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Abstract
Training-free open-vocabulary semantic segmentation aims to adapt vision-
language models, such as CLIP, for segmenting novel classes without any
finetuning. However, existing methods often suffer from fragmented segmentation
due to limited contextual awareness and weak object coherence. Subsequently,
semantically related regions and different parts of the same object are often mis-
classified to different classes. To address these challenges, we enforce intra-object
coherence and hierarchically refine contextual features across CLIP’s layers with-
out any training. First, we introduce a context aggregation module that enhances
both intra- and inter-layer contexts in CLIP features, thereby promoting consis-
tent labeling of semantically related regions. Next, we propose an object-aware
attention calibration module that integrates features from different regions of the
same object to mitigate fragmentation. Finally, we inject object-level semantics
into object features to ensure consistent category assignment across all parts. Our
method refines CLIP features by leveraging hierarchical context and enforcing
object-level coherence, leading to improved open-vocabulary segmentation per-
formance without finetuning. Moreover, its plug-and-play design enables seamless
integration into existing frameworks. Extensive experiments on eight benchmarks
demonstrate the effectiveness of our approach.
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1 Introduction
Semantic segmentation, an important task in computer vision, assigns a category label
to each pixel in input images [1–6]. Traditional semantic segmentation [1–5] often lack
flexibility, as they are limited to predefined classes and require retraining to incor-
porate new categories, which is typically computationally expensive. The emergence
of Contrastive Language-Image Pre-training (CLIP) models [7], trained on large-
scale datasets of image-text pairs, has demonstrated strong capabilities in semantic
understanding, including tasks like image recognition [8–10]. Despite its strong vision-
language alignment for image recognition, CLIP’s generalization capability remains
limited in open-vocabulary semantic segmentation.

This limitation motivates enhancing CLIP’s spatial understanding to support
dense prediction tasks. Accordingly, recent works [11–15] extend CLIP to open-
vocabulary semantic segmentation, where input images are segmented based on
textual class descriptions. Existing open-vocabulary semantic segmentation methods
can be broadly categorized into training-based [16–19] and training-free approaches
[11, 12, 20, 21]. Although training-based [14, 22–24] methods typically achieve
strong performance, they often rely on substantial computational resources. There-
fore, recent works have increasingly focused on training-free methods. Training-free
methods [13, 25–28] generally aim to utilize CLIP’s vision-language alignment for
segmentation without modifying its parameters. One key research direction focuses
on refining CLIP’s localization properties. To this end, some methods [11–13, 26]
modify CLIP’s original attention maps to reaggregate dense features and improve seg-
mentation quality, as illustrated in Fig. 1 (top). Despite these efforts, the resulting
segmentation outputs often remain fragmented, leading to sub-optimal performance.

To investigate the underlying causes of fragmented predictions in training-free
open-vocabulary segmentation, we conduct a qualitative analysis of representative
methods, e.g., ClearCLIP [13], SCLIP [11], CLIP-Surgery [30], and ProxyCLIP [12],
by visualizing both their segmentation outputs and corresponding attention maps, as
shown in Fig. 2. This analysis reveals that inaccurate segmentation results are not
solely caused by poor localization. In fact, attention maps often correctly highlight
discriminative regions, yet erroneous predictions still occur. As illustrated in Fig. 2,
although the attention map successfully captures the baby’s head, the hat is misclas-
sified as “sheep.” This failure indicates limited contextual awareness, where the
model relies primarily on local visual cues and fails to associate the hat with the
surrounding person context. Beyond local misclassification, Fig. 2 further exposes a
second, more structural issue: weak object-level coherence. Even within a single
object, different regions are assigned inconsistent labels, for example, parts of the
same hat are incorrectly classified as “person.” This suggests that, despite reason-
able localization, the model lacks a mechanism to enforce semantic consistency across
regions belonging to the same object. Importantly, these observations indicate that
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Fig. 1: Comparison of our method with conventional methods. Top: Conventional
methods rely heavily on features from CLIP’s final layer, resulting in limited con-
textual awareness. Bottom: Our method aggregates both intra-layer and inter-layer
context of CLIP while enhancing object coherence for semantic segmentation. Our
method can be seamlessly integrated into both weakly supervised training-based, e.g.,
CLIPDINOiser [29], and training-free, e.g., ProxyCLIP [12], frameworks.

refining attention maps alone is insufficient to resolve fragmented predictions. The rea-
son instead lies in CLIP’s dense visual representations, which lack explicit contextual
reasoning and object-level semantic structure required for dense prediction tasks.

Motivated by this diagnosis, we move beyond treating CLIP as a black-box fea-
ture extractor and reorganizing its dense features. Specifically, we inject contextual
refinement to make each feature interpretable relative to its surroundings, and enforce
object-level coherence to ensure consistent semantics across regions of the same object,
together mitigating fragmented predictions and enhancing structural consistency.
To improve CLIP’s limited contextual awareness, we propose the Context Pyramid
Refinement (CPR) module, which aggregates intra-layer context within each CLIP
layer and fuses context-enhanced features across layers to capture inter-layer con-
text. By jointly leveraging local and hierarchical context, this module encourages
semantically related regions to be assigned to the same category. To improve object
coherence, we introduce Object Coherence Refinement (OCR). It calibrates atten-
tion maps using clustering centroids computed from dense features, which encourages
more holistic feature extraction across entire objects. Moreover, we introduce Object
Semantic Refinement (OSR), which further enhances feature consistency by inject-
ing object-level CLS tokens into the dense features. This module enforces semantic
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Fig. 2: Visualizations of attention maps and segmentation results from different meth-
ods. From left to right, the visualized methods include: query-query (Q-Q) attention
from ClearCLIP [13], key-key (K-K) attention from SCLIP, value-value (V-V) atten-
tion from CLIP-surgery [30], and proxy attention from ProxyCLIP [12]. The red cross
indicates the origin of each attention map. The shown attention maps are averaged
across all attention heads. The figure illustrates that fragmented segmentation arises
from both insufficient contextual awareness and object coherence.

consistency within each object. By improving contextual awareness and object-level
coherence, our method enables CLIP to more accurately group semantically related
regions and segment complete object instances, as illustrated in the bottom of Fig. 1.

Compared with training-based segmentation approaches, existing models such as
FCN [31], DeepLabV3+[32], PSPNet[6], Swin Transformer [33], and Mask2Former [34]
are not directly comparable to our setting, as they rely on supervised training to
adapt multi-level features for segmentation. Moreover, the primary objectives of these
methods differ from ours. Specifically, FCN [31], DeepLabV3+[32], PSPNet[6], and
FPN [35] are mainly designed to address the limited receptive field in CNNs through
multi-scale feature fusion, using direct addition, dilated convolutions, and pyramid
pooling, respectively. Swin Transformer incorporates shifted window attention to bal-
ance efficiency and accuracy at the backbone level, while Mask2Former employs
masked attention to improve query–object alignment. Deformable Attention [36], on
the other hand, accelerates attention computation via sparse and content-adaptive
sampling. Unlike prior multi-scale fusion approaches such as FPN [35] and Deformable
Attention [36], which are typically designed for CNN-based architectures or require
training to learn adaptive offsets. Unlike training-based methods that rely on param-
eter updates to adapt model representations, our method instead targets the inherent
limitations of CLIP-based segmentation, namely limited contextual awareness, by
introducing a hierarchical context refinement module that progressively aggregates
multi-scale features through sliding windows across CLIP layers, enabling semantically
coherent segmentation without any training. Existing training-free methods primar-
ily focus on enhancing CLIP’s localization capability [11–13, 21, 26], while paying
limited attention to the contextual awareness of dense features. In contrast to prior
approaches, our Context Pyramid Refinement (CPR) aggregates multi-level contex-
tual information across CLIP layers in a hierarchical manner, promoting consistent
labeling of semantically related regions. Unlike Swin’s [33] fixed and shifted win-
dows designed to reduce attention cost via resolution downsampling, CPR uses sliding
windows with increasing sizes across layers to hierarchically aggregate contextual
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cues while preserving feature resolution, enabling explicit multi-scale context mod-
eling. Unlike GEM [26], which typically relies on implicit grouping through self-self
attention, OCR explicitly clusters features into object-level prototypes and calibrates
attention maps with the resulting centroids to enhance object-level awareness and
encourage coherent feature aggregation. OSR enhances feature consistency by lever-
aging region-aware CLS tokens, effectively addressing limitations of prior methods,
such as reliance on single tokens [37] and unstable token extraction processes [27]. Our
approach is plug-and-play and can be seamlessly integrated into both training-based
and training-free frameworks. Extensive experiments demonstrate that our method
achieves state-of-the-art performance on eight open-vocabulary semantic segmentation
benchmarks. To summarize, the main contributions of this work are as follows:

- We propose Context Pyramid Refinement (CPR), a novel context aggregation
module that integrates both intra-layer and inter-layer contextual information to
enhance CLIP for open-vocabulary semantic segmentation.

- We introduce Object Coherence Refinement (OCR) and Object Semantic Refine-
ment (OSR) to enhance object-level coherence via attention calibration and to enforce
semantic consistency within each object.

- Our method is training-free, integrates seamlessly with existing segmentation
frameworks, and achieves state-of-the-art performance across multiple benchmarks.

2 Related Works
2.1 Vision-Language Pretraining
Traditional pretraining approaches [38–40] first train backbone models on large-scale
image classification datasets such as ImageNet [41] to learn transferable features,
which are then fine-tuned for downstream tasks including semantic segmentation [31,
32, 42, 43]. While this paradigm achieves strong performance in closed-set scenarios,
the classes contained in the pretraining dataset is inherently limited [44–46]. As a
result, when deployed in open-world scenarios with unlimited categories, such models
often fail to recognize novel classes without additional retraining or fine-tuning.

To overcome this limitation, recent research has increasing focused on
vision–language pretraining [7, 9, 47, 48], where the backbones are pretrained on
massive image–text pairs and excel at open-vocabulary and zero-shot recognition.
CLIP [7], as a representative example, has demonstrated strong performance in image-
level tasks such as classification [7, 8, 49] and retrieval [50–52]. Despite their success,
such models often struggle with pixel-level tasks like semantic segmentation, owing
to their limited fine-grained localization capability. Although fine-tuning such models
for segmentation is a potential solution [53–55], it demands substantial computational
resources and large-scale, carefully curated datasets, which are time-consuming to
obtain. To address this limitation, we investigate a training-free paradigm that enables
pretrained CLIP [7] for open-vocabulary semantic segmentation.
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2.2 Open-Vocabulary Semantic Segmentation
Traditional semantic segmentation typically represents each class using learnable
embeddings which are optimized during training and fixed to a predefined set of cate-
gories [31–34, 56–59]. As a result, recognizing new classes often requires retraining the
model, limiting the model’s ability to adapt to open-world scenarios. To address this
limitation, recent approaches exploit CLIP [7] for its strong vision–language align-
ment, which allows open-vocabulary segmentation without the need for retraining
on novel categories. Existing approaches can be broadly categorized into training-
based [14, 16–19, 22, 29, 37, 60, 61] and training-free methods [11–13, 20, 25, 26, 28].
Training-based methods often explore CLIP’s segmentation capability by fine-tuning
it on datasets with high-quality pixel-level annotations [14, 17, 22, 37, 60, 61]. Some
studies also adopt text-based training [62–64], leveraging Internet-scale image–text
pairs to fine-tune CLIP on a massive scale. However, both types of training-based
approaches are typically time- and resource-intensive.

Recently, researchers have increasingly focused on training-free open-vocabulary
semantic segmentation methods [11–13, 25, 26], which aim to leverage pretrained
vision–language models for segmentation without any training [25, 26, 30, 65]. To
achieve this, some approaches refine CLIP’s [7] attention maps to improve spatial
localization. For example, SCLIP [11], ClearCLIP [13], and MaskCLIP [25] replace
CLIP’s inherent attention maps with customized alternatives, enabling re-aggregation
of CLIP’s final-layer features to improve pixel-level predictions. There are also meth-
ods that adopt region-based inference strategies. CLIP-DIY [66] adopts a dense
sliding-window strategy, dividing the image into overlapping patches at multiple
scales, classifying each patch independently with CLIP, and aggregating the results
into a dense segmentation map. ConceptFusion [65] incorporates external region pro-
posals from SAM [67] or Mask2Former [34] to region-wisely segment the input image.
While effective, these methods are typically constrained by their reliance on CLIP’s
final-layer features which provide limited contextual cues. As a result, segmentation
often becomes fragmented, with semantically related regions assigned to different
categories and different parts of the same object receiving inconsistent labels. Com-
pared with other open-vocabulary semantic segmentation methods that also leverage
mask clustering, our approach is designed to operate in a fully training-free man-
ner. Specifically, [68] generates pseudo labels through clustering to identify potential
classes and further employs learnable cluster centers as classifiers, and [69] aligns
queries associated with the same category across images to encourage prediction con-
sistency. While effective in their respective settings, both methods typically rely on
additional training stages, whereas our method functions without any training or fine-
tuning. CLIPtrase [70] aims to alleviate the limited utilization of dense visual tokens
in CLIP by clustering attention maps from the final visual layer and averaging the
logits within each region to obtain segmentation results. Although training-free, it
primarily averages logits via attention-based spatial grouping, merely reorganizing
existing predictions without modifying the underlying dense features. In contrast, our
approach directly applies clustering to the dense features to extract both local CLS
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tokens and object-level centroids. These features are jointly used to enrich CLIP’s fea-
tures with object-level coherence, moving beyond simple feature reorganization and
enabling more consistent segmentation.

In contrast, we introduce a training-free framework that effectively refines CLIP
features for open-vocabulary segmentation. First, we enhance both intra- and inter-
layer contexts in dense features to promote the grouping of semantically related
regions. Next, we calibrate the attention maps using feature clustering centroids as
reference points for attention computation, thereby enhancing the aggregation of fea-
tures from disparate regions of the same object. Finally, we incorporate object-level
semantics to enforce consistent category assignments across the entire object. These
modules jointly improve CLIP’s contextual awareness and object coherence, achieving
better segmentation performance without any training.

3 Methods
3.1 Preliminary and Overview
Preliminary. CLIP can be instantiated with various backbones among which Vision
Transformers (ViTs) [44] are often adopted in practice [11, 12, 25]. A typical ViT-
based CLIP consists of N transformer layers. Let Fi ∈ R(L+1)×C denote the input
feature at the i-th transformer layer, where L + 1 is the sequence length, including
an additional CLS token that typically aggregates global information of the input
image. The self-attention mechanism computes the query, key, and value features
as: q = Embedq(LN1(Fi)), k = Embedk(LN1(Fi)), v = Embedv(LN1(Fi)), where
q, k, and v denote the query, key, and value features, respectively. LN1 is a layer
normalization operation, and Embedq, Embedk, and Embedv are the corresponding
linear projections. Then, q, k, and v are processed by:

y = Fi + Embedy(Attn⊤ · v) , Fi+1 = y + Proj(LN2(y)), (1)

where Embedy and Proj are two distinct projection layers, LN2 denotes a second layer
normalization, and Attn represents the attention weights from the self-attention [71].
When an image is processed by CLIP’s visual encoder, the final CLS token is extracted
and compared to text embeddings with cosine similarity. The class with the highest
score is selected as the prediction, enabling open-vocabulary recognition.
Method Overview. An overview of our method is illustrated in Fig. 3. The input
image is first encoded by a CNN into patch embeddings, which are then passed through
the first K layers of the CLIP visual encoder to produce the intermediate feature FK .
From layers K + 1 to N − 1, each intermediate feature Fi is simultaneously fed into
both the subsequent transformer layer and the proposed Context Pyramid Refine-
ment (CPR). This module refines CLIP features by aggregating hierarchical local
context via pairwise feature affinities. The context-refined features Fi

a from all layers
are aggregated via element-wise addition to produce the context-aware feature Fa.
To further enhance object-level coherence, we propose the Object Coherence Refine-
ment (OCR). This module first clusters the features for attention map computation
to discover potential object regions and then refines these features by integrating

7



Co
nv

 &
 F

la
tte

n

Tr
an

sf
or

m
er

L
ay

er

CLIP Visual Encoder

…

𝑁 − 𝐾	 − 1 layers

Tr
an

sf
or

m
er

L
ay

er

Tr
an

sf
or

m
er

L
ay

er

Input 
Image

×	𝐾	

Cat

O
bj

ec
t C

oh
er

en
ce

R
ef

in
em

en
t (

O
C

R
)

Tr
an

sf
or

m
er

L
ay

er

Context Enhanced
Features

Local
Features

Fused
Features

Cat Text 
Embeddings

𝐅𝒄

𝐅𝒍

𝐅𝒇

𝐅𝒂𝑲#𝟏

𝐅𝒂𝑲#𝟐

𝐅	𝑲#𝟏

𝐅	𝑲#𝟐 𝐅𝒂	

Add Add Inner
Product

𝐅𝒂𝑵(𝟏

CPR

CPR

CPR 𝜶

𝟏 − 𝜶

Object Semantic
Refinement (OSR)

𝑁𝑡ℎ layer

Prediction

Fig. 3: Overview of our method. An input image is first processed by a convolutional
layer and the first K transformer layers of CLIP. From layer K+1 to N , each inter-
mediate feature Fi is fed to both the next transformer layer and the Context Pyramid
Refinement (CPR), injecting multi-scale context for Fi

a. The refined features Fi
a are

aggregated and enhanced by the OCR into Fc for object-level coherence. Meanwhile,
the OSR assigns region-specific CLS tokens to produce region-aware features Fl. The
final output is obtained by linearly fusing Fc and Fl with a weight α.

their corresponding cluster centroids. The original query-key attention of CLIP is
subsequently replaced by a similarity map computed from these centroid-enhanced
features, promoting object-centric aggregation and yielding coherence-aware features
Fc. Building on OCR, we introduce Object Semantic Refinement (OSR) to further
improve object coherence by enforcing semantic consistency within each object. This
module begins by clustering Fc to obtain non-overlapping regions, which are used to
mask the original image and generate region-specific sub-images. Each sub-image is
independently fed into the CLIP visual encoder to extract a region-level CLS token.
The resulting tokens are injected back into their corresponding regions to produce
the semantically enriched feature Fl. Finally, the context- and object- aware feature
Fc and Fl are linearly combined to produce the final output Ff , which is compared
with text embeddings for open-vocabulary segmentation without training. Detailed
descriptions of the proposed method are provided in Sec. 3.2, Sec. 3.3, and Sec. 3.4.

3.2 Context Pyramid Refinement (CPR)
Existing methods have explored adapting CLIP for open-vocabulary semantic segmen-
tation in a training-free manner. For example, GEM [26] enhances intermediate-layer
features by modifying attention mechanisms to improve spatial coherence and fine-
grained semantics. ProxyCLIP [12] and ClearCLIP [13] enhance final-layer attention
maps of CLIP to improve object localization. CLIP-DINOiser [29] further introduces a
lightweight distillation framework that transfers object-level coherence from DINO [72]
to CLIP using a few trainable layers. Despite their promising results, these methods
struggle to capture the hierarchical context necessary for semantic segmentation.

To address this limitation, we propose Context Pyramid Refinement (CPR) that
enhances contextual awareness through intra-layer and inter-layer context aggrega-
tion. Specifically, we begin with an input image X ∈ RH×W ×3 and extract patch
embeddings using convolutional layers. The resulting embeddings are reshaped and
processed by the first K layers of the transformer encoder. This process produces an
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Fig. 4: Overview of Context Pyramid Refinement (CPR) within one layer. The
sequenced features Fi are first partitioned into multiple regions via sliding windows,
where the intra-layer context is refined through pairwise feature affinities, producing
F̃i

w. The refined features are then reconstructed into Fi
a for segmentation.

intermediate feature map FK ∈ R(L+1)×C . From the (K+1)th layer onward, each fea-
ture FK+1 is processed by the remaining transformer layers, with CPR applied at
each stage to refine and inject hierarchical context.

As shown in Fig. 4, we first remove the CLS token from the i-th layer output
Fi (i ∈ [K+1, N ]), and reshape the remaining tokens into a 2D feature map Fi

w ∈
RHw×Ww×C , where Hw = H/Sw and Ww = W/Sw represent the spatial dimensions
determined by the patch size Sw. With this structure, a sliding-window operation is
applied to Fi

w to capture local context while preserving spatial structure. Specifically,
we apply a sliding window of size S × S with stride T to divide Fi

w into local feature
blocks, resulting in a feature Fi

w ∈ R(Hout×Wout)×S2×C . Here, the total number of
output blocks is Hout × Wout, where Hout = Hw−S

T + 1 and Wout = Ww−S
T + 1. Each

local block consists of S2 tokens, corresponding to spatial patches of size S ×S within
the input feature map. To refine intra-region context, we normalize the features and
compute pairwise affinities among features in each block, forming a similarity matrix
W that encodes local contextual dependencies.

W = Softmax(Fi
w · (Fi

w)⊤

τ
), (2)

where τ is a temperature factor controlling similarity sharpness and promoting pre-
cise feature differentiation. The similarity matrix W is then used to aggregate local
features within each region, updating the refined feature F̃i

w as: F̃i

w = W · Fi
w. To

capture multi-scale context from different CLIP layers, we adopt a pyramid-style slid-
ing window strategy with progressively larger kernel sizes from layers K+1 to N − 1.
This allows the context refinement module to operate effectively across scales. Specif-
ically, shallow layers use smaller sliding windows to preserve fine-grained local details,
while deeper layers apply larger windows to incorporate broader contextual informa-
tion. The context-refined features from all layers are then summed to form a unified
feature map Fa, which serves as the aggregated multi-scale contextual features. CPR
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into Embedv to generate value features, and the final output Fc is produced by
re-aggregating these features based on the similarity of F′

attn.

is compatible with both training-free approaches [11–13, 25] and weakly supervised
training-based methods [29], demonstrating our flexibility.

3.3 Object Coherence Refinement (OCR)
Although CPR effectively leverages hierarchical context within the CLIP visual
encoder, CLIP still produces fragmented segmentation results. In addition to limited
contextual awareness, CLIP also lacks object-level coherence, as its attention maps
often fail to aggregate features corresponding to the same object. To address this
issue, we propose the Object Coherence Refinement (OCR) module.

An overview of the OCR module is presented in Fig. 5. Given the CPR-refined
feature map Fa from the CLIP visual encoder, we first generate an attention-guided
feature map Fattn using an attention feature extraction function (e.g., the query
matrix [13] or key matrix [11] in CLIP’s final layer). We then perform clustering
on Fattn to obtain a set of clustering centroids. SLIC [73] is chosen to cluster due
to its ability to produce coherent segments that reflect structural similarity in X.
However, the resulting masks may include fragmented or overly small regions, resulting
in inconsistencies. To mitigate this issue, we refine the masks using the mask-merging
algorithm from [74], which combines adjacent regions with similar features to reduce
fragmentation and improve coherence. The final refined masks are denoted as Mc ∈
[0, 1]Uc×H×W , where Uc denotes the number of masks. We then compute the clustering
centroids Fm by averaging the values of Fattn within each mask:

Fm =
{

fm | fm =
∑

(H,W ) Fattn[1(x = l)]∑
(H,W ) 1(x = l) , x ∈ Mc

}
, (3)

where 1(x = l) is an indicator function that selects the pixels assigned to the lth mask.
Using Fm, we refine the features for attention map computation Fattn to produce an
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CLS tokens Fcls. Finally, Fcls is mapped back to the corresponding regions via inner
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object-coherence enhanced feature F′
attn, as follows:

F′
attn = Softmax

(
Fattn · F⊤

m√
C

)
· Fm + Fattn. (4)

Inspired by prior works [11, 12, 64], we construct an alternative attention map based
on F′

attn to replace the original query-key attention in CLIP. Specifically, we compute
pairwise feature similarities in F′

attn to replace the original Q-K attention. Mean-
while, the context-refined features Fa are projected through the final-layer value
embedding Embedv to obtain the value features. The final refined features Fc are
obtained by aggregating the value features using feature similarities. By enhancing
object coherence, OCR calibrates the attention maps with object-awareness, enabling
more effective aggregation of features within one object and reducing fragmentation.

3.4 Object Semantic Refinement (OSR)
Beyond attention map limitations, the lack of object coherence also arises from insuf-
ficient constraints at the feature level, which hinders the enforcement of semantic
consistency among features belonging to the same object. To mitigate this issue, we
propose the Object Semantic Refinement (OSR) module.

The overview of OSR is illustrated in Fig. 6. Given an input image X and CPR-,
OCR-refined features Fc, OSR enhances object-level semantics by injecting region-
aware CLS tokens into Fc, yielding more explicit and consistent region features.
Specifically, we apply the same clustering and region-merging algorithm from OCR
to Fc to obtain object-awareness masks M ∈ [0, 1]U×H×W , where U is the number of
clustered regions. Each mask corresponds to a potential semantic object and is applied
to the original image X to retain only the pixels of that region, setting all others to
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zero. The resulting masked images Xm ∈ RU×3×H×W are obtained via element-wise
multiplication, Xm = M⊙X, where ⊙ denotes pixel-wise multiplication. Each masked
image is then independently processed by the frozen CLIP visual encoder (exclud-
ing CPR and OCR) to extract a region-level CLS token Fcls ∈ RU×C . These CLS
tokens act as semantic prototypes, summarizing each segmented region into a consis-
tent feature. To project these region-level embeddings back into the spatial domain,
we compute the dot product between the CLS tokens and their corresponding soft
masks: Fl = F⊤

cls · M. This yields Fl ∈ RC×H×W , injecting region-level semantics into
the spatial domain. Finally, the region-consistent feature Fl is fused with the context-
and object-coherence refined feature Fc using a weighted sum:

Ff = α · Fc + (1 − α) · Fl, (5)

where α is a hyperparameter that balances object-aware contextual features and
region-level semantic consistency. OSR explicitly integrates region semantics into
dense features, promoting consistent predictions and reducing fragmentation within
each object, thereby improving open-vocabulary segmentation.

While both our method and [74] utilize the same clustering and mask fusion to
localize potential object regions, their downstream usage diverges significantly. In [74],
a Transformer decoder is trained to combine trainable features with the local CLS
token, producing pseudo text embeddings that mimic textual semantics. These are
used to supervise a new zero-shot segmentation model. In contrast, our approach is
fully training-free and does not construct any pseudo embeddings. We directly extract
local CLS tokens within each region as semantic abstractions, leveraging CLIP’s inher-
ent vision–language alignment to enhance dense features with stronger object-level
coherence, yielding improved segmentation performance without any training.

4 Experiment Results
4.1 Experiment Setups
Datasets. To evaluate the generalization ability of our method, we follow the standard
protocols established in prior works [11, 12, 29], and conduct extensive experiments
across eight datasets. The primary benchmarks include PASCAL VOC [75] (VOC20),
PASCAL Context [76] (Context59), COCO-Stuff [77] (COCO), ADE20K [78] (ADE),
and Cityscapes [79] (City). To further expand the evaluation scope, we additionally
include VOC21, Context60, and COCO-Object (Object) [77]. VOC21 and Con-
text60 are extended versions of VOC20 and Context59, respectively, with an added
“background” category. COCO-Object is constructed by selecting the first 80 object-
related classes from the COCO-Stuff subset, focusing solely on object-level categories.
Together, these eight datasets provide a comprehensive and diverse testbed for
evaluating the generalization performance of our approach.
Implementation Details. We adopt ProxyCLIP [12] as our baseline and replace
the attention feature Fattn in Eq. 4 with features from DINO [72]. We follow prior
works [11–13] and adopt a sliding inference strategy, where each image is divided into
sub-images for independent processing and the results are subsequently merged. This
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enables arbitrary input resolutions and avoids long-context limitations, generalizing
well to high-resolution datasets such as Cityscapes (2048 × 1024). The window size
for sliding inference is set to 336 × 336 pixels, with a stride of 112 × 112 pixels.
Context Pyramid Refinement (CPR) aggregates features from the last three layers of
the CLIP visual encoder using sliding window sizes of 2, 4, and 8, respectively. CPR
leverages PyTorch’s built-in unfold/fold operations to enable fully parallel window
processing, with self-attention applied in batch after unfold, ensuring high parallel
efficiency without sequential bottlenecks. We set the fusion weight α to 0.8, and fix the
sharpness parameter τ in Eq. 2 at 0.05. For class names, we adopt the same template
prompts as in the original CLIP [7], generating semantic embeddings by feeding them
into the ImageNet-style templates. The SLIC algorithm in OCR and OSR is applied
in two stages: seed initialization and iterative clustering. We initialize a uniform 7 × 7
grid of seeds across all datasets to control the number of superpixels. Following [74],
the mask merging threshold is set to 0.8, enabling the fusion of masks with similar
semantics. Unless otherwise specified, all experiments are conducted with the ViT-
B/16 [44] backbone. We report results on the validation sets without any additional
training or post-processing, using mIoU as the evaluation metric.

To accommodate different application requirements for efficiency and accuracy, our
framework supports both full and lightweight configurations. The full configuration
incorporates all three modules, CPR, OCR, and OSR, to maximize segmentation
performance through joint modeling of multi-scale context, object-level coherence, and
semantic consistency. In contrast, the lightweight configuration includes only CPR
and OCR, substantially reducing computational overhead while preserving contextual
reasoning and object-aware attention. This configuration is especially suitable for
resource-constrained or real-time scenarios.

4.2 Comparison with SOTA Methods
We conduct comprehensive evaluations on eight open-vocabulary benchmarks, as
shown in Table 1. Among existing methods, ProxyCLIP [12] achieves the highest
average baseline score of 42.3%, followed by SCLIP [11] and ClearCLIP [13], which
generate attention features using the query matrix from CLIP’s final layer, achieving
38.2% and 38.1%, respectively. In contrast, methods such as ReCo [80] and vanilla
CLIP show inferior performance, highlighting the importance of advanced adaptation
strategies for open-vocabulary segmentation. Nevertheless, these approaches still face
generalization challenges across diverse segmentation tasks. Integrating our approach
into ClearCLIP [13], SCLIP [11], and ProxyCLIP [12] leads to consistent performance
improvements across all datasets, demonstrating its effectiveness in enhancing seg-
mentation quality. Our method achieves the highest overall average score of 45.1%,
outperforming ProxyCLIP [12] by 2.8%, with improvements on Context59 and ADE.

In terms of performance on background-free datasets, our method achieves the
highest accuracy across all benchmarks, particularly excelling on those with complex
semantics and multiple categories, such as Context59, Stuff, Cityscapes, and ADE20K.
Although the gain on VOC is relatively small, we still obtain the best result. We
attribute this to VOC’s limited scale, where many methods already saturate the per-
formance. For datasets with background, our method does not outperform all prior
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Table 1: Comparison with state-of-the-art training-free methods. Bold and
underlined numbers indicate the best and second-best performances.

Methods Backbone w. background w/o. background
VOC Context Object VOC20 Context59 Stuff City ADE Avg.

CLIP [7]

ViT-B [44]

16.4 8.4 5.6 41.9 9.2 4.4 5.0 2.9 11.7
ReCo [80] 25.1 19.9 15.7 57.7 22.3 14.8 21.1 11.2 23.5

MaskCLIP [25] 38.8 23.6 20.6 74.9 26.4 16.4 12.6 9.8 27.9
CLIPSurgery [30] - 29.3 - - - 21.9 31.4 - -

GEM [26] 46.2 32.6 - - - - - 15.7 -
CLIPtrase [70] 53.0 30.8 44.8 81.0 - 24.0 - 17.0 -
CLIPSeg [81] - 35.3 37.9 83.5 39.7 27.1 36.4 19.7 -
NACLIP [21] 64.1 35.0 36.2 83.0 38.4 25.7 38.3 19.1 42.5
ResCLIP [28] 61.1 33.5 35.0 86.0 36.8 24.7 35.9 18.0 41.4

ClearCLIP [13] 51.8 32.6 33.0 80.9 35.9 23.9 30.0 16.7 38.1
ClearCLIP [13] + Ours(light) 51.5 34.4 33.0 77.1 37.9 24.5 34.9 18.1 38.9 (↑ 0.8)
ClearCLIP [13] + Ours(full) 52.3 33.2 34.1 79.9 39.2 24.6 35.0 18.5 39.6 (↑ 1.5)

SCLIP [11] 59.1 30.4 30.5 80.4 34.2 22.4 32.2 16.1 38.2
SCLIP [11] + Ours (light) 61.6 33.7 33.6 80.2 37.7 24.6 37.6 18.7 41.0 (↑ 1.8)
SCLIP [11] + Ours (Full) 61.9 35.6 35.9 82.1 39.2 25.3 38.2 19.3 42.2 (↑ 4.0)

ProxyCLIP [12] 61.3 35.3 37.5 80.3 39.1 26.5 38.1 20.2 42.3
ProxyCLIP [12] + Ours (light) 65.3 37.3 38.7 82.0 41.4 27.7 40.3 21.2 44.2 (↑ 1.9)
ProxyCLIP [12] + Ours (full) 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1 (↑ 2.8)

CLIP [7]

ViT-L [44]

8.2 4.1 2.7 15.6 4.4 2.4 2.5 1.7 5.2
MaskCLIP [25] 23.3 11.7 7.2 29.4 12.4 8.8 11.5 7.2 13.9

SCLIP [11] 43.5 22.3 25.0 69.1 25.2 17.6 18.6 10.9 29.0
ClearCLIP [13] 48.7 28.3 29.7 80.0 29.6 19.9 27.9 15.0 34.9
ResCLIP [28] 54.1 30.9 32.5 85.5 34.5 23.4 33.7 18.2 39.1

ProxyCLIP [12] 60.6 34.5 39.2 83.2 37.7 25.6 40.1 22.6 43.0
ProxyCLIP [12] + Ours (light) 62.0 36.4 38.5 84.1 39.8 27.1 41.0 24.0 44.1 (↑ 1.1)
ProxyCLIP [12] + Ours (full) 63.0 36.5 40.5 84.8 40.2 27.3 40.2 23.8 44.5 (↑ 1.5)

OpenCLIP [9]

ViT-H [44]

8.8 5.0 5.3 21.7 5.5 3.2 4.3 2.8 7.1
MaskCLIP [25] 31.4 13.3 16.2 41.7 15.8 8.4 17.7 10.4 19.3

SCLIP [11] 43.8 23.5 24.6 67.5 25.6 16.8 19.5 11.3 29.1

ProxyCLIP [12] 65.0 35.4 38.6 83.3 39.6 26.8 42.0 24.2 44.4
ProxyCLIP [12] + Ours (light) 66.3 36.4 39.6 85.1 40.9 27.7 41.5 25.0 45.3 (↑ 0.9)
ProxyCLIP [12] + Ours (full) 67.4 36.5 40.7 86.7 41.0 28.0 41.8 25.3 45.9 (↑ 1.5)

work. Specifically, CLIPtrase [70] achieves the best performance on COCO-Object.
This can be explained by the fact that COCO-Object only retains 80 foreground
(thing) classes while removing most background (stuff) categories, such as sky and
grass. As a result, it forms relatively simple scenes that align well with CLIPtrase [70]
patch-reconstruction-based strategy. In contrast, our method demonstrates consistent
advantages across both background-free and background-included datasets, reflecting
stronger generalization and robustness in diverse open-vocabulary segmentation.

We further apply our method to different backbones, i.e., ViT-L, and ViT-H. As
shown in Table 1, our method consistently improves with stronger backbones and
achieves the best performance with ViT-H across all datasets, confirming its robust-
ness to backbone scale. Notably, the performance of ViT-L is inferior to ViT-B, which
is observed in other baselines such as ProxyCLIP [12], SCLIP [11] and ClearCLIP [13].
For example, when using ViT-B, ProxyCLIP [12] obtains mIoU of 61.3 on VOC, 35.3
on Context59, and 37.5 on Stuff, all surpassing the corresponding results obtained
with ViT-L. Similar or worse degradation appears in other baselines, suggesting that
the drop originates from the backbone itself rather than our method. We hypothe-
size this reflects an intrinsic limitation of ViT-L in CLIP: as the model scales from
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Table 2: Comparison with state-of-the-art training-free methods with different image
resolutions. Bold and underline indicate the best and second-best performances.

Dataset Resolution SCLIP [11] SCLIP [11] + Ours ProxyCLIP [12] ProxyCLIP [12] + Ours

VOC 468 × 386 59.1 61.9 61.3 66.5
Context 468 × 386 30.4 35.6 35.3 37.7
Object 577 × 485 30.5 35.9 37.5 39.8

VOC20 468 × 386 80.4 82.1 80.3 84.3
Context59 468 × 386 34.2 39.2 39.1 42.2

Stuff 573 × 483 22.4 25.3 26.5 28.0
City 2048 × 1024 32.2 38.2 38.1 40.7
ADE 616 × 621 16.1 19.3 20.2 21.8
Avg. - 38.2 42.2 42.3 45.1

Table 3: Comparison with training-based methods. Bold and underlined numbers
indicate the best and second-best performances.

Methods VOC Context Object VOC20 Context59 Stuff City ADE Avg.

OVSegmentor [82] 53.8 20.4 25.1 - - - - 5.6 -
CoCu [83] 51.4 23.6 22.7 - - 22.1 15.2 12.3 -

SAM-CLIP [84] 60.6 29.2 - - - - - 17.1 -
GroupViT [63] 50.4 18.7 27.5 79.7 23.4 15.3 11.1 9.2 29.4

TCL [85] 51.2 24.3 30.4 77.5 30.3 19.6 23.1 14.9 33.9

CLIP-DINOiser [29] 62.2 32.4 35.0 80.2 35.9 24.6 31.7 20.0 40.3
CLIP-DINOiser [29] + Ours (light) 62.5 33.6 34.0 80.5 37.9 25.5 34.0 21.1 40.9 (↑ 0.6)
CLIP-DINOiser [29] + Ours (full) 62.9 33.4 35.7 80.9 38.0 25.6 34.6 21.2 41.6 (↑ 1.3)

ViT-B to ViT-L, global alignment improves but local perception weakens due to
limited capacity. This harms downstream dense prediction tasks like segmentation,
which require both. In contrast, ViT-H restores the balance between global and local
representations, enabling our method to fully leverage its rich multi-scale features.

To evaluate whether our method can adapt to different image resolutions, we com-
pute the average image resolution of each dataset and evaluate the corresponding
performance, as shown in Table 2. The results show that our method consistently
improves upon baseline training-free approaches across datasets with varying image
resolutions. On low-resolution datasets (i.e., VOC and Context), our method con-
sistently improves upon representative training-free baselines, including SCLIP [11]
and ProxyCLIP [12]. On medium-resolution datasets (i.e., VOC20, Context59, Stuff,
and ADE), we observe similar gains over both baselines. More importantly, these
improvements also hold on high-resolution datasets such as Cityscapes (2048×1024),
indicating that the performance gains are consistent across low-, medium-, and high-
resolution inputs rather than being tied to a particular resolution or baseline method.
This robustness can be attributed to the sliding-window inference strategy, which
enables resolution-agnostic inference without resizing or additional fine-tuning.

Table 3 compares our method with representative training-based open-vocabulary
segmentation approaches. Without any parameter updates, directly integrating our
modules into the frozen CLIP-DINOiser [29] yields consistent gains, improving the
average mIoU from 40.3% to 41.6% (+1.3%). Our full variant achieves the best results
on 7 datasets, while the light variant also delivers solid improvements compared
with baseline. Compared with prior methods that require retraining, our approach
demonstrates strong cross-dataset generalization on Context59, City, and ADE.
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Table 4: Comparison of computational cost (GFLOPs) between baseline methods
and their counterparts with the proposed method.

Method SCLIP ClearCLIP ProxyCLIP

Original 39.7 39.6 253.3
+ Ours(light) 44.0 43.9 263.7
+ Ours(full) 128.0 127.8 348.3

Table 5: Ablation studies of the proposed method, where “B” denotes the baseline
(ProxyCLIP [12]), “P” denotes CPR, “C” denotes OCR, and “R” denotes OSR.

Methods GFLOPs FPS VOC Context Object VOC20 Context59 Stuff City ADE Avg.

B 253.3 26.9 61.3 35.3 37.5 80.3 39.1 26.5 38.1 20.2 42.3
B+P 254.5 22.4 65.2 37.0 38.7 81.8 41.1 27.5 39.9 21.1 44.0
B+C 262.4 17.2 64.3 35.9 38.5 81.1 40.4 27.3 38.5 20.8 43.4

B+P+C (light) 263.7 15.9 65.3 37.3 38.7 82.0 41.4 27.7 40.3 21.2 44.2
B+P+C+R (full) 348.3 7.8 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1

Image Ground Truth B (ProxyCLIP) B + P + C B + P + C + RB + P

Fig. 7: Qualitative ablations of our method which improves contextual understanding
and object coherence, e.g., clothes worn by a person are correctly labeled as person.

We further compare the computational cost (GFLOPs) between baseline methods
and our approach. For all three baselines, SCLIP [11], ClearCLIP [13], and Proxy-
CLIP [12], integrating our approach introduces additional computation, as reflected
by the increased GFLOPs, as shown in Table 4. However, the increase remains mod-
erate under the lightweight configuration. For instance, SCLIP’s GFLOPs increase
from 39.7 to 44.0 with the lightweight version and to 128.0 with the full version.
ClearCLIP shows a similar trend, increasing from 39.6 to 43.9 (light) and to 127.8
(full). ProxyCLIP, a heavier model, increases from 253.3 to 263.7 (light) and to 348.3
(full), demonstrating our flexibility with minimal computational overhead.

4.3 Analysis on Proposed Method
To further evaluate the effectiveness of each proposed component, we use ProxyCLIP
with a ViT-B backbone [44] as the baseline. In the following experiments, CPR is
applied to the last three layers of CLIP using sliding window sizes of 2, 4, and 8.
Ablations studies on the proposed method. We present the quantitative anal-
ysis in Table 5. Starting from the baseline ProxyCLIP (“B”), adding CPR (“P”)
improves the mIoU from 42.3 to 44.0, while increasing the computational cost only
marginally, from 253.3 to 254.5 GFLOPs, and reducing the inference speed from 26.9
to 22.4 FPS. This demonstrates a favorable trade-off between performance and effi-
ciency. Incorporating the OCR module (“C”) further raises the accuracy to 44.2, with
the computation increasing to 263.7 GFLOPs and the inference speed remaining at a
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Table 6: Comparison of our method with different CLIP in ViT-B backbone.
CLIP Type VOC Context Object VOC20 Context59 Stuff City ADE Avg.

OpenCLIP [9] 61.9 35.6 34.3 84.4 39.9 28.0 42.3 23.8 43.8
MetaCLIP [8] 65.2 38.7 42.5 82.5 42.5 28.7 39.9 23.5 45.4

EVA02-CLIP [10] 61.1 35.6 38.9 86.3 38.2 25.9 36.6 23.6 43.2
CLIP [7] 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1

Table 7: Ablation study on window sizes (x, y, z) applied to the last three layers (3rd,
2nd, and last) of the CLIP visual encoder.

Window size VOC Context Object VOC20 Context59 Stuff City ADE Avg.

None 66.4 36.7 39.9 82.6 42.0 28.2 38.5 21.7 44.5
2,2,2 66.8 37.5 39.9 82.9 42.5 28.3 40.3 21.8 45.0
4,4,4 66.8 37.7 39.9 83.2 42.5 28.1 39.9 21.6 45.0
8,8,8 64.5 37.3 38.6 83.1 42.6 28.0 40.0 21.4 44.4
8,4,2 64.6 34.9 35.4 79.1 41.2 26.8 38.0 20.3 42.5
2,4,8 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1

reasonable 15.9 FPS, highlighting its effectiveness in balancing segmentation quality
and efficiency. Notably, OCR alone already achieves a strong performance–efficiency
balance. Finally, integrating the OSR module (“R”) leads to the full configuration
(“B+P+C+R”), which attains the highest accuracy of 45.1, at the cost of 348.3
GFLOPs and 7.8 FPS. This progressive gain–cost trend confirms that each module
contributes complementary improvements.

To further assess the effectiveness of our method, we visualize the predictions
at each ablation stage in Fig. 7. The segmentation quality progressively improves
as each component is added. Starting from the baseline (B), the model struggles
to maintain object coherence (e.g., the person in the canoe or on the bed). With
CPR (B+P), region-level semantics are enhanced, leading to better segmentation on
the cloth worn by people and reduced background noise. Incorporating coherence
refinement (B+P+C) further enhances spatial consistency and improves separation
of adjacent objects. Finally, integrating semantic refinement (B+P+C+R) results in
more complete segmentation, further demonstrating our effectiveness.
Impact on different CLIP variants. Table 6 compares three CLIP variants used in
our framework: OpenCLIP [9], MetaCLIP [8], and the original CLIP [7]. The original
CLIP achieves competitive performance across most datasets, with an overall aver-
age of 45.1%. MetaCLIP [8] slightly underperforms on certain datasets but achieves
the highest overall average of 45.4%, suggesting a more accurate feature of localized
regions. OpenCLIP [9] consistently underperforms compared to the other variants,
achieving the lowest average score and indicating weaker generalization. In addition
to these methods, we further evaluate our approach with different CLIP variants by
replacing the CLIP visual encoder with EVA-CLIP [10]. As shown in the table, our
method remains fully compatible and achieves strong performance, demonstrating its
ability to adapt to diverse CLIP variants and benefit from stronger visual encoders.
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Table 8: Comparison between intra-layer and inter-layer CPR.
Methods VOC Context Object VOC20 Context59 Stuff City ADE Avg.

CPR (only in final layer) 65.8 37.0 38.9 84.2 41.5 27.4 39.5 21.4 44.5
CPR (across layers) 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1

Table 9: Comparison on different applications of Context Pyramid Refinement, where
x indicates that the last x layers are used.

Stage VOC Context Object VOC20 Context59 Stuff City ADE Avg.

1 65.9 37.0 39.1 84.2 41.5 27.6 39.8 21.5 44.6
2 66.0 37.1 39.1 84.2 41.7 27.8 40.0 21.6 44.7
3 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1
4 65.4 37.5 39.7 84.0 42.0 27.9 40.5 21.7 44.8

4.3.1 Analysis on Context Pyramid Refinement
To evaluate the impact of CPR on different types of context modeling, we conduct
experiments to analyze: (1) its effect on inter-layer integration and (2) its effect on
intra-layer context modeling.

4.3.1.1 Analysis on Inter-layer Context Modeling
Impact of sliding window design sizes different layers. We first conduct a
quantitative analysis of sliding window sizes, as shown in Table 7. Without sliding
windows, simply averaging the features from the last three stages results in a sig-
nificant performance drop, from 45.1% to 44.5% in average mIoU. We then apply a
uniform window size across all three stages. With a window size of 2, performance
improves on Context59 and Stuff compared to the default setting. However, perfor-
mance on VOC20 and City remains lower. Increasing the window size further leads
to continued performance degradation. Finally, reversing the window size order (from
2, 4, 8 to 8, 4, 2) also results in degraded performance.

To further analyze the behavior of different layers, we perform qualitative analysis
by visualizing the predictions at each stage, as shown in Fig. 8. Without CPR, the
model misclassifies key regions, for example, confusing mountains with background or
missing some people. Applying CPR to deeper layers progressively improves recogni-
tion of object boundaries and regional semantics. Notably, applying CPR to all stages
results in more accurate segmentation by providing richer contextual information.
Impact on multiple-layer feature utilization. Table 8 presents a quantitative
comparison between two strategies for applying our CPR: using multi-scale windows
only at the final layer versus applying them across all layers. We observe that applying
CPR across multiple layers consistently outperforms the final-layer-only variant on
all datasets. For instance, the average mIoU increases from 44.5% to 45.1%. These
results suggest that multi-scale context aggregation is more effective when integrated
throughout the network hierarchy, rather than limited to the final layer.

To better understand these findings, we perform qualitative analysis. When CPR
is applied only at the final layer, misclassifications still occur due to limited context.
For example, motorcycles may be mistaken for bicycles, and humans for sofas, owing
to local visual similarities. In contrast, inter-layer CPR aggregates multi-scale context
across the entire network hierarchy, as shown in Fig. 9.

18



Image No CPR CPR of 3rd -Last CPR with 2nd-Last CPR with 1st-Last Full CPRGround Truth

Fig. 8: Qualitative analysis of CPR results across different layers. Compared with no
CPR or single-layer CPR, combining multi-layer CPR features yields more complete
object-coherent predictions and richer contextual understanding.

Table 10: Comparison on different strides of the sliding windows.
stride VOC Context Object VOC20 Context59 Stuff City ADE Avg.

1 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1
2 66.2 36.5 39.7 83.8 41.6 27.6 39.9 21.7 44.5

S / 2 66.8 36.5 39.2 82.1 42.0 27.9 37.3 21.4 44.2
S 65.7 34.2 37.4 81.4 40.8 26.8 35.6 21.0 42.9

Table 11: Comparison on different ways to aggregate the intra-layer context.
Fusion VOC Context Object VOC20 Context59 Stuff City ADE Avg.

Avg 44.6 28.4 28.8 82.8 31.5 17.5 27.6 21.7 35.4
Max 37.8 11.2 14.3 56.8 18.4 11.7 9.1 9.1 21.1

Self-attn (ours) 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1

Image Ground Truth ProxyCLIP CPR (inter layer)CPR (intra layer)

Fig. 9: Qualitative comparison of intra-layer vs. inter-layer CPR, where integrating
features from multiple layers produces more coherent object predictions and enhanced
contextual awareness, e.g., wheels of motorbike is correctly segmented.

Impact of number of stages in CPR. Table 9 summarizes the effect of incorpo-
rating different CLIP stages in our hierarchical refinement framework. We evaluate
the impact of incorporating the last 1 to 4 layers (denoted as Stages 1 to 4) for
multi-layer feature enhancement. Among all configurations, incorporating the last
three layers (Stage 3) achieves the best overall performance, with an average mIoU of
45.1%. In contrast, using fewer stages (e.g., Stage 1 or 2) results in insufficient feature
abstraction. Incorporating four layers (Stage 4) slightly degrades performance.
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Table 12: Comparison on different clustering strategies.
Clustering VOC Context Object VOC20 Context59 Stuff City ADE Avg.

KMeans 65.8 37.1 39.4 84.8 41.6 27.8 39.5 21.5 44.7
HDBscan 65.4 37.1 39.3 83.5 42.1 28.1 39.9 21.5 44.6

Felzenszwalb-Huttenlocher 66.8 36.8 39.3 83.0 42.0 27.9 40.1 21.4 44.7
SLIC (ours) 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1
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Fig. 10: Qualitative analysis of the OCR attention map, showing that features can
be aggregated from all parts of each individual object.

4.3.1.2 Analysis on Intra-layer Context Modeling
Impact on the stride of windows. Table 10 presents the performance of our
method under various stride settings applied in the pyramid sliding window. We eval-
uate four stride variants: fixed strides of 1 and 2, and feature-resolution-dependent
strides S/2 and S, where S denotes the spatial resolution of the feature map. Results
show that a stride of 1 yields the best overall performance, achieving the highest
average mIoU of 45.1%, and outperforming all other settings across most datasets.
Specifically, it achieves the highest scores on Context, Object, and Stuff. Although S/2
achieves a slightly higher score on VOC, its performance declines on other datasets.
Impact on the how to aggregate context. Table 11 compares different fusion
strategies for aggregating intra-layer contextual information: average pooling (Avg),
max pooling (Max), and self-attention (Ours). Our method consistently outperforms
both baselines across all benchmarks, achieving the highest average mIoU of 45.1. In
contrast, average pooling yields a moderate mIoU of 35.4, while max pooling performs
poorly with only 21.1, demonstrating the effectiveness of our approach.

4.3.2 Analysis on OCR and OSR
Impact on clustering strategies. Table 12 compares different clustering algorithms
used in the OCR and OSR modules, including KMeans, HDBSCAN, Felzenszwalb-
Huttenlocher, and our applied method (SLIC). While all methods deliver comparable
overall performance, our method consistently achieves the best results on most
datasets. In particular, it obtains the highest average mIoU of 45.1, outperforming
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Table 13: Ablation studies on the mask merging.
Methods VOC Context Object VOC20 Context59 Stuff City ADE Avg.

w/o. merging 65.4 35.8 39.1 82.2 41.6 28.0 39.4 21.3 44.1
w. merging 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1

Table 14: Comparison on different α in OSR.
α VOC Context Object VOC20 Context59 Stuff City ADE Avg.

0.6 66.5 36.8 39.2 85.6 41.8 27.7 40.1 22.0 45.0
0.7 66.7 37.4 39.8 85.0 42.2 28.0 40.5 22.0 45.2
0.8 66.5 37.7 39.8 84.3 42.2 28.0 40.7 21.8 45.1
0.9 66.1 37.6 39.4 83.2 41.9 27.9 40.6 21.5 44.8

the baselines on Context, Context59, and ADE. Although Felzenszwalb-Huttenlocher
performs well on VOC, it falls short on Object and ADE.
Qualitative analysis on OCR. Fig. 10 compares the attention maps of Proxy-
CLIP [12] and ProxyCLIP + Ours, illustrating the impact of our proposed method
on context-aware attention. For each input image (top row), the red cross marks the
location where self-attention is centered. The second row presents attention maps
from ProxyCLIP, showing limited and fragmented object coherence, often confined to
a small neighborhood around the marked point. In contrast, the third row illustrates
results from ProxyCLIP + Ours, demonstrating more coherent and spatially expansive
attention that captures relevant object parts and surrounding context. This broader
and more consistent attention distribution confirms the effectiveness of our method
in promoting richer feature aggregation and improving semantic understanding.
Impact on the mask merging. Table 13 presents an ablation study evaluating the
effectiveness of the mask merging step. We compare model performance with and with-
out this component to isolate its contribution. The results show that integrating mask
merging consistently improves segmentation quality across all benchmarks. Specif-
ically, the average mIoU increases from 44.1% to 45.1%, with particularly notable
gains observed on VOC, Context, and VOC20 datasets. These improvements can be
attributed to mask merging to consolidate fragmented predictions into more coherent
object regions, thereby reducing over-segmentation.
Impact on different α in OSR. Table 14 summarizes model performance across
various datasets, VOC, Context, Object, VOC20, Context59, Stuff, City, and ADE,
under different values of α. The table also includes the average performance (Avg.).
The results show that the choice of α significantly impacts segmentation quality
across datasets. Specifically, α = 0.7 yields the highest average score, with consistent
improvements on VOC, Context, and Object compared to other values. For ADE, the
best result (22.0%) is observed at both α = 0.6 and α = 0.7. In contrast, increasing α
to 0.9 leads to a performance drop, resulting in the lowest average score and notice-
able degradation on datasets such as VOC20 and ADE. These findings highlight the
importance of proper hyperparameter tuning, with α = 0.7 offering effective setting.
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Fig. 11: Visualization comparison. The four rows show the input images, ground
truth, ProxyCLIP [12], and our predicted masks. Our method achieves superior
performance by enhancing contextual awareness and improving object coherence.

4.3.3 Prediction Visualization
We present qualitative results comparing segmentation performance across various
datasets, including VOC, Stuff, and Objectc. The results are shown in Fig. 11. Each
column corresponds to a distinct dataset and scenario, with selected examples chosen
to emphasize challenging cases. Compared to the baseline method, i.e., ProxyCLIP
[12], our approach consistently produces more accurate segmentation boundaries and
improved label consistency, particularly in complex scenes with overlapping objects,
as exemplified by images from the Stuff and Object datasets.

5 Conclusion
In this paper, we introduce a training-free framework for open-vocabulary seman-
tic segmentation that refines CLIP’s visual features from both contextual and
object-coherence perspectives. To enhance contextual awareness, we proposed Con-
text Pyramid Refinement (CPR), which captures intra- and inter-layer contexts
across multiple CLIP layers. To strengthen object-level coherence, we developed
Object Coherence Refinement (OCR) and Object Semantic Refinement (OSR), jointly
promoting consistent feature grouping and semantic consistency within individual
objects. Our plug-and-play design requires no training and can be seamlessly inte-
grated into existing segmentation frameworks including training-based and training-
free methods. Extensive experiments on eight benchmarks demonstrate consistent
mIoU improvements and a substantial reduction in fragmented predictions, demon-
strating the potential of leveraging CLIP’s features for dense prediction in training-free
open-vocabulary segmentation.
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Future Works: In future work, we will explore the underlying causes of computa-
tional overhead and seek more efficient designs. Our method is compatible with CLIP
variants that include a global CLS token, such as the original CLIP [7] and EVA-
CLIP [10], enabling effective alignment for open-vocabulary segmentation. However,
CLS-token-free models like SigLIP [86], which rely on attention pooling, show a sig-
nificant drop in performance. This issue also affects other training-free approaches,
suggesting a strong reliance on global representations. In future work, we aim to
extend our framework to CLS-token-free vision-language models for training-free
open-vocabulary segmentation.
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