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Abstract: This paper proposes a structure-enhanced cross-modal alignment method for open-vocabulary semantic 
segmentation. Existing methods mostly rely on CLIP’s image-level vision-language alignment capability, but CLIP visual 
features remain insufficient for modeling fine-grained spatial information such as boundaries, textures, and region structures. 
Moreover, relying solely on semantic alignment between images and text categories makes it difficult to model fine-grained 
correspondences between visual and textual information. To address these issues, we design a DINO Structure Enhancement 
Module and a Cross-Modal Alignment Module (CCMA). The DINO Structure Enhancement Module introduces a parameter-
frozen DINO model to extract structural priors and adaptively enhance CLIP visual features, thereby producing structure-aware 
visual features. CCMA jointly models global visual semantics, local region features, and text semantic prototypes to mine fine-
grained vision-language consistency at the region level, thereby strengthening the correspondence between image regions and 
textual semantics. Experimental results demonstrate that the proposed method effectively improves open-vocabulary semantic 
segmentation performance. 
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1. Introduction 
Semantic segmentation aims to assign a semantic label to 

each pixel in an image and is a fundamental task in computer 
vision . Conventional semantic segmentation methods are 
typically trained and evaluated under a closed-set setting, 
where the categories in the training and test sets are assumed 
to be identical. Although these methods have achieved strong 
performance, their generalization ability is heavily 
constrained by the fixed set of annotated training categories 
and is limited when novel categories appear in real-world 
scenarios. Therefore, enabling models to segment unseen 
categories according to textual category prompts has become 
an important research direction, leading to the development 
of open-vocabulary semantic segmentation. 

The rapid development of vision-language models has 
provided an effective foundation for open-vocabulary 
semantic segmentation. CLIP maps images and texts into a 
shared semantic embedding space through large-scale image-
text contrastive learning, thereby showing strong open-
vocabulary generalization ability. However, CLIP is mainly 
trained for image-level vision-language matching rather than 
pixel-level dense prediction. As a result, CLIP visual features 
are limited in modeling fine-grained spatial information such 
as boundaries, textures, and region structures. Meanwhile, 
open-vocabulary semantic segmentation requires stable 
cross-modal correspondences between visual regions and 
textual categories. Existing methods mostly rely on image-
level vision-language alignment, while the fine-grained 
correspondences between local visual regions and text 
categories are still insufficiently modeled. This may lead to 
unstable local region matching, blurred boundaries, and 
category confusion in complex scenes. 

To address these limitations, we propose an open-
vocabulary semantic segmentation method that combines 
DINO-based structure enhancement with cross-modal 
alignment. The proposed method consists of two key modules: 
a DINO Structure Enhancement Module and a Cross-Modal 

Alignment Module (CCMA). The DINO Structure 
Enhancement Module uses a parameter-frozen DINO model 
to extract structural priors from the input image and 
adaptively enhances CLIP visual features through spatial 
gating, thereby supplementing fine-grained information such 
as boundaries, textures, and region structures. CCMA jointly 
models global visual semantics, local region features, and text 
semantic prototypes. It uses global semantics to guide the 
reliability modeling of local regions and further establishes 
fine-grained correspondences between local regions and text 
semantic prototypes, thereby enhancing cross-modal 
matching in open-vocabulary scenarios. 

The two modules address the limitations of CLIP-based 
methods from complementary perspectives. The DINO 
Structure Enhancement Module improves the structural 
representation of visual features, while CCMA refines image-
text alignment into local region–semantic prototype 
correspondences. Together, they enhance both visual structure 
modeling and fine-grained cross-modal alignment for open-
vocabulary semantic segmentation. 

The main contributions of this paper are summarized as 
follows:  

(1) We propose a DINO Structure Enhancement Module to 
address the insufficient pixel-level structural modeling in 
open-vocabulary semantic segmentation. By introducing a 
parameter-frozen DINO model to extract image structural 
priors, the module adaptively enhances CLIP visual features 
and improves the representation of fine-grained information 
such as boundaries, textures, and region structures. 

(2) We propose a global-local collaborative fine-grained 
Cross-Modal Alignment Module (CCMA). By jointly 
modeling global visual semantics, local region features, and 
category semantic prototypes, CCMA refines image-text 
alignment into local region–semantic prototype 
correspondences, thereby enhancing fine-grained cross-
modal alignment in open-vocabulary semantic segmentation. 

(3) Experiments on multiple open-vocabulary semantic 
segmentation benchmarks demonstrate that the proposed 
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method consistently improves over the baseline, validating 
the effectiveness and complementarity of the DINO Structure 
Enhancement Module and CCMA. 

2. Related Work 

2.1. Semantic Segmentation 
Semantic segmentation aims to assign a semantic label to 

each pixel in an image and is one of the fundamental tasks in 
computer vision. Existing semantic segmentation methods 
can be broadly divided into convolutional neural network-
based methods and Transformer-based methods. 
Representative CNN-based methods include FCN, PSPNet, 
and DeepLab, which improve dense prediction through fully 
convolutional architectures, pyramid context aggregation, 
and atrous convolution, respectively. More recently, 
Transformer-based methods such as SegFormer and 
Mask2Former have introduced self-attention mechanisms to 
enhance global context modeling and have achieved strong 
performance on various segmentation benchmarks. 

Despite their success, these methods are generally designed 
under a closed-set assumption, where the training and test 
categories are identical. As a result, they struggle to 
generalize to novel categories that are not observed during 
training. This limitation has motivated increasing research 
interest in open-vocabulary semantic segmentation, which 
aims to segment unseen categories with the help of textual 
category descriptions. 

2.2. Open-Vocabulary Semantic Segmentation 
Open-vocabulary semantic segmentation (OVSS) aims to 

perform pixel-level segmentation of both seen and unseen 
categories by leveraging textual category prompts. The rapid 
development of vision-language models, especially CLIP, has 
provided a strong foundation for this task. Existing OVSS 
methods can be roughly categorized into two-stage methods 
and end-to-end methods. 

Two-stage methods usually first generate class-agnostic 
masks or candidate regions and then classify these regions 
with a vision-language model. Representative methods 
include OpenSeg and OVSeg. OpenSeg leverages image-
level labels to scale open-vocabulary segmentation, while 
OVSeg adopts mask-adapted CLIP to reduce the gap between 
image-level vision-language pretraining and mask-level 
segmentation. These methods effectively exploit the open-
vocabulary recognition ability of vision-language models, but 
they often depend on additional mask or region proposal 
processes. Their performance is therefore sensitive to the 
quality of candidate masks and may involve considerable 
computational cost. 

End-to-end methods instead build image-text 
correspondences directly at the feature level. DenseCLIP 
extends CLIP from image-text matching to dense pixel-text 
prediction with context-aware prompting. ZegFormer 
decouples zero-shot semantic segmentation into class-
agnostic mask generation and semantic classification. CAT-
Seg further formulates OVSS as a cost aggregation problem 
between image and text features, improving image-text 
matching through spatial and class-wise aggregation. 
Although these methods improve the adaptability of CLIP to 
dense prediction tasks, they still largely rely on image-level 
semantic alignment. As a result, CLIP visual features may 
remain insufficient for modeling fine-grained spatial details 
such as boundaries, textures, and region structures. Moreover, 

the correspondences between local visual regions and text 
categories are still not fully explored. 

2.3. Structural Priors and Cross-Modal 
Alignment 

To improve visual representations for pixel-level prediction, 
recent studies have explored the use of structural priors from 
self-supervised vision models. DINO and DINOv2 have 
shown strong capability in capturing boundaries, region 
structures, and fine-grained visual structures. These 
properties make self-supervised visual features useful 
complements to CLIP features, which are mainly learned 
from image-level vision-language supervision. For example, 
CLIP-DINOiser incorporates localization priors from self-
supervised features into CLIP visual representations to 
improve spatial localization in open-vocabulary segmentation. 
Talk2DINO further bridges DINOv2 visual features with 
language semantics to enhance spatial perception in open-
vocabulary segmentation. 

Cross-modal alignment is another key issue in open-
vocabulary semantic segmentation. Existing works have 
explored different ways to build correspondences between 
visual regions and textual semantics. CLIPSeg introduces a 
prompt-driven segmentation decoder to incorporate text 
semantics into pixel-level prediction. GroupViT learns visual 
grouping under text supervision, allowing image regions to 
emerge with semantic meanings. OVSegmentor further learns 
open-vocabulary segmentation from natural language 
supervision by organizing the relationship between pixels and 
semantic representations. These methods demonstrate the 
importance of cross-modal alignment for OVSS. 

However, existing methods still have limitations in jointly 
exploiting global semantic context and local region-level 
discriminative information. Global semantics provide 
category-level contextual cues, while local regions contain 
fine-grained visual evidence for segmentation. Insufficient 
interaction between these two levels limits the ability of 
existing models to capture precise region-text 
correspondences in complex scenes. Motivated by this 
observation, our method improves OVSS from two 
complementary perspectives. First, we introduce a frozen 
DINO model to provide structural priors and enhance the 
structure-aware representation of CLIP visual features 
through spatial gating. Second, we propose a global-local 
collaborative cross-modal alignment module that jointly 
models global visual semantics, local region features, and text 
semantic prototypes to establish finer-grained vision-
language correspondences at the region level. 

3. Methods 

3.1. Overall Framework 
Fig. 1 illustrates the overall framework proposed in this 

paper. The proposed framework is built upon CAT-Seg and 
consists of two core components: a DINO structure 
enhancement module and a cross-modal alignment module 
(CCMA). First, the input image is processed through the CLIP 
image encoder to obtain visual features, while simultaneously 
being fed into a frozen DINO model to extract structural 
priors. The DINO structural enhancement module generates a 
spatial gating map based on the structural prior and performs 
adaptive enhancement on the CLIP visual features to 
supplement boundary and regional structural information. 
Concurrently, the CCMA module jointly models the 
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relationships between global visual semantics, local regional 
features, and textual semantic prototypes based on CLIP 
visual and textual features, generating region-consistency-
guided cross-modal alignment scores. Subsequently, the 
model utilises the DINO-enhanced visual features and textual 

features to model image-text correlations, and integrates the 
alignment information output by the CCMA into the matching 
process to produce the final open-vocabulary segmentation 
prediction. 

 

Fig. 1 Overall architecture of the model 

3.2. DINO Structural Enhancement Module 
To address the shortcomings of CLIP visual features in 

representing local structures, this paper introduces a frozen 
DINO model as a structural prior extractor. As shown in Fig. 
2, the input image first undergoes pre-processing consistent 
with CLIP, including normalisation and scaling to a fixed 
resolution; subsequently, the image is fed into both the CLIP 
image encoder and the frozen DINO model, yielding CLIP 

visual features and DINO structural features respectively. The 
DINO branch maintains parameter freezing during both 
training and inference, serving solely as an external structural 
prior for feature enhancement. Let the visual features 
extracted by the CLIP image encoder be 𝐹௩ ∈ ℝ஼ൈுൈௐ , 
where C, H and W represent channel, height and width 
respectively. The structural features extracted by the DINO 
model are 𝐹ௗ ∈ ℝ஼೏ൈு೏ൈௐ೏ 

 

Fig. 2 DINO Structure Enhancement Module 

During the structural enhancement process, the DINO 
structural feature 𝐹ௗ is first mapped using a gating unit. This 
gating unit transforms the DINO feature through a sequence 
of operations, including convolution, normalisation and non-
linear activation, to generate a single-channel spatial gating 
response: 

𝑀 ൌ 𝜑ሺ𝐹ௗሻ, 
where, 𝜑 (⋅)denotes the gate-mapping function, 

Subsequently, M is scaled and passed through a sigmoid 
activation function, then upsampled to the same spatial 
resolution as the CLIP visual features, yielding the final 
spatial gating map, denoted as 𝐺 ∈ ℝଵൈுൈௐ  By applying 
multiplicative modulation to visual features using a spatial 
gating map, we obtain enhanced features: 

𝐹௩෡ ൌ 𝐹௩ ⊙ ሺ1 ൅ α𝐺ሻ, 
where 𝛼 is the learnable modulation coefficient, ⊙ 

denotes element-wise multiplication. To maintain the stability 
of the original semantic representation, this paper further 
employs a weighted residual fusion strategy to combine the 
original visual features with the enhanced features: 

𝐹௩
ᇱ ൌ ሺ1 െ γሻ𝐹௩ ൅ γ𝐹௩෡ , 

where γ is the learnable fusion coefficient. The resulting 

enhanced visual features𝐹௩
′ ∈ ℝ஼ൈுൈௐ  It retains the same 

dimensions as the original visual features and is used for 
subsequent segmentation. 

3.3. Cross-Modal Alignment Module (CCMA) 
As shown in Figure 3, CCMA aims to enhance the fine-

grained correspondence between visual features and textual 
semantics at the region level. Unlike direct global image-text 
matching, CCMA jointly uses global visual semantics and 
local region features. The global visual representation 
provides scene-level semantic context, while local region 
features provide fine-grained visual evidence for matching 
with text semantic prototypes. Through this global-local 
collaborative modeling strategy, CCMA refines coarse image-
text alignment into local region–semantic prototype 
correspondences. Let the visual features be 𝐹௩ ∈ ℝ஼ൈுൈௐ , 
and let the text features are 𝐹௧ ∈ ℝ்ൈ௉ൈ஼, where T denotes 
the number of classes, P denotes the number of prompt 
templates, and C denotes the feature dimension. 

In the visual branch, the visual features 𝐹௩  are first 
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normalized. A global visual feature are obtained via global 
average pooling. 𝑓௚. Meanwhile, adaptive average pooling is 
used to divide the visual features into r × r local region 
features, yielding a set of local features ሼ𝑓௜ሽ௜ୀଵ

ே , 𝑁 ൌ 𝑟ଶ,
𝑓௜ ∈ ℝ஼  Subsequently, by calculating the consistency 
between global visual features and the features of each local 

region, the regional reliability weights are obtained 𝑤௜ This 
weight captures the consistency between the local region and 
the semantic context of the entire image. Local regions that 
are more consistent with the global semantic context typically 
contain clearer cues for class identification and should 
therefore be assigned a higher contribution in subsequent 
region-text matching.  

 

Fig. 3 Cross-modal alignment module 

𝑤௜ ൌ
𝜓൫𝑓௚, 𝑓௜൯

∑ ψ൫𝑓௚, 𝑓௝൯ே
௝ୀଵ

 

where, 𝜓ሺ , ሻ denotes the similarity function, and 𝑤௜ 
reflects the contribution of the i-th local region to the 
subsequent alignment. Based on this weighting, the top-k 
high-confidence regions are further selected for subsequent 
semantic matching. In the text branch, the text features of 
multiple templates within the same category are first 
aggregated along the template dimension to obtain the 
category text representation: 

𝑡௧ഥ ൌ
1
𝑃

෍ 𝐹௧ሺ𝑡, 𝑝ሻ
௉

௣ୀଵ

,   𝑡௧ഥ ∈ ℝ஼ 

Then, a lightweight mapping function is applied to 
construct text semantic prototypes: 

𝑐௧ ൌ 𝑁𝑜𝑟𝑚൫𝑡௧ഥ ൅ Δሺ𝑡௧ഥሻ൯ ,   𝑐௧ ∈ ℝℂ 
where Δ(⋅) denotes a lightweight mapping function, and 

Norm(⋅) denotes a normalization operation. In this way, 
category representations can be enhanced while preserving 
the original semantic information. After obtaining high-
confidence region features and class semantic prototypes, this 
paper further calculates the matching score between the two. 
Let the i-th high-confidence region feature be 𝑓௜ and the t-th 
class semantic prototype be 𝑐௧ ; then the matching score 
between the region and the class is expressed as: 

𝑠௜,௧ ൌ 𝜏⟨𝑓௜, 𝑐௧⟩,   𝑖 ൌ 1, … , 𝑘 
where, ⟨⋅,⋅⟩ denotes the inner product and τ is a learnable 

temperature coefficient. The final alignment score for class t 
is obtained by weighted aggregation over the selected local 
regions: 

𝑠௧ ൌ ෍ 𝑤௜

௞

௜ୀଵ

 𝑠௜,௧ 

The final alignment score is obtained by weighted 
aggregation of the matching relationships between multiple 
high-confidence local regions and text semantic prototypes. 
Compared with image-text matching that relies only on global 
visual features, this score can better reflect the fine-grained 
consistency between local visual regions and open-
vocabulary textual semantics. During training, pixel-level 
annotations are used to derive image-level semantic presence 

labels, which provide auxiliary supervision for the alignment 
scores produced by CCMA and encourage the model to learn 
more stable region-text correspondences. The auxiliary 
alignment loss is defined as: 

ℒ𝒶ℓ𝒾ℊ𝓃 ൌ BCEሺ𝑠, 𝑦ሻ 
where y denotes the image-level class presence label 

derived from the segmentation annotation, BCE(⋅) denotes 
the binary cross-entropy loss. During the forward matching 
stage, alignment scores are used to enhance the image-text 
relevance. Let the image-text relevance be 𝐶𝑜𝑟𝑟 ∈
ℝ௉ൈ்ൈுൈௐ It is calculated based on the correlation between 
visual features and textual features. The alignment scores are 
first normalized and then transformed into an alignment 
guidance factor: 

𝑠௧෥ ൌ
𝑠௧ െ μ௦

σ௦
 

𝑔௧ ൌ 1 ൅ β tanhሺ𝑠௧෥ ሻ 
where 𝑠௧෥  denotes the normalized alignment score, and β is 

a fixed modulation coefficient. The alignment guidance factor 
is incorporated into the image-text correlation modeling 
process: 

𝐶𝑜𝑟𝑟ᇱ
௣,௧,௛,௪ ൌ 𝑔௧ ⋅ 𝐶𝑜𝑟𝑟௣,௧,௛,௪ 

In this way, text categories that are more consistent with 
local region semantics obtain more stable responses in 
subsequent matching, thereby enhancing the correspondence 
between image regions and textual semantics in open-
vocabulary scenarios. 

Furthermore, in large-vocabulary scenarios, the number of 
candidate categories can be very large. To control 
computational cost and reduce the influence of numerous 
low-response categories, the model selects candidate 
categories according to image-text correlation responses and 
reconstructs the image-text correlation over the selected 
category set. The alignment information generated by CCMA 
is also applied to the filtered category set, ensuring 
consistency between the original and filtered matching 
processes. 

4. Experiments 

4.1. Datasets and Evaluation Metrics 
We train the proposed model on COCO-Stuff and evaluate 
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it directly on several downstream open-vocabulary semantic 
segmentation benchmarks, including ADE20K, PASCAL 
VOC, and PASCAL-Context. COCO-Stuff contains 
approximately 118K training images with pixel-level 
annotations covering 171 semantic categories. For evaluation, 
ADE20K provides two commonly used settings: A-150 with 
150 categories and A-847 with 847 categories. PASCAL VOC 
is evaluated under the PAS-20 and PAS-20b settings. 
PASCAL-Context extends the original PASCAL VOC dataset 
and provides two evaluation settings: PC-59 and PC-459, 
containing 59 and 459 categories, respectively. 

We adopt mean Intersection over Union (mIoU) as the 
evaluation metric. For class c, the IoU is defined as: 

𝑚𝐼𝑜𝑈 ൌ
1
𝐾

෍
𝑇𝑃௖

𝑇𝑃௖ ൅ 𝐹𝑃௖ ൅ 𝐹𝑁௖

௄

௞ୀଵ

 

where 𝑇𝑃௖  denotes the number of pixels correctly 
predicted to belong to class c, 𝐹𝑃௖  denotes the number of 
pixels incorrectly predicted to belong to class c, 𝐹𝑁௖ denotes 
the number of pixels that actually belong to class c but were 
not correctly predicted as such, and K denotes the total 
number of classes. 

4.2. Experimental Details 
This paper follows the standard experimental setup for 

open-vocabulary semantic segmentation, training models on 
the COCO-Stuff dataset and testing them directly on 
downstream benchmark datasets such as ADE20K, PASCAL 
VOC and PASCAL-Context. CAT-Seg is used as the baseline 
model; the implementation is based on PyTorch, and training 
was performed on two NVIDIA RTX 5090 GPUs. During 
training, the CLIP and DINO models were fully frozen. 
AdamW was used as the optimiser. The total loss during the 

training phase consisted of the semantic segmentation loss 
and an auxiliary alignment loss, with the weight of the 
auxiliary alignment loss set to 0.1. The training batch size was 
set to 4, the learning rate to 0.0002, and the model underwent 
a total of 110,000 training iterations. 

4.3. Main Results 
Table 1 compares the proposed method with existing open-

vocabulary semantic segmentation methods on multiple 
benchmark datasets. Overall, our method consistently 
improves over the CAT-Seg baseline, demonstrating the 
effectiveness of the proposed structure enhancement and 
cross-modal alignment design. 

Specifically, on A-150, PAS-20, and PAS-20b, the 
proposed method achieves higher mIoU than the baseline, 
indicating that the introduced modules can provide stable 
improvements under relatively common open-vocabulary 
evaluation settings. In addition, our method also maintains 
consistent gains on more challenging large-vocabulary 
benchmarks such as A-847 and PC-459. These datasets 
contain a larger number of fine-grained categories, making 
the matching between image regions and textual categories 
more difficult. The results suggest that the global-local cross-
modal alignment strategy is beneficial for modeling semantic 
correspondences in complex category spaces. 

Combined with the ablation studies and qualitative results, 
the improvements can be attributed to two complementary 
factors: the DINO Structure Enhancement Module improves 
the structural representation of visual features, while CCMA 
enhances fine-grained region-text correspondence. Overall, 
the results validate the effectiveness of the proposed method 
in both structure-aware visual representation and fine-grained 
cross-modal alignment.  

Table 1. Quantitative evaluation on standard benchmarks. 

 

4.4. Qualitative Results 
Fig. 4 presents qualitative comparisons between the 

proposed method and the CAT-Seg baseline. CAT-Seg tends 
to produce incomplete object regions, background 
misclassification, and blurred class boundaries in complex 
scenes. For example, in animal scenes, CAT-Seg fails to 
separate foreground objects from background regions 
consistently, resulting in fragmented object masks. In food 
scenes, the boundaries between plates, rice, and vegetables 
are often mixed. In indoor scenes, the segmentation 
boundaries of objects such as cabinets, refrigerators, and cats 
are not sufficiently clear. 

In contrast, the proposed method produces more complete 
object regions and clearer boundary responses. This 
improvement can be attributed to the DINO Structure 
Enhancement Module, which provides additional structural 
priors for boundaries, textures, and region consistency. 
Meanwhile, CCMA enhances the correspondence between 
local visual regions and text categories by jointly modeling 

global visual semantics, local region features, and text 
semantic prototypes. As a result, the proposed method shows 
better performance in foreground localization, region 
completeness, and semantic matching consistency. 

 

Fig. 4 Qualitative comparison with the CAT-Seg baseline. 
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4.5. Ablation Studies 
To verify the effectiveness of each component, we conduct 

ablation studies by progressively introducing the DINO 
Structure Enhancement Module and CCMA into the CAT-Seg 
baseline. 

Table 2. Ablation study of the proposed modules. 

 
As shown in Table 2, introducing the DINO Structure 

Enhancement Module alone improves performance on 
multiple datasets. This indicates that the structural priors 
provided by DINO can compensate for the limitations of 
CLIP visual features in modeling boundaries, textures, and 
region structures. When CCMA is introduced alone, the 
model also achieves clear improvements on datasets such as 
PASCAL-Context and PASCAL VOC, suggesting that 
global-local cross-modal alignment helps strengthen the 
correspondence between local visual regions and text 
semantic prototypes. 

When both modules are introduced simultaneously, the 
model achieves the best or near-best overall performance. 
This demonstrates the complementarity of the two modules: 
the DINO Structure Enhancement Module mainly improves 
the structural representation of visual features, while CCMA 
enhances the fine-grained matching between visual regions 
and textual semantics. Together, they improve open-
vocabulary semantic segmentation from both visual 
representation and cross-modal alignment perspectives. 

5. Conclusion 
This paper proposes a structure-enhanced cross-modal 

alignment method for open-vocabulary semantic 
segmentation. To address the limited structural representation 
of CLIP visual features, we introduce a parameter-frozen 
DINO model as an external structural prior and use spatial 
gating to adaptively enhance CLIP visual features. This 
design improves the representation of fine-grained spatial 
information, such as boundaries, textures, and region 
structures. To further improve cross-modal matching, we 
propose a global-local collaborative Cross-Modal Alignment 
Module (CCMA), which jointly models global visual 
semantics, local region features, and text semantic prototypes. 
By refining image-text alignment into local region–semantic 
prototype correspondences, CCMA strengthens fine-grained 
vision-language consistency in open-vocabulary scenarios. 

Experimental results on multiple open-vocabulary 
semantic segmentation benchmarks show that the proposed 
method consistently improves over the CAT-Seg baseline. 
Ablation studies further demonstrate that the DINO Structure 
Enhancement Module and CCMA are complementary: the 
former enhances structure-aware visual representation, while 
the latter improves fine-grained region-text alignment. 
Together, they improve segmentation performance and 
generalization ability in open-vocabulary settings. 

Nevertheless, the proposed method introduces an 
additional frozen DINO branch, which brings extra 
computational overhead during training and inference. In 
future work, we will explore more lightweight ways to extract 
structural priors, or distill structural information into compact 

auxiliary modules to improve efficiency. 
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