net-
works, both of which fall under the category of multi-stage WSSS methods. Consequently,
exploring how to further leverage SAM to refine pseudo-labels while improving the quality
of CLIP-generated CAMs, particularly within an end-to-end WSSS framework, remains an
open and promising research direction.

To address these challenges, we propose a novel class-guided enhanced pseudo-
labeling (CEP) framework for end-to-end WSSS. Specifically, we first introduce a skip-
connected CAM (Skip-CAM) module, which integrates features from multiple intermediate
layers via skip connections into the final block, extracting richer feature information to con-
struct higher-quality localization maps. Building upon this, CEP incorporates a SAM-based
pseudo-label refinement module to further optimize the initial pseudo-labels. In detail, this
module employs coarse class regions derived from initial pseudo-labels as guidance to gen-
erate point prompts. SAM then produces multiple candidate class-related semantic regions
based on these prompts. By combining these regions with the original class regions, our
method selectively fuses them to generate refined pseudo-labels with enhanced precision
and clear boundaries.

The main contributions of this paper are summarized as follows:

• We propose the CEP method, enabling high-quality online pseudo-label generation
for end-to-end WSSS.

• We introduce the Skip-CAM and pseudo-label refinement modules to improve the
quality of localization maps and the accuracy of pseudo labels, respectively, based on
the pseudo-label generation pipeline.

• Experimental results on PASCAL VOC 2012 and COCO 2014 demonstrate that our
approach significantly outperforms existing state-of-the-art methods.

2. Related Work
2.1. Fully Supervised Semantic Segmentation

Traditional image segmentation methods typically rely on feature or classification
approaches. Classical feature techniques include histogram of oriented gradients [16] and
scale-invariant feature transform [17], while classification techniques include support vector
machines [18] and random forests [19]. Compared to deep learning-based segmentation
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methods, traditional approaches generally require more domain knowledge for handcrafted
feature design, but they still hold broad utility in certain scenarios.

Early deep learning segmentation methods were commonly built upon convolutional
neural network (CNN) frameworks, such as FCN [20] and DeepLab [21]. In recent years,
Vision Transformer (ViT)-based approaches have gained increasing popularity. Owing
to the ability of the self-attention mechanism to effectively capture global semantic in-
formation, ViT [22] has been widely adopted as a backbone network for segmentation
models to enhance performance. For instance, PVT [23] introduces a pyramid vision trans-
former for semantic segmentation, achieving competitive performance while reducing
computational cost. Mask2Former [24] further proposes a segmentation framework that
integrates a Transformer decoder with masked attention and a pixel decoder, thereby
attaining stronger general-purpose segmentation capability. However, fully supervised
deep learning methods for semantic segmentation depend heavily on large-scale pixel-level
annotations, the acquisition of which is typically resource-intensive.

2.2. Weakly Supervised Semantic Segmentation

Weakly supervised semantic segmentation approaches generally fall into two solutions:
multi-stage methods and end-to-end (i.e., single-stage) methods.

Multi-stage methods divide pseudo-label generation and semantic segmentation
network training into separate stages. Typically, such methods include three stages:
(1) localization map generation, where initial localization maps are produced using tech-
niques like CAM for coarse localization; (2) pseudo-label generation, which involves
refining localization maps into pseudo-labels; and (3) semantic segmentation network train-
ing, where the pseudo-labels supervise segmentation network training. AffinityNet [25]
and IRN [1] are typical multi-stage solutions. For example, IRN initially trains a ResNet-
based [26] multi-label classifier to generate localization maps, subsequently trains an IRNet
to refine these maps into pseudo-labels, and finally uses these labels to supervise a DeepLab
segmentation model [21]. Later methods, such as ReCAM [27] and AMN [28], focus on
improving localization map quality. Furthermore, some studies (e.g., MCTformer [29] and
CTI [2]) leveraged Transformer models for superior localization. Additionally, BBAM [4]
and CDL [30] utilize bounding boxes and scribbles, respectively, as extra supervision to
enhance WSSS performance. The training process of multi-stage WSSS methods is relatively
cumbersome, as different models need to be trained for different target stages. Therefore,
recent research has increasingly favored end-to-end WSSS.

Early end-to-end methods typically employed CNNs as backbone networks, jointly
training for image classification and semantic segmentation. These methods most focus on
extracting high-quality supervision from CNNs. For instance, RRM [31] employs WideRes-
Net38 [32] as a backbone network, using a classification branch to generate CAM and
further produce pseudo-labels. However, due to the limited local receptive fields of CNNs,
recent methods have adopted Transformers [33] as backbone networks. The self-attention
mechanism in Transformers better captures global contexts, addressing the limitations of
CNNs and more effectively identifying entire object regions. For example, AFA [7] extracts
semantic-level affinity via multi-head self-attention in Mix Transformer [34], refining initial
coarse pseudo-labels. Additionally, DuPL [35] introduced a dual-student framework and
progressive learning to enhance pseudo-label quality. However, traditional models such
as CNNs and ViTs, when used as backbones, struggle to provide more precise localiza-
tion information and higher-quality semantic features. This limitation hinders the further
performance improvement of end-to-end methods.
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2.3. CLIP and SAM

Recently, a new trend in WSSS involves utilizing large-scale pre-trained foundational
models such as CLIP [11] and SAM [13] to further boost performance.

The CLIP model, consisting of an image encoder and a text encoder, is pre-trained on
datasets comprising hundreds of millions of image–text pairs, demonstrating exceptional
cross-modal generalization capabilities and superior performance on numerous down-
stream zero-shot tasks. Consequently, recent multi-stage WSSS approaches have begun
integrating CLIP into their frameworks. For example, CLIMS [36] introduces CLIP in
classifier training stage to activate more complete object regions and suppress background
noise. WeakCLIP [37] leverages CLIP’s pre-trained knowledge to build text-to-pixel match-
ing, refining initial CAMs for more accurate pseudo-labels. CLIP-ES [12] incorporates
softmax into GradCAM [38] and uses attention-based affinity mechanisms to construct
more precise CAMs. Regarding end-to-end methods, WeCLIP [9] utilizes CLIP as the image
encoder backbone, employing CLIP-ES to create high-quality supervision and achieving
impressive performance.

SAM [13] is pre-trained on an extremely large-scale dataset containing 11 million im-
ages and over 1 billion masks. The model, consisting of an image encoder, prompt encoder,
and mask decoder, exhibits strong segmentation generalization and flexible applicability
across various downstream vision tasks. Unlike CLIP, which emphasizes image–text seman-
tic matching, SAM focuses specifically on fine-grained instance segmentation and boundary
recognition. Recently, SAM has been introduced into the WSSS domain, demonstrating
significant potential in weakly supervised scenarios. Specifically, FMA [14] employs CLIP
as a backbone for pseudo-label generation, learning classification and semantic prompts
for image classification and seed segmentation tasks, subsequently generating seed maps
with SAM. S2C [15] directly transfers SAM knowledge into the classifier training stage to
produce enhanced localization maps.

CLIP and SAM exhibit complementary advantages in functionality. CLIP is capable of
extracting high-quality semantic features from images and generating highly accurate initial
localization information, while SAM possesses strong fine-grained segmentation capability,
which can be utilized to refine the pseudo-labels produced by CLIP. Therefore, this work
aims to simultaneously improve localization map quality and pseudo-label accuracy by
leveraging CLIP and refining pseudo-labels through SAM, ultimately generating high-
precision pseudo-labels suitable for end-to-end WSSS.

3. Method
The proposed method comprises three main modules: a feature extraction module,

which extracts feature information from the input image; a Skip-CAM module, which
utilizes skip connections from multiple blocks to obtain multi-level features for generating
high-quality localization maps; and a pseudo-label refinement module, which employs
rough class regions from initial pseudo-labels as guidance for SAM to generate refined
pseudo-labels. Figure 1 illustrates the framework of our method.

3.1. Feature Extraction Module

CLIP’s image encoder has two architectures, ResNet [26] and ViT [22]; we adopt the
ViT architecture in this work. Given an input image I ∈ R3×H×W , where H and W denote
image height and width, respectively, the image I is input to SAM’s image encoder to
extract features Fs. Concurrently, the image is input to CLIP’s image encoder to obtain
token features Tl from L block layers, with l indexing the block layer and L representing the
total number of blocks. Additionally, the image class label c is used to construct a textual
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prompt input into CLIP’s text encoder, resulting in text features Fc
txt. The background

classes are likewise encoded into text features Fbg
txt.
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Figure 1. An overview of the proposed CEP framework.

3.2. Skip-CAM Module

Skip connections, widely adopted in deep neural networks, allow cross-layer infor-
mation flow. This Skip-CAM module utilizes skip connections to aggregate rich feature
information for generating localization maps. Specifically, for the token features Tl from
the l-th block (l < N) , we first pass them through the last block of CLIP’s image encoder.
The output is compared to the target class and background classes text features Fc

txt and
Fbg

txt to compute feature similarity scores, and the softmax function is applied to produce
the target class scores yl,c. Algorithm 1 illustrates the process of Skip-CAM.

In this process, we also obtain the normalized features Tl
norm, corresponding to Tl ,

from the first layer normalization in the N-th block, excluding the class token feature. Then,
we compute the gradients of the target class score yl,c with respect to Tl

norm:

∇Tl,c
norm =

∂yl,c

∂Tl
norm

. (1)
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Algorithm 1: Skip-CAM: Generating Init Localization Maps

Input: Input image I ∈ R3×H×W ;
# As an illustrative example, the input image of size 320 × 320 with a single
foreground class.
CLIP image encoder with N blocks, where token features from the l-th block are
denoted by Tl ; # Tl : 401× 1× 768
Text features: target class Fc

txt and background class Fbg
txt;

# Fc
txt: 1× 512. Fbg

txt: 25× 512
Number of skip-connected blocks Nskip (default: {N−Nskip, . . . , N−1}).
Output: Initial localization map Mc

init ∈ Rh×w

Initialization:
Define the skip connection index set L = { l | l = N − Nskip, . . . , N − 1 };
Initialize F ← [ ] and G ← [ ].
for l ∈ L do

Pass Tl through the final block of CLIP’s image encoder to obtain T̂l ;

yl,c = Classifier
(
T̂l , [Fc

txt, Fbg
txt]

)
Extract normalized token Tl

norm from the first LayerNorm of the N-th block;
Remove Class token and reshape:

Tc,orig
norm = reshape

(
Tc,orig

norm [1:, ], 1, 768, 20, 20
)

# Processed ∇Tl,c
norm shape: 1× 768× 20× 20.

Compute the gradient ∇Tl,c
norm =

∂yl,c

∂Tl
norm

;

Append Tl
norm to F and ∇Tl,c

norm to G.

Feature and Gradient Fusion:

Compute the average normalized features and gradients: Tnorm =
1
|L| ∑l∈L Tl

norm,

∇Tl,c
norm =

1
|L| ∑l∈L∇Tl,c

norm.

Linear Combination Weights:
# Tnorm,wgt : 1× 768× 1× 1.
Average the gradients along spatial dimensions to obtain channel weights:

Tnorm,wgt =
1

hw ∑i ∑j∇Tl,c
norm,i,j.

Localization Map Generation:
# Mc

init : 1× 20× 20.
Perform channel-wise linear combination followed by ReLU activation:

Mc
init = ReLU

(
Tnorm ⊙ Tnorm,wgt

)
, where ⊙ denotes element-wise multiplication

and aggregation across channels.
Min-Max Normalization:

Normalize the localization map to [0, 1]: Mc
init ←

Mc
init −min(Mc

init)

max(Mc
init)−min(Mc

init)
.

return Mc
init.

Next, we fuse the feature information from different skip connections by averaging.

The fused features Tnorm, and their gradients ∇Tl,c
norm are computed as follows:
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Tnorm =
1

Nskip

N−1

∑
l=N−Nskip−1

Tl
norm, ∇Tl,c

norm =
1

Nskip

N−1

∑
l=N−Nskip−1

∇Tl,c
norm, (2)

where Nskip denotes the number of blocks involved in the skip connections. Notably,
for l = N − 1, it is a normal connection.

We compute linear combination weights Tnorm,wgt by averaging ∇Tl,c
norm along the

height and width dimensions. The linear combination weights of the features Tnorm,
Tnorm,wgt, can be calculated as

Tnorm,wgt =
1

hw ∑
i

∑
j
∇Tl,c

norm,i,j, (3)

where h and w represent the height and width of the gradients. The initial localization map
Mc

init is computed by
Mc

init = ReLU(Tnorm ⊙ Tnorm,wgt), (4)

where ⊙ denotes element-wise multiplication, and ReLU is used to remove negative
weights. Next, we apply min–max normalization to Mc

init:

Mc
init =

Mc
init −min(Mc

init)

max(Mc
init)−min(Mc

init)
. (5)

Each element of the normalized map Mc
init represents confidence for class c. To mitigate

noise, the confidence map Mc
con f is defined as

Mc
con f (i, j) =

1, if Mc
init(i, j) > τ

0, otherwise
, (6)

where τ is the confidence threshold. Following CLIP-ES [12], we refine Mc
con f using

semantic affinity operations to yield the final refined localization map Mc.

3.3. Pseudo-Label Refinement Module

First, we generate the initial pseudo-label Mp,init by selecting the maximum index
along the class dimension from localization maps of all foreground classes.

To avoid blindly generating prompt points, we selectively construct point prompts
based on class regions in the initial pseudo-label Mc

p,init for the target class c. The input
image I is divided into an Hp ×Wp regular grid, and the center points of these grids form
a candidate set Pcand. We filter candidate points within the target class c:

Pc = p ∈ Pcand | Mc
p,init(p) = True, (7)

where Pc represents the selected points for the target class c.
These foreground points Pc and features Fs are input into the SAM model, producing

semantic mask sets Mc
sem. We filter masks Mc

sem,i based on intersection-over-union (IoU)
with the following target class pseudo-label mask:

Mc
new = Mc

sem,i | IoU(Msem,i, Mc
p,init) > δ, (8)

where δ denotes the selection threshold. Finally, the selected semantic masks Mc
new are

merged to obtain the final refined pseudo-label Mc
p for the target class c.
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4. Experiment
4.1. Datasets

We evaluate the proposed method on two widely used benchmarks for WSSS: PASCAL
VOC 2012 [39] (VOC 2012) and MS COCO 2014 [40] (COCO 2014). The PASCAL VOC
2012 contains 20 foreground categories and one background class and is split into training,
validation, and test sets with 1464, 1449, and 1456 images, respectively. Following prior
works [27,28], we train on the augmented training set provided by SBD [41], which consists
of 10,582 images. The MS COCO 2014 dataset comprises 81 categories (including one
background class), with approximately 80 k training images and 40 k validation images.
Many images in this dataset exhibit complex scenes with multiple objects and categories,
making it a challenging benchmark for WSSS.

To quantitatively assess segmentation performance, we adopt mIoU as the evaluation
metric. mIoU captures the overall segmentation accuracy between foreground classes and
background and is the standard metric for measuring the effectiveness of WSSS methods.

4.2. Implementation Details

For localization map generation, we adopt the pre-trained ViT-B/16 CLIP model [11].
The number of transformer blocks N is 12, and the number of skip connections Nskip is 3.
The confidence threshold τ is set to 0.4 on PASCAL VOC 2012 and to 0.7 on MS COCO 2014.
For pseudo-label refinement, we use the pre-trained SAM ViT-B model [13] with an input
resolution of 512× 512. In our method, both CLIP and SAM are kept frozen. For candidate
points, both Hp and Wp are set to 16, and the IoU filtering threshold δ is 0.5.

We integrate the proposed CEP into the end-to-end WeCLIP framework [9] for online
pseudo-label generation. Therefore, the WeCLIP is used as the comparative baseline in
this paper. Table 1 reports the relevant settings. For training, following the WeCLIP setup,
we use batch sizes of 4 and 8 for VOC 2012 and COCO 2014, respectively. Optimization is
performed using the AdamW optimizer with an initial learning rate of 2× 10−3. Training is
conducted for 30,000 iterations on VOC 2012 and 80,000 iterations on COCO 2014, with an
input scale of 320× 320. During the testing phase, the use of multi-scale inputs and CRF
is a common practice in WSSS; for example, ToCo [8], DuPL [35], and WeCLIP [9] all
employ these strategies. WeCLIP is used as the baseline in this paper. Specifically, for a fair
comparison, we follow the testing settings of WeCLIP, which adopt multi-scale factors of
0.75 and 1.0, along with flipping and DenseCRF [42] post-processing.

Table 1. Implementation configuration details. LR: learning rate. BS: batch size.

Dataset CLIP SAM Optimizer LR BS Seed Iterations

VOC 2012 ViT-B/16 ViT-B AdamW 2× 10−3 4 1 3× 104

COCO 2014 ViT-B/16 ViT-B AdamW 2× 10−3 8 1 8× 104

In addition, it should be noted that the software configuration for the experiments
in this study consisted of Python 3.10, PyTorch 2.1, Torchvision 0.16, and CUDA 12.1.
The training is conducted on a single NVIDIA RTX 3090Ti.

4.3. Comparison with State-of-the-Art Methods

We conduct comprehensive comparisons between the proposed WeCLIP+CEP method
and existing multi-stage as well as end-to-end WSSS approaches on the PASCAL VOC
2012 and MS COCO 2014 datasets. The methods that adopt CLIP belong to the category
of language-supervised approaches and are denoted by L. In addition, we also indicate
which methods utilize the SAM model.
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Table 2 presents the performance comparison between our method and several repre-
sentative state-of-the-art techniques on the PASCAL VOC 2012 dataset. As shown, the pro-
posed WeCLIP+CEP achieves a 3.1% mIoU improvement over the WeCLIP baseline on the
validation set, reaching 79.5% mIoU. Among end-to-end WSSS methods, WeCLIP+CEP
sets a new performance record, outperforming recent methods such as MoRe [43], FFR [44],
and SeCo [45] by 3.1%, 3.5%, and 5.5% mIoU, respectively. Even when compared with
multi-stage methods, WeCLIP+CEP remains highly competitive. In particular, it surpasses
the recent SAM-based S2C [15] method by 1.3% mIoU and outperforms CLIP-ES+POT [46]
by 3.4% mIoU on the VOC 2012 validation set.

Table 2. Comparison of state-of-the-art approaches on the PASCAL VOC 2012 val set. mIoU (%) as the
evaluation metric. Sup. denotes the supervision type. I: image-level supervision. L: language supervision.

Method Backbone Sup. Val

multi-stage weakly supervised methods

BECOCVPR′23 [47] MIT-B2 I 73.7
ACRCVPR′23 [48] ResNet38 I 72.4
MCTformerCVPR′22 [29] ResNet38 I 70.4
MCTformer + OCRCVPR′23 [49] ResNet38 I 72.7
USAGEICCV′23 [50] ResNet38 I 71.9
MCTformer + LPCAMCVPR′23 [51] ResNet38 I 72.6
DiGECCV′24 [52] ResNet38 I 73.9
CTICVPR′24 [2] ResNet38 I 74.1
MuP-VSSCVPR′25 [53] ResNet38 I 73.6
S2CCVPR′24 [15] ResNet38 I + SAM 78.2
ReCAMCVPR′22 [27] ResNet101 I 68.5
AMNCVPR′22 [28] ResNet101 I 69.5
CDLI JCV′23 [30] ResNet101 I 72.4
CLIMSCVPR′22 [36] ResNet101 I + L 70.4
CLIP-ESCVPR′23 [12] ResNet101 I + L 73.8
CLIP-ES + PSDPMCVPR′24 [54] ResNet101 I + L 74.1
CLIP-ES + CPALCVPR′24 [55] ResNet101 I + L 74.5
CLIP-ES + POTCVPR′25 [46] ResNet101 I + L 76.1

end-to-end weakly supervised methods

AFACVPR′22 [7] MIT-B1 I 66.0
TSCDAAAI′23 [56] MIT-B1 I 67.3
1StageCVPR′20 [57] ResNet38 I 62.7
RRMAAAI′20 [31] ResNet38 I 62.6
SLRNetI JCV′22 [58] ResNet38 I 67.2
ToCoCVPR′23 [8] ViT-B I 71.1
DuPLCVPR′24 [35] ViT-B I 73.3
SeCoCVPR′24 [45] ViT-B I 74.0
MoReAAAI′25 [43] ViT-B I 76.4
FFRCVPR′25 [44] ViT-B I 76.0

WeCLIPCVPR′24 [9] ViT-B I + L 76.4
WeCLIP + CEP (single-scale) ViT-B I + L + SAM 76.3
WeCLIP + CEP (multi-scale) ViT-B I + L + SAM 77.3
WeCLIP + CEP (multi-scale+flip) ViT-B I + L + SAM 77.8
WeCLIP + CEP (multi-scale+flip+crf) ViT-B I + L + SAM 79.5

Table 3 shows the results on the more challenging MS COCO 2014 dataset. We-
CLIP+CEP achieves 48.6% mIoU on this dataset, yielding a 1.5% improvement over the
WeCLIP baseline. This gain is consistent with the improvement trend observed on VOC,
highlighting the cross-dataset generalization ability of the proposed approach. Compared
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with other end-to-end methods, WeCLIP+CEP also attains the highest accuracy, surpassing
FFR and MoRe by 1.8% and 1.2% mIoU, respectively. Furthermore, our method outperforms
many multi-stage approaches, achieving competitive performance.

Table 3. Comparison with other state-of-the-art methods on MS COCO 2014 val set. mIoU (%) as the
evaluation metric. Sup. denotes the supervision type. I: image-level supervision. L: language supervision.

Method Backbone Sup. Val

multi-stage weakly supervised methods

MCTformerCVPR′22 [29] ResNet38 I 42.0
MCTformer + OCRCVPR′23 [49] ResNet38 I 42.5
MCTformer + LPCAMCVPR′23 [51] ResNet38 I 42.8
DiGECCV′24 [52] ResNet38 I 45.5
MuP-VSSCVPR′25 [53] ResNet38 I 46.6
S2CCVPR′24 [15] ResNet38 I + SAM 49.8
ReCAMCVPR′22 [27] ResNet101 I 42.9
AMNCVPR′22 [28] ResNet101 I 44.7
USAGEICCV′23 [50] ResNet101 I 44.3
CDLI JCV′23 [30] ResNet101 I 45.5
BECOCVPR′23 [47] ResNet101 I 45.1
CLIP-ESCVPR′23 [12] ResNet101 I + L 45.4
CTICVPR′24 [2] ResNet101 I + L 45.4
CLIP-ES + PSDPMCVPR′24 [54] ResNet101 I + L 47.2
CLIP-ES + CPALCVPR′24 [55] ResNet101 I + L 46.8
CLIP-ES+POTCVPR′25 [46] ResNet101 I + L 47.9

end-to-end weakly supervised methods

AFACVPR′22 [7] MIT-B1 I 38.9
TSCDAAAI′23 [56] MIT-B1 I 40.1
SLRNetI JCV′22 [58] ResNet38 I 35.0
ToCoCVPR′23 [8] ViT-B I 42.3
DuPLCVPR′24 [35] ViT-B I 44.6
SeCoCVPR′24 [45] ViT-B I 46.7
MoReAAAI′25 [43] ViT-B I 47.4
FFRCVPR′25 [44] ViT-B I 46.8

WeCLIPCVPR′24 [9] ViT-B I + L 47.1
WeCLIP + CEP (single-scale) ViT-B I + L + SAM 46.4
WeCLIP + CEP (multi-scale) ViT-B I + L + SAM 47.3
WeCLIP + CEP (multi-scale+flip) ViT-B I + L + SAM 47.7
WeCLIP + CEP (multi-scale+flip+crf) ViT-B I + L + SAM 48.6

Overall, across both datasets, WeCLIP+CEP consistently surpasses the WeCLIP base-
line and pushes the performance boundary of end-to-end WSSS. These results demon-
strate that integrating WeCLIP with the proposed CEP module yields substantial perfor-
mance gains.

Table 4 presents the confidence intervals of the segmentation results for our method on
the VOC 2012 and COCO 2014 validation sets. It can be observed that the 95% confidence
intervals of our method on both datasets are entirely above those of the baseline, thereby
confirming that our method achieves superior segmentation performance compared to
the baseline.
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Table 4. Confidence intervals of segmentation results on the validation sets of VOC 2012 and COCO
2014 datasets. CI: confidence interval.

Dataset 95% CI

VOC 2012 [78.3%, 80.8%]
COCO 2014 [48.1%, 49.0%]

Furthermore, we employ the bootstrap method to perform a statistical significance
test to determine whether the performance improvement of our method over the baseline
model is statistically significant. The results on the VOC 2012 validation set show that
p < 0.05, further verifying that the segmentation performance of our method is significantly
better than that of the baseline.

4.4. Visualizations

To validate the effectiveness of the proposed method, Figure 2 presents a qualitative
comparison of semantic segmentation results between WeCLIP+CEP and the baseline
WeCLIP. As can be observed, compared with the baseline, the proposed approach produces
more accurate segmentation maps with richer target details. For example, in the horse
image of the first column in Figure 2, our method successfully segments the horse’s legs
with higher accuracy, whereas the baseline only captures part of them. In the bird image
of the second column, the proposed method also yields more precise predictions for the
target’s head. These observations demonstrate that our method can effectively enhance the
quality of semantic segmentation results.
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Figure 2. Visualization comparison of semantic segmentation results between our CEP and the baseline.

4.5. Ablation Studies

Effect of Components. We conduct ablation studies on the VOC 2012 training set to
evaluate the quality of pseudo-labels and quantitatively validate the effectiveness of each
component in our proposed method. Unless otherwise specified, all experiments adopt
the pre-trained weights of WeCLIP to eliminate the influence of model performance on the
quality of pseudo-labels.

Table 5 demonstrates the effects of the pseudo-label refinement and Skip-CAM mod-
ules. Since VOC 2012 does not provide ready-made boundary annotations, for mean
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Boundary IoU (mBIoU) evaluation, we apply a morphological erosion operation to the
given class segmentation masks. The boundary of each class is then obtained by computing
the difference between the original segmentation region and its eroded version, where the
kernel size of erosion is set to 23. As shown in the table, the pseudo-label refinement module
based on SAM brings improvements of 2.5% in mIoU and 10.1% in mBIoU. This demon-
strates that the SAM refinement module not only enhances the accuracy of pseudo-labels
but also substantially improves their quality, thereby achieving the purpose of refinement.
Furthermore, the Skip-CAM module further contributes an additional improvement of 1.4%
in mIoU and 0.5% in mBIoU, as it enriches the semantic information of features through
skip connections, leading to more precise localization maps and further improving the
quality of pseudo-labels.

Table 5. Ablation study of each component in our CEP on PASCAL VOC 2012 training set. PRM:
pseudo-label refinement module. BIoU: boundary IoU.

PRM Skip-CAM mIoU (%) mBIoU (%)

75.4 32.6
✓ 77.9 42.7
✓ ✓ 79.3 43.2

To qualitatively validate the effectiveness of our CEP method, we conduct a visual com-
parison of pseudo-labels generated by CEP and WeCLIP [9]. To ensure a fair comparison of
pseudo-label quality, we adopt the original training weights of WeCLIP, thereby eliminating
the influence of model performance differences on the pseudo-labels. The experiments are
conducted on the VOC 2012 training set.

Figure 3 presents the visualization results. Compared with the baseline method
(i.e., WeCLIP), pseudo-labels produced by CEP exhibit higher quality and more precise
object boundaries. For instance, in the sheep image of the second column, the pseudo-label
generated by CEP delineates the head contour with greater clarity. This demonstrates that
our approach can effectively improve pseudo-label quality. Furthermore, in the cat image
of the first column, the pseudo-label generated by CEP not only captures more accurate
object boundaries but also covers a more complete target region.

Effect of SAM Variants. Table 6 presents a comparison of the pseudo-label quality gen-
erated by the proposed CEP combined with different versions of SAM on the VOC 2012
training set. The experimental results show that as the scale of the SAM model increases,
the mIoU score of the generated pseudo labels gradually improves. However, larger-scale
SAM models also significantly increase the number of parameters, leading to higher com-
putational overhead. Considering both performance and efficiency, we adopt the ViT-B
version of SAM as the default configuration in this work.

Table 6. Effect of different SAM variants on the quality of pseudo labels on the VOC 2012 training set.

Variants ViT-B ViT-L ViT-H

mIoU (%) 79.3 81.8 82.2

Effect of Nskip. Furthermore, we compare the impact of different numbers of skip connec-
tions Nskip on the quality of localization maps. Table 7 reports the effect of the number of
skip connections Nskip in the Skip-CAM module, as defined in Equation (2). Experimental
results show that increasing the number of skip connections to 3 leads to a significant
performance boost, owing to the fusion of richer semantic information. However, when
the number of skip connections exceeds 3, the improvement becomes marginal or even
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degrades. This may be due to the large distribution gap between features from shallow
and deep blocks, which negatively impacts classification performance and introduces noisy
gradients, thus affecting the quality of localization maps. Additionally, increasing the
number of skip connections incurs higher computational costs. Therefore, in this work, we
set Nskip to 3.
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Figure 3. Visualization comparison of pseudo labels between our CEP and the baseline.

Table 7. Ablation study about skip connection numbers in Nskip of Equation (2) on PASCAL VOC
2012 training set.

Nskip 1 2 3 4 5 6

mIoU (%) 73.53 74.10 74.24 74.25 74.25 73.95

Effect of Candidate Point Settings. In the pseudo-label refinement module, the image
region is first divided into Hp ×Wp grids, with the center of each grid taken as a candidate
point. Subsequently, the target-class regions in the initial pseudo labels are used as guidance
to filter these candidate points. Table 8 presents the effect of different candidate point
settings on pseudo-label generation performance on the VOC 2012 training set. The results
show that when Hp ×Wp increases from 8× 8 to 32× 32, the mIoU of the pseudo labels
improves from 76.6% to 80.0%, but the average computation time per image also increases
from 0.07 s to 0.19 s. In other words, within a certain range, denser candidate point settings
lead to higher mIoU but also significantly higher computational costs. Considering both
performance and efficiency, Hp ×Wp is set to 16× 16 in this work.

Table 8. Effect of different candidate point settings on pseudo-label generation performance on the
VOC 2012 training set.

Setting 8 × 8 16 × 16 32 × 32

mIoU (%) 76.6 79.3 80.0
Time (s) 0.07 0.09 0.19

Effect of Prompt Settings. Both our method and the baseline (i.e., WeCLIP [9]) follow CLIP-
ES [12] to design text prompts for CLIP. Taking VOC 2012 as an example, the background
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class set includes [ground, land, grass, tree, building, wall, sky, lake, water, river, sea, railway,
railroad, keyboard, helmet, cloud, house, mountain, ocean, road, rock, street, valley, bridge, sign],
while the foreground class set includes [aeroplane, bicycle, bird avian, boat, bottle, bus, car, cat,
chair seat, cow, diningtable, dog, horse, motorbike, {person with clothes, people, human}, pottedplant,
sheep, sofa, train, tvmonitor screen]. The prompt prefix set is [a clean origami {}.], and we
denote the prompt settings from CLIP-ES as Prompt1.

Following the text prompt templates adopted in CLIP, we replace the prompt prefix
set in Prompt1 with [itap of a {}., a bad photo of the {}., a origami {}., a photo of the large {}., a {}
in a video game., art of the {}., a photo of the small {}.], denoted as Prompt2. On the basis of
Prompt1, we further add synonyms or attributes to foreground classes, e.g., adding the
synonym airplane to aeroplane and the attribute wings to bird, denoted as Prompt3. Finally,
we combine the settings of Prompt2 and Prompt3 to obtain Prompt4.

Table 9 reports the pseudo-label generation performance under different prompt
settings. As observed, the text prompt setting from CLIP-ES (Prompt1) achieves the best
performance. The use of synonyms or attributes for class labels in Prompt3 yields slightly
worse performance than Prompt1. Introducing diverse prompt prefixes in Prompt2 leads
to a noticeable performance drop, and the performance of Prompt4 is almost identical to
that of Prompt2. Therefore, both our work and the baseline adopt the text prompt setting
from CLIP-ES.

Table 9. Effect of different prompt settings on pseudo-label generation performance on the VOC 2012
training set.

Setting Prompt1 Prompt2 Prompt3 Prompt4

mIoU (%) 79.30 78.68 79.15 78.69

Effect of τ. Table 10 presents the impact of the hyperparameter τ in Equation (6). The value
of τ increases from 0.1 to 0.9 with a step size of 0.1. The mIoU of the pseudo-labels first
increases and then decreases as τ becomes larger. A larger τ implies that fewer pixels are
retained in the initial localization maps. When τ = 0.6, the proposed method achieves the
highest pseudo-label accuracy on the VOC 2012 training set, reaching 79.4% mIoU. For a
fair comparison, following the settings of WeCLIP, we set τ = 0.4 for VOC 2012 and τ = 0.7
for COCO 2014.

Table 10. Ablation study of the hyperparameter τ with mIoU.

τ 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

mIoU (%) 77.1 77.9 78.6 79.3 79.3 79.4 78.0 76.1 74.5

Effect of δ. Table 11 shows the impact of the hyperparameter δ in Equation (8). We
incrementally increased δ from 0.1 to 0.9 with a step size of 0.1 and evaluated the variation
in mIoU of the pseudo-labels generated by the proposed method on the VOC 2012 training
set. The experimental results indicate that as δ increases, the mIoU first rises and then
falls. When δ = 0.4 and δ = 0.5, the difference in mIoU is only 0.1%, which is almost
negligible. Although δ = 0.4 shows slightly better performance, considering the generality
and robustness of the method, we finally set δ = 0.5 for both the VOC 2012 and COCO
2014 datasets.

Table 11. Ablation study of the hyperparameter δ with mIoU.

δ 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

mIoU (%) 73.2 77.4 78.8 79.4 79.3 78.9 77.9 76.4 71.8
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5. Training Cost and Performance
In Table 12, we compare the training cost and performance of different variants of

our method with baseline methods on the VOC 2012 dataset. Our method that employs
both the pseudo-label refinement and Skip-CAM modules is denoted as WeCLIP+CEP-
Normal. Our method that uses only the pseudo-label refinement module is denoted as
WeCLIP+CEP-SAM. For a fairer comparison, both the baseline and WeCLIP+CEP-SAM
adopt the modified CAM construction code when evaluating training cost.

Table 12. Training cost and performance on the PASCAL VOC 2012 dataset. All methods are run
on a single NVIDIA RTX 3090Ti GPU. CEP-SAM: CEP with the pseudo-label refinement module.
CEP-Normal: CEP with both the pseudo-label refinement and Skip-CAM modules. Time: training
time. Mem: GPU memory usage. TPIter: average time per iteration. TPImg: average time per image.

Method Params FLOPs Time Mem TPIter TPImg mIoU

WeCLIP (Baseline) 155.6 M 0.3 T 1.1 h 4.9 G 0.13 s 0.03 s 76.4%
WeCLIP + CEP-SAM 247.0 M 1.6 T 2.6 h 13.3 G 0.31 s 0.08 s 79.0%
WeCLIP + CEP-Normal 247.3 M 1.6 T 3.1 h 13.7 G 0.38 s 0.09 s 79.5%

It can be observed that WeCLIP+CEP-Normal achieves the highest mIoU score, with pa-
rameters, FLOPs, training time, and GPU memory usage of 247.3 M, 1.6 T, 3.1 h, and 13.7 G,
respectively. The corresponding average time per iteration is 0.37 s, the average processing
time per image is 0.09 s. The high training cost of WeCLIP + CEP-Normal is due to the use
of the pseudo-label refinement module based on SAM and the Skip-CAM module with
multiple skip connections. WeCLIP + CEP-SAM, which only employs the pseudo-label
refinement module based on SAM, exhibits lower performance and training cost than
WeCLIP + CEP-Normal but higher than the baseline. The baseline, which lacks both the
pseudo-label refinement and Skip-CAM modules, has the lowest training cost, with pa-
rameters, FLOPs, training time, and GPU memory usage of 155.6 M, 0.3 T, 1.1 h, and 4.9 G,
respectively, while also achieving the lowest performance. The corresponding average time
per iteration is 0.13 s, the average processing time per image is 0.03 s.

6. Limitations and Failure Modes
The main limitation of our method lies in its significantly higher training cost com-

pared to the baseline. In Section 5, we discuss the training cost of our method and the
baseline in detail. Our method requires 247.3 M parameters, 1.6 T FLOPs, 3.1 h of training
time, and 13.7G GPU memory. This substantial cost primarily stems from the pseudo-label
refinement module based on SAM and the Skip-CAM module with multi-hop connections.
Next, we discuss the failure modes of the proposed method, such as co-occurring scenes.

We visualized several failure modes of our method (including thin structures, objects
with strong co-occurrence, and small objects) on samples from the VOC 2012 training set and
further analyzed the potential causes. As shown in Figure 4, in the chair scene, our method
failed to effectively capture its slender structure. In the person and motorbike co-occurrence
scene, pseudo-labels incorrectly classified most of the person region as motorbike. In the small
object scene, the method mistakenly segmented part of the background as foreground.

For errors involving thin structures, we consider one possible reason to be the in-
sufficient segmentation capability of the SAM model for fine structures. For errors in
co-occurrence scenes, the primary reason lies in the network’s difficulty in encoding highly
discriminative feature information for different object categories, making accurate local-
ization challenging. For small object scenes, the errors stem from the network’s limited
ability to resolve fine details, which easily leads to confusion between foreground and
background; this bias is further amplified when combined with the SAM model.
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Figure 4. Failure modes of pseudo labels generated by the proposed method.

7. Future Work
Diffusion models, which learn to restore images perturbed by successive Gaussian

noise during training, have been widely applied in text-to-image generation tasks. Com-
pared to the weaker local localization capability of ViTs, diffusion models are able to
generate higher-quality high-level semantic information. Leveraging the strong perfor-
mance of foundation models to advance WSSS, we plan to introduce diffusion models into
WSSS in future work to further improve segmentation performance. However, efficiently
integrating diffusion models with ViT features remains an urgent problem to be addressed.

In addition, we plan to investigate the applicability of CEP for refining pseudo labels
in other domains, such as WSSS of medical images. Medical image segmentation plays
a crucial role in quantitative studies of diseases and clinical diagnosis. However, pixel-
level annotations for medical images also demand extensive human labor. WSSS methods
demonstrate certain advantages in medical image segmentation, as they can alleviate the
reliance on pixel-level annotations. Nevertheless, compared with natural images, medical
image segmentation faces more severe co-occurrence issues. For instance, certain organs
almost always appear together with others.

8. Conclusions
In this paper, we propose a pseudo-label enhancement method, CEP, which can on-

line generate high-quality pseudo labels for end-to-end WSSS. The method leverages a
foundation model to improve pseudo labels. Specifically, CEP extracts richer feature repre-
sentations from CLIP via a skip-connection strategy to produce high-quality localization
maps. Then, based on the target-class regions provided by the initial pseudo labels gen-
erated from the localization maps, SAM is guided to refine the pseudo labels, yielding
more accurate labels for model training. Ablation studies validate the effectiveness of each
core component in CEP. Experimental results show that, on the VOC 2012 and COCO 2014
datasets, our method outperforms the latest state-of-the-art methods in the end-to-end
WSSS. Specifically, on VOC 2012, our method outperforms SeCo, MoRe, and FFR by 5.5%,
3.1%, and 3.5% mIoU, respectively. On COCO 2014, our method surpasses SeCo, MoRe,
and FFR by 1.9%, 1.2%, and 1.8% mIoU, respectively.
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