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Abstract

Semi-supervised semantic segmentation (SSSS) reduces the dependence on dense pixel-level anno-
tations, but current weak-to-strong consistency methods remain vulnerable to noisy pseudo-labels
and poorly separated feature representations. To address these limitations, we propose a Dual-
Guidance framework that jointly refines the prediction space and regularizes the representation
space. The Uncertainty-Aware Dynamic Pseudo-Label Refinement (UADPR) module estimates pixel-
level uncertainty with Monte Carlo Dropout and uses it to adapt confidence thresholds and assign
reliability-aware supervision weights. In parallel, the Class-Prototype Contrastive Guidance (CPCG)
module maintains dynamic class prototypes and applies variance-aware contrastive learning with hard
negative mining to improve intra-class compactness and inter-class separability. Prototype-guided sim-
ilarity is further fused with network logits to generate more structured pseudo-labels. Experiments on
PASCAL VOC 2012 and Cityscapes demonstrate the effectiveness of the proposed framework. Under
the UniMatch protocol with DeepLabv3+ and a ResNet-101 backbone, our method achieves 78.16%
and 82.94% mloU on the VOC 92 and 732 labeled splits, showing robust performance in data-scarce

settings.
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1 Introduction

Semantic segmentation plays a pivotal role in com-
puter vision, yet its reliance on dense, pixel-level
annotations significantly limits its scalability in
real-world applications. To alleviate this anno-
tation burden, Semi-Supervised Semantic Seg-
mentation (SSSS) has emerged as a practical
paradigm. As extensively reviewed by Ran et

al. [1], contemporary SSSS approaches predomi-
nantly adopt a weak-to-strong consistency frame-
work [2—4]. These methods leverage a supervised
model to generate pseudo-labels from weakly aug-
mented unlabeled images, which then guide the
learning process on strongly augmented views.
While frameworks like UniMatch [4] and its recent
advancements [5] have established strong base-
lines, they generally rely on static, high-confidence
thresholds to filter out noisy predictions.
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Despite their success, existing pseudo-labeling
methods can suffer from confirmation bias and
feature confusion, especially when dealing with
complex scenes or extreme label scarcity. Rely-
ing purely on softmax confidence often misleads
the model, as modern neural networks tend to
be overconfident even in erroneous predictions
[6]. This hard-thresholding approach directly dis-
cards low-confidence but highly informative pixels
around object boundaries, leading to structural
inconsistency. Furthermore, these thresholding
mechanisms are fundamentally ”inward-looking,”
restricted to the output logit space. They fail
to explicitly regularize the underlying latent fea-
ture space. When facing morphologically simi-
lar classes, the lack of feature-level constraints
causes the decision boundaries to blur, result-
ing in overlapping and poorly clustered semantic
representations.

To address these limitations, we propose a
unified Dual-Guidance framework that mutually
aligns the prediction space and the representation
space. To tackle the issue of noisy pseudo-labels,
we introduce the Uncertainty-Aware Dynamic
Pseudo-Label Refinement (UADPR) module.
Rather than relying on rigid confidence scores,
UADPR employs Monte Carlo Dropout to quan-
tify the predictive uncertainty at the pixel level.
This uncertainty measure dynamically dictates an
adaptive confidence threshold and assigns con-
tinuous loss weights, ensuring the model focuses
on reliable regions while cautiously evaluating
ambiguous boundaries. To complement this, we
propose the Class-Prototype Contrastive Guid-
ance (CPCG) module to tackle feature confu-
sion. CPCG maintains a global bank of dynamic
class prototypes updated via Exponential Moving
Average (EMA). By introducing variance-aware
adaptive temperature scaling and hard negative
mining, it explicitly pulls pixel representations
toward their correct semantic centers while push-
ing them away from confusing classes. Ultimately,
the prototype-guided similarity from CPCG is
fused with the logits to generate robust pseudo-
labels, forming a practical feedback loop between
feature regularization and label refinement. Our
contributions can be summarized as follows:

o We propose the UADPR module, which esti-
mates pixel-level uncertainty via Monte Carlo
Dropout to establish an adaptive confidence

thresholding mechanism, effectively mitigat-
ing confirmation bias in the prediction space.

e We introduce the CPCG module, which uti-
lizes EMA-updated dynamic prototypes and
hard negative mining to perform variance-
aware contrastive learning, ensuring intra-
class compactness and inter-class separability
in the feature space.

e Extensive experiments on standard bench-
marks demonstrate that our integrated dual-
guidance framework achieves competitive
performance under the UniMatch/ResNet-
101 setting, exhibiting particular robustness
in data-scarce scenarios.

2 Related Work

2.1 Semi-Supervised Semantic
Segmentation

The core objective of SSSS is to extract reli-
able supervisory signals from abundant unlabeled
data. While early attempts explored generative
adversarial networks [7], the current landscape is
dominated by consistency training and pseudo-
labeling. Foundational frameworks like CPS [8],
AEL [9], and U?PL [10] enforce prediction con-
sistency across different network initializations or
input perturbations while addressing class imbal-
ance or unreliable pixels. Other representative
works, such as PS-MT [11], employ perturbed
mean teachers to enhance robustness. Recent com-
petitive methods have increasingly focused on the
quality of pseudo-labels. For instance, CorrMatch
[12] explores inter-pixel correlations to propagate
labels, while CAFS [13] and CSL [6] address the
cognitive bias of overconfident networks by formu-
lating class-adaptive thresholding and confidence
separable learning. CW-BASS [14] further intro-
duces confidence-weighted boundary-aware learn-
ing, highlighting the growing interest in boundary
reliability for semi-supervised semantic segmen-
tation. Despite these structural improvements in
thresholding, most of these approaches still derive
their thresholds directly from softmax probabili-
ties. This reliance makes them vulnerable to the
inherent calibration errors of deep networks, high-
lighting the need for a mechanism that explicitly
models prediction uncertainty rather than merely
relying on point-estimate confidences.



2.2 Uncertainty Estimation in
Vision

Uncertainty estimation provides a mathemati-
cal foundation for models to gauge the relia-
bility of their own predictions. Techniques like
Monte Carlo (MC) Dropout [15] have been widely
adopted to capture epistemic uncertainty. In the
context of dense prediction tasks, uncertainty is
particularly valuable for identifying ambiguous
boundary regions. Historically utilized in active
learning [16], uncertainty estimation has recently
been integrated into SSSS. Works in medical and
remote sensing segmentation, such as CACT [17],
DUMM [18], and DUEB [19], have successfully
utilized variance maps to re-weight loss functions
or filter unreliable predictions.

Similarly, AmbiSSL [20] leverages diverse
decoders to address annotation ambiguity. Build-
ing upon these insights, our work integrates
MC Dropout into the mainstream weak-to-strong
SSSS pipeline. However, unlike prior arts that use
uncertainty purely as an isolated spatial mask,
our UADPR module leverages batch-level uncer-
tainty statistics to dynamically govern the global
confidence threshold across training epochs, estab-
lishing a more holistic and adaptive noise-filtering
strategy.

2.3 Contrastive Learning and
Prototypes

To overcome the limitations of logit-space super-
vision, recent research has pivoted toward reg-
ularizing the latent feature space. Contrastive
learning has profoundly impacted self-supervised
representation learning [21], [22]. Its adaptation
to dense prediction tasks, such as PixelContrast
[23] and ReCo [24], enforces pixel-to-pixel con-
sistency. However, maintaining large pixel queues
is computationally exorbitant and often leads to
false-negative sampling. To alleviate this, pixel-
to-prototype contrastive methods, notably PCR
[25], have been introduced. By aggregating fea-
tures into semantic centers, prototypes provide a
global context for pixel classification. Recent liter-
ature has seen a surge in this direction, including
Prototype-Augmented Mean Teacher (PAMT)
[26], Dual Prototypes Contrastive learning
[27], and CPDM [28]. While these methods

demonstrate the power of feature-level align-
ment, they predominantly utilize fixed tempera-
ture parameters in their contrastive losses, ignor-
ing the fact that intra-class variance differs dras-
tically across semantic categories. Our proposed
CPCG module addresses this specific gap by intro-
ducing a variance-aware adaptive temperature.
Different from PCR-style prototype consistency
and recent prototype-augmented teacher frame-
works, CPCG uses uncertainty-filtered samples to
stabilize prototype updates, mines hard negative
prototypes to sharpen confusing class boundaries,
and directly feeds prototype similarity back into
pseudo-label generation. This design makes the
prototype branch not only an auxiliary representa-
tion regularizer but also an explicit source of label
refinement for the weak-to-strong training loop.

3 Methods

3.1 Overview

The proposed Dual-Guidance framework is built
upon the weak-to-strong semi-supervised segmen-
tation paradigm. Instead of relying only on fixed-
threshold pseudo-label selection, the framework
introduces two complementary guidance signals.
UADPR evaluates the reliability of pseudo-labels
from the prediction side, while CPCG regular-
izes pixel features with class prototypes and feeds
prototype-aware label guidance back into training.

Given labeled and wunlabeled images, the
shared segmentation network produces predictions
for weakly and strongly augmented views. For the
weak view, UADPR estimates pixel-level uncer-
tainty using Monte Carlo dropout and uses it
to adjust the confidence threshold and reliability
weight of each pseudo-label. In parallel, CPCG
maintains class-wise prototypes in the feature
space and measures the semantic affinity between
pixel features and prototype centers. The MC-
averaged prediction and prototype similarity are
fused to generate a hard guided pseudo-label for
subsequent supervision.

The two modules are designed to address
different parts of the learning process. UADPR
controls which pseudo-labels are trusted and how
strongly they supervise the model, whereas CPCG
improves the semantic structure of representations
and provides prototype-guided label assignment.



Dual-Guidance Framework

Labeled Branch Weakly Unlabeled Branch

UADPR Module Feature- CPCG Module
Dynamic Probability Class
MC Threshold Fus!on ©-.._ .Prototype
s a4
MC ->1 Decoder Dropout ‘ N
\\ Epoch

Strongly Unlabeled Branch (UnlMatch)
1 LpseudotLeons
¥ (Stop-gradient)

Latent space

Strongly Unlabeled Branch 1 Strongly Unlabeled Branch 2 LprototLerosstLard

Fig. 1 Overall architecture of the proposed Dual-Guidance Framework. Built upon the weak-to-strong consistency
paradigm, our framework processes unlabeled images through a shared encoder-decoder network. For the weak stream, we
introduce two synergistic modules: UADPR and CPCG, which refine the prediction space and regularize the feature space,
respectively. Through feature-probability fusion, they generate refined pseudo-labels (g;) that provide uncertainty-aware
supervision for the strongly perturbed streams, effectively mitigating confirmation bias.
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Fig. 2 Detailed illustration of UADPR. The module estimates pixel-level uncertainty from MC Dropout predictions, uses
the batch-level normalized uncertainty to adjust the confidence threshold, and assigns pixel-wise reliability weights for

pseudo-label supervision.

Their objectives are computed and optimized sep-
arately, allowing each module to preserve its own
role while still exchanging information through the
guided pseudo-label.

3.2 Uncertainty-Aware Dynamic
Pseudo-Label Refinement
(UADPR)

Static confidence thresholds are often too rigid for
semi-supervised segmentation. At early training
stages, a strict threshold may discard many infor-
mative pixels; at later stages, some ambiguous

regions may still produce overconfident predic-
tions. UADPR is designed to make pseudo-label
filtering depend on both the training stage and the
local uncertainty of each pixel.

For each weakly augmented unlabeled image,
we perform T stochastic forward passes with
Monte Carlo dropout. The averaged prediction
is used as a more stable estimate of the model
response:

1z
A Zp(t) (1)
t=1



The uncertainty of pixel x; is then measured by
the entropy of the averaged distribution:

U(xz ch X IOgPC(xz) (2)

c=1

Because the entropy range depends on the number
of classes, we use the normalized uncertainty in
later weighting and consistency terms:

- 1 X
logC U= Z ®)

2:1

The batch-level uncertainty is used to adjust the
pseudo-label threshold over training. This makes
the selection criterion less conservative when the
model is still uncertain and stricter when the
model becomes more stable:

T<k>:TO+a.g(f{) (1-0). @

where o(:) is the sigmoid function and K is
the total number of training epochs. In addition
to this hard selection rule, UADPR assigns a
reliability weight to each valid pixel:

w; = exp (—BU(@)) . (mgxﬁc(xi))w. (5)

The pseudo-label loss therefore combines a binary
confidence mask with an uncertainty-aware con-
tinuous weight. The hard guided pseudo-label g;
is provided by CPCG:

1
Lpseudo = N Zwl -1 {mpaxﬁc(g;z) > (k) ©)

x log pg, (x;).

Here, 1[-] is an indicator function. The mask and
weight are computed from the MC-averaged pre-
diction, while the logarithmic term supervises the
current network prediction at the guided hard-
label class. This design avoids treating all selected
pseudo-labels equally and reduces the influence of
uncertain regions without discarding useful pixels
solely because they are difficult.

UADPR also applies uncertainty-aware con-
sistency regularization between weak and strong

perturbations. Pixels with lower uncertainty con-
tribute more strongly to the consistency con-
straint:

Looms = 32 (1-0()) .

An entropy minimization term further encourages
confident decision boundaries:

1 N C
Lent = _N ZZ xz Ingc xz) (8)

The UADPR objective is optimized for prediction-
level pseudo-label refinement:

‘CUADPR = »Csup + Ap»Cpseudo + )\cﬁcons

9
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3.3 Class-Prototype Contrastive
Guidance (CPCG)

Although UADPR improves the reliability of
pseudo-label supervision, it does not explicitly
organize the feature distribution. In weakly super-
vised regions, features from the same class may
remain scattered, and visually similar categories
may be difficult to separate. CPCG addresses this
problem by maintaining semantic prototypes and
using them as anchors for pixel-level representa-
tion learning.

For each class, a global prototype is updated
from labeled pixels and confident unlabeled pixels
using an exponential moving average:

|S|Zfz (10)

€S,

1) = a0 4 (1

where S, is the set of pixels assigned to class ¢, f;
is the pixel feature, and 7 is the momentum coef-
ficient. Stop-gradient is applied during prototype
updating to keep the prototype bank stable.

A single fixed contrastive temperature may be
unsuitable for all classes because different seman-
tic categories exhibit different intra-class variance.
CPCG therefore uses a class-adaptive tempera-
ture:

T.=Ty- (1+6 Var({f;:i € S.})).  (11)
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Fig. 3 Detailed illustration of CPCG. The module maintains EMA class prototypes, applies variance-aware temperature
scaling and hard negative mining, and generates hard guided pseudo-labels by fusing MC-averaged predictions with proto-

type similarity.

With the adaptive temperature, the similarity
between pixel features and class prototypes is
computed as:

eXp(fZ-TuC/TC)

Sic = .

S exp(f] i/ T)

(12)

The prototype similarity is then fused with the
MC-averaged prediction to generate a hard guided
pseudo-label:

Ji = argmax [w-Pe(xs) + (1 —w) - sic). (13)
This label assignment uses both prediction con-
fidence and feature-level semantic affinity. It is
particularly useful when a pixel has a confi-
dent prediction but its representation is closer to
another semantic prototype.

CPCG first applies a prototype contrastive
loss to pull each pixel feature toward its assigned
prototype and repel it from other class prototypes:

N
1 exp 1T g/ Ly
‘Cproto = N E log %
i=1 g

Di = exp(f;" g, /Tg.) + D exp(f; e/ Te)-
c#Gi

)

(14)

To prevent batch-level prototypes from drifting
away from the global prototype bank, a cross-
sample prototype consistency term is added:

C
Loross = 3 ||uboteh — pglobal]> - (15)
c=1

For categories with similar appearance or context,
CPCG further mines the most confusing negative
prototypes:

H; = TopK 4y, (sz/,LC) . (16)
The hard-negative loss focuses the contrastive
objective on these confusing classes:

N T
Ehard = _% Z lOg exp(‘fb}figj;/T ’l) )

i=1 i

D?ard = eXp(szqu:/TAi) + Z exp(fi—rﬂc/Tc)'
ceEH,;
(17)

The CPCG objective is optimized independently
from UADPR and focuses on representation-level
regularization:

£CPCG = £seg + )\protoﬁproto + )\cross‘ccross

18
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Through this design, UADPR and CPCG keep
distinct optimization roles while sharing informa-
tion through the guided pseudo-label. UADPR
determines the reliability of pseudo-label super-
vision, and CPCG improves the semantic orga-
nization of pixel features that supports the label
assignment.

4 Experiments and Results

4.1 Implementation Details

We evaluated the proposed Dual-Guidance frame-
work on two standard semantic segmentation
benchmarks: PASCAL VOC 2012 [29] and
Cityscapes [30]. For Pascal VOC 2012, which con-
sists of 10,582 training images across 21 classes
(including the background), we followed the stan-
dard partition protocols, sampling 92, 183, 366,
and 732 labeled images. Cityscapes contains 2,975
training images of urban street scenes covering 19
classes, from which we sampled 1/16, 1/8, 1/4,
and 1/2 labeled proportions.

To ensure a fair comparison, we adopted
UniMatch as our strong baseline and strictly
followed its experimental settings. All evalua-
tions were conducted using DeepLabv3+ [31] with
an ImageNet-pretrained ResNet-101 [32] as the
unified backbone network. During training, we
employed the SGD optimizer with a momentum
of 0.9 and a weight decay of 1x10-4. The learning
rate was decayed following a poly schedule. For
Pascal VOC 2012, the initial learning rate was set
to 0.001, the crop size was 321x321, and the mod-
els were trained for 80 epochs. For Cityscapes, the
initial learning rate was 0.005, the crop size was
769x769, and the training lasted for 240 epochs.
In both datasets, each mini-batch consisted of 8
labeled images and 8 unlabeled images.

For data augmentation, the weak perturba-
tion applied to unlabeled images included random
resizing (scaling ratio from 0.5 to 2.0), ran-
dom cropping, and horizontal flipping. The strong
perturbation further incorporated color jittering,
grayscale conversion, Gaussian blur, and CutMix
[33]. Regarding our proposed modules, we set the
Monte Carlo (MC) sampling times to T = 8
for uncertainty estimation in the UADPR mod-
ule, and kept the prototype update rule, fusion
strategy, and loss weights fixed across all labeled
splits. During inference, we used the original image

resolution for Pascal VOC, while sliding window
evaluation (window size 769x769) was adopted
for Cityscapes. Performance was consistently eval-
uated using the mean Intersection over Union
(mIoU) metric.

4.2 Comparison with
Representative Methods

To evaluate the effectiveness of our approach,
we compared the full Dual-Guidance framework
against an extensive set of well-established and
recent competitive semi-supervised semantic seg-
mentation methods. These include classical con-
sistency regularization and pseudo-labeling mile-
stones (CPS [8], AEL [9], ST++ [3], U?PL [10],
PS-MT [11], PCR [25]), recent advanced frame-
works (AugSeg [34], CorrMatch [12], CSL [6],
DDFP [35], AllSpark [36], CoVar [37]), and our
robust baseline, UniMatch [4]. Our own baseline
and proposed variants strictly follow the Uni-
Match protocol with DeepLabv3+ and ResNet-
101, while externally reported results are included
as representative references under comparable
semi-supervised segmentation settings.

Table 1 summarizes the quantitative out-
comes on the PASCAL VOC 2012 benchmark,
where our method consistently yields substan-
tial improvements across all partition splits. The
performance gap is particularly striking in the
extreme data-scarce regime of 92 labeled images.
In this setting, our framework achieves an mloU
of 78.16%, demonstrating a considerable advance-
ment over recent strong competitors like CSL [6]
(76.80%), AllSpark [36] (76.07%), and CorrMatch
[12] (76.40%), and further surpassing the highly
competitive UniMatch [4] baseline by +2.98%.
This upward trajectory is firmly maintained even
as more labeled data becomes available; at the
732-split, the framework reaches a peak mloU
of 82.94%, exceeding UniMatch by +3.02%. This
persistent performance margin suggests that the
dual-guidance mechanism successfully extracts
richer supervisory signals from unlabeled data,
rather than merely overfitting to the limited anno-
tations.

The strong generalization ability of this
approach is further indicated by the results
obtained from the complex urban environments of
the Cityscapes dataset, detailed in Table 2. Under
the challenging 1/16 split, the model attains



Table 1 Quantitative comparison (mloU %) with representative methods on the Pascal VOC 2012 dataset under
different labeled data splits. Our baseline and proposed method adopt DeepLabv3+ with ResNet-101 following the

UniMatch protocol. The best results are highlighted in bold.

Pascal 1/16 (92) 1/8 (183) 1/4 (366) 1/2 (732)
Supervised Baseline 45.40 54.70 65.40 71.50
CPS [8]cvpPr 2021 64.07 67.42 71.71 75.88
ST++ [3]cvrRr 2022 65.20 71.00 74.60 77.30
U2PL [10]cvpR 2022 67.98 69.15 73.66 76.16
PS-MT [11]cvpRr 2022 65.80 69.58 76.57 78.42
PCR [25]NeurPS 2022 70.06 74.71 77.16 78.49
AugSeg [34]cvpR 2023 71.09 75.45 78.80 80.33
DDFP [35]cvpRr 2024 74.95 78.01 79.51 81.21
AllSpark [36]cvpr 2024 76.07 78.41 79.77 80.75
CorrMatch [12}(}VPR 2024 76.40 78.50 79.40 80.60
CSL [6].rXiv 2025 76.80 79.60 80.30 80.90
UniMatch (Baseline) [4]cvpr 2023 75.18 77.22 78.82 79.92
Ours 78.16 80.32 81.42 82.94

Note: Values such as 92,183 in the header of Pascal VOC 2012 represent the number of labeled images.
The fractions in the header indicate the proportion of labeled images out of the total training set.

Table 2 Quantitative comparison (mIoU %) with representative methods on the Cityscapes dataset. The fractions in the
header indicate the proportion of available labeled images. Our baseline and proposed method adopt DeepLabv3+ with

ResNet-101 following the UniMatch protocol.

Cityscapes 1/16 (186) 1/8 (372) 1/4 (744) 1/2 (1488)
Supervised Baseline 66.30 72.80 75.00 78.00
CPS [8]cveRr 2021 69.78 74.31 74.58 76.81
PCR [25]NeurIPS 2022 73.41 76.31 78.40 79.11
AEL [9]NewrIPs 2021 74.45 75.55 77.48 79.01
U?PL [10]cvpRr 2022 70.30 74.37 76.47 79.05
PS-MT [11]cvpRr 2022 - 76.89 77.60 79.09
AugSeg [34]CVPR, 2023 75.22 77.82 79.56 80.43
DDFP [35]cvpR 2024 77.10 78.19 79.88 80.82
CorrMatch [12]cyvpr 2024 77.30 78.50 79.40 80.40
CSL [6]arxiv 2025 78.20 78.80 80.00 81.10
CoVar [37)arxXiv 2026 78.30 78.60 80.10 81.30
AllSpark [36]cvpR 2024 78.33 79.24 80.56 81.39
UniMatch (Baseline) [4]cvpr 2023 76.62 77.94 79.16 79.52
Ours 79.08 80.32 81.12 82.12

Note: Values such as 186,372 in the header of Cityscapes represent the number of labeled images. The
fractions in the header indicate the proportion of labeled images out of the total training set.

79.08% mloU, outperforming the UniMatch [4]
baseline by +2.46% and showing favorable perfor-
mance compared with recent advanced approaches
such as DDFP [35] (77.10%), CSL [6] (78.20%),
CoVar [37] (78.30%), and AllSpark [36] (78.33%).
As the labeled data ratio increases to 1/2, our
framework continues to scale effectively, reaching
an mloU of 82.12%. These results suggest that
the proposed dual-guidance design remains com-
petitive across different supervision levels, while
its most important comparison is the consistent
improvement over the reproduced UniMatch base-
line under the same implementation protocol.

Such consistent gains across a dataset character-
ized by high-resolution images and severe scale
variations suggest that explicit feature-level reg-
ularization, combined with dynamic thresholding,
provides a highly effective strategy for resolving
complex spatial relationships and ambiguous class
boundaries.

4.3 Ablation Studies

While the overall performance is compelling, iso-
lating the contribution of each module reveals
the underlying mechanics of the framework. We
conducted systematic ablation studies on both



the Pascal VOC and Cityscapes datasets, with
the quantitative breakdowns detailed in Tables 3
and 4.

Table 3 Ablation study of mIoU (%) on the Pascal
VOC 2012 dataset. Absolute performance gains over the
baseline are denoted in parentheses.

Split Base +UADPR +CPCG Ours

92 75.18 77.62 (42.44) 77.46 (+2.28) 78.16 (+2.98)
183 77.22 79.74 (4+2.52) 79.58 (+2.36) 80.32 (+3.10)
366 78.82 81.02 (4+2.20) 80.86 (+2.04) 81.42 (+42.60)
732 79.92 82.48 (4+2.56) 82.32 (+2.40) 82.94 (+43.02)

Table 4 Ablation study of mIoU (%) on the Cityscapes
dataset. Absolute performance gains over the baseline are
denoted in parentheses.

Split Base +UADPR  +CPCG Ours
1/16  76.62 78.52 (+1.90) 78.38 (+1.76) 79.08 (+2.46)
1/8  77.94 79.76 (+1.82) 79.62 (+1.68) 80.32 (42.38)
1/4  79.16 80.62 (+1.46) 80.48 (+1.32) 81.12 (+1.96)
1/2  79.52 81.68 (+2.16) 81.52 (+2.00) 82.12 (+2.60)

Integrating only the Uncertainty-Aware

Dynamic Pseudo-Label Refinement (UADPR)
module into the baseline yielded immediate ben-
efits, lifting the mlIoU by +2.44% on the VOC
92-split and +1.90% on the Cityscapes 1/16-split.
This improvement likely stems from the dynamic
thresholding mechanism. Early in training, the
uncertainty estimation actively filters out noisy
pseudo-labels, helping to mitigate confirmation
bias. As training progresses, the dynamic thresh-
old adapts to the model’s growing confidence,
safely reclaiming informative pixels that a static
threshold would have permanently discarded.
Beyond refining the prediction space, intro-
ducing explicit feature-level constraints via the
Class-Prototype Contrastive Guidance (CPCG)
module appeared equally crucial. Applying CPCG
alone pushed the baseline performance up by
+2.28% on the VOC 92-split and +1.76% on
the Cityscapes 1/16-split. These gains highlight
the potential value of feature-level regularization.
Without CPCG, the baseline solely relies on cross-
entropy in the logit space, frequently leading
to scattered feature distributions. CPCG recti-
fies this by explicitly pulling pixel representations

toward their respective class prototypes, thereby
establishing more robust and discriminative deci-
sion boundaries.

The most striking observation from these
experiments, however, emerges when both mod-
ules operate simultaneously. The combined frame-
work consistently achieved the highest perfor-
mance across all settings, delivering peak absolute
gains of +3.10% on VOC (183-split) and +2.60%
on Cityscapes (1/2-split). This consistent advan-
tage supports our core hypothesis regarding their
synergistic effect. Specifically, UADPR provides
clean, uncertainty-weighted targets that stabilize
prototype updates in CPCG, while the structured
feature space established by CPCG yields more
accurate similarity maps, which in turn gener-
ate higher-quality pseudo-labels for UADPR. This
mutual enhancement closes the loop between the
representation and prediction spaces.

4.4 Qualitative Analysis and
Insights

To better understand the behavior of the proposed
framework, we visually analyze the intermediate
feature distributions and the evolution of pseudo-
labels.

We begin by observing the latent feature space
using t-SNE projections in Figure 4. In the base-
line distribution (left), features from different
classes are noticeably scattered and intertwined.

Full Feature Distribution + Prototypes

Fig. 4 t-SNE visualization of the latent feature space for
the baseline and the full model. The full model shows more
compact intra-class clusters and clearer inter-class margins.

In contrast, the features extracted by our
full framework (right) exhibit significantly higher
intra-class compactness and clearer inter-class
margins. The explicitly learned class prototypes
(marked as black crosses) act as strong attractors,
anchoring the clusters. Furthermore, the intro-
duction of hard negative mining in the CPCG



module visibly pushes apart morphologically sim-
ilar classes, helping to prevent feature collapse in
ambiguous boundary regions.

Furthermore, this more structured feature
space appears to contribute to improved pseudo-
label quality and final segmentation accuracy. A
visual inspection of the internal learning processes
(Figures 5, 6, and 7) reveals the direct impact of
our modules.

As shown in the Uncertainty Estimation
(Figure 5), the model accurately highlights
ambiguous regions—predominantly along com-
plex object boundaries such as the intricate spokes
of the bicycles and the outline of the airplane—
with high uncertainty (represented by bright
heatmaps). Notably, the dynamically adjusted
thresholds (e.g., 7 = 0.939,0.948 displayed in
the top-left corners) adaptively respond to these
regions rather than applying a rigid 0.95 cutoff.

Prediction

Fig. 5 Uncertainty Estimation. Highlighting ambiguous
boundaries where dynamic thresholds are applied.

Bright = high
Full Pseudo Full Confidence  Dark = low

Fig. 6 Pseudo-label comparison between the UniMatch
baseline and the full model. From left to right, each row
shows the input image, ground truth, baseline pseudo-label,
full-model pseudo-label, and full-model confidence map.
In the confidence maps, brighter colors indicate higher
prediction confidence, while darker colors indicate lower
confidence. The full model produces more spatially coher-
ent pseudo-labels and reduces fragmented responses around
ambiguous object boundaries.

By identifying and down-weighting uncertain
regions during training, UADPR alleviates the
accumulation of noisy pseudo-labels. This effect
can be observed in Figure 6. The UniMatch base-
line often produces fragmented or jagged pseudo-
masks in visually ambiguous regions, such as
the monitor boundaries and the bicycle riders.
In contrast, the full model yields more coherent
object regions and cleaner boundary responses.
The confidence maps provide further evidence
for this behavior: high-confidence responses are
mainly distributed over consistent object interi-
ors, whereas low-confidence responses are con-
centrated around object boundaries and confus-
ing background areas. These observations suggest
that the uncertainty-aware strategy provides a
more selective use of pseudo-label supervision in
ambiguous regions.

Consequently, the model is encouraged to first
exploit reliable core regions and then gradually
extend supervision to more ambiguous boundary
areas as the learned prototypes become more sta-
ble. The selected qualitative examples in Figure 7
provide visual evidence for this behavior. Com-
pared with the UniMatch baseline, the full frame-
work produces more spatially coherent predictions
and reduces several false responses in challenging
regions. These observations are consistent with the
quantitative gains reported in Tables 1 and 2.



Full

Baseline Ground Truth

Fig. 7 Selected qualitative segmentation comparison
among the input image, UniMatch baseline, full model, and
ground truth.

Taken together, the qualitative results pro-
vide a consistent explanation for the quantitative
improvements. The uncertainty maps show where
the model should avoid over-trusting pseudo-
labels, especially near thin structures, weak
object contours, and visually confusing back-
ground regions. The pseudo-label comparisons
further show that this selective supervision does
not simply remove difficult pixels; instead, it
preserves reliable object interiors while reduc-
ing noisy responses around uncertain boundaries.
At the representation level, the t-SNE projec-
tions indicate that CPCG reshapes the feature
space into more compact and better separated
semantic groups, which helps the subsequent
pseudo-label fusion produce cleaner class assign-
ments. These observations support the intended
role of the dual-guidance design: UADPR con-
trols the reliability of supervision in the prediction
space, while CPCG improves semantic consis-
tency in the feature space. Their interaction yields
pseudo-labels that are both confidence-aware and
representation-aware, leading to more stable seg-
mentation outputs under limited labeled supervi-
sion.

The visual cases also clarify why the two
modules should be used together rather than
independently. If uncertainty estimation is used
alone, unreliable boundary pixels can be sup-
pressed, but the latent features may still remain
weakly organized for visually similar categories.
If prototype contrast is used alone, the feature
space can become more discriminative, but noisy
pseudo-labels may still introduce incorrect proto-
type updates. The proposed combination reduces
both risks: uncertain pixels receive lower train-
ing influence, and reliable pixels contribute to
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more stable prototype learning. This behavior is
especially important for semi-supervised semantic
segmentation, where errors in pseudo-labels can
repeatedly reinforce themselves across training
iterations. By coupling confidence filtering with
representation guidance, the framework produces
segmentation masks that are less fragmented and
better aligned with object structures.

Another notable pattern is that the improve-
ments are most visible in regions where ordi-
nary confidence-based pseudo-labeling is likely to
be unstable. Thin structures, small foreground
objects, and partially occluded categories often
produce mixed responses in the baseline, because
a high softmax score does not necessarily imply
a well-separated feature representation. In these
cases, UADPR first reduces the training pres-
sure from uncertain pixels, while CPCG encour-
ages the remaining reliable pixels to align with
class-level semantic anchors. The resulting masks
therefore preserve object interiors without aggres-
sively expanding into nearby background regions.
This qualitative behavior is consistent with the
ablation results: each module improves the base-
line independently, but their combination provides
a clearer benefit because reliability estimation
and prototype alignment correct different failure
modes of pseudo-label training.

5 Discussion

Our findings suggest that the UADPR and CPCG
modules are complementary. By filtering noisy
targets through predictive uncertainty, the frame-
work helps to stabilize the prototype updates.
This stability allows the contrastive learning mod-
ule to form better-separated class clusters in the
latent space. As a result, the network generates
more reliable similarity maps, which directly feed
back to refine the pseudo-labels. This interac-
tion is consistent with the intended closed loop:
uncertainty-aware filtering reduces noisy super-
vision, cleaner supervision improves prototype
estimation, and prototype-guided similarity fur-
ther refines pseudo-labels for subsequent weak-to-
strong training.

This design also has limitations. Relying on
Monte Carlo Dropout for uncertainty estimation
requires multiple stochastic forward passes during
training, increasing memory usage and training
time. The prototype bank may be less stable



for rare or temporarily absent classes in a mini-
batch, and highly confident but incorrect pseudo-
labels can still affect prototype updates before
being corrected by later training. These issues
suggest that more efficient uncertainty estima-
tion, class-balanced prototype maintenance, and
stronger safeguards for rare categories are worth-
while directions for future work.

6 Conclusion

In conclusion, we presented a dual-guidance
framework that bridges pseudo-label refine-
ment and feature-level regularization for semi-
supervised semantic segmentation. By coupling
uncertainty-aware dynamic thresholding with
class-prototype contrastive learning, our approach
effectively mitigated the impact of noisy super-
vision. Evaluations across standard benchmarks
demonstrated that this joint optimization yielded
consistent improvements over the baseline, par-
ticularly in data-scarce scenarios. Beyond the
observed performance gains, the effectiveness of
this method suggests that semi-supervised seg-
mentation can benefit from extending traditional
output-space self-training to include explicit rep-
resentation alignment. We anticipate that this
perspective of mutually guiding the prediction and
latent spaces holds potential for addressing label
noise in broader label-efficient vision tasks.
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