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ABSTRACT: Weakly Supervised Semantic Segmentation (WSSS), which aims to learn pixel-level segmentation using
only image-level labels, has attracted increasing attention due to its low annotation cost and practical scalability. Existing
methods mainly focus on enhancing class activation maps, improving inter-class discrimination, or introducing
external cues to reduce noisy and incomplete activations. However, they often overlook the collaborative relationships
among image patches, where semantically related regions may be spatially separated or locally under-activated. This
limitation prevents the model from fully capturing object structures and leads to incomplete segmentation results. To
address these issues, we propose Patch Collaboration with Contrastive Learning (PCCL), which unifies bidirectional
contextual propagation and a newly designed spatially weighted patch contrastive objective. Unlike prior non-weighted
patch contrast, PCCL embeds two-dimensional patch geometry directly into the learning signal: nearby positive
patches receive stronger compactness constraints, whereas distant positive pairs retain weaker contributions. Applying
this distance-aware objective to context-enhanced embeddings enables semantic similarity, spatial continuity, and
directional context to be learned jointly. By jointly exploiting semantic consistency and contextual collaboration, PCCL
produces more complete and reliable activation maps for weakly supervised segmentation. Experimental results on
PASCAL VOC 2012 and MS COCO 2014 show competitive performance among the literature values considered in
this study.
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1 Introduction

Semantic segmentation assigns a semantic category to each image pixel and supports applications
such as autonomous driving, medical image analysis, and remote sensing. Despite substantial progress,
tully supervised methods rely on dense pixel-level annotations that are expensive and difficult to scale.
Weakly Supervised Semantic Segmentation (WSSS) addresses this limitation by learning from less costly
annotations, among which image-level labels are particularly attractive because of their availability and low
annotation cost.

Most image-level WSSS methods follow a two-stage pipeline. A classification network first generates
localization cues, typically Class Activation Maps (CAMs), which are then refined into pseudo masks for
training a segmentation network. However, classification models tend to activate only the most discrimina-
tive object regions while overlooking less salient but semantically relevant parts. Consequently, the resulting
pseudo labels are often incomplete, fragmented, or noisy.
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Recent studies improve object localization through CAM refinement, saliency priors, affinity learning,
external cues, or Transformer-based representations. Vision Transformers (ViTs) are especially promising
because self-attention captures long-range relationships among image patches. Nevertheless, existing ViT-
based WSSS methods mainly focus on class-specific localization, attention refinement, or token-level
discrimination. Although global self-attention enables interactions among distant patches, it does not
explicitly provide directional information propagation over the two-dimensional patch grid. Under image-
level supervision, patch tokens corresponding to non-discriminative object regions may therefore remain
noisy or weakly activated.

Different regions of the same object may be spatially separated, visually diverse, or inconsistently
activated. Without explicit collaboration, useful semantic evidence from confident object patches may not
be effectively transferred to ambiguous regions, leading to incomplete activation maps. This motivates
a framework that complements the global interactions of ViT with structured horizontal and vertical
propagation while simultaneously improving patch-level semantic consistency.

To address this issue, we propose Patch Collaboration with Contrastive Learning (PCCL). Although
PCCL shares the ViT and horizontal-vertical recurrent-refinement foundations of CPF-CTE, TKP-PCL,
and APC, it introduces a different representation-learning mechanism: a distance-dependent positive-
pair objective optimized on context-enhanced patch embeddings. This objective replaces the uniform
treatment of prediction-mined positive pairs with patch-grid-aware weights and thereby establishes an
explicit interaction among semantic agreement, spatial proximity, and bidirectional contextual propagation.

Specifically, the Patch LSTM Context Fusion module propagates information along the left-to-right,
right-to-left, top-to-bottom, and bottom-to-top directions of the patch grid, allowing weakly activated
regions to receive complementary evidence from confident regions. Collaborative Patch Contrastive Learn-
ing then imposes geometry-aware semantic regularization on these fused embeddings. The technical novelty
lies in this coupling: contextual propagation first enriches each patch representation, and the proposed spatial
weight subsequently controls the strength of positive-pair compaction according to patch-grid distance. This
design goes beyond placing two existing modules side by side because spatial context directly changes how
semantic pair relations are optimized.

As illustrated in Fig. 1, the main contributions of this work are summarized as follows:

o We introduce a spatially weighted positive-pair contrastive objective for prediction-mined patches.
Unlike uniform positive-pair constraints, it assigns stronger compactness constraints to nearby positive
patches and weaker constraints to distant pairs, preserving local object continuity without forcing every
same-class prediction to align equally.

o We develop a semantic-spatial collaboration mechanism in which the proposed objective operates
on lcontextual-fusion bidirectional long short-term memory (CF-BiLSTM) representations. This
ordered coupling allows directional context propagation and distance-aware semantic regularization to
reinforce each other.

«  We provide controlled component and weighting ablations together with evaluations on PASCAL VOC
2012 and MS COCO 2014. The complete collaboration framework improves Imean intersection over
union (mIoU) from 65.1% to 71.1%, while replacing uniform positive-pair weights with the proposed
spatial weights further improves mIoU from 70.6% to 71.1% under otherwise identical settings.
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Figure 1: Main idea of the proposed PCCL framework. Conventional ViT-based WSSS methods mainly rely on direct
patch-token representations, which may produce incomplete activation maps due to limited patch collaboration. In
contrast, PCCL introduces patch contrastive learning to enhance semantic discrimination and a contextual-fusion
Ibidirectional long short-term memory (BiLSTM) module to model bidirectional contextual dependencies among
patches. The collaborative patch representation enables more complete and reliable activation maps for weakly
supervised semantic segmentation.

2 Related Work
2.1 Weakly Supervised Semantic Segmentation

Weakly Supervised Semantic Segmentation (WSSS) aims to learn pixel-level segmentation models from
weak annotations [1], among which image-level labels are particularly attractive due to their low annotation
cost and easy scalability. A common paradigm in image-level WSSS first trains an image classification
network and then extracts Class Activation Maps (CAMs) [2] as initial localization cues. These cues
are further refined into pseudo segmentation masks, which are finally used to train a fully supervised
segmentation network. Although this pipeline has achieved considerable progress, conventional CAMs
usually highlight only the most discriminative object regions while ignoring less salient but semantically
relevant parts. Consequently, the generated pseudo labels are often incomplete, noisy, and insufficient for
training accurate segmentation models.

To alleviate this limitation, many studies have focused on improving the quality of CAMs and pseudo
labels. Early works introduce post-processing or refinement modules, such as dense Conditional Random
Fields (denseCRF) [3], AffinityNet [4], and AdvCAM [5], to expand object regions and suppress noisy
activations. Other methods exploit external cues or auxiliary information to enhance localization reliability.
For example, data augmentation strategies [6] have been investigated to improve the robustness of WSSS
models without substantially modifying the core architecture. Saliency maps are also incorporated in [7,8]
to provide additional foreground priors and help distinguish object regions from background distractors. In
addition, Changetal. [9] introduced self-supervised sub-category discovery to improve object localization by
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exploring intra-class visual variations. Although these methods are effective, their performance still largely
depends on the quality of initial CAMs and auxiliary cues.

Another important research direction attempts to enhance semantic representations and region-
level relationships for more complete object localization. Prototype-based methods construct class-aware
representations from reliable seed regions. For instance, IS-CAM [10] estimates image-specific prototypes
by aggregating structure-aware seed areas according to spatial feature similarities. Du et al. [11] further use
top-ranked CAM responses to aggregate pixel features and build class prototypes, thereby improving feature
discrimination. Meanwhile, affinity-based methods learn pairwise semantic relationships to propagate
activation responses. AffinityNet [4] learns semantic affinities from pseudo labels and uses random walk
propagation to refine CAMs. Subsequent methods exploit intrinsic feature affinities from classification
networks [12,13] or combine saliency and segmentation cues to improve affinity estimation. These approaches
demonstrate that modeling relationships among pixels or regions is crucial for generating high-quality
pseudo masks.

Despite these advances, existing WSSS methods still face difficulties in recovering object regions
that are spatially separated, weakly activated, or visually diverse. Many methods mainly focus on refining
local activation responses or learning pairwise affinities, while the collaborative relationships among image
patches are not sufficiently explored. In practical scenarios, different parts of the same object may appear
in different spatial locations and may receive inconsistent activation strengths. If these patches are treated
independently, useful semantic information from confident regions may not be effectively propagated to
ambiguous regions. In this work, we address this issue by introducing patch-level contextual collaboration
and contrastive semantic regularization. Specifically, our method models bidirectional contextual depen-
dencies among image patches and encourages semantically consistent patches to form compact feature
representations, leading to more complete and reliable pseudo labels for WSSS. Different from conventional
affinity propagation, which mainly estimates pairwise relationships for mask refinement, our contrastive
regularization is applied to context-enhanced patch embeddings and explicitly modulates positive patch
relationships according to their spatial proximity.

2.2 Transformers for Visual Tasks

Vision Transformer (ViT) [14] represents an image as a sequence of patch tokens and models long-
range dependencies through self-attention. This property has made ViT particularly suitable for weakly
supervised semantic segmentation, where patch-level relationships are important for recovering object
regions from image-level supervision. Early ViT-based localization methods, such as TS-CAM [15], generate
class-discriminative localization maps from token attention.

Recent ViT-based WSSS methods further exploit class tokens, attention maps, and token relationships.
MCTformer [16] introduces multiple class tokens to learn class-to-patch attention maps and uses patch-
to-patch attention for mask refinement. MCTformer+ [17] incorporates class-token contrast to improve
semantic discrimination. AFA [18] learns semantic affinities by supervising multi-head self-attention maps,
while ToCo [19] applies patch-token and class-token contrast to improve foreground-background discrim-
ination and semantic consistency. ViT-PCM [20] adopts a CAM-independent design that directly estimates
pixel-level class probabilities from ViT patch representations.

Although these methods are all based on ViT representations, they impose different relations on the
resulting tokens. MCTformer and MCTformer+ emphasize class-to-patch attention and attention-derived
patch affinity, whereas ToCo supervises patch-token and class-token relations through its PTC and CTC
objectives. The closest architectural precedents for PCCL are CPF-CTE [21], TKP-PCL [22], and APC [23].
CPF-CTE combines post-ViT learnable class tokens with CF-BiLSTM contextual fusion but does not employ
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pairwise patch contrast. TKP-PCL and APC combine confidence-derived patch contrast with horizontal-
vertical recurrent refinement, but their objectives do not distinguish positive pairs according to patch-grid
geometry. PCCL advances this line by conditioning positive-pair compactness on two-dimensional spatial
distance and applying the resulting objective to context-enhanced embeddings.

Table 1 summarizes this boundary, while the following discussion explains its technical implication.
PCCL shares standard pipeline elements, including the ViT backbone, pooling, CRF refinement, and
downstream segmentation, with prior WSSS systems. Its distinct methodological contribution is the spatially
weighted positive-pair objective together with its semantic—spatial coupling to recurrent contextual fusion.
Table 1: Component-level positioning of PCCL relative to closely related ViT-based WSSS methods. The central

comparison concerns semantic relation learning, spatial/context relation modeling, and the interaction between
contrastive supervision and contextual patch collaboration. Pooling, CRF, and the downstream segmentation network

are summarized as conventional pipeline configurations.
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Table 1 (continued)

Primary Contrastive Spatial/ Coupling of
. . . Context Class-Token  Conventional
Method ViT Relation Relation . Contrast and
Target Learning Relation Context Role Setup
Modeling
ViT- , Patch ) e i ) Max/CRE/
PCM [20] predictions pate 0 .plxe DeepLabv2
prediction
Spatially
Semantic Spatially CE-BiLSTM- weighted
PCCL v and spatial weighted based H/V contrast over ~ Top-k/CRF/
(ours) patch positive-pair patch context- DeepLabv2
relations contrast collaboration  collaborated
embeddings

The distinction of PCCL should therefore be interpreted from the interaction between its two
representation-learning mechanisms rather than from either component alone. In a non-weighted patch
contrastive objective, all prediction-mined positive pairs contribute equally once they pass the confidence
threshold. Under image-level supervision, however, equal confidence does not imply equal relational
reliability: nearby same-class patches are more likely to describe a coherent object region, whereas distant
predictions may correspond to different instances, disconnected parts, or correlated false activations.
PCCL encodes this structural prior through a continuous spatial weight. Nearby pairs receive stronger
compactness constraints, while distant pairs remain involved with reduced influence. The objective therefore
avoids indiscriminate same-class contraction while preserving long-range contextual interaction through
CF-BiLSTM.

CF-BiLSTM propagates contextual evidence horizontally and vertically before contrastive regulariza-
tion is evaluated. Consequently, the proposed loss does not act on isolated ViT tokens but on representations
that already encode directional context. The spatial weight then controls the local strength of semantic
compaction over those context-enhanced representations. This ordered interaction is central to PCCL: it
combines what the patches represent after collaboration with how strongly their semantic relations should
be optimized according to geometry.

This formulation establishes an explicit novelty boundary. Relative to CPF-CTE, PCCL replaces
post-ViT class-token enhancement with patch-pair contrast over context-enhanced embeddings. Relative
to TKP-PCL and APGC, it extends confidence-mined patch contrast by introducing distance-dependent
positive-pair weighting. Relative to ToCo, it operates on prediction-mined patch pairs after explicit recurrent
H/V fusion rather than contrasting patch and class tokens. Thus, Eqs. (14)-(17) introduce a geometry-aware
optimization mechanism that is absent from these closely related formulations.

However, ViT self-attention alone may still be insufficient under image-level supervision. Patch tokens
corresponding to non-discriminative object regions can remain noisy or weakly activated, while global
self-attention does not explicitly enforce directional propagation across the two-dimensional patch grid.
Consequently, weakly activated regions may fail to receive sufficient complementary information from more
confident object patches, resulting in fragmented activation maps and incomplete object localization.

Operationally, PCCL first applies Patch LSTM Context Fusion to exchange information along the
horizontal and vertical directions of the patch grid and then applies Collaborative Patch Contrastive
Learning to the resulting embeddings. The objective separates spatially weighted positive-pair compactness
from positive-negative feature separation. Recurrent fusion addresses contextual fragmentation, while the
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proposed weight injects patch-grid geometry into semantic compaction; their ordered interaction constitutes
the semantic-spatial collaboration mechanism of PCCL.

3 Methodology

In this section, we introduce the overall architecture and key components of the proposed Patch
Collaboration with Contrastive Learning (PCCL) framework for weakly supervised semantic segmentation.
First, Section 3.1 presents the overall pipeline of PCCL. Then, Section 3.2 describes the proposed Patch
LSTM Context Fusion module, which models bidirectional contextual dependencies among image patches
and promotes information propagation across spatially correlated regions. Next, Section 3.3 introduces the
Collaborative Patch Contrastive Learning strategy, which enhances semantic consistency and discriminative
patch representation based on the context-enhanced patch features. Finally, Section 3.4 presents the final
prediction process and the overall training objective.

3.1 Overall Framework

The overall architecture of the proposed PCCL framework is illustrated in Fig. 2. Given an input image
Ie RFW3 with only image-level labels, we first divide it into a sequence of non-overlapping patches.
These patches are fed into a Vision Transformer (ViT) encoder to obtain initial patch token representations.
Formally, the patch embeddings extracted by the ViT backbone are denoted as:

Fvit - {fl"it,f;’it’ . fsvit c RSXd, (1)

where s is the number of image patches and d denotes the feature dimension of each patch token.
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Figure 2: Overview of the proposed patch collaboration with contrastive learning (PCCL) framework. Given an input
image, a ViT backbone first extracts patch-level token representations. The proposed Patch LSTM Context Fusion
module then propagates bidirectional contextual information among spatially correlated patches to obtain context-
enhanced patch embeddings. Based on these refined representations, collaborative patch contrastive learning pulls
semantically consistent patches closer while pushing different semantic patches apart. The learned collaborative patch
representations are further used to generate more complete and reliable activation maps for weakly supervised semantic
segmentation.
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Although ViT is effective in capturing global dependencies through self-attention, directly using its
patch tokens for weakly supervised semantic segmentation may still lead to incomplete activation maps.
This is because semantically related object regions can be spatially separated, locally ambiguous, or weakly
activated. As a result, patch representations generated by the transformer alone may not fully exploit
collaborative relationships among object regions.

To address this issue, PCCL introduces a two-stage patch collaboration mechanism. First, we design
a Patch LSTM Context Fusion module to model bidirectional dependencies among patches and propagate
contextual cues across spatially correlated regions. This module converts the original ViT patch tokens F'
into context-enhanced patch embeddings F*". Second, we apply a Collaborative Patch Contrastive Learning
strategy on F°"' to further improve semantic consistency and patch-level discrimination. Specifically,
semantically consistent patches are encouraged to be close in the feature space, while different semantic
patches are pushed apart.

The complete training procedure of PCCL is summarized in Algorithm 1. The algorithm provides a
concise overview of the main steps, including ViT feature extraction, two-dimensional patch-grid con-
textual propagation, patch-level contrastive learning, image-level prediction, and joint optimization of the
classification and contrastive objectives.

Algorithm 1: Training procedure of PCCL

Require: Training image I with image-level label y
Ensure: Optimized PCCL model and generated pseudo labels
1: Extract patch tokens F'"* using ViT encoder
2: Reshape patch tokens into a two-dimensional patch grid
3: Apply horizontal BiLSTM and vertical BiLSTM to obtain F°*!
4: Predict patch-level class probabilities using the patch classifier
5: Select positive and negative patch candidates based on prediction confidence
6: Compute spatial weights w; ; for positive patch pairs
7: Calculate collaborative patch contrastive loss L,
8: Aggregate patch predictions using Top-k pooling
9: Compute image-level classification loss £
10: Optimize the joint objective:
L= Ecls + Aconﬁcvn
11: Generate pseudo labels from patch localization maps

After obtaining the refined patch representations, a lightweight patch classifier is used to predict patch-
level class probabilities. These patch predictions are aggregated into image-level classification scores through
Top-k pooling and supervised by image-level labels. Meanwhile, the patch-level prediction maps can be
upsampled and refined to generate pseudo-labels, which are subsequently used to train a fully supervised
segmentation network, such as DeepLabv2 [24]. Through the joint modeling of contextual collaboration and
contrastive semantic consistency, PCCL produces more complete and reliable activation maps for weakly
supervised semantic segmentation.

3.2 Patch LSTM Context Fusion

To enhance contextual collaboration among image patches, we propose a Patch LSTM Context Fusion
module. The motivation is that patch tokens extracted by ViT may still suffer from spatial fragmentation
when only image-level supervision is available. Although self-attention can capture global correlations, it
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does not explicitly enforce sequential or spatial continuity among neighboring patches. Therefore, weakly
activated object regions may fail to receive sufficient information from more confident regions of the
same object.

vit

Given the patch token sequence F't ¢ R™“ extracted by the ViT encoder, we reshape it into a two-

dimensional patch feature map:
X = Reshape(F*") e R4, (2)

where h and w denote the height and width of the patch grid, and s = h x w. To model contextual
dependencies from different spatial directions, we perform bidirectional sequence modeling along both
horizontal and vertical dimensions.

For horizontal contextual modeling, each row of the patch feature map is treated as a sequence. A
forward LSTM and a backward LSTM are applied to capture left-to-right and right-to-left dependencies:

— [ —
B!, = ISTM" (x,, B Y)). (3)
<~ «— «—
b = ISTM" (x5, h 1), (4)

— <«
where x; ; represents the patch feature at spatial position (i, j), and h ,H] and h ,H] denote the hidden states
from the two horizontal directions.

Similarly, for vertical contextual modeling, each column of the patch feature map is regarded as a
sequence. The vertical bidirectional LSTM captures top-to-bottom and bottom-to-top dependencies:

— P —
h;=LSTM" (xi, »h ,,V_Lj) , (5)
<« D —— <«
By, = IST™Y (x, B1)). (6)

— <«
where hY jand h M ; encode vertical contextual information from opposite directions.

The horizontal and vertical contextual representations are then fused to obtain the context-enhanced
patch representation:

— <« — <«
gij= Concat(h?,j, h f)lj, hXj, hXj). (7)

To maintain the original feature dimension and ensure compatibility with subsequent modules, a
learnable projection layer is applied:

f?)l;t = ngi,j + bp, (8)

where W, and b, are learnable projection parameters. The final context-enhanced patch embeddings are
denoted as:

Fout — {flout’ fgut’ L ’fsout c RSXd. (9)

Relationship to and advance over closely related designs. PCCL shares the ViT-based H/V contextual-
refinement foundation of TKP-PCL [22], APC [23], and CPF-CTE [21]. The methods nevertheless optimize
different relations. CPF-CTE emphasizes post-ViT class-token enhancement and contextual fusion without
pairwise patch contrast. TKP-PCL and APC construct patch pairs from confidence predictions but do not
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encode the relative geometry of positive pairs in their contrastive objectives. PCCL introduces this missing
relation after contextual fusion: Eqs. (14)-(17) optimize the fused embeddings with a distance-dependent
positive-pair term while maintaining a separate positive—negative discrimination term. Consequently, PCCL
transforms spatial layout from an implicit property of recurrent processing into an explicit factor in the
contrastive learning objective.

Through this bidirectional contextual fusion process, each patch receives complementary information
from Isurrounding patches and other spatially correlated patches. This is particularly beneficial for WSSS,
where object regions are often partially activated. By propagating information from confident object patches
to weakly activated regions, the proposed module helps recover incomplete object structures and improves
the coherence of activation maps.

3.3 Collaborative Patch Contrastive Learning

After obtaining the context-enhanced patch embeddings F°"', we further introduce Collaborative
Patch Contrastive Learning to improve patch-level semantic discrimination. Different from contrastive
strategies that only separate high-confidence and low-confidence patches, our method constructs contrastive
relationships based on semantic consistency and contextual collaboration. The key idea is to encourage
semantically related patches to form compact representations while pushing semantically different patches
away in the feature space.

As shown in Fig. 2, the patch classifier takes F°"' as input and produces patch-level semantic predictions:
Z = softmax (FO“thS) , (10)

where W € R is the classifier weight matrix, and C denotes the total number of semantic classes, includ-
ing one background class and C — 1 foreground classes. Accordingly, Z € R**“ represents the normalized
categorical distribution of each patch over all semantic classes. The softmax operation is performed along
the semantic-class dimension.

It is important to distinguish patch-level categorical prediction from image-level multi-label classifica-
tion. In image-level WSSS, multiple foreground categories may simultaneously exist in one image. Therefore,
the final image-level prediction is formulated as a multi-label classification problem and optimized using a
binary cross-entropy loss over the C —1 foreground classes. In contrast, each patch represents a localized
image region and is assigned to one dominant semantic category, including the background category. This
patch-level formulation is analogous to pixel-wise semantic segmentation, where each spatial unit is assigned
a single semantic label. Therefore, softmax normalization is applied across all C patch-level categories to
model the relative semantic response within each local region.

The resulting patch-level distributions are used for confident patch selection and contrastive sample
construction. During pseudo-label generation, the semantic label of the i-th patch is obtained by selecting
the category with the highest predicted probability:

¢j=arg max Zj, (11)
ce{0.1,....C-1}

where ¢ = 0 denotes the background category and ¢ € {1, ..., C — 1} denotes a foreground category. Thus, a
patch is assigned to the background category whenever Z! is the largest entry in its categorical distribution.
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The prediction of the i-th patch is denoted as Z;.

For each foreground class ¢ € {1,..., C — 1}, we define a set of positive patch candidates according to
the patch prediction score and the image-level label:

Pr={f"]Z{>¢ y. =1}, (12)

where ¢ is a confidence threshold and y, indicates whether foreground class ¢ exists in the image-level label.
These patches are regarded as semantically consistent candidates for class c. Meanwhile, patches with low
response to class c are treated as negative candidates:

P ={f"|Zi.<1-¢}, 13)

where 1- ¢ serves as an adaptive low-confidence threshold. By defining the negative threshold as the
complement of the positive confidence threshold ¢, we explicitly enforce a symmetric clearing mar-
gin between highly confident foreground regions and background/unrelated patches, thereby effectively
reducing the number of hyperparameters and enhancing the robustness of the selection mechanism. For
images containing multiple semantic categories, the patch mining process is performed independently for
each foreground class indicated by the image-level labels. Therefore, patches belonging to different object
categories can construct class-specific positive and negative relationships without interfering with each other.
For background regions or patches unrelated to a target category, their low prediction responses naturally
allow them to be selected as negative candidates. The class-specific validity rule excludes terms for which
sufficient positive and negative patch relationships cannot be formed, thereby preventing ill-defined or
statistically unstable pairwise updates. Prediction-driven patch mining can introduce confirmation bias: an
incorrect high-confidence prediction may be selected as a positive candidate and subsequently reinforced
by the contrastive objective, while a true object patch with an erroneously low response may be treated as a
negative candidate. PCCL reduces, rather than completely eliminates, this risk through three complementary
safeguards. First, the confidence margin selects only patches satisfying Z{ > ¢ or Z7 <1- ¢ and excludes
uncertain intermediate responses. Second, the image-level presence constraint y. =1 prevents positive
candidates from being constructed for categories absent from the image. Third, candidate predictions
are obtained from CF-BiLSTM-enhanced representations, so their confidence incorporates horizontal and
vertical contextual evidence instead of relying on isolated local appearance. | We further assess candidate
quality in the experimental analysis; pixel-level annotations are used only for post-hoc evaluation, not for
training or candidate selection.

A class-specific term is valid only when |P}| > 2 and |P,| > 1, ensuring that at least one positive pair
and one positive-negative pair can be constructed. The overall contrastive loss is averaged only over the
valid foreground-class set CJ ;4. Classes that do not meet these conditions are excluded from that image’s
contrastive average; if Cy,;4 is empty for an image, Lop is set to zero for that image. This validity safeguard
was enabled in all reported experiments, including the component ablations and the multi-seed evaluation;
consequently, the reported performance reflects the practical operation of PCCL when some image-class

combinations do not provide sufficient patch pairs.
The current training records do not include aggregate or per-class activation rates for this validity

condition. Although this does not affect the execution of the proposed loss or the reported results, recording
these statistics would provide additional insight into class-dependent contrastive-supervision coverage.
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To measure the similarity between two patch embeddings, we adopt the cosine similarity:

(flqut)Tfput
sim (U, ) = ——_ (14)
(£ 6%) [£2 121 £7 2

To further regulate the positive-pair relationships among the context-enhanced patch embeddings, we
introduce a spatial weighting term. A uniform objective assumes that every selected same-class pair is equally
reliable. This assumption is restrictive for prediction-driven mining because two high-confidence patches
can be semantically compatible yet differ in local continuity, object instance, or prediction reliability. The
proposed weighting strategy therefore assigns stronger compactness constraints to spatially close positive
patches, which more often belong to a coherent local object region, while retaining weaker contributions
from distant pairs. Importantly, spatial distance does not determine the semantic label or remove long-range
pairs; it only modulates their contribution after semantic candidate selection.

The key insight is to separate semantic eligibility from relational reliability. Prediction confidence and
image-level labels determine whether two patches can form a positive pair, whereas their patch-grid distance
provides an additional soft estimate of how strongly that selected relation should be enforced. Thus, the
spatial weight does not replace semantic selection or long-range contextual modeling; it only prevents all
selected positive pairs from being compacted with identical strength.

For two positive patches located at positions r; and r;, their spatial weight is defined as:

wi,j=exp(——“ l 12), (15)

Ts

where r; and r; denote their two-dimensional patch-grid coordinates, and 7, controls the decay rate of the
weight with respect to spatial distance. We set 7, = 1.0 in our experiments. This setting provides a moderate
spatial decay: nearby positive patches receive stronger compactness constraints, whereas spatially distant
positive pairs remain involved with reduced weights. In this way, the proposed objective emphasizes local
object continuity without forcing all same-class patches to align with identical strength. Meanwhile, long-
range contextual information is captured by the preceding Patch LSTM Context Fusion module.

The collaborative patch contrastive loss for class ¢ is formulated as:

¢ 1 .
Econ R Z Wi, j (I_SIm (fi’fj))
¢ £ fieP}
i*j (16)

+L_ Yy sim(fi,fi),

¢ f;eP! freP;

where N7 and N_ denote the numbers of positive-positive and positive-negative patch pairs for class c,
respectively. The first term pulls semantically consistent positive patches closer, encouraging compact class-
specific representations. The second term pushes different semantic patches away from foreground object
regions, reducing noisy activations and improving semantic discrimination. Since the contrastive loss is
applied after Patch LSTM Context Fusion, the learned representations are guided not only by local visual
appearance but also by bidirectional contextual information.
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The overall collaborative contrastive loss is computed over the foreground classes for which valid pairs
can be formed:

1
['con i r— Z »Céon» (17)
|Cvalid ceCl

where C* = {c | y. =1} is the set of foreground classes present in the image and C,,;;4 = {c € C" | |P}| >
2,|P.| > 1}. The zero-valid-class case uses L., = 0 rather than evaluating the fraction above. Through this
design, PCCL explicitly models patch-level semantic consistency and contextual collaboration, enabling
weakly activated object regions to be reinforced by semantically related patches.

The proposed objective addresses a specific question: whether patch-grid relationships should mod-
ulate the compactness constraint between prediction-mined positive patch pairs. Its pairwise formulation
separates positive compactness from positive—negative separation and permits the spatial weight w; ; to act
directly on the positive term. By contrast, InfoNCE introduces a temperature-scaled softmax denominator
and a negative set, supervised contrastive learning generally constructs positive sets from explicit semantic
labels, and margin or triplet objectives require additional margin and sampling strategies. Replacing
the proposed objective with these alternatives would therefore vary several optimization and sampling
factors simultaneously. The controlled comparison isolates the spatial weighting mechanism by changing
only w; ; while keeping patch selection, pair construction, feature representation, and all other training
settings unchanged.

For implementation-level reproducibility, Appendix A and Algorithm Al provide pseudocode for
the complete spatially weighted contrastive-loss computation, including feature normalization, candidate
masking, unordered positive-pair construction, spatial weighting, valid-class filtering, and image- and
batch-level aggregation.

3.4 Final Loss

To train the proposed framework using only image-level labels, we first aggregate patch-level predictions
into image-level classification scores. As shown in Fig. 2, the patch classifier outputs patch-level predictions
Z, which are then aggregated through Top-k pooling. For class ¢, the image-level prediction score is
computed as:

1
pc = E Z Zlca (18)
ieT*

where C is the total number of patch-level categories, background is indexed by ¢ = 0, and the number of
foreground categories is C; = C —1 with indices ¢ € {L,..., Cs}. The set 7 contains the indices of the top
k patches for foreground class c. This operation encourages the image-level prediction to focus on the most
discriminative and reliable patch responses.

Because image-level annotations are available only for foreground presence or absence, the image-level
multi-label classification loss excludes the background category and is defined as:

1 <
Ecls:_C_fZ[)’clog(Pc)+(1_)’c)10g(1_pc)]’ (19)
c=1

where y. is the image-level presence label for foreground class c. No image-level label y, or BCE term
is defined for background; background participates only in the C-way patch prediction and pseudo-
label assignment.



14 Comput Mater Contin. 2026;89(3):95

The final training objective combines the image-level classification loss and the collaborative patch
contrastive loss:

Etotal = ﬁcls + AconFLcona (20)

where A, is a balancing coefficient that controls the contribution of the contrastive objective.

During inference, the trained patch classifier produces patch-level prediction maps. These maps are
reshaped into the spatial patch grid and upsampled to the original image resolution. To further improve
boundary consistency and suppress noisy responses, Conditional Random Fields (CRF) [25] are applied as
a post-processing step. We adopt the publicly available DenseCRF configuration of ViT-PCM [20] without
additional parameter tuning for PCCL. Specifically, we perform 10 mean-field inference iterations. The
Gaussian pairwise potential uses a compatibility weight of 3 and a spatial standard deviation of 1, while the
bilateral pairwise potential uses a compatibility weight of 4, a spatial standard deviation of 67, and an RGB
standard deviation of 3. CRF is used only as a conventional offline refinement step; it is not jointly trained
with PCCL and is not included in the proposed representation-learning contribution. The resulting pseudo-
labels are then used to train a fully supervised semantic segmentation model, such as DeepLabv2 [24], to
obtain the final segmentation results.

By combining Patch LSTM Context Fusion and Collaborative Patch Contrastive Learning, PCCL effec-
tively addresses two key limitations of existing ViT-based WSSS methods. The former strengthens contextual
information propagation among spatially correlated patches, while the latter improves semantic compactness
and discrimination in the patch feature space. As a result, the proposed framework generates more complete
activation maps and more reliable pseudo-labels for weakly supervised semantic segmentation.

4 Experiment
4.1 Experimental Settings

Dataset. To validate the performance of our proposed model, we conduct extensive experiments on two
widely adopted weakly supervised semantic segmentation benchmarks, including PASCAL VOC 2012 [26]
and MS COCO 2014 [27]. PASCAL VOC 2012 contains 20 foreground object categories and one background
class, covering diverse visual concepts such as vehicles, animals, and indoor objects. Following the standard
protocol in weakly supervised semantic segmentation, we augment the original training set with additional
annotations from the Semantic Boundaries Dataset (SBD) [28]. This results in 10,582 weakly labeled training
images and 1,449 validation images.

In addition, we further evaluate our method on the more challenging MS COCO 2014 dataset, which
contains 80 foreground object categories and one background class. Compared with PASCAL VOC 2012,
MS COCO presents more complex scenes, larger object-scale variations, frequent object co-occurrence,
and heavier background clutter, making it a more demanding benchmark for evaluating the robustness
and generalization ability of WSSS methods. Following common practice, we use the COCO 2014 training
images with image-level labels for model training and report segmentation performance on the validation
set. Experiments on both datasets enable a comprehensive evaluation of the proposed method under different
levels of scene complexity and category diversity.

Evaluation Metric. For quantitative assessment, we employ the standard mean Intersection-over-Union
(mIoU) as our primary evaluation criterion. The mIoU metric serves as a rigorous benchmark in semantic
segmentation by penalizing both false positives and false negatives at the pixel level. Specifically, the IoU
score for an individual category c is determined by calculating the ratio of the intersection to the union
between the prediction and ground truth:
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(21)
where P. and G, denote the predicted pixel set and the corresponding ground-truth mask for class c,
respectively. To obtain a comprehensive overview of the model’s overall efficacy, the final mIoU is computed
by averaging the IoU values across all C semantic classes (including the background):

1 C-1
mloU = — > IoU.. (22)
C c=0

By treating each category with equal weight during the averaging process, mIoU effectively mitigates the
impact of class imbalance, ensuring that minor classes contribute equally to the final score. Consequently,
this metric provides a reliable and transparent reflection of our model’s capacity to delineate precise object
boundaries and maintain high taxonomic accuracy.

We report the primary results on the PASCAL VOC 2012 validation set and the MS COCO 2014
validation set. The final configuration, including k = 6, € = 0.8, Acon = 0.01, and the 960 x 960 inference
resolution, was selected through a grid search based on pseudo-label quality on the PASCAL VOC training
set. After this configuration was determined, all hyperparameters were fixed before evaluating the final
model on the VOC validation set. The same fixed configuration was subsequently used for MS COCO 2014.
Following the standard benchmark-reporting practice in WSSS, Tables 2-4 compare PCCL with the results
reported in the original publications, with each value linked to its cited source. Complete official code,
checkpoints, and fully specified training configurations are not available for all selected methods; replacing
their published results with partial unofficial reimplementations could therefore introduce additional
reproduction bias. We accordingly use the published values for transparent benchmark-level positioning.
The controlled evidence for the effects of the PCCL components is provided separately by the internal
ablation studies, in which the training and evaluation settings are held fixed. The contrastive objective is
active only during first-stage training, while Patch LSTM Context Fusion is used during first-stage training
and offline pseudo-label generation. Neither component is retained in the downstream DeepLabv2 network;
therefore, the architecture, parameter count, FLOPs, and deployment-time inference throughput of the
final segmentation model are unchanged relative to the same DeepLabv2 configuration trained with other
pseudo masks.

Table 2: Comparison with literature-reported pseudo-label results on the PASCAL VOC 2012 validation set (mIoU).
Results for comparison methods are taken from their cited publications.

Method Pub. Backbone mloU (%)
CDA [29] ICCV21 VI-RN38 66.4
Yao et al. [7] CVPR21 V2-RNI101 68.3
AuxSegNet [30] ICCV21 VI-RN38 69.0
AdvCAM [5] IT-PAMI24 V2-RN101 69.9
SIPE [10] CVPR22 ResNet50 58.6
AFA [18] CVPR22 ViT-B/16 66.0
FPR [3]] ICCV23 ResNet38 68.5
PGSD [32] TCSVT24 ViT-B/16 68.7
CGM [33] PR24 ViT-B/16 68.1
CPF-CTE [21] CMES26 ViT-B/16 70.8
PCCL Ours ViT-B/16 71.7

Note: Boldface identifies the proposed method and the highest mIoU value among the methods listed in each table.



16 Comput Mater Contin. 2026;89(3):95

Table 3: Comparison with literature-reported semantic segmentation results on the PASCAL VOC 2012 validation set
(mIoU). Results for comparison methods are taken from their cited publications.

Method Pub. Backbone mloU (%)
AFA [18] CVPR22 ViT-B/16 63.8
SIPE [10] CVPR22 ResNet50 58.6
MCTformer [16] CVPR22 DeiT-S 61.7
TSCD [34] AAAI23 MiT-Bl1 67.3
PGSD [32] TCSVT24 ViT-B/16 68.7
CGM [33] PR24 ViT-B/16 67.8
CPEWS [35] CMC25 ViT 69.8
CPF-CTE [21] CMES26 ViT-B/16 69.5
PCCL Ours ViT-B/16 71.1

Note: Boldface identifies the proposed method and the highest mIoU value among the methods listed in each table.

Table 4: Comparison with literature-reported semantic segmentation results on the MS COCO 2014 validation set
(mIoU). Results for comparison methods are taken from their cited publications.

Model Pub. Backbone mloU (%)
MCTformer [16] CVPR22 DeiT-S 42.0
SIPE [10] CVPR22 ResNet38 43.6
TSCD [34] AAAI23 MiT-B1 40.1
SAS [36] AAADR3 ViT-B/16 44.5
FPR [31] ICCV23 ResNet38 43.9
SEC [37] AAAI24 ViT-B/16 44.6
TIACD [6] ICASSP24 ViT-B/16 44.3
ToCo [19] CVPR23 ViT-B 423
DeFB-SV [38] Neurocomputing24 ViT 43,5
CPEWS [35] CMC25 ViT 41.4
CPF-CTE [21] CMES26 ViT-B/16 45.4
PCCL Ours ViT-B/16 45.9

Note: Boldface identifies the proposed method and the highest mIoU value among the methods listed in each table.

4.2 Experimental Implementation Details

In our experiments, we adopt ViT-B/16 as the visual backbone to extract patch-level representations
from input images. During training, all images are resized to 384 x 384, following common practice in
weakly supervised semantic segmentation [1]. Each image is divided into 24 x 24 non-overlapping patches,
where each patch has a spatial size of 16 x 16. The resulting patch tokens are first processed by the ViT
encoder and then fed into the proposed Patch LSTM Context Fusion module to obtain context-enhanced
patch embeddings. These refined patch representations are further optimized by the Collaborative Patch
Contrastive Learning objective, which encourages semantically consistent patches to be compact while
separating category-inconsistent patches.

The model is trained with a batch size of 16 for 30 epochs on two NVIDIA RTX 4090 GPUs. We use
the Adam optimizer for network optimization. The learning rate is initialized as 1 x 10~ for the first two
epochs to accelerate early convergence and is then reduced to 1 x 10~* for the remaining training epochs. This
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two-stage learning rate schedule provides stable optimization for both the patch classifier and the proposed
contextual collaboration modules.

During the training phase, as illustrated in Fig. 3, we employ a Top-k pooling strategy with k = 6 to
selectively retain the most informative patch-level predictions. This approach ensures that the model focuses
on confident patch responses while reducing the influence of uncertain regions. The values of k = 6, ¢ = 0.8,
Acon = 0.01,and the 960 x 960 inference resolution were selected through a grid search based on pseudo-label
quality on the PASCAL VOC 2012 training set. After the final configuration was determined, all settings were
fixed before evaluation on the VOC validation set and were subsequently kept unchanged for MS COCO
2014.

Effect of Top-k Value on mloU

71.5 Best: 71.1 at k=6

—— mloU

71.0 A

70.5 A

1 2 3 4 5 6 7 8
Top-k Value

Figure 3: Impact of different Top-k values on WSSS performance.

Reusing this configuration on MS COCO was a deliberate no-retuning transfer protocol rather than
an assumption that the VOC-selected values are universally optimal. The two datasets use the same ViT-
B/16 backbone, 384 x 384 training input, and 24 x 24 patch grid; therefore, k is defined on the same token
geometry. The confidence threshold ¢ acts on normalized class probabilities, and positive candidates are
additionally restricted to categories present in the image-level label. Moreover, £, is normalized by the
numbers of valid positive-positive and positive-negative pairs, and the overall contrastive loss is averaged
over valid foreground classes. These design choices reduce direct dependence of ¢ and A.,, on dataset size,
category frequency, and the total number of categories. The fixed 960 x 960 resolution also preserves an
identical offline pseudo-label-generation protocol across datasets. Applying the frozen configuration to the
substantially more diverse MS COCO dataset yields 45.9% mIoU, providing empirical evidence of reasonable
transferability without COCO-specific tuning. Nevertheless, no separate COCO grid search was performed,
and we do not claim that this configuration is optimal for COCO.

The potential zero-retuning gap arises because COCO differs substantially from VOC in object scale,
category co-occurrence, class frequency, and scene complexity. Consequently, the VOC-selected k may not
provide the optimal pooling range for COCO images, ¢ may induce a different candidate precision-coverage
balance, .., may not be the optimal loss balance under the 80-category distribution, and the fixed 960 x 960
pseudo-label-generation resolution may remain limiting for small objects. A COCO-specific grid search
could therefore potentially improve the reported result. However, because no such retuning was performed,
the magnitude of this gap cannot be estimated reliably from the frozen experiment and we avoid assigning
it a speculative numerical value. The three frozen-configuration runs obtain 45.6%, 45.9%, and 46.2% mlIoU
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(45.90 + 0.30), showing that the zero-retuning result is repeatable. We therefore interpret 45.9% as a stable,
conservative transfer result rather than a COCO-optimized upper bound.

For the Collaborative Patch Contrastive Learning module, the predefined high-confidence threshold ¢
for selecting positive patch candidates is set to 0.8, which automatically yields an adaptive low-confidence
threshold of 1 — € = 0.2 for identifying negative candidates. Here, negative candidates are defined with respect
to the target category rather than being treated as global background regions. Specifically, a patch with a low
response to class c indicates that it is unlikely to belong to class ¢, while it may still contain another foreground
category in multi-object images. This coupled parameter design simplifies the optimization landscape while
guaranteeing that only reliable patch representations participate in the contrastive alignment. The final joint
objective is regularized by setting the balancing coefficient Ao, = 0.01, which ensures a stable trade-off
between image-level multi-label classification and patch-level semantic consistency optimization.

The validation-set results in Figs. 3-5 are post-hoc sensitivity analyses that illustrate the effect of varying
individual parameters after the training-set grid search had determined the final configuration. These
analyses were not used to alter the selected hyperparameters or inference resolution.

. Effect of Input Image Size on mloU
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Figure 4: The impact of different input image sizes on the final performance of WSSS.
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Figure 5: Impact of contrastive hyperparameters on segmentation performance. The heatmap reports the mIoU results
under different combinations of the contrastive loss weight A.,, and the confidence threshold ¢. The best performance
is achieved when A.,, = 0.01 and ¢ = 0.8, yielding an mIoU of 71.1%. * indicates the best-performing hyperparameter
configuration.
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For the inference stage, as illustrated in Fig. 4, we preprocess the input images by upscaling them to
a resolution of 960 x 960. The higher inference resolution provides finer patch-level predictions and can
help preserve small object regions and boundary details, which is beneficial for generating more accurate
pseudo-labels.

Table 5 quantifies the overhead introduced in the first-stage pseudo-label-generation network. CF-
BiLSTM, including its fusion projection, increases the parameter count from 86.11 M to 89.65 M (4.11%) and
the 384 x 384 forward computation from 110.99 to 115.06 GFLOPs (3.67%). Its peak training memory on a
single GPU increases from 11.1 to 11.7 GB. The average time for generating a pseudo-label for one augmented
VOC training image increases from 305.0 ms/image for the ViT baseline to 341.6 ms/image for Full PCCL.
Because the contrastive objective is disabled during pseudo-label generation, this latency difference primarily
reflects the inference-time overhead introduced by CF-BiLSTM. The latency increase (11.99%) is larger than
the FLOP increase (3.67%), which is consistent with the lower parallel efficiency of recurrent operations
compared with the highly optimized matrix operations in the ViT backbone, although implementation-level
factors such as memory access and kernel-launch overhead may also contribute.

Table 5: Computational complexity and resource overhead of the first-stage PCCL network on PASCAL VOC 2012.
Parameters and FLOPs are calculated for one 384 x 384 input; FLOPs count multiplication and addition as separate
operations. Peak training memory is measured on a single NVIDIA RTX 4090 GPU. PCCL pseudo-label-generation
latency is measured on the same single GPU with batch size 1 at 960 x 960 and averaged over the 10,582 images in the
augmented VOC training set.

Pseudo-Label-Generation

Configuration Params (M) FLOPs (G) Peak Training Memory (GB) Latency (ms/Image)

ViT baseline 86.11 110.99 11.1 305.0
+ CF-BiLSTM 89.65 115.06 11.7 341.6%
Full PCCL 89.65 115.06 12.5 341.6

Note: =Here, latency refers to the offline first-stage forward pass used to generate pseudo-labels for the augmented VOC
training images, not to inference of the downstream DeepLabv2 model on the validation set. The CF-BiLSTM-only
configuration and Full PCCL have the same pseudo-label-generation graph because the spatially weighted contrastive
objective is used only during training. Full PCCL was timed directly; therefore, the CF-BiLSTM-only latency is reported
from the measured Full PCCL profile rather than from a redundant additional timing run.

Collaborative Patch Contrastive Learning introduces no trainable parameters and is not executed during
pseudo-label generation. Consequently, Full PCCL has the same parameter count, forward FLOPs, and
pseudo-label-generation graph as the CF-BiLSTM configuration. Its additional cost occurs only during
training: constructing positive-positive similarity, spatial-distance, spatial-weight, and positive-negative
similarity matrices increases peak memory from 11.7 to 12.5 GB. For high-resolution inputs, the horizontal
and vertical recurrent sequences become longer and may moderately reduce throughput. Nevertheless, their
state computation grows linearly with the number of patches, whereas ViT self-attention grows quadratically;
the measured 11.99% pseudo-label-generation latency increase at 960 x 960 therefore indicates a moderate
overhead rather than a dominant high-resolution bottleneck.

In the final semantic segmentation stage, the refined pseudo-labels are used to train DeepLabv2 [24] in
a fully supervised manner. This two-stage training protocol follows the standard WSSS pipeline, where the
proposed PCCL framework focuses on generating high-quality pseudo-labels from image-level annotations,
and DeepLabv2 is subsequently trained to produce the final dense segmentation results.
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For downstream segmentation, we follow the public DeepLabv2 implementation at https://github.com/
lkazutol011/deeplab-pytorch, using a ResNet-101 backbone initialized with ImageNet-pretrained weights
from https://github.com/johnnylu305/deeplab-imagenet-pytorch. The training code is unchanged except
that PCCL-generated pseudo masks are used as segmentation supervision. Following the public VOC
configuration, the model is trained for 20,000 iterations using 321 x 321 random crops, an effective batch
size of 10, and SGD with an initial learning rate of 2.5 x 10~*, momentum of 0.9, weight decay of 5 x 1074,
and polynomial learning-rate decay. Data augmentation includes random scaling, cropping, and horizontal
flipping. During inference, predictions at scales {0.5,0.75,1.0} are fused, and flip testing is not used.
DeepLabv2 is employed only as a standard downstream segmentation model and is not part of the proposed
methodological contribution.

The complexity profile in Table 5 concerns only the first-stage network used for training and offline
pseudo-label generation. Neither CF-BiLSTM nor the contrastive objective is retained in the downstream
DeepLabv2 model. Therefore, the architecture, parameter count, FLOPs, and deployment-time latency
of DeepLabv2 remain unchanged relative to the same segmentation network trained with alternative
pseudo masks.

4.3 Final Segmentation Performance

Table 6 shows limited variation across independent random seeds, indicating that PCCL is stable
with respect to random initialization. This multi-seed analysis evaluates the repeatability of PCCL, while
Tables 2—4 provide comparison with the published point estimates of existing methods.

Table 6: Statistical results of PCCL over three independent runs with different random seeds on the PASCAL VOC
2012 and MS COCO 2014 validation sets. The last column reports the mean and sample standard deviation (n — 1).

Metric Run1 Run 2 Run 3 Mean + Std

VOC pseudo-label mIoU 71.5 72.0 71.6 71.70 £ 0.26
VOC final segmentation mIoU 70.7 71.3 71.3 71.10 + 0.35
COCO mloU 45.6 45.9 46.2 45.90 +£0.30

As shown in Table 2, the proposed PCCL achieves competitive pseudo-label performance on the
PASCAL VOC 2012 dataset. PCCL obtains a mean mIoU of 71.7%, which is numerically higher than the
cited literature values listed in the table, including 70.8% for CPF-CTE [21].

The competitive pseudo-label performance is associated with the proposed patch collaboration mech-
anism. The Patch LSTM Context Fusion module enables bidirectional contextual information propagation
among spatially correlated patches, which helps recover weakly activated object regions. In addition, the
Collaborative Patch Contrastive Learning strategy enhances patch-level semantic consistency by pulling
semantically related patches closer while pushing different semantic patches apart. These two components
jointly improve the completeness and discriminative quality of activation maps, resulting in more accurate
pseudo-label generation under image-level supervision.

Improvements in Final Segmentation Results. To further evaluate the effectiveness of the generated
pseudo labels, we train DeepLabv2 using the masks produced by PCCL and compare the final segmentation
performance with previous methods on the PASCAL VOC 2012 validation set. As reported in Table 3, PCCL
obtains a mean mloU of 71.1%. This is numerically higher than the literature values listed in the table,
including 69.5% for CPF-CTE. We further include the recent CPEWS method published in CMC 2025, which
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reports 69.8% mloU on the VOC validation set. PCCL is numerically 1.3 percentage points higher than this
recently published ViT-based method.

These results demonstrate that the pseudo labels generated by PCCL are not only more accurate at
the activation-map level but also more effective for training the downstream segmentation network. The
improvement can be attributed to the combination of contextual patch modeling and contrastive semantic
regularization. The former strengthens information exchange between related patches, while the latter
improves feature compactness and suppresses noisy background activations. As a result, PCCL can generate
more complete object masks and achieve stronger segmentation performance under weak supervision.

Generalization on MS COCO 2014. We further evaluate PCCL on the more challenging MS COCO
2014 dataset. As shown in Table 4, PCCL obtains a mean mIoU of 45.9%, which is competitive with and
numerically higher than the cited values included in the table. In particular, it is 0.5 percentage points
higher than the reported CPF-CTE value. We further include CPEWS, a recent state-of-the-art WSSS method
published in CMC 2025. CPEWS reports 41.4% mlIoU on the COCO validation set, whereas PCCL obtains
45.9%, corresponding to an improvement of 4.5 percentage points. Together with the VOC result, this
comparison further demonstrates the competitive performance and cross-dataset effectiveness of PCCL
against a recent WSSS approach.

Since MS COCO contains more object categories, more complex object co-occurrences, and heavier
background clutter than PASCAL VOGC, this result provides complementary evidence that PCCL can be
applied beyond the VOC setting.

Visualization of Segmentation Results. As shown in Fig. 6, we present qualitative visualization results
to demonstrate the segmentation performance of the proposed method. It can be observed that our
method generally produces more complete and coherent segmentation masks in many weakly activated
regions. Nevertheless, fine boundaries and structurally complex scenes may remain challenging, as discussed
below. Overall, these qualitative results indicate that PCCL can enhance semantic localization and generate
more reliable segmentation results. Furthermore, as shown in Fig. 7, we report the class-wise performance
of our method across different semantic categories, which provides a more detailed evaluation of its
segmentation capability.

Failure Cases and Error Analysis. Fig. 8 presents representative failure cases involving small objects, thin
structures, and occluded multi-object scenes. These examples illustrate several remaining limitations of
PCCL. Small objects may occupy only a few patch tokens and therefore provide insufficient semantic
evidence. Thin structures and fine boundaries can be lost because multiple foreground and background pixels
are represented within the same patch. In heavily occluded or crowded scenes, disconnected object regions
and nearby instances may also introduce ambiguous contextual relationships, resulting in incomplete masks,
merged regions, or local semantic leakage.

These failure cases are closely related to the fixed granularity of patch-based representations. Although
CF-BiLSTM propagates contextual information among neighboring and distant patches, it cannot fully
recover spatial details that have already been lost during patch embedding. Similarly, patch-level contrastive
learning may still be affected when visually ambiguous or spatially disconnected regions are assigned
unreliable semantic relations. Therefore, contextual collaboration improves overall mask completeness but
does not completely resolve errors caused by limited spatial resolution and complex object interactions.
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Figure7: Segmentation performance on the validation set across different categories. The figure illustrates the per-class

1IoU scores.
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Input Image Ground Truth PCCL Prediction

(a)

Figure 8: Representative PCCL failure cases. Each row shows the input image, ground truth, and PCCL prediction.
The examples correspond to challenging scenes involving (a) small objects, (b) thin structures, and (c) occlusion and
multiple adjacent objects.

Mechanistically, the fixed ViT-B/16 tokenizer represents each 16 x 16 image region with a single patch
token, and CF-BiLSTM produces an updated representation on the same token grid without increasing
its spatial resolution. A small object occupying only part of one patch must therefore compete with
the surrounding background within a shared token, while a thin structure may cross several mixed
foreground-background patches without any token explicitly representing its sub-patch boundary. Contex-
tual propagation can strengthen semantic confidence when reliable foreground evidence exists in related
patches, but it cannot subdivide a mixed token or create missing pixel-level and boundary evidence. When
neighboring context is dominated by background or adjacent objects, propagation may also preserve or
spread the dominant ambiguous response. Subsequent upsampling and CRF refinement operate on the
resulting coarse prediction map and can sharpen existing responses, but they cannot reliably reconstruct
an object or thin topology that is absent from the patch-level activations. CF-BiLSTM should therefore be
understood as semantic context propagation rather than spatial super-resolution.

In future work, we will investigate multi-scale or adaptive patch representations for small objects,
boundary-aware feature learning for thin structures, and occlusion-aware patch grouping for crowded
scenes. Coarse-to-fine feature fusion and stronger local-detail modeling may further reduce these failure
cases while retaining the semantic-spatial collaboration of PCCL.
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4.4 Ablation Study

To verify the individual contribution and synergistic effect of each core component in our proposed
method, we conduct a comprehensive ablation study on the PASCAL VOC 2012 dataset. Specifically, we
evaluate the baseline framework alongside two key modules: Patch Collaboration and Patch Contrastive
Learning. The quantitative results are summarized in Table 7.

Table 7: Two-factor ablation of Patch Collaboration and Patch Contrastive Learning on the PASCAL VOC 2012
validation set.

Original Framework Patch Collaboration Patch Contrastive Learning mloU (%)
v 65.1
v v 674
v v 68.2
v v v 71.1

The four configurations in Table 7 form a two-factor controlled ablation, allowing us to separate
the individual effects of Patch Collaboration and Patch Contrastive Learning from their interaction. The
subsequent experiments further isolate the spatial weighting term, the structure of contextual propagation,
and the corresponding changes in patch-candidate quality.

Effectiveness of Patch Collaboration. As indicated in the second row of Table 7, incorporating the Patch
Collaboration module into the original framework yields a noticeable performance enhancement, boosting
the mIoU from 65.1% to 67.4% (+2.3 percentage points). This steady improvement demonstrates that enabling
cooperative interactions among patches helps the model aggregate local context more effectively, thereby
generating more coherent and consistent initial seed regions for semantic segmentation.

Effectiveness of Patch Contrastive Learning. Similarly, we investigate the impact of the Patch Contrastive
Learning strategy. As shown in the third row, applying this contrastive constraint independently brings a
substantial performance gain of 3.1 percentage points, elevating the mIoU to 68.2%. This result highlights
the significance of pulling semantically similar patch features closer while pushing dissimilar or background
patches apart, which drastically reduces false-positive activations in ambiguous regions.

Effectiveness of the Spatial Weighting Term. The most direct controlled alternative to the proposed spatial
term is uniform positive-pair weighting. We therefore replace w; ; in the positive-pair term with w; ; =1
while keeping patch selection, pair construction, CF-BiLSTM features, the positive-negative term, and all
other training settings unchanged. As shown in Table 8, uniform weighting achieves 70.6% mIoU, whereas
the proposed spatial weighting achieves 71.1%. Because this comparison changes only w; j, the 0.5-point
difference isolates the contribution of patch-grid-aware weighting beyond non-weighted patch contrast.

The performance contributions should therefore be interpreted hierarchically. In the two-factor abla-
tion, Patch Collaboration alone improves the baseline by 2.3 points (65.1% to 67.4%), while Patch Contrastive
Learning alone improves it by 3.1 points (65.1% to 68.2%). Combining them yields a 6.0-point total improve-
ment (65.1% to 71.1%), including a positive interaction of 0.6 points. Within this complete framework,
the uniform-vs-spatial comparison further attributes 0.5 points specifically to the spatial weighting term.
Thus, the principal improvement arises from contextual fusion and patch contrastive regularization together,
whereas spatial weighting provides a modest but controlled geometry-specific refinement. It introduces no
trainable parameters and is absent during pseudo-label generation and downstream inference.
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Table 8: Ablation study of the spatial weighting term on the PASCAL VOC 2012 validation set.

Contrastive Learning Configuration mloU (%)
PCCL with uniform positive-pair weighting, w; j = 1 70.6
PCCL with the spatial weighting term 711

Effect of CRF Post-processing. To quantify the contribution of CRF independently from the proposed
representation-learning components, we compare PCCL with and without CRF while keeping the trained
PCCL model, pre-CRF prediction maps, and downstream segmentation protocol otherwise unchanged.
As shown in Table 9, the final segmentation mIoU increases from 68.3% without CRF to 71.1% with CRE,
corresponding to a gain of 2.8 percentage points. This result quantifies the boundary-refinement contribution
of the conventional CRF post-processing step. The CRF configuration is fixed to that of ViT-PCM [20] and
is not treated as part of the methodological novelty of PCCL.

Table 9: Effect of CRF post-processing on final segmentation performance on the PASCAL VOC 2012 validation set.

Configuration mloU (%)
PCCL without CRF 68.3
PCCL with CRF 71.1

This ablation quantifies and separates the effect of conventional CRF post-processing from the proposed
representation-learning components. Accordingly, the 68.3% result without CRF represents the performance
before boundary refinement, while the additional 2.8 percentage points are attributed separately to CRE. CRF
is not treated as part of the proposed PCCL contribution.

Comparison with Alternative Contextual Modeling Modules. To further investigate the effectiveness of
the proposed bidirectional contextual modeling strategy, we compare the Patch LSTM Context Fusion
module with simpler contextual alternatives under the same training and evaluation settings. As shown
in Table 10, the ViT-only baseline achieves an mIoU of 65.1%. Introducing a single-axis BILSTM improves
the performance to 66.3%, demonstrating that directional contextual propagation is beneficial for enhancing
patch representations. The proposed horizontal-and-vertical BILSTM further increases the mIoU to 67.4%,
outperforming the single-axis variant by 1.1 percentage points. These results indicate that explicitly mod-
eling contextual dependencies along both spatial dimensions provides more comprehensive information
propagation and is more effective for recovering weakly activated and incomplete object regions.

Table 10: Comparison with alternative contextual modeling modules on the PASCAL VOC 2012 validation set.

Contextual Modeling Module mloU (%)
ViT-only baseline 65.1
Single-axis BiLSTM 66.3
Horizontal and vertical BiLSTM 67.4

Synergistic Effect of Both Components. Finally, when both the Patch Collaboration and Patch Contrastive
modules are simultaneously integrated into our framework (the fourth row), our model achieves the peak
performance of 71.1% mloU. This cumulative improvement (+6.0 percentage points over the baseline)
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indicates that the two components are complementary. Patch Collaboration promotes broader and more
coherent contextual aggregation, while Patch Contrastive Learning improves feature discrimination and
semantic consistency.

More specifically, the factorial interaction between the two components is Ajy¢ = 71.1 — 67.4 — 68.2 +
65.1 = 0.6 percentage points. Equivalently, Patch Collaboration improves mloU by 2.3 points without
contrastive learning (65.1 — 67.4), but by 2.9 points when contrastive learning is enabled (68.2 — 71.1). This
positive interaction supports the claimed semantic-spatial collaboration mechanism: contrastive regulariza-
tion benefits from operating on context-enhanced patch embeddings, beyond the separate main effects of
the two components. Together with the uniform-vs-spatial weighting comparison in Table 8 and the patch-
quality diagnostics in Table 11, the revised analysis isolates the mechanism at the component, objective, and
intermediate-candidate levels.

Table 11: Patch candidate quality and residual confirmation-bias statistics on the PASCAL VOC 2012 validation set.
The upward and downward arrows indicate that higher and lower values are preferable, respectively.

Negative Error

Configuration e  Positive Precision t  Positive Coverage 1 Rate |

PCCL w/o CE-BiLSTM 0.8 84.8% 277% 6.7%
PCCL w/o image-label constraint 0.8 82.4% 35.7% 4.9%
Full PCCL 0.7 86.0% 46.1% 6.6%

Full PCCL 0.8 90.9% 37.5% 4.2%

Full PCCL 0.9 94.8% 21.3% 3.0%

Sensitivity Analysis of Contrastive Learning. To further investigate the influence of contrastive learning, we
report a post-hoc sensitivity analysis on the PASCAL VOC 2012 validation set for two key hyperparameters:
the contrastive loss weight A.,, and the confidence threshold e. The final values A.,, = 0.01 and ¢ = 0.8 had
already been selected through the training-set grid search and were not changed based on this validation-
set analysis. As illustrated in Fig. 5, this configuration achieves 71.1% mlIoU on the VOC validation set.
When A, is too small, the contrastive constraint becomes insufficient to effectively enhance patch-level
semantic discrimination. Conversely, an excessively large A.,, may overemphasize feature separation and
disturb the image-level classification objective, leading to degraded segmentation performance. Similarly,
a lower confidence threshold may introduce unreliable patch candidates into contrastive learning, while a
higher threshold may discard useful foreground patches. These results illustrate the sensitivity of PCCL to
contrastive regularization strength and reliable patch selection, rather than serving as the basis for selecting
the final configuration.

Patch Candidate Quality and Confirmation-Bias Analysis. To directly assess the reliability of prediction-
driven sampling, we conduct a post-hoc diagnostic analysis on the PASCAL VOC 2012 validation set. The
validation-set pixel-level annotations are used only to evaluate the mined candidates: they are not used to
train or retrain the model, construct candidate sets, or alter the previously selected threshold. Each patch
is assigned a reference class from the majority of its non-void ground-truth pixels. Positive precision is the
fraction of selected positive candidates whose reference class matches the target class; positive coverage is
the fraction of ground-truth target-class patches that are correctly selected as positives; and negative error
rate is the fraction of selected negative candidates whose reference class is actually the target class.

At the fixed threshold ¢ = 0.8, adding CF-BiLSTM increases positive precision from 84.8% to 90.9%
and positive coverage from 27.7% to 37.5%, while reducing the negative error rate from 6.7% to 4.2%. These
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changes indicate that bidirectional contextual propagation both suppresses isolated false positive responses
and recovers additional true object patches before contrastive pairs are formed. The image-level constraint
produces a complementary effect. Relative to the model without this constraint, Full PCCL improves positive
precision from 82.4% to 90.9%, positive coverage from 35.7% to 37.5%, and negative error from 4.9% to
4.2%. The dominant gain in positive precision is consistent with the positive-candidate definition, in which
the image-level presence label directly prevents absent categories from contributing positive candidates. The
smaller changes in coverage and negative error arise indirectly because this gate changes which class-specific
contrastive terms participate during training, although the negative threshold itself remains unchanged.

The threshold analysis further shows the expected reliability—coverage trade-off. Increasing ¢ from 0.7
to 0.9 raises positive precision from 86.0% to 94.8% and reduces negative error from 6.6% to 3.0%, but
decreases positive coverage from 46.1% to 21.3%. The adopted ¢ = 0.8 provides an intermediate operating
point, retaining 37.5% coverage while achieving 90.9% positive precision and a 4.2% negative error rate. These
results provide direct evidence that contextual enhancement, image-level category filtering, and confidence-
margin selection reduce the amount of erroneous self-supervision. Nevertheless, the remaining nonzero
negative error confirms that confirmation bias is alleviated rather than fully removed.

At the adopted operating point & = 0.8, these results quantify the residual severity of confirmation bias
more directly: 9.1% of the selected positive candidates disagree with the reference class, and 4.2% of the
selected negative candidates actually belong to the target class. Positive coverage is 37.5%, meaning that 62.5%
of the ground-truth target-class patches are not admitted to the positive set. This last value should not be
interpreted as a 62.5% false-negative rate, because patches within the confidence margin are ignored rather
than automatically selected as negatives. Overall, the candidate sets retain measurable label noise, but the
high positive precision and low negative error show that the adopted mining strategy prioritizes candidate
reliability at the cost of conservative coverage; confirmation bias is reduced but not eliminated.

5 Conclusion

In this paper, we propose Patch Collaboration with Contrastive Learning (PCCL) for weakly supervised
semantic segmentation using only image-level labels. Rather than targeting a specific application domain,
PCCL focuses on the fundamental challenge of improving semantic localization and pseudo-label generation
under weak supervision. PCCL introduces a geometry-aware semantic—spatial collaboration mechanism
that applies distance-dependent positive-pair contrast to recurrently context-enhanced embeddings. The
formulation gives stronger compactness constraints to nearby positive patches and weaker constraints to
distant pairs, while a separate positive-negative term maintains semantic discrimination. This explicit use
of patch-grid geometry distinguishes PCCL from related non-weighted patch contrast designs and enables
contextual propagation and semantic regularization to be optimized in a coordinated manner.

Extensive experiments on PASCAL VOC 2012 and MS COCO 2014 demonstrate the effectiveness of
the proposed method. PCCL achieves competitive pseudo-label quality and final segmentation performance
compared with existing WSSS approaches. In particular, our method obtains 71.7% pseudo-label mIoU and
71.1% final segmentation mIoU on PASCAL VOC 2012, as well as 45.9% mIoU on MS COCO 2014. The
ablation study further verifies that Patch Collaboration and Patch Contrastive Learning are complementary,
and their combination leads to the best performance. These results confirm that jointly exploiting contextual
collaboration and contrastive semantic consistency is effective for generating more complete and reliable
segmentation masks under weak supervision.

A limitation of the current study is that downstream segmentation performance is evaluated only
with DeepLabv2. PCCL produces standard pixel-wise class masks and does not encode DeepLabv2-
specific features or parameters; its pseudo-label output is therefore structurally compatible with other
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fully supervised segmentation architectures. In addition, the reported pseudo-label mIoU is measured
before downstream segmentation training and directly evaluates the generated supervision independently of
DeepLabv2. However, structural compatibility and intrinsic pseudo-label quality do not by themselves estab-
lish performance generalization across segmentation architectures. A controlled cross-architecture study
would require complete architecture-specific retraining, matched baseline and PCCL pseudo-label runs,
appropriate optimization protocols, and repeated trials. Such an evaluation was beyond the experimental
scope and computational budget of the current study. We therefore retain DeepLabv2 as a fixed standard
downstream protocol to isolate pseudo-label quality and explicitly limit our empirical conclusions to this
setting, rather than reporting an isolated under-tuned pilot result.

In future work, we will further investigate more adaptive patch relationship modeling strategies and
explore how to extend PCCL to larger-scale vision-language segmentation scenarios. We also plan to
improve the efficiency of patch collaboration modules for high-resolution images while maintaining strong
segmentation accuracy. Furthermore, we will evaluate PCCL on more specialized application domains,
such as medical image segmentation and remote sensing scenarios, to investigate its generalization ability
under different visual characteristics and domain-specific challenges. We will also conduct controlled cross-
architecture experiments with stronger downstream segmentation models, including DeepLabv3+ and
Mask2Former, to determine whether the gains from PCCL-generated pseudo-labels remain consistent across
different segmentation architectures.
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Appendix A Implementation Details of the SpatiallyWeighted Contrastive Loss

Algorithm Al gives implementation-oriented pseudocode corresponding to Eqs. (14)-(17). The inputs
are the context-enhanced patch embeddings, patch-level class probabilities, image-level foreground labels,
the confidence threshold ¢, and the spatial decay parameter 7. Background is excluded from the class loop.
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Algorithm Al: Implementation of the spatially weighted collaborative patch contrastive loss
RBxHxde RBXHXWXC

Require: Embeddings F ¢
Ensure: Batch contrastive loss Lo,
1: Flatten the H x W grid and L2-normalize every embedding.
2: Construct row-column coordinates r; for all patch indices i.
3: Set Lpaten < 0.
4: for each image b =1,...,Bdo
5: Set L, < 0and n, < 0.
for each foreground classc = 1,...,C —1do
Py il ype=1n Zpy;> e}
,P;,c < {k | Zb,k,c <1l- 8}'
if [P}, | <2 or [P, .| <1then
10: Skip class c.

, probabilities Z € , image labels y, ¢, and 7

© % N &

11:  else

12: For each unordered pair i < j in P}, ., compute w; ; = exp(—|r; — r;[3/7s).
B My < PGP D2

14: Z,C <« M;ZCZKJ‘ wi,j(l_f;’,-fb,j)-

150 Ly« Wl‘pﬂ YieP! LkeP;, £ fo.x.

16: Ly« Ly+ Ly +Ly 50 < np+1.

17:  endif

18: end for

19: if ny > 0 then

20: Ly < Ly/np.

21: else

22: ,Cb <~ 0.

23: end if

24: Lyatch < Lpatch + Lyp.
25: end for

26: Return Lon < Lbatch/B-

The implementation uses only the upper-triangular positive—positive similarity entries and excludes
the diagonal, so each unordered positive pair contributes once. Because both cosine similarity and w; ; are
symmetric, averaging the unique pairs i < j is algebraically equivalent to averaging the two ordered entries
(i, j) and (j, 1) in Eq. (14). The positive term is normalized by the number of valid pairs rather than by the
sum of spatial weights, and the positive-negative term averages all corresponding similarities. Losses are
then averaged over valid foreground classes within each image and over images in the batch. If an image has
no valid foreground class, its contrastive contribution is set to zero. In all reported experiments, € = 0.8 and
7, = 1.0. The returned L, is combined with £ using Acon = 0.01 in the final objective in Section 3.4. The
contrastive loss creates no trainable variables and is evaluated only during first-stage training.
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