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Abstract

In semi-supervised semantic segmentation (SSSS), segmen-
tation performance is heavily constrained by the quality of
pseudo labels. However, prevalent pseudo-label optimization
approaches rely on the model’s internal self-correction. When
the model fails to recognize or adequately represent certain
classes, this self-enhancement mechanism amplifies initial
mistakes, ultimately leading to poor semantic or spatial con-
sistency. To address this limitation, we propose ViLaDiff to
enhance pseudo-label quality. Specifically, ViLaDiff employs
a prompt-guided image captioning task to generate descrip-
tive text for each input image. This represents an early at-
tempt to integrate more flexible vision-language modeling
into SSSS. We further design a vision-language fusion mod-
ule to enhance semantic consistency through cross-modal in-
teraction and dual-path knowledge distillation, ensuring co-
herent alignment between textual semantics and visual repre-
sentations. Additionally, while language provides high-level
semantic guidance, it is inherently limited in expressing fine-
grained spatial structures. Therefore, we propose an edge-
aware mixed-noise diffusion process. It simulates feature-
level uncertainty through Gaussian perturbations and intro-
duces class-flipping noise into the masks to model misclassi-
fication errors. A higher flipping probability is applied along
mask edges, enabling boundary-aware refinement during de-
noising. Extensive experiments on public benchmarks vali-
date that ViLaDiff significantly improves pseudo-label qual-
ity and segmentation performance.

Code — https://github.com/836469383/ViLaDiff.git

1 Introduction

Semi-supervised semantic segmentation (SSSS) has
emerged as a promising solution to reduce the reliance on
expensive pixel-level annotations (Liu et al. 2022; Sun et al.
2023a). Recent approaches typically adopt a teacher-student
framework, where the teacher provides high-confidence
pseudo labels to guide the student toward perturbation-
invariant predictions through consistency regularization
(Ouali, Hudelot, and Tami 2020; Yang et al. 2023a; Wang
et al. 2024b). In this paradigm, the overall performance
remains fundamentally limited by the quality of the pseudo
labels (Liu et al. 2022; Yang et al. 2025).
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Figure 1: Feature distribution visualization based on vi-
sion with and without textual embedding. Feature embed-
ding distributions of selected categories from the ADE20K
dataset (Zhou et al. 2017) using t-SNE. RADIOvV2.5 (Hein-
rich et al. 2025) serves as the baseline.

To improve the quality of pseudo labels, recent methods
are broadly categorized into three directions: (i) Confidence-
based pseudo-label filtering and mining (Wang et al. 2022;
Ma et al. 2023). This line focuses on estimating pseudo-label
uncertainty, selectively utilizing high-confidence predic-
tions, and extracting informative signals based on pseudo-
label categories. (ii) Structural consistency modeling (Xu
et al. 2022; Mai et al. 2024). These methods leverage spa-
tial or semantic regularities to refine pseudo labels. CISC-
R (Wu et al. 2023a) aligns unlabeled images with similar
labeled references to construct pixel-level correction maps.
(iii) Multi-view pseudo-label reconstruction and fusion (Li
et al. 2023; Hu, Jiang, and Schiele 2024). These approaches
enhance pseudo-label quality by enforcing consistent pre-
dictions from multiple views. AllSpark (Wang et al. 2024a)
employs cross-attention between labeled and unlabeled fea-
tures to reconstruct aligned semantic representations. While
effective, these methods primarily rely on information ex-
tracted from the images, such as confidence scores, struc-
tural cues, or multi-view consistency. They are limited to
self-enhancement within the visual domain. Consequently,
when the model fails to recognize or adequately represent
certain categories, the self-enhancement mechanism ampli-
fies initial mistakes, ultimately leading to poor semantic or
spatial consistency.
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Figure 2: Overall framework pipeline. The framework comprises a text branch (green) and an image branch (blue). In the text
branch, prompt-guided captioning generates descriptive text from the input image, which is then embedded using the CLIP
text encoder. In the image branch, the input image is augmented and passed through an encoder to extract visual features.
These features are fused with text embeddings and jointly fed into a decoder. The decoder (bottom box) incorporates two key
components: ViLa and MixE. In ViLa, intermediate features are first flattened and enriched with positional encoding. They are
then processed by a dual-branch structure, which extracts visual and fused features separately. Finally, distillation is applied at
both the feature and logits levels. In MixE, pseudo-labels in the later training stages are refined by the denoising module. The
abbreviations Proj., Inj., and Recon. in the decoder correspond to Projection, Inject, and Reconstruct, respectively.

To enhance semantic discrimination, we introduce natu-
ral language as an additional source of supervision. Textual
descriptions provide explicit, human-defined semantics that
directly encode category-level knowledge. These descrip-
tions reflect intentional human cognition and naturally align
with label-relevant concepts. Unlike visual signals that re-
quire complex hierarchical modeling, textual inputs serve as
controllable semantic priors. They provide direct guidance
for representation learning, helping the model discover and
refine underrepresented classes. Motivated by this observa-
tion, we introduce natural language to guide semantic mod-
eling for unlabeled images. Specifically, we generate image
descriptions via a prompt-driven captioning task (Ghandi,
Pourreza, and Mahyar 2023). To assess the effectiveness
of the textual information in enhancing segmentation per-
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formance, we conduct validation experiments (see Section
3.2 for details). As shown in Figure 1, the feature distribu-
tion with text embedding exhibits more compact and well-
separated clusters, demonstrating the strong semantic ex-
pressiveness and the effectiveness of the generated descrip-
tions. Building on this insight, we propose ViLa, a Vision-
Language Dual Distillation Module. ViLa employs a cross-
modal attention mechanism to fuse image features with tex-
tual descriptions. To fully leverage semantic cues from lan-
guage while avoiding over-reliance on textual inputs, ViLa
adopts a dual-stream architecture comprising a fusion stream
and a visual stream. Knowledge is transferred from the fu-
sion stream to the visual stream through a dual-path distilla-
tion strategy at both feature and prediction levels, maintain-
ing discriminative and consistent representations even in the



absence of language guidance.

The integration of natural language effectively enhances
category-level semantic alignment. However, it inherently
lacks the spatial information required to describe object
shapes, sizes, and locations, limiting its capacity to sup-
port fine-grained boundary delineation. To enhance the spa-
tial accuracy of pseudo labels, we first review prior meth-
ods for enforcing spatial consistency, including geometric
transformation invariance (Yun et al. 2019), pixel correlation
modeling (Mai et al. 2024), and boundary refinement (Guo
et al. 2022). These methods largely rely on local constraints
or heuristic assumptions, making them less capable of re-
covering severely corrupted structures. In this work, we in-
troduce a diffusion-based model, where the iterative refine-
ment process mirrors the decoder’s progressive reconstruc-
tion of semantic structures. Through progressive denoising
of corrupted inputs, it enables effective reconstruction of in-
tricate spatial patterns and fine boundary details, addressing
the shortcomings of prior heuristic-based approaches.

Although most existing diffusion-based approaches oper-
ate in continuous space, we propose to perform the denois-
ing process directly in the discrete label space. This strategy
is inspired by the observation that one-hot masks inherently
encode sharp semantic boundaries and explicit category in-
formation. By modeling in discrete space, the model en-
ables more structured reasoning over class-level transitions
and spatial layouts, providing a principled solution to the
challenges of pseudo-label refinement. To this end, we pro-
pose the Edge-aware Mix Diffusion (MixE) module, which
introduces a hybrid noise injection strategy. Specifically,
category-level flipping simulates label error and boundary
ambiguity by discrete noise in mask space, while feature-
space Gaussian noise introduces controlled perturbations
that simulate realistic uncertainty and learn to produce sta-
ble predictions. This design guides the model to implicitly
correct noisy pseudo labels through reconstructing seman-
tic content. Furthermore, we introduce an edge-aware noise
scheduling scheme that dynamically increases the pertur-
bation intensity near predicted boundaries. This explicitly
guides the model to focus on boundary refinement during
denoising, improving the boundary accuracy of pseudo la-
bels. The complete framework is illustrated in Figure 2.

In summary, the contributions are as follows:

* We propose ViLaDiff, a novel pseudo-label refinement
framework that integrates vision-language fusion with
diffusion modeling for semi-supervised semantic seg-
mentation.

* We design the ViLa module, which performs deep
image-text fusion via cross-modal attention and employs
a dual-path distillation scheme to enhance representation
quality and semantic consistency.

We develop the MixE module, a hybrid diffusion process
that integrates label flipping and feature-space noise per-
turbations, guided by an edge-aware scheduling mecha-
nism to enhance spatial consistency.
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2 Related Work
2.1 Semi-Supervised Semantic Segmentation

SSSS seeks to achieve accurate pixel-level predictions us-
ing limited annotated samples and large-scale unlabeled im-
ages (Fan et al. 2022; Wang et al. 2023; Zhao et al. 2023;
Huang et al. 2023). This paradigm effectively alleviates the
substantial manual cost associated with dense image label-
ing. Predominant strategies in SSSS include pseudo-labeling
(Zhu et al. 2021; Yang et al. 2022; Feng et al. 2022), con-
sistency regularization (Xie et al. 2020; Sohn et al. 2020;
Sun et al. 2023a; Mai et al. 2024), and contrastive learn-
ing (Alonso et al. 2021; Zhang et al. 2022; Xie et al. 2024).
Recent works increasingly integrate these approaches, form-
ing a unified framework that leverages their complementary
strengths. This trend reflects the core challenges of SSSS,
which require reliable supervision, structural consistency,
and discriminative representations. Pseudo-labeling offers
explicit category-level supervision and serves as a founda-
tional mechanism in semi-supervised learning. Consistency
regularization improves prediction stability and model ro-
bustness by enforcing invariance under input perturbations.
Contrastive learning facilitates intra-class compactness and
inter-class separation, enhancing semantic discrimination.
However, contrastive learning is constrained by the difficulty
of constructing positive-negative pairs and high computation
costs. In this work, we focus on pseudo-labeling and con-
sistency regularization, which jointly improve pseudo-label
quality and segmentation performance.

2.2 Vision-Language Model in Segmentation

Vision-language models offer high-level semantic priors
about class relationships and co-occurrence patterns, en-
abling more generalizable multimodal segmentation frame-
works (Radford et al. 2021; Yang et al. 2023b). Current ap-
proaches in this area focus primarily on open-vocabulary
segmentation (Xu et al. 2023), text-guided segmentation
(Marcos-Manchén et al. 2024), and zero-shot segmentation
(Wu et al. 2023b). These methods typically rely on aligning
textual descriptions with visual features to enhance seman-
tic understanding. Despite the promising results, existing
vision-language segmentation methods face several limita-
tions. First, template or static textual inputs limit their scala-
bility in large-scale semantic modeling scenes. Second, most
widely used semantic segmentation datasets lack paired tex-
tual descriptions, restricting the applicability and evaluation
of such methods on public benchmarks. To address these
limitations, we introduce an image captioning task to gen-
erate descriptions of input images, providing high-level se-
mantic information.

2.3 Diffusion Models in Segmentation

Diffusion models have recently garnered attention in dense
prediction tasks due to their ability to capture structure and
uncertainty. The iterative generation process naturally aligns
with the decoder in semantic segmentation, where structured
outputs are gradually reconstructed from latent representa-
tions. Existing diffusion-based segmentation methods are



broadly classified into two groups. The first leverages nat-
ural language prompts to generate class-level embeddings,
which are then matched with visual features to guide gen-
erative segmentation (Barsellotti et al. 2024). The second
directly employs textual descriptions to generate and local-
ize semantically relevant content, enabling open-vocabulary,
zero-shot, and cross-modal segmentation tasks (Liang et al.
2023b). Although effective in generalization, these meth-
ods operate only in continuous domains and do not explic-
itly model the discrete and structured nature of segmenta-
tion masks. This makes it challenging to capture semantic
boundaries and address pseudo-label ambiguities, especially
in complex or ambiguous regions. To address this limita-
tion, we propose the MixE module, which injects hybrid
noise at each diffusion timestep and incorporates a spatially
adaptive, edge-guided noise scheduling strategy. This design
enables structure-aware learning and enhances boundary re-
construction, thereby improving the quality of pseudo-labels
under limited supervision.

3 Method

This section begins with an outline of the proposed method,
followed by an introduction to a captioning task for gener-
ating descriptions. Building upon this, ViLa and MixE are
designed to improve the quality of pseudo labels.

3.1 ViLaDiff

In this work, we first introduce natural language as auxil-
iary information, leveraging its high abstraction to model
semantic consistency between object categories. Validation
experiments show that natural language is effective in de-
scribing high-level semantic concepts. Nonetheless, it inher-
ently struggles to convey fine-grained spatial structures, tex-
tures, and boundary details. As a result, semantic enhance-
ment alone is insufficient to recover spatial details lost dur-
ing encoder downsampling. To compensate for this limita-
tion, we design the MixE module, which conditions the dif-
fusion process on visual features and logits to refine the pre-
dicted mask. By injecting hybrid perturbation noise and us-
ing an edge-aware kernel, it enhances boundary awareness
and structural details.

3.2 Caption Generation and Effectiveness
Verification

Captioning Task. Image captioning bridges vision and
language by generating natural language descriptions that
match the semantic content of input images. In this study,
we employ the BLIP-2 model, which uses a prompt-based
mechanism to enhance the expressiveness and controllabil-
ity of generated descriptions. To obtain both global seman-
tic context and local category-specific information, we adopt
two prompts: “A photo of” and “A photo contains”. The cap-
tion generation is conducted offline.

Experimental Validation of Textual Guidance. To eval-
uate the effectiveness of caption-generated text in seman-
tic segmentation, we conduct a validation experiment using
the advanced architecture RADIOV2.5. Cross-attention is
computed between image features and text embeddings, and
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the resulting attention maps are directly applied for mask
prediction. As shown in Figure 1, incorporating text em-
beddings leads to clear performance gains on the ADE20K
dataset, even with a state-of-the-art backbone. This demon-
strates that caption-derived text provides complementary se-
mantic cues beneficial for segmentation. Motivated by this
observation, we introduce an adaptive vision—language fea-
ture fusion module, described in the next section.

3.3 VilLa

Motivated by the validation results, we propose VilLa, a dual-
path distillation module for vision-language fusion built
upon a teacher-student framework. It comprises a teacher
and a student branch, each with a visual and a fusion stream
for processing unimodal and cross-modal features, respec-
tively. In the student model (bottom branch), strong input
perturbations and partially shared architectures lead to weak
feature representations and overly similar outputs. There-
fore, we introduce an additional distillation path from the
teacher to the student (F),, — Fpysand L], — Lyys),
improving the student’s stability and representation quality.
When the fusion stream performs better, dual-path distil-
lation is applied to guide the visual stream by aligning its
feature representations and prediction logits. We employ a
combined loss of mean squared error and cosine similarity
to ensure consistency in feature magnitudes and semantic di-
rections. The formulations for feature and prediction logits
distillation are as follows:

Lieat = ||Fy — Fs||§ + ;ZB: (1 — cos (ft(b)7 fs(b))> )
b—1

where F; and Fs denote the global feature representations
extracted from the teacher and student branches, respec-
tively. The first term computes the squared L2 distance. The
second calculates the average cosine distance across all B
samples, where f (®) is the normalized feature of the b-th

o Jis(3) o

where logits of the teacher and student models are de-
noted as Ly, Ly € R, respectively. The S(-) means the
function of softmax. The temperature parameter 7' con-
trols the smoothness of the softmax distribution. The Kull-
back-Leibler (KL) divergence measures the discrepancy be-
tween teacher and student predictions. The term T2 serves
to balance gradient scaling, following (Hinton, Vinyals, and
Dean 2015).

Ly
T

L,

Elogits = T2 - KL <S ( T

3.4 MixE

After introducing ViLa, we observed a performance im-
provement in semantic segmentation. Nevertheless, textual
guidance struggles to provide fine-grained semantic bound-
ary information. This limitation becomes pronounced after
the upsampling phase, where spatial resolution is restored
to generate segmentation masks. To address this, we intro-
duce a diffusion model, which produces high-quality outputs



through a stepwise denoising process (Ho, Jain, and Abbeel
2020; Austin et al. 2021). Their capacity to model uncer-
tainty and structure makes them naturally suited for segmen-
tation mask generation.

Preliminary. The diffusion process consists of a forward
process, which progressively adds noise to the data, and a
reverse process that denoises it to reconstruct the original
structure. For efficient training, the intermediate noisy state
x, is sampled directly from clean data x( via the following
noise distribution:

q(x¢ | wo)a = N(zi;Vag - xo, (1 —ay) - 1) (3)
where zo denotes the original input and z; represents the
noisy input at the timestep t. z; = /& - xo + V1 — & -
e, € ~ N(0,I), € is standard Gaussian noise. The cor-
ruption process samples x; independently from the distri-
bution. The noise level at each timestep is controlled by a
scalar a; € (0, 1), and the cumulative product is defined as
ap = Hi:l Qs.

The objective of the reverse denoising process is to train
a neural network ¢y to predict the true noise € added during
the forward diffusion process, defined as:

Ed - Ewme,tu |6 — €p (xta t’ COTLCZ)HQ]

where [ is the mathematical expectation.

MixE. In this work, we design a class-flipping-based
pseudo diffusion mechanism to simulate discrete misclassi-
fication in pseudo-labels. The conditional distribution from
the initial label state x( to a corrupted label at timestep ¢,
denoted as x, is formulated as:

Q($t | x())c = HCZS (x,(fl) | ng)(x(()i)))

“

&)

where a:ti) denotes the category of the ¢-th pixel at timestep
t,and 7" (2) := Ti[:, 2] represents a categorical dis-
tribution derived from a class transition matrix 7. Each
T} (c | k) models the probability of flipping from the original
class k to class c at timestep ¢, defined as:

, 18", ife=k

T (c| k) = { 5<i>ﬁt .
o ifc#k

where §; = 0.1 controls the corruption strength and C'
represents the total number of categories. This process pre-
serves the original label with probability 1 — /3;, while uni-
formly flipping it to any other C' — 1 classes with probabil-
ity ;. To further improve boundary sensitivity, a Laplacian
kernel is used to detect mask edges, where the flipping prob-
ability is increased by 0.1.

MixE combines class-flipping and Gaussian noise injec-
tion to model two types of pseudo-label imperfection: cat-
egory misclassification and spatial uncertainty, respectively.

For each pixel ¢, the perturbation type is determined by its
pseudo-label confidence score ¥ = maz,z(c), where

x(()i) € R denotes the soft pseudo label. A threshold 7
is exploited to separate high- and low-confidence regions.
Specifically, we defined the forward corruption process as:

gz | 2§y = {

(6

if v > 1
if 4 <7

ac (@, z),

019,

@)
qc (xt 5
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where Qél) = argmaxcxél) is the predicted class. q¢ de-
notes a categorical diffusion with the transition matrix 7}
to simulate class-level perturbations. qg applies Gaussian
noise to feature embeddings to model uncertainty in am-
biguous regions. The confidence threshold 7 increases lin-
early from O to 0.8 during the first half of training and then
remains fixed.

During the reverse denoising, the model reconstructs the
clean segmentation masks by estimating the posterior distri-
bution over semantic labels at each pixel. A conditional de-
noising model fy is used to approximate the pixel-wise cat-
egorical distribution for the previous state mgl_)l,
on the current noisy label mgl) and auxiliary input cond. The
predicted distribution is defined as:

conditioned

po(at’y | 2, cond) = S(fo(ai” t,cond))  (8)

where cond includes both noisy visual features and classifi-
cation logits.

3.5 Loss Functions

The overall training objective comprises two parts, corre-
sponding to labeled or unlabeled data:

L= ‘Csup + [funs (9)

For labeled samples, we adopt the standard multi-class
cross-entropy loss:

N
1 .
Loup = =77 D logp(i, 1) (10)

i=1

For unlabeled data, the loss consists of two components: a
bi-branch consistency loss and a diffusion-based refinement
loss:

1D
The weight vector p is set to [1, 0.5, 0.5]. The consistency
loss L.ons encourages alignment between the student and
teacher predictions across both the pure visual and fused
branches. Specifically:

‘Ccons = Efeat (Ffusa Fvis) + Elogits(qus; Lvis)

where Fyys, Lpys and Fy;,, Ly;s denote the feature maps
and classification logits from the fusion and visual streams,
respectively. The diffusion module is supervised via:

£diff = £ce + ‘Cedge + ‘Cd

Louns = Leons + M- Ediff

12)

13)

Lce and L.q4e are cross-entropy-based losses for region ac-
curacy and boundary precision, respectively, while £, su-
pervises feature denoising.

4 Experiments
4.1 Experimental Settings

Datasets. To comprehensively evaluate the effectiveness of
ViLaDiff, we conduct experiments on three standard semi-
supervised semantic segmentation benchmarks: PASCAL
VOC 2012 (Everingham et al. 2015), Cityscapes (Cordts
et al. 2016), and COCO-Stuff (Caesar, Uijlings, and Ferrari



PASCAL HQ ‘1/16 (92) 1/8 (183) 1/4 (366) 1/2 (732) Full (1464)
SupBaseline 50.7 63.6 70.8 75.6 77.2
PseudoSeg (Zou et al. 2020) 57.6 65.5 69.1 72.4 -
CPS (Chen et al. 2021) 64.1 67.4 71.7 75.9 -
UZPL (Wang et al. 2022) 68.0 69.2 73.7 76.2 79.5
PS-MT (Liu et al. 2022) 65.8 69.6 76.6 78.4 80.0
UniMatch (Yang et al. 2023a)| 75.2 77.2 78.8 79.9 81.2
DAW (Sun et al. 2023b) 74.8 77.4 79.5 80.6 81.5
CorrMatch (Sun et al. 2023a) | 76.4 78.5 79.4 80.6 81.8
DDFP (Wang et al. 2024b) 75.0 78.0 79.5 81.2 82.0
AllSpark (Wang et al. 2024a) | 76.1 78.4 79.8 80.8 82.1
ViLaDiff ‘ 78.7 80.1 81.5 82.4 83.9

Table 1: Comparison with SOTA methods on the PASCAL
HQ dataset. The table presents mloU (%) under various pro-
tocols.

2018). These datasets differ in scene complexity and cat-
egory granularity, ensuring a thorough and authoritative as-
sessment. PASCAL VOC 2012 consists of 21 object-centric
classes in natural scenes. To enrich data diversity, addi-
tional samples are incorporated from the Semantic Bound-
aries Dataset (SBD), forming an augmented training set. The
dataset presents challenges such as appearance variation,
occlusion, and pose changes, making it a widely adopted
benchmark. Cityscapes focuses on urban street scenes and
provides 5,000 high-resolution images with fine-grained
pixel annotations. It includes 2,975 training, 500 valida-
tion, and 1,525 test images, covering 19 driving-related cat-
egories. Its fine detail and high resolution make it a strong
benchmark for evaluating boundary sensitivity and small ob-
ject segmentation. COCO-Stuff offers 118,000 training and
5,000 validation images across 81 categories. Known for its
complex scenes and dense semantics, COCO is a standard
benchmark for testing model scalability and generalization
in large-scale, multi-class segmentation tasks.

Implementation Details. To ensure fair comparison, we
adopt the standard ViT-B/16 model as the feature extractor.
Given the complexity of gradient dynamics, all experiments
are optimized using AdamW with a learning rate of 0.001,
default S values, and a batch size of 4. The teacher model is
updated using an exponential moving average (EMA) with a
momentum of 0.99. The forward Gaussian diffusion sched-
ule follows the setting of DDPM (Ho, Jain, and Abbeel
2020). All models are implemented in PyTorch and trained
using mixed-precision on 2xRTX 3090Ti GPUs with dis-
tributed data parallelism.

4.2 Comparison with SOTA

Following previous protocols, we conduct a comprehensive
comparison between ViLaDiff and SOTA methods.

HQ PASCAL VOC 2012. Table 1 summarizes the results
on the HQ PASCAL VOC 2012 dataset. Compared to the
fully supervised baseline (first row), our method achieves
performance gains of 28.0%, 16.5%, 10.7%, 6.8%, and 6.7%
under data splits 1/16, 1/8, 1/4, 1/2, and Full. Furthermore,
ViLaDiff outperforms advanced semi-supervised segmenta-
tion approaches such as AllSpark by 1.8%, demonstrating
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PASCAL AUG [1/16 (662) 1/8 (1323) 1/4 (2646) 1/2 (5291)

SupBaseline ‘ 72.0 73.1 76.7 77.6
CPS (Chen et al. 2021) 72.2 75.8 77.6 78.6
PS-MT (Liu et al. 2022) 75.5 78.2 78.7 79.8
UniMatch (Yang et al. 2023a) 78.1 78.4 79.2 -
DAW (Sun et al. 2023b) 78.5 78.9 79.6 -
CorrMatch (Sun et al. 2023a) 78.4 79.3 79.6 -
DDFP (Wang et al. 2024b) 78.3 78.9 79.8 80.9
AllSpark (Wang et al. 2024a) 78.3 80.0 80.4 81.1
ViLaDiff (Ours) \ 794 80.2 82.1 82.7
U?PL! (Wang et al. 2022) 68.0 69.2 73.7 76.2
UniMatch' (Yang et al. 2023a)| 80.9 81.9 80.4 -
AllSpark! (Wang et al. 2024a) |  81.6 82.0 80.9 81.1
ViLaDiff (Ours) | 797 80.3 81.6 82.9

Table 2: Comparison with SOTA methods on the PASCAL
AUG dataset. t indicates same splits as U?PL.

Cityscapes \1/16 (186) 1/8 (372) 1/4 (744) 1/2 (1488)
SupBaseline | 657 70.4 73.8 78.1
CPS (Chen et al. 2021) 69.8 74.3 74.6 76.8
UniMatch (Yang et al. 2023a) 76.6 77.9 79.2 79.5
Swicth (Na et al. 2023) 76.8 78.4 79.4 80.5
DAW (Sun et al. 2023b) 76.6 78.4 79.8 80.6
LogicDiag (Liang et al. 2023a)| 76.8 78.9 80.2 81.3
CorrMatch (Sun et al. 2023a) 71.3 78.5 794 80.4
SemiVL' (Hoyer et al. 2024) 77.9 79.4 80.3 80.6
DDFP (Wang et al. 2024b) 77.1 78.2 79.9 80.8
AllSpark (Wang et al. 2024a) 78.3 79.2 80.6 81.4
ViLaDiff (Ours) \ 80.5 81.2 82.4 83.3

Table 3: Comparison with SOTA methods on the Cityscapes
dataset.

its strong capability in enhancing pseudo-label quality for
supervision.

AUG PASCAL VOC 2012. Table 2 presents the perfor-
mance of our method on the Augmented PASCAL VOC
dataset. Under low-data regimes, our approach consistently
yields stable improvements, indicating that textual features
provide clear semantic guidance and enhance discriminative
ability when annotations are limited. Moreover, under the
“Full” supervision setting, ViLaDiff achieves the best per-
formance. This suggests that even when texts yield diminish-
ing returns with sufficient data, MixE still further improves
pseudo-label quality through boundary refinement and struc-
tural consistency modeling.

Cityscapes. As shown in Table 3, our method achieves the
best performance across all data split settings. The consis-
tent improvements underscore its strength in capturing fine
boundary details and accurately segmenting small objects in
high-resolution scenes.

COCO-Stuff. Table 4 presents a comparison between our
method and current mainstream approaches on the COCO-
Stuff dataset. Across various data partition settings, our
method consistently achieves superior segmentation perfor-
mance, demonstrating its enhanced discriminative capability
in handling complex scenes and semantically dense images.



COCO-Stuff ‘ 1/512 (232) 1/256 (463) 1/128 (925) 1/64 (1849)
SupBaseline ‘ 19.7 26.8 35.9 41.2
PseudoSeg 29.8 37.1 39.1 41.8
UniMatch 31.9 389 44.4 48.2
LogicDiag 33.1 40.3 45.4 48.8
AllSpark 34.1 41.7 455 49.6
ViLaDiff (Ours) ‘ 36.5 43.9 47.6 50.7

Table 4: Comparison with SOTA methods on the COCO-
Stuff dataset.

Baseline | V%, MixE 1/8 (183) 1/2(732)
Lilat Liogits | 46 9 Ledge
v 722 750
v v 745 713
v v 737 761
v NV 753 774
v v v 778 796
v v oo v 78.1 80.5
v NV VA 796 818
v v v |v v v | 81 824

Table 5: Ablation study of proposed modules on PASCAL
VOC 2012 HQ using a ViT-based SemiBaseline is used for
evaluation.

4.3 Ablation Studies

Effectiveness of ViLaDiff Modules. To clarify the contri-
bution of each component to the overall performance, we
conducted ablation studies. Notably, the ablation of the ViLa
is performed only on the teacher model, since its impact
mainly arises from distillation on the teacher side. The stu-
dent model’s distillation (Fy;; — F}, and Lj; o — L%, )
is small and primarily serves to reduce dependence on tex-
tual features during inference, ensuring input flexibility. The
results indicate that each module demonstrates a distinct and
indispensable contribution to the overall performance.

Balancing Coefficient of Distillation Loss. The feature
distillation loss Lf¢q: in ViLa combines MSE and cosine
distance to enhance the model’s sensitivity to differences in
magnitude and direction of intermediate features. Due to dif-
fering gradient sensitivities, assigning equal weights causes
directional loss to dominate. This results in training instabil-
ity and slow convergence. To address this, we incorporate a
balancing coefficient A to regulate the relative contribution
of each loss component. Through systematic ablation exper-
iments, we evaluated and selected the optimal A to ensure
stable and effective distillation signals. As shown in Table
6, the model performance exhibits consistent trends across
various datasets and data splits. The best performance is
achieved at A = 0.5, indicating an optimal balance between
magnitude and directional contributions. Conversely, larger
or smaller X values amplify or suppress the component, neg-
atively affecting overall performance.
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A\ PASCAL VOC COCO-Stuff

1/16 (92)  1/2(732) | 1/256 (463)  1/128 (925)
0.1 71.5 81.2 43.0 46.5
0.3 78.1 81.8 43.5 472
0.5 78.7 82.4 43.9 47.6
0.8 78.5 82.1 43.1 46.9
1.0 71.4 80.6 427 46.3

Table 6: Ablation Study on the Feature Distillation Loss
Weight.

Timesteps | . PASCAL VOC COCO-Stuff
116 (92)  1/2(732) | 1/256 (463)  1/128 (925)

5 74.9 77.2 40.1 43.6

10 76.3 78.5 41.6 44.9

15 76.3 78.7 41.7 45.0

20 76.4 78.9 41.7 45.2

30 76.5 78.8 41.9 45.1

Table 7: Ablation study on diffusion timesteps under various
data regimes on PASCAL VOC and COCO 2017. Ablation
experiments are performed based on ViT-B.

Ablation Study on Diffusion Steps. The number of dif-
fusion steps controls the noise injection and denoising depth
in diffusion models. Fewer steps facilitate easier denoising
and more stable training, but limit the model’s ability to
capture complex structures. More steps improve generation
quality but cause training instability. To balance these fac-
tors, we conduct an ablation study on diffusion steps. Exper-
imental results in Table 7 indicate that increasing the number
of denoising steps yields diminishing returns, particularly
after step 10. Accordingly, we fix the denoising step to 10
for all experiments in this paper.

5 Conclusion

To enhance pseudo-label quality in SSSS, this paper pro-
poses a pseudo-label refinement framework that integrates
vision-language dual distillation (ViLa) and edge-aware
mixed diffusion module (MixE). VilLa leverages text gen-
erated from a captioning model to effectively guide the
model’s attention to target regions, improving semantic con-
sistency. During training, a dual-stream distillation approach
is employed to achieve stable and efficient knowledge trans-
fer. Meanwhile, MixE injects semantic noise to refine mask
boundaries and structural consistency further. Extensive ex-
periments demonstrate that ViLaDiff achieves superior per-
formance across multiple datasets, validating its effective-
ness in significantly improving pseudo-label quality.
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