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Abstract

Weakly supervised semantic segmentation (WSSS) suffers
from an inherent mismatch between coarse image-level an-
notations and dense pixel-level predictions. To bridge this
gap, existing methods primarily focus on generating refined
class activation maps (CAM) as pseudo-labels. However, we
argue that this focus is insufficient as it overlooks a crit-
ical component: the segmentation decoder. The decoder is
typically trained through superficial alignment of predictions
with pseudo-labels in the logit space. Given the noisy nature
of such labels, this naive supervision leads to error accumu-
lation and limits performance. To address this, we propose
an Uncertainty-Guided Reliable Learning (UGRL) frame-
work that exerts dual control to reshape the learning process,
achieving robust supervision that escapes the CAM shadow.
The cornerstone of UGRL is a prototype-driven uncertainty
modeling module that estimates the reliability of class-wise
supervision. The modeled uncertainty enables two synergistic
control mechanisms. First, it adaptively modulates classifica-
tion and segmentation losses, encouraging the model to learn
from more trustworthy signals. Second, it guides the structur-
ing of the decoder’s feature space. Rather than relying solely
on superficial alignment, UGRL enforces deeper representa-
tion alignment by applying contrastive learning on reliable
pixels. This enables rich semantic transfer to fine-grained seg-
mentation details. Extensive experiments on PASCAL VOC
and MS COCO demonstrate that our method surpasses other
state-of-the-art WSSS methods.

Code — https://github.com/YL616/UGRL

Introduction

Weakly supervised semantic segmentation (WSSS) aims to
generate dense predictions using weak supervision, such as
points (Bearman et al. 2016), scribbles (Lin et al. 2016; Ver-
naza and Chandraker 2017), bounding boxes (Dai, He, and
Sun 2015; Lee et al. 2021), and image-level labels (Ru et al.
2022; Yang et al. 2025a). Among these, image-level labels
are considered particularly valuable yet most challenging,
as they require the lowest annotation cost, but provide no
spatial localization information, making it difficult to infer
object boundaries or regions directly from the supervision.
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Typically, the WSSS pipeline can be divided into three
steps. It first trains a classification network using image-
level labels to generate class activation maps (CAM) (Zhou
et al. 2016). Then CAM is refined as pseudo-labels, which
are finally leveraged to train a segmentation model in a
fully supervised manner (Kwon et al. 2024). However, this
multi-stage paradigm introduces additional complexity and
reduces efficiency. Moreover, being commonly built on con-
volutional neural networks, these methods often struggle to
capture global contextual relationships, thereby hindering
the activation of complete object regions (Gao et al. 2021).

The advent of Vision Transformers (ViT) (Dosovitskiy
et al. 2020) has provided a powerful alternative, as their self-
attention mechanism excels at modeling long-range depen-
dencies. Building on this advantage, many studies have pro-
posed single-stage WSSS frameworks (Ru et al. 2022; Xu
et al. 2023; Wu et al. 2024; Xu et al. 2025), which jointly
generate pseudo-labels and optimize the segmentation head
within an end-to-end training process. These Transformer-
based methods have shown great promise in capturing more
complete object regions (Ru et al. 2022). Subsequent works
have further refined this paradigm, with some focusing on
enhancing attention localization or integrating multi-scale
cues to improve pseudo-label quality (Ru et al. 2023; Wu
et al. 2024; Yang et al. 2025b), while others aim to mitigate
challenges inherent to ViT, such as weak inductive bias and
oversmoothness (Jang et al. 2024; Yang et al. 2025a).

Despite these promising advancements, current methods
still suffer from a flawed supervisory pipeline rooted in two
fundamental and interconnected issues. First, they are built
on an implicit assumption of uniform data quality, treating
all supervisory signals derived from image-level labels with
uniform confidence. This assumption overlooks the inherent
ambiguity and uncertainty present in the data. As illustrated
in Fig. 1(a), not all classes correspond to visual evidence of
equal saliency or clarity. Forcing the model to learn from
visually atypical classes with the same intensity as from
canonical ones paradoxically introduces noise and degrades
the fidelity of the resulting CAM. Second, this flawed super-
vision is then ineffectively transferred to the segmentation
decoder. Both multi-stage and single-stage methods face
a chronic ‘CAM-to-segmentation’ performance gap (Rong
et al. 2023). This is because conventional pixel-wise super-
vision operates solely in the logit space, enforcing only a
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Figure 1: Our motivation. (a) Treating low-saliency class
(‘sofa’) with equal confidence as high-saliency one (‘per-
son’) introduces noise and degrades pseudo-label quality. (b)
Prior work (Xu et al. 2025) mimics pseudo-labels at the logit
level, resulting in entangled features and suboptimal seg-
mentation. Our UGRL imposes reliable semantic constraints
to structure the feature space, yielding better performance.

superficial pattern mimicry of the noisy pseudo-labels. As
shown in Fig. 1(b), this process fails to impose structural
constraints on the decoder’s feature space. Consequently,
the learned representations lack the intra-class compactness
and inter-class separability required for precise segmenta-
tion, leading to a fundamental disconnect between the en-
coder’s rich semantics and the decoder’s final output.

To address these limitations, we propose an Uncertainty-
Guided Reliable Learning (UGRL) framework that exerts
dual control to reshape the learning process, achieving ro-
bust supervision that escapes the CAM shadow. The corner-
stone of UGRL is our Prototype-driven Uncertainty Mod-
eling (PUM) module, which establishes a principled way
to quantify supervision reliability. By constructing a global
prototype base in a hyperdimensional space, PUM estimates
the uncertainty of each class-wise signal for every image.
This semantically-grounded uncertainty then serves as a
guiding signal for a dual control mechanism that reshapes
the entire learning process. First, our Uncertainty-guided
Loss Modulation (ULM) module leverages the estimated
uncertainty to adaptively re-weight loss contributions, en-
couraging the model to learn from more trustworthy signals.
Second, our Reliable Semantic Enhancement (RSE) mod-
ule reshapes the geometry of the feature space within the
decoder. By operating on a dynamic pool of low-uncertainty
pixels, RSE imposes direct structural constraints on the pixel
embeddings, fostering the intra-class compactness and inter-
class separability required for high-fidelity segmentation.

The main contributions of our work are as follows:

* We propose a novel Uncertainty-Guided Reliable Learn-
ing (UGRL) framework to rectify the WSSS pipeline by
tackling both the indiscriminate trust in noisy source sig-
nals and the superficial alignment of the decoder.

* We introduce the Prototype-driven Uncertainty Model-
ing (PUM) module that provides a principled and effec-
tive uncertainty estimate for a more discerning learning
process, moving beyond simple confidence scores.
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* We propose a dual-control mechanism that leverages es-
timated uncertainty to simultaneously re-weight supervi-
sory losses via our Uncertainty-guided Loss Modulation
(ULM) module and reshape the decoder’s feature space
via our Reliable Semantic Enhancement (RSE) module.

 Extensive experiments on PASCAL VOC and MS COCO
benchmarks validate the effectiveness of our UGRL.

Related Work
Weakly Supervised Semantic Segmentation

Weakly supervised semantic segmentation (WSSS) with
image-level labels typically leverages Class Activation
Maps (CAM) to achieve dense predictions. Due to its clas-
sification nature, standard CAM tends to activate only the
most discriminative object parts. Therefore, many works fo-
cused on enhancing the quality of CAM. Early research of-
ten employed heuristic strategies such as erasing and accu-
mulation (Zhang et al. 2021; Yoon et al. 2022), auxiliary
tasks (Su et al. 2021; Du et al. 2022), and CRF (Krihenbiihl
and Koltun 2011) to expand activation regions to expand ac-
tivation regions and refine boundaries. The advent of Vision
Transformer (ViT (Dosovitskiy et al. 2020) and its variant
(Xie et al. 2021a) offers new potential for advancing WSSS,
as the self-attention mechanism naturally captures the long-
range dependencies required for integral object localization.
AFA (Ru et al. 2022) learns inter-pixel affinities directly
from attention maps to refine CAM. SeCo (Yang et al. 2024)
contrasts class tokens from full-image labels with those from
cropped uncertain regions. PCRE (Xu et al. 2025) gradually
learns a faithful mask over the target region. However, these
methods focus primarily on CAM refining, while the crucial
step of effectively transferring semantic information to the
segmentation decoder remains underexplored.

Uncertainty Estimation in Deep Learning

Uncertainty in deep learning typically refers to the confi-
dence level associated with a model’s predictions, which can
be a statistical representation to indicate the model’s under-
standing of scenes (Kendall and Gal 2017). Due to its poten-
tial for reliability evaluation and performance enhancement,
uncertainty estimation has received considerable attention
across various tasks (Liu et al. 2025; Li et al. 2025). Com-
mon uncertainty estimation techniques include Monte Carlo
dropout (Gal and Ghahramani 2016), conformal prediction
(Angelopoulos, Bates et al. 2023), and evidential deep learn-
ing (Sensoy, Kaplan, and Kandemir 2018). Recent research
(Ni et al. 2023) shows that constructing hyperdimensional
prototypes achieves competitive performance while offering
significant speedups. The concept of uncertainty has also
been introduced into WSSS. URN (Li et al. 2022) simu-
lates noisy response variations by scaling prediction maps,
while other methods (He et al. 2024; Lin et al. 2023a) esti-
mate uncertainty directly from CAM scores. However, these
methods typically estimate uncertainty in logit space, which
is sensitive to noise and lacks semantic robustness. In con-
trast, we model uncertainty in a hyperdimensional feature
space and propagate it to guide the whole learning process,
a holistic strategy not explored by previous WSSS works.
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Figure 2: Overview of our UGRL. The framework exerts dual control over the learning process through three key stages: (1)
PUM: Multi-head attention-weighted class representations are projected into a hyperdimensional space and then bundled into
prototypes to quantify class-wise uncertainty. (2) ULM: Class-wise uncertainty directly modulates the classification loss and is
also propagated to the pixel level to adaptively re-weight the segmentation loss. (3) RSE: The decoder’s pixel embeddings are
projected into a separate hyperspherical space and structured via an uncertainty-guided contrastive learning objective.

Methodology

The pipeline of our UGRL framework is illustrated in Fig. 2.
It is composed of three key modules: Prototype-driven Un-
certainty Modeling (PUM), Uncertainty-guided Loss Mod-
ulation (ULM), and Reliable Semantic Enhancement (RSE).

Prototype-driven Uncertainty Modeling

To challenge the assumption that all image-level labels
provide equally trustworthy guidance, we propose the
Prototype-driven Uncertainty Modeling (PUM) module. The
core function of PUM is to construct a set of stable, dataset-
wide class prototypes within a hyperdimensional space.
These prototypes then serve as semantic anchors, allowing
us to quantify class-wise uncertainty for each image by mea-
suring its feature similarity to these anchors.

Hyperdimensional Prototype Representation Learning.
We utilize a Transformer backbone to extract features for
constructing class-wise prototypes. Standard global pooling
causes semantic dilution and is suboptimal for this task. To
address this, we introduce a semantic affinity matrix A €
RMwxhw to guide pooling, where hw is the flattened spatial
size. Inspired by (Ru et al. 2022), A is derived from the rich
relational information embedded in the self-attention maps
across multiple Transformer layers. Specifically, for each of
the L layers, we extract n attention maps and stack them to
form a layer-specific spatial tensor §() € R¥w>hwxn These
tensors are then concatenated to create a fused multi-level
representation: Sqy, = Concat(S(l), cee S(L)). Based on
Sattn, We use a lightweight MLP g, to compute the seman-
tic affinity matrix A as follows:

A= gcls(sattn + Sc—brttn)v ()
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where S;tn is the transpose of Sy¢+, to ensure symmetry.
This semantic affinity matrix A then guides the aggrega-
tion of class-specific features. First, a classification head is
applied to the backbone’s final feature maps to produce class
activation maps f.s € RPM*hwxC where C' is the number
of semantic classes. Then, the matrix A is used to perform

a weighted spatial pooling on f.s, yielding class represen-
tation vectors f7°”'°? € RC. To endow these representa-
tions with a robust geometric structure (Chen et al. 2025), we
employ a matrix ® to project them into a d.;s-dimensional
space H.;,. This process yields the class-wise hypervector

representation S e ROdeis a5 follows:

cls
O(fars) = D) @ (@ =] [0 )
where ® denotes the Einstein summation notation to re-
tain the channel dimension. For a given mini-batch B, we
then compute the prototype ﬁgatch for each class ¢ by
bundling the corresponding hypervectors from all images
in the batch that contain that class. Inspired by (Levy and
Gayler 2008), this bundling is implemented as a simple yet
effective element-wise summation, formally expressed as:

fpooled
cls

dim:dcls

D o)

reB,ys=1

3)

. _
Pbatch -

where y¢ € {0,1} is ground-truth indicator of whether class ¢
is present in image x, and @ represents bundling operation.

Uncertainty Estimation. A naive aggregation that relies
solely on the current batch may yield noisy and unstable
prototypes sensitive to batch-to-batch variations. To improve
stability and promote the learning of representations that



generalize well across the dataset, we employ an Exponen-
tial Moving Average (EMA) update strategy. The global pro-
totype for class c is updated as:

“

where 17 € [0,1) is a hyperparameter controlling the mo-
mentum of the update rate. This update is applied throughout
training to accumulate dataset-wide semantic knowledge.
With these refined prototypes P gi05q1 S€rving as stable se-
mantic anchors, we can estimate class-wise uncertainty for
each sample. The core intuition is that a reliable prediction
should be geometrically close to its corresponding class pro-
totype, while a large distance signifies high uncertainty, sug-
gesting the class is visually atypical or ambiguous. In H .,
this geometric proximity is well-measured by cosine simi-
larity. We thus define function U (-, -) to measure uncertainty
score for class c as the cosine distance between a hypervec-

Paiovar < 1" Pgiobar + (1 = 1) - Ppagen »

tor H¢;, and its corresponding global prototype P ;.4;:
(Mo Pliobar )
ugrs = UM s Poiopar) =1 — e - ®
s cis: Poloba Hessll2 - 1Propal2

Uncertainty-guided Loss Modulation

The uniform weighting inherent in conventional classifica-
tion losses renders the learning process suboptimal, as it ac-
cords equal importance to both reliable supervisory signals
and those from ambiguous or atypical samples. To rectify
this, we dynamically modulate the loss based on the esti-
mated uncertainty scores, facilitating learning from reliable
supervision. Specifically, we employ a simple exponential
decay function to transform u.;s into a confidence weight,
which is then applied to the multi-label soft margin loss:

c
1 S c ~C c ~C
Lots=5 Y™™ (y°og(§)+(1-y) log(1-5)), (6)
c=1

where « is a temperature hyperparameter, and ¢ denotes the
predicted probability for class c.

Similarly, we extend this uncertainty-guided principle to
the segmentation loss. Following standard practice, we gen-
erate pixel-level pseudo-labels Y € R”*W based on CAM,
where H x W denotes the image size. However, segmen-
tation training with these pseudo-labels is susceptible to the
noise and spatial inaccuracies inherited from the raw CAM.

To mitigate this, we modulate the standard pixel-wise
Cross-Entropy loss based on the modeled uncertainty. First,
we construct a pixel-wise uncertainty map, Ugey € RIXW,
The uncertainty for each pixel (4, ) is assigned the class-
wise uncertainty of its designated pseudo-label, retrieved
from the vector w5 € RC:

= ucls[y;',j} (7)

This process effectively propagates the class-wise uncer-
tainty to pixel-wise, which can directly guide the segmen-
tation loss. Subsequently, we incorporate .4 into the seg-
mentation objective to dynamically focus training on more
trustworthy pseudo-labeled regions. The final segmentation

i,J
useg
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loss is defined as:

. AW L
Loy = e SO0 7T Y, log0,). ®)
i=1 j=1
where [ is a temperature hyperparameter and p?;’gg denotes

the predicted probability of the decoder at pixel (4, 7).

Reliable Semantic Enhancement

Although the loss L., improves robustness by incorporat-
ing uncertainty, its operational domain is confined to logit
space. Such supervision focuses on superficial alignment,
forcing the predictions to approximate the pseudo-labels
without imposing any explicit structural constraints on fea-
ture representations. However, the quality of these features is
paramount for high-fidelity segmentation. A well-structured
feature space, characterized by high intra-class compactness
and inter-class separability, is essential to overcoming the
limitations of CAM-based supervision in WSSS. To instill
this deeper semantic structure, we propose the Reliable Se-
mantic Enhancement (RSE) module. This module goes be-
yond superficial logit alignment to learn a more robust fea-
ture manifold, which is crucial for generating complete ob-
ject masks and refining sharp segmentation boundaries.

Semantic Metric Space Construction. To acquire a fea-
ture representation rich in both semantic context and fine-
grained spatial detail, our decoder sources multi-scale fea-
ture maps from various stages of the encoder backbone.
These features are fused to produce a unified feature map
z € RIXWXD2 where Dy is the feature dimension. To
facilitate effective metric learning, we employ a non-linear
projection head g4 that maps z into a dedicated hyperdi-
mensional space Hs.,4. This yields the embedding HZ,, =
Gseg(2), where HZ,, € RN*%es and N = H x W denotes
the number of spatial locations. Crucially, this design de-
couples the representational requirements of the segmenta-
tion task from those of metric learning. To render H,.4 an
effective space for semantic measurement, we apply Lo nor-
malization to all pixel embeddings as follows:

9
Hseg

[Hiegll2 + €

seg

Hipy < , fori=1,...,N. (9)
where € is a small constant. This normalization constrains
the embeddings to the surface of a unit hypersphere, en-
abling cosine similarity to serve as a reliable proxy for se-

mantic proximity in the high-dimensional space.

Uncertainty-guided Contrastive Learning. Ideally,
pixel-level embeddings belonging to the same semantic
class should be closer, while those from different classes
should remain well separated in Hy.,. The pseudo-labels
Y < RE*W provide the foundational supervision to
achieve this. However, accepting these labels wholesale is
problematic, as Y inherits the noise and spatial ambiguity
of CAM, inevitably including mislabeled pixels. Applying
contrastive loss indiscriminately in this context may rein-
force incorrect relationships and degrade the learned feature
space. To mitigate this, we propose the Uncertainty-guided



Contrastive Learning mechanism, designed to selectively
structure the feature space by learning exclusively from the
most reliable subset. For each image, we construct a reliable
pool R by ranking all pixels based on their corresponding
uncertainty scores .4 in ascending order and selecting the
top- K pixels with the lowest scores. For each anchor pixel ¢
in R, we define its positive set R and negative set R~ as:

* R contains all other pixels j in R that share the same
pseudo-label, i.e., Y; = Y;.
* R~ contains all pixels 7 in R with a different pseudo-
label, i.e., Y; # Y;.
For each anchor 7 in the reliable set R, the loss is defined as:

> exp (s(Hicy Hiey)/7)

JERT
5 exp(s(Hicy Mleg)/7) + 3 exp(s(Hicy Hies)/7) |
JERT JER™
(10)

where s(-) denotes cosine similarity, and 7 is a temperature
hyperparameter.By iterating all anchors in the reliable pool
R, the final uncertainty-guided contrastive loss is given by:

1
‘cuclzwzgia

i€ER

l;=—log

(11)

where |R| is the number of reliable anchors.

Overall Training Objective

To further enhance performance, we adopt the affinity loss
from (Ru et al. 2022), but restrict the computation of affinity
matrix A to pixels within the reliable pool R, formulated as:

! Z sigmoid(Ai)—&-lRiH Z (1—sigmoid(A7)) (12)

‘Cauz = |R+| . .
IERT JER™

The overall loss of our UGRL is formulated as:
L= Lcls + Alﬁseg + )\2£ucl + >\3£auz7

where \1, A2, and A3 are the weight factors.

13)

Experiments
Experimental Settings

Datasets and Evaluation Metrics. Experiments are con-
ducted on PASCAL VOC 2012 (Everingham et al. 2010)
and MS COCO 2014 (Lin et al. 2014) datasets. The PAS-
CAL VOC 2012 dataset consists of 21 semantic classes.
Following common practice (Zhao et al. 2024; Yang et al.
2025a), we use the augmented SBD set (Hariharan et al.
2011), which includes 10,582 training images, 1,449 vali-
dation images, and 1,464 testing images. The MS COCO
2014 dataset contains 81 classes, with 82,081 images for
training and 40,137 images for validation. Note that we only
use image-level labels for annotation. We adopt the mean
Intersection-Over-Union (mloU) as the evaluation metric.

Implementation Details. We adopt the ImageNet-1K pre-
trained Mix Transformer (MiT) (Xie et al. 2021b) as our
backbone. For the segmentation decoder, we employ the
MLP decoder head (Xie et al. 2021b), which fuses multi-
level feature maps for prediction with simple MLP layers.
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Method | Backbone | Train | Val
Multi-stage WSSS methods

CLIP-ES (Lin et al. 2023b) RN101 70.5 75.0
CPAL (Tang et al. 2024) RN101 71.9 -
BECO (Rong et al. 2023) MiT-B2 - 73.0
CTI (Yoon et al. 2024) RN101 73.7 -
PCSS (Kwon et al. 2024) RN38 73.2 -
Single-stage WSSS methods

AFA (Ru et al. 2022) MiT-B1 68.7 66.5
ToCo (Ru et al. 2023) ViT-B 73.6 72.3
DuPL (Wu et al. 2024) ViT-B 76.0 74.1
DIAL (Jang et al. 2024) ViT-B 75.2 73.1
PCRE (Xu et al. 2025) ViT-B 77.6 76.3
FFR (Yang et al. 2025a) ViT-B - 76.4
UGRL (Ours) MiT-B1 78.5 779

Table 1: Comparison of CAM pseudo labels. Evaluation is
conducted on the PASCAL VOC 2012 train and val set and
reported in mIoU (%).

The entire network is trained using the AdamW optimizer
on two NVIDIA RTX 4090 GPUs. The initial learning rate
for the backbone is set to 6 x 1075 and decayed using a
polynomial schedule. The learning rate for other parameters
is set to 10 times that of the backbone. The weight decay is
set to 0.01. We apply simple data augmentation strategies,
including random scaling, random horizontal flipping, and
random cropping to a fixed size of 512 x 512. The batch
size is set to 8. For the PASCAL VOC 2012 dataset, we train
the model for 20,000 iterations, with the first 2,000 itera-
tions warmed up for the classification branch. For the MS
COCO 2014 dataset, the total number of training iterations
is 80,000, with the first 5,000 iterations for warm-up.

Comparison with State-of-the-arts

Evaluation of Pseudo-labels. We begin by evaluating the
quality of the pseudo-labels generated by our UGRL frame-
work, comparing them against current state-of-the-art meth-
ods on the PASCAL VOC 2012 train and validation sets.
The competing methods are categorized into two groups:
multi-stage approaches, which typically involve complex
pipelines of initial seed generation followed by iterative re-
finement or expansion; and single-stage approaches, which
generate pseudo-labels from CAMs within an end-to-end
training process. As presented in Table 1, UGRL achieves
78.5% mloU on the VOC train set and 77.9% on the valida-
tion set, consistently outperforming all other multi-stage and
single-stage counterparts. This superior performance at the
foundational pseudo-labeling stage demonstrates that our
uncertainty-guided learning paradigm is highly effective, en-
abling UGRL to produce high-quality pseudo-labels by ef-
fectively suppressing supervision noise.

Figure 3 qualitatively compares the CAMs generated by
our UGRL against the strong baseline PCRE. The compari-
son reveals that UGRL produces CAMs that are more accu-
rate and maintain higher fidelity to the shapes of objects.

Evaluation of Segmentation Results. Table 2 presents a
comprehensive comparison of our proposed UGRL against



Figure 3: Visualization comparison of CAMs on VOC.

Method | Sup. |Backbone| VOC

Multi-stage WSSS methods

|coco
| Val Test| Val

L2G (Jiang et al. 2022) Z+ S| RN101 |72.1 71.7| 44.2
SANCE (Li et al. 2022) Z + S| RNI101 |72.0 72.9| 44.7
HSC (Wu et al. 2023) T+ S| RNI101 |73.6 74.5| -
CLIP-ES (Lin et al. 2023b) |Z + £| RNI101 |72.7 72.8| 45.4
CPAL (Tang et al. 2024) Z+ L£| RNI101 |74.5 74.7| 46.3
MCTformer (Xu et al. 2022)| 7 RN38 |71.9 71.6| 42.0
BECO (Rong et al. 2023) Z | MiT-B2 [73.7 73.5] 45.1
CTI (Yoon et al. 2024) T RN101 [74.1 73.2| 45.5
SFC (Zhao et al. 2024) T RN101 |71.2 72.5| 46.8
PCSS (Kwon et al. 2024) T RN38 |72.3 73.0| 45.7
Single-stage WSSS methods

1Stage (Ara. and Roth 2020)| Z RN38 |62.7 64.3 -
AFA (Ru et al. 2022) Z | MiT-B1 [66.0 66.3| 38.9
TSCD (Xu et al. 2023) Z | MiT-B1 [67.3 67.5| 40.1
ToCo (Ru et al. 2023) A ViT-B |71.1 72.2| 42.3
DuPL (Wu et al. 2024) T ViT-B |73.3 72.8| 44.6
DIAL (Jang et al. 2024) Z+L | VIiT-B |74.5 749| 444
M-SEE (Yang et al. 2025b) T ViT-B |74.9 74.8| 45.8
PCRE (Xu et al. 2025) A ViT-B |75.5 75.9| 47.2
FFR (Yang et al. 2025a) T ViT-B |74.8 74.5| 46.8
UGRL (Ours) Z | MiT-B1 |77.4 77.1| 48.2

Table 2: Semantic segmentation results on VOC 2012 and
COCO 2014 datasets. Sup. denotes supervision type. Z:
image-level labels; S: saliency maps; £: language.

state-of-the-art multi-stage and single-stage methods on
VOC COCO. The results demonstrate the superiority of
our framework. Specifically, UGRL achieves state-of-the-art
performance with 77.4% mloU on the VOC validation set,
77.1% on the test set, and 48.2% on the COCO validation
set. These scores represent significant improvements over
the previous best methods by +2.5%, +1.6%, and +2.1%, re-
spectively. Notably, even when compared with methods that
incorporate language supervision via text prompts, UGRL
consistently achieves superior segmentation performance.
This finding underscores the critical importance of effec-
tively modeling and leveraging the inherent uncertainty
within the visual modality itself, thereby substantiating the
core design principles of our framework.

Fig. 4 visualizes the segmentation results of our UGRL
against a strong baseline PCRE on VOC and COCO. The
results demonstrate that UGRL achieves more accurate de-
lineation of challenging object categories and consistently
produces more complete masks with sharper boundaries.
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Figure 4: Visualization comparison of segmentation results
on VOC and COCO.

Ablation Studies and Analysis

Efficacy of Key Components. The quantitative ablation
results of UGRL are summarized in Table 3. We adopt MiT-
B1 with auxiliary loss L., as the baseline. Setting I val-
idates the effectiveness of our class-wise uncertainty mod-
eling (PUM-c). Guiding the classification loss Lcls with
this uncertainty improves CAM and segmentation mloU by
6.7%, respectively. Setting II further demonstrates the ben-
efit of propagating this uncertainty down to the pixel level
(PUM-p) to guide the segmentation loss Ls.,. The perfor-
mance boost confirms the importance of trustworthy super-
vision. Setting III applies contrastive learning without uncer-
tainty guidance. Even when using raw pseudo-labels as the
sole supervisory signal, it improves performance and nar-
rows the gap between CAM and segmentation. This pow-
erfully substantiates our claim that directly structuring the
decoder’s feature space is a critical, and often overlooked,
step for enhancing final segmentation quality. Finally, Set-
ting I'V represents the full UGRL framework, integrating all
components and achieving the best performance.

|PUM-¢c L5 PUM-s Lgg Ly | M Seg.
Base 65.3 634
1 v v 69.7 68.2
1I v v v v 72.5 704
III v v Ve v 748 74.0
v v v Ve Ve v 779 774

Table 3: Ablation study of UGRL components on VOC val
set. ‘M’ denotes the mloU (%) of CAM performance, and
‘Seg.” denotes the mIoU (%) of segmentation performance.

Efficacy of high-dimensional projection. To understand
the benefits of high-dimensional projection for prototype
learning, we probe the structure of the learned prototype
space by visualizing the semantic similarity matrix, which
is constructed based on the pair-wise cosine distances be-
tween prototypes. Fig. 5(a) reveals the result without this
projection. The diagonal is perfectly correlated as expected,
but the off-diagonal regions exhibit significant similarity, in-
dicating that prototypes of distinct classes remain semanti-
cally entangled and are not effectively separated. In contrast,
the similarity matrix produced by our UGRL, shown in Fig.
5(b), displays a clean structure with strong diagonal and off-
diagonal values consistently near zero. This confirms that
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Figure 5: Visualization of the semantic similarity matrix.
Classes follow the order of the VOC 2012 dataset.
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Figure 6: Qualitative analysis of RSE on the embedding

space and segmentation results.

our method successfully learns a set of nearly orthogonal
class prototypes. This orthogonality, which creates a well-
structured and semantically disentangled manifold, is funda-
mental to the success of our method, as it ensures a reliable
and robust foundation for uncertainty estimation.

Further Analysis

Analysis of RSE. To intuitively demonstrate the effective-
ness of our RSE, Fig. 6 provides a qualitative comparison
in both the embedding space and the segmentation output.
As shown in Fig. 6(a), the model trained without RSE pro-
duces a chaotic feature space where embeddings from dif-
ferent classes are entangled. This lack of semantic separa-
bility leads to poor segmentation performance as shown in
Fig. 6(d). In contrast, the incorporation of RSE constructs a
well-structured feature space characterized with high intra-
class compactness and inter-class separability, as visualized
in Fig. 6(b). This high-quality representation enables accu-
rate segmentation shown in Fig. 6(e). These observations
validate that the RSE module serves not just as an incremen-
tal refinement but as a fundamental mechanism that enforces
semantic structure critical for reliable segmentation.

Sensitivity Analysis. We analyze the impact of dimen-
sionality in the two hyperspaces, H.s and H,.4, on both
segmentation accuracy and computational cost (FLOPs).
The results are presented in Fig. 7. For the prototype space

80 200 80 500
mmperformance (mloU) li7s mmperformance (mloU)
gm --FLOPS (M) s B -o-FLOPS (M) S
276 3 3004
E S

125 376
100% é
-
s @ 7
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Dimensionality of H Dimensionality of H,,,

Figure 7: Impact of dimensionality selection on performance
and computation on VOC. Left: H;,. Right: H,.,.

H_;;, where the initial feature dimension of the encoder is
512, we observe that the performance improves as the di-
mension increases. The mloU peaks when the dimension
reaches 1024, but then declines, while the computational
cost (FLOPs) increases monotonically. This suggests that
expanding beyond the initial feature dimension is crucial
for capturing complex inter-class relationships; however,
further increases lead to diminishing returns and increased
computational overhead. A similar trend is evident for the
pixel-embedding space H.,. Performance reaches its max-
imum at a dimension of 512. This analysis validates our
choice of d.;s = 1024 and ds.q = 512, as these values rep-
resent the optimal trade-off among representational capacity,
segmentation accuracy, and computational efficiency.

We further explore the impact of reliable pool size, con-
trolled by K, on segmentation performance. As shown in Ta-
ble. 4, performance on both benchmarks first improves and
then declines as K increases. This suggests that a small K
limits performance due to insufficient sample diversity for
contrastive learning, while a large K introduces unreliable
pseudo-labels that degrade the feature space.

Dataset \ K (Percentage of reliable pixels)

| 5% 20% 35% 50% 65% 80%

VOC 758 763 774 770 752 742
COCO | 44.1 473 482 469 455 427

Table 4: Analysis on the size of reliable pool R. We vary the
percentage K of selected low-uncertainty pixels and report
the corresponding mIoU (%) on the VOC and COCO val set.

Conclusion

In this paper, we moved beyond the conventional focus on
CAM refinement in WSSS to address a more fundamental
issue: the absence of a reliability principle in the supervision
pipeline. We argue that both the indiscriminate trust in noisy
source signals and the superficial alignment of decoder stem
from this deficiency, creating a performance bottleneck. To
address this, we proposed the Uncertainty-Guided Reliable
Learning (UGRL) framework, which instills reliability as a
supervisory principle. Experiments on benchmarks demon-
strate the effectiveness of UGRL. Although our method in-
troduces some computational overhead, the proposed learn-
ing paradigm offers a promising direction for future research
in various weakly-supervised learning tasks.
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