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Abstract. Recent advances in large-scale vision–language models (VLMs)
have greatly advanced open-vocabulary semantic segmentation (OVSS),
enabling segmentation beyond predefined category constraints. However,
due to the image-level pre-training objectives of VLMs, existing training-
free OVSS methods often suffer from global contextual artifacts, degrad-
ing their ability to capture fine-grained and spatially localized semantics.
In this work, we propose a novel framework, termed CURE (Contextual
debiasing and Unbiased REfinement), to address these limitations by
mitigating both explicit and implicit global biases. Technically, CURE
employs a reject-and-reconstruction module to identify explicit outlier
tokens and reconstruct them using local neighborhood information. A
global contextual debiasing module is further introduced to suppress
residual implicit bias. Finally, a spatial correlation refinement module
is designed to enhance spatial coherence by leveraging mid-level simi-
larity patterns. Extensive experiments on five datasets demonstrate that
CURE consistently improves segmentation quality. When integrated into
six baseline methods, it yields average mIoU gains of 2.8% and 7.7% with
ViT-B/16 and ViT-L/14 backbones, respectively.

Keywords: Open-vocabulary semantic segmentation · Feature debias-
ing · Visual-language model

1 Introduction

Semantic segmentation [2,10,28,33,48] aims to partition images into meaningful
regions. Traditional methods, however, are constrained by predefined, fixed cate-
gory labels [14,63], limiting their flexibility. As novel visual concepts continuously
emerge, the demand for segmenting previously unseen categories grows [62,63].

Open-vocabulary semantic segmentation (OVSS) has recently emerged as a
promising paradigm that predicts pixel-level labels based on user-defined textual
⋆ Equal contribution.
† Corresponding author.
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Source Image Mid Layer Attention CLS Token Attention Outlier token map ClearCLIP CURE(Ours)

Fig. 1: Visualization of token attention patterns and segmentation outputs. The sec-
ond column shows the average attention map across all tokens from an intermediate
layer, revealing global context entanglement. The third column visualizes the final-
layer CLS token attention, which encodes aggregated global information. The fourth
column presents a norm-based heatmap highlighting outlier tokens that exhibit global
attention artifacts. The fifth and sixth columns compare the segmentation results of
ClearCLIP [22] with the refined outputs produced by our proposed method, CURE.

prompts, thus addressing limitations imposed by static category sets [11,26,51,
59]. Central to many OVSS methods are pre-trained vision-language models
(VLMs) [19, 34, 56], which exhibit strong capabilities in aligning visual content
with textual descriptions. This alignment enables effective handling of open-
vocabulary tasks. However, the reliance on image-level alignment in such models
often results in insufficient localization, limiting their performance in generating
accurate pixel-wise predictions [51]. To alleviate these challenges, training-based
approaches have been proposed for OVSS, which adopt VLMs through additional
supervision to improve their performance on segmentation tasks [17, 20, 50, 51,
57, 61]. While effective, they typically require retraining on curated datasets
and often rely on annotated examples from seen classes [8, 35, 49], constraining
the scalability and generalization to novel concepts [11, 62]. In contrast, recent
advances in training-free OVSS have leveraged pre-trained VLMs to improve
segmentation without additional learning [9,22,23,29], enhancing semantic asso-
ciations within the image encoder to produce more accurate segmentation maps
that generalize to unseen classes and adapt to dynamic scenarios.

Despite recent advances, existing methods remain limited by global artifacts
induced by image-level pretraining. As shown in Figure 1, mid-level attention
maps reveal that certain tokens inherently replicate the global attention pat-
tern of the CLS token. This homogenization diminishes spatial discrimination
and results in cluttered segmentation outputs. Such observations are consistent
with prior analyses [5,13], which have motivated modifications at the pretraining
stage to alleviate global token dominance. Complementary to these efforts, we
ask: how can one directly suppress global contextual bias and recover spatially lo-
calized semantics without altering the pretrained model or introducing additional
training?

To this end, we propose CURE (Contextual debiasing and Unbiased RE-
finement), a novel training-free approach designed to counteract global contex-
tual bias and enhance local feature saliency. Technically, CURE first employs a
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Reject-and-Reconstruct module to eliminate outlier tokens that carry artifact-
prone global patterns. It then applies a Global Contextual Debiasing mechanism
to further suppress the influence of dominant global features embedded by pre-
training. Finally, CURE leverages a Spatial Correlation Refinement module to re-
fine the final-layer features by incorporating mid-level spatial correlations, which
serve to recover fine-grained semantic structures often lost in biased represen-
tations. We extensively evaluate CURE on five benchmark datasets. Empirical
results show that our method achieves new state-of-the-art performance.

Our contributions can be summarized as follows:

– We conduct a targeted analysis of token-level attention patterns in pretrained
vision-language models and characterize how globally entangled tokens un-
dermine spatial discrimination in training-free OVSS.

– We propose CURE, a novel training-free framework that mitigates global
contextual bias and enhances the saliency of local features through a three-
stage architecture. CURE is flexible and can be seamlessly incorporated into
existing methods to further boost performance.

– We conduct comprehensive experiments across five benchmark datasets, demon-
strating the effectiveness of our approach. Remarkably, CURE achieves an
average mIoU of 39.6% with ViT-L/14, outperforming ClearCLIP by 4.3%.
When integrated into baseline methods, it yields average mIoU gains of 2.8%
and 7.7% with ViT-B/16 and ViT-L/14 backbones, respectively.

2 Related work

2.1 Vision-Language Models

Vision-Language Models (VLM) [1, 19, 24, 34, 52, 55] aim to bridge the gap be-
tween visual content and natural language by learning joint representations that
align images with corresponding textual descriptions. Among these, CLIP [34]
has become particularly influential. It is trained on 400 million image-text pairs
using a contrastive learning objective and adopts a dual-encoder architecture
with separate image and text encoders, projecting both modalities into a shared
embedding space. This design enables strong zero-shot generalization across
tasks such as image classification [27, 60], retrieval [30], and captioning [31, 38].
Despite these strengths, CLIP and similar models face challenges in dense pre-
diction tasks such as semantic segmentation. Their image encoders are primarily
optimized to capture global representations, typically through the use of a clas-
sification token (CLS) that aggregates high-level semantic information. While ef-
fective for image-level tasks, this global representation strategy often suppresses
fine-grained, localized features that are essential for pixel-wise prediction. In this
work, we seek to retain VLM’s versatility while mitigating its global contextual
bias, thereby enhancing the utility for dense segmentation.
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2.2 Open-Vocabulary Semantic Segmentation

Open-vocabulary semantic segmentation (OVSS) leverages pre-trained VLMs
to segment arbitrary categories without task-specific annotations. Existing ap-
proaches can be grouped into training-based and training-free paradigms. Training-
based methods typically employ a two-stage pipeline [26, 37, 51, 54], where a
class-agnostic mask proposal network first generates candidate regions, followed
by region-level classification via a pre-trained VLM [43]. Although these meth-
ods perform well, they are often computationally demanding and limited in
their ability to model context. One-stage methods [11, 14, 47, 50] integrate seg-
mentation and classification into a unified architecture, significantly improving
efficiency. However, they still rely on annotated training data, limiting their
generalization to unseen categories. In contrast, training-free OVSS methods di-
rectly exploit VLMs without task-specific fine-tuning, leveraging its ViT-based
encoder to align image patch tokens with textual features. Nevertheless, recent
work has shown that the final-layer representations of CLIP tend to capture
excessive global context, which diminishes the granularity of local semantic in-
formation [16]. To mitigate this, several methods propose correlation calibration
techniques. SCLIP [41] introduces a correlative self-attention module that aver-
ages query-to-query and key-to-key attention to enhance region-level correlation.
ClearCLIP [22] modifies the final transformer block by removing residual connec-
tions and feedforward networks, an approach that has served as a foundational
strategy for many subsequent methods. More recent studies [3, 21] further ex-
amine the impact of a globally biased context on segmentation performance.
While sharing similar motivation, CURE adopts a distinct formulation. Instead
of attention-level adjustments, we model the final representation as an entan-
gled mixture of local semantics and global bias. By post-hoc decomposing this
bias into explicit outliers and implicit context shifts, CURE effectively removes
residual artifacts.

3 Method

3.1 Preliminary

The visual encoder in vision-language models (e.g., CLIP) typically adopts the
Vision Transformer (ViT) architecture and consists of L Transformer blocks.
The input image is first divided into non-overlapping patches, each projected
into a patch token xi ∈ Rd, where d is the feature dimension. These tokens,
together with a special classification (CLS) token xcls, constitute the input to-
ken sequence X = [xcls, Xdense] = [xcls, x1, . . . , xN ] ∈ R(N+1)×d. This sequence
is then passed through a stack of residual attention blocks, allowing for the ex-
change of spatial and semantic information across tokens. The computation in
the l-th Transformer block can be formally expressed as:

X l
sum = X l−1 + SA

(
LN(X l−1)

)
, (1)

X l = X l
sum + FFN

(
LN(X l

sum)
)
, (2)



CURE: Contextual Debiasing and Unbiased Refinement for OVSS 5

where LN denotes layer normalization, SA represents the self-attention layer, and
FFN is the feed-forward network.

In the training-free OVSS setting, a straightforward baseline is to perform
dense patch-level classification using the final-layer visual tokens. We lever-
age VLM’s aligned vision-language embedding space, where class embeddings
Xtext ∈ RC×d are generated from prompt-enhanced textual labels, with C de-
noting the number of classes. The segmentation map M ∈ RN×1 is then produced
by assigning each patch token to the class with the highest cosine similarity:

M = argmax
C

(
cos(XL

dense, Xtext)
)
, (3)

where XL
dense represents the patch tokens from the final layer and cos(·, ·) denotes

cosine similarity.

3.2 Motivation

While VLMs achieve strong results in zero-shot classification [34], their visual
encoders are less effective for dense prediction tasks such as semantic segmenta-
tion. This limitation arises from their pre-training objective, which emphasizes
image-level representations via the CLS token. As a result, patch tokens in the
final layers tend to capture excessive global context, compromising their ability
to represent localized details [16]. Prior efforts [22,23] address this by modifying
final-layer attention but fall short of fully resolving the issue.

To understand this phenomenon, we inspect attention maps and token statis-
tics across layers. As shown in Figure 1, certain patch tokens exhibit attention
patterns closely resembling that of the CLS token, suggesting residual global bias.
In addition, these tokens also exhibit disproportionately high embedding norms,
in line with prior observations [13, 46]. Quantitative analysis on ADE20K [58]
and COCO-Stuff [7] in Figure 2 reveals that such tokens are common and tend
to correspond to lower classification accuracy, indicating that global dominance
is detrimental to segmentation quality.

These findings motivate our approach: how can global contextual bias be sup-
pressed and spatially localized semantics recovered, without modifying the pre-
trained model or requiring additional training?

3.3 Reject and Reconstruct

The preceding analysis highlights that globally biased tokens are a non-negligible
factor limiting segmentation performance. While prior approaches, such as cor-
relative self-attention (CSA) [22,41], attempt to correct attention patterns, they
often retain these high-norm outlier tokens, i.e., local tokens continue to receive
disproportionate attention and degrade spatial information.

To explicitly suppress this global bias, we first propose a simple yet effec-
tive module termed Reject and Reconstruct (RR). Unlike CSA-based mecha-
nisms, RR directly removes globally biased tokens and restores local consistency
through a two-stage process. In the Reject stage, tokens with embedding norms
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Fig. 2: Token-level analysis on COCO-Stuff [7] and ADE20K [58]. (a) Norm distribu-
tion of patch tokens on COCO-Stuff; (b) Norm distribution on ADE20K (tokens with
a norm > 40 constitute 3.5% and 3.6% on COCO-Stuff and ADE20K, respectively);
(c) Token-level classification accuracy as a function of token norm on ADE20K. In all
cases, patch tokens are extracted from the penultimate block of the CLIP ViT-B/16.

above a predefined threshold are discarded. These high-norm tokens consistently
exhibit global attention patterns and are treated as biased. In the Reconstruct
stage, each rejected token is replaced by the mean of its spatial neighbors, lever-
aging the local continuity assumption in visual semantics to preserve structural
coherence. Neighboring tokens are defined based on Chebyshev distances (with
a threshold of 2). The reconstructed token at position p = (i, j) is computed as:

xrec
p =

1

|V(p)|
∑

q∈V(p)

xq, (4)

where V(p) denotes the set of positions of valid neighboring tokens determined
by the Chebyshev distance criterion.

3.4 Global Contextual Debiasing

While the RR module suppresses explicitly biased tokens, it does not eliminate
more subtle global artifacts that remain embedded in the representations of
non-outlier tokens. These residual effects arise from the image-level contrastive
pretraining objective of VLMs, which encourages patch tokens to encode shared
global context. To further reduce this influence, we introduce a complementary
module termed Global Contextual Debiasing (GCD).

GCD is built on the assumption that each patch token feature xi can be
decomposed into two components: a localized semantic part xsem

i and a resid-
ual global artifact xbias

i induced by the CLS token and global attention inter-
actions. Explicitly separating these components is challenging due to the di-
versity of patch semantics across spatial locations. Drawing on principles from
high-dimensional statistics [40], we assume that localized semantic features are
approximately orthogonal because they correspond to statistically independent
regions. In contrast, residual global artifacts are shared across tokens and there-
fore tend to align along a common direction in feature space. Based on this
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Fig. 3: Overview of the proposed CURE framework for addressing global contextual
bias in VLMs. Visual patch tokens from the penultimate Transformer layer are first pro-
cessed by the Reject and Reconstruct (RR) module, which discards high-norm outlier
tokens exhibiting global attention artifacts and reconstructs them using neighboring
tokens to preserve spatial semantics. The Global Contextual Debiasing (GCD) mod-
ule then removes residual implicit bias from the remaining tokens by estimating and
subtracting a global artifact component, obtained by averaging non-outlier embed-
dings. To further enhance spatial coherence, the Spatial Correlation Refinement (SCR)
module computes an affinity matrix using intermediate-layer feature and value embed-
dings. This matrix captures spatial and semantic relationships and is used to refine the
final-layer features. The resulting features are aligned with text embeddings via cosine
similarity to produce the final segmentation map.

observation, we approximate the global bias vector by averaging the non-outlier
patch features within an image. Specifically, we compute:

xi = xsem
i + xbias

i , x̂bias
i,RR ≃ 1

n

n∑
i=1

x̃i,RR,

xi,GCD = xi,RR − α · x̂bias
i,RR,

(5)

where x̃i,RR denotes the non-outlier token identified by the RR module, and
xi,GCD represents the patch tokens after our GCD processing. α is a hyperpa-
rameter controlling the strength of the debiasing.

By estimating and subtracting the shared component, GCD reduces residual
global influence while preserving localized and discriminative information. To-
gether with RR, this two-stage framework addresses both explicit and implicit
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sources of global contextual bias, yielding more robust patch representations
for dense prediction tasks. Notably, a concurrent study [39] shows that modern
vision models such as CLIP, SigLIP, and DINO exhibit partially linear factoriza-
tion with low-rank, near-orthogonal per-concept components, which is consistent
with our modeling assumption and provides empirical support for the proposed
decomposition.

3.5 Spatial Correlation Refinement

As illustrated in Figure 1, outlier tokens emerge as early as the intermediate lay-
ers of VLM’s visual encoder. Therefore, refining only the final-layer features is in-
sufficient to fully mitigate the effects of global contextual bias. These early-stage
outliers can distort spatial relationships among semantically related patches, ad-
versely affecting segmentation quality. However, directly applying RR or GCD
to intermediate layers risks disrupting VLM’s embedding space, potentially im-
pairing the zero-shot generalization.

To address this, we propose Spatial Correlation Refinement (SCR), which
improves spatial coherence while preserving the pre-trained embedding structure.
Rather than modifying intermediate features, SCR extracts spatial correlation
patterns from a mid-level Transformer layer to guide the refinement of final-
layer representations. Similar to prior work on spatial consistency and semantic
disentanglement [25, 41], we compute two types of similarity: feature similarity,
which encourages alignment among similar spatial regions, and value similarity,
which helps separate distinct semantic areas. Formally, the operation is defined:

ASCR = Xm · (Xm)T + V m · (V m)T ,

XSCR = ASCR ·XGCD,
(6)

where Xm and V m denote the patch features and value embeddings from the
m-th intermediate Transformer layer. The affinity matrix ASCR ∈ RN×N en-
codes both spatial and semantic relationships across tokens. By combining these
signals, SCR enhances intra-class consistency and inter-class discrimination, im-
proving the quality and robustness of segmentation outputs.

4 Experiments

4.1 Experimental Settings

Datasets. We empirically evaluate the performance of CURE on five seman-
tic segmentation benchmark datasets: COCO-Stuff(C-Stf) [7], PASCAL Con-
text (PC59) [32], PASCAL VOC 2012 (VOC20) [15], Cityscapes [12], and
ADE20K [58]. Further details regarding dataset statistics, data splits, and eval-
uation metrics are provided in the supplementary material.
Implementation Details. In line with previous work, we adopt CLIP [34] as
the vision-language model and evaluate both the ViT-B/16 and ViT-L/14 archi-
tectures. During inference, input images are resized such that the shorter side is
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448 pixels, and a sliding window of size 448×448 with a stride of 224 is applied,
following the configuration in [22]. For Cityscapes dataset [12], a larger resize
scale of 560 pixels is used to better preserve fine-grained details in high-resolution
urban scenes. In this case, a smaller window size of 224 × 224 with a stride of
112 is employed, following standard practice. No post-processing is applied. The
outlier threshold in the RR module is set to 40. For the GCD module, the de-
biasing strength parameter α is fixed at 0.25 for the ViT-B/16 backbone and
0.4 for the ViT-L/14 variant. Further detailed analyses are provided in the sup-
plementary material. In the SCR module, mid-level features are extracted from
the third Transformer block for ViT-B/16 and the sixth block for ViT-L/14, to
account for differences in backbone depth. All experiments are conducted on a
single NVIDIA RTX 3090 GPU. Our pipeline is built on ClearCLIP [22], with
CURE integrated into the inference process. For clarity, we omit the ClearCLIP
prefix in the remainder of the text.

4.2 Experimental Results

We follow standard evaluation protocols and compare against both training-
based methods (GroupViT [49], ReCLIP [42], TCL [8]) and training-free ap-
proaches (MaskCLIP [59], SCLIP [41], ClearCLIP [22], ResCLIP [53], LPOSS [36],
SFP [21], SCCLIP [3] and FLOSS [4]). For fairness, all training-free baselines
are reproduced and evaluated under identical settings. We also include vanilla
CLIP to establish a baseline for zero-shot segmentation.

As shown in Table 1, the vanilla CLIP model with a ViT-B/16 backbone
yields an average mIoU of 12.8%, indicating limited spatial precision. Training-
free variants such as SCLIP [41] and ClearCLIP [22] improve upon this baseline
by introducing correlative self-attention mechanisms, achieving mIoUs of 35.8%
and 37.9%, respectively. However, these methods primarily focus on refining
attention and do not explicitly address the residual global contextual bias in-
volved in CLIP’s image representations. In contrast, our proposed CURE frame-
work incorporates a comprehensive three-stage strategy to suppress both explicit
and implicit global artifacts. This leads to improved segmentation quality, with
CURE achieving an average mIoU gain of 4.3% over SCLIP [41] and 2.2% over
ClearCLIP [22].

A counter-intuitive observation is that OVSS performance using the ViT-
L/14 backbone is generally lower than with ViT-B/16, despite its higher model
capacity. This phenomenon is likely due to the fact that ViT-L/14’s increased
capacity leads to stronger encoding of global contextual bias. Since most exist-
ing methods rely on attention recalibration alone, they often fail to correct these
highly biased representations. Consequently, the performance gap between ViT-
L/14 and ViT-B/16 persists across prior methods. In contrast, CURE effectively
suppresses the underlying bias and reduces this gap. On SCLIP and NACLIP,
ViT-L/14 initially underperforms compared to ViT-B/16, but surpasses it after
applying CURE. In particular, CURE boosts SCLIP on ViT-L/14 with an aver-
age mIoU gain of 15.7%, demonstrating CURE’s ability to bridge backbone-level
discrepancies driven by global bias.
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Table 1: Quantitative comparison of open-vocabulary semantic segmentation per-
formance (mIoU, %) across five datasets, evaluating our CURE against baseline
approaches. Both ViT-B/16 and ViT-L/14 backbones are used to assess method
robustness under varying model capacities. TF denotes training-free. Results for
training-based baselines are cited from ReCLIP [42]. CURE consistently boosts ex-
isting training-free methods, including MaskCLIP [59], SCLIP [41], ClearCLIP [22],
ResCLIP [53], and FLOSS [4], by effectively addressing both explicit and implicit global
bias. CURE reduces the performance gap between ViT-B/16 and ViT-L/14, enabling
ViT-L/14 to surpass ViT-B/16 in several cases, which prior methods often fail. “CLIP
(Vanilla) w/ CURE" refers to applying our method to the original CLIP architecture,
without modifying the final transformer block as other methods do.

Methods Venue TF Arch. VOC20 PC59 ADE20K Citysc. C-Stf Avg.

GroupViT [49] CVPR-22 × ViT-B/16 79.7 23.4 9.2 11.1 15.3 27.7
TCL [8] CVPR-23 × ViT-B/16 77.5 30.3 14.9 23.1 19.6 33.1
ReCLIP [42] CVPR-24 × ViT-B/16 75.8 33.8 14.3 19.9 20.3 32.8
CLIP-DINOiser [45] ECCV-24 × ViT-B/16 80.8 36.0 20.1 31.1 24.6 39.2
CLIP-DINOiser w/ CURE 83.8 38.6 21.5 34.2 26.4 41.5

CLIP [34] ICML-21 ✓ ViT-B/16 41.7 9.1 2.2 6.6 4.4 12.8
CLIP (Vanilla) w/ CURE 77.1 23.7 10.0 21.7 15.8 29.7
GEM [6] CVPR-24 ✓ ViT-B/16 79.8 35.8 15.5 33.4 23.7 37.6
MaskCLIP [59] ECCV-22 ✓ ViT-B/16 60.2 26.1 12.2 25.7 16.4 28.1
MaskCLIP w/ CURE 64.3 32.5 15.9 33.9 21.2 33.6
SCLIP [41] ECCV-24 ✓ ViT-B/16 78.1 33.0 14.6 32.3 21.1 35.8
SCLIP w/ CURE 79.2 38.2 18.6 37.0 25.5 39.7
NACLIP [18] WACV-25 ✓ ViT-B/16 75.4 35.5 17.4 35.5 23.2 37.4
NACLIP w/ CURE 76.9 37.9 18.7 38.0 24.9 39.3
ResCLIP [53] CVPR-25 ✓ ViT-B/16 85.3 36.9 17.6 35.9 24.6 40.1
ResCLIP w/ CURE 86.4 38.9 18.8 37.9 25.9 41.6
FLOSS [4] ICCV-25 ✓ ViT-B/16 80.1 35.9 18.4 37.0 23.6 39.0
FLOSS w/ CURE 82.6 37.7 19.6 39.6 25.1 40.9
LPOSS [36] CVPR-25 ✓ ViT-B/16 78.8 37.8 21.8 37.3 25.9 40.3
LPOSS w/ CURE 82.5 39.9 22.7 38.0 27.7 42.2
SFP [21] ICCV-25 ✓ ViT-B/16 81.7 38.9 20.1 38.0 25.8 40.9
SFP w/ CURE 82.6 39.9 20.7 39.6 26.4 41.8
SCCLIP [3] TIP-25 ✓ ViT-B/16 84.3 40.1 20.1 41.0 26.6 42.4
SCCLIP w/ CURE 84.7 40.3 20.4 42.3 26.6 42.9
ClearCLIP [22] ECCV-24 ✓ ViT-B/16 80.9 35.9 16.7 32.0 23.9 37.9
CURE ✓ ViT-B/16 82.1 38.7 18.4 35.7 25.8 40.1

CLIP [34] ICML-21 ✓ ViT-L/14 15.7 4.5 1.3 3.2 2.4 5.4
MaskCLIP [59] ECCV-22 ✓ ViT-L/14 30.1 12.6 7.0 12.0 8.9 14.1
MaskCLIP w/ CURE 57.2 29.3 17.2 26.3 19.5 29.9
SCLIP [41] ECCV-24 ✓ ViT-L/14 60.3 20.5 7.0 21.1 13.1 24.4
SCLIP w/ CURE 82.6 36.6 19.3 37.9 24.3 40.1
NACLIP [18] WACV-25 ✓ ViT-L/14 76.8 31.6 16.8 31.4 20.8 35.5
NACLIP w/ CURE 78.8 36.5 19.9 37.2 24.4 39.4
ResCLIP [53] CVPR-25 ✓ ViT-L/14 86.6 32.9 16.8 33.7 22.3 38.5
ResCLIP w/ CURE 87.4 36.1 18.7 38.6 24.6 41.1
FLOSS [4] ICCV-25 ✓ ViT-L/14 77.6 32.8 17.5 31.3 21.4 36.1
FLOSS w/ CURE 81.9 36.4 19.9 37.7 24.0 40.0
SCCLIP [3] TIP-25 ✓ ViT-L/14 88.3 40.5 21.5 41.1 26.9 43.7
SCCLIP w/ CURE 88.5 41.2 22.0 42.4 27.1 44.2
ClearCLIP [22] ECCV-24 ✓ ViT-L/14 80.0 29.6 15.0 31.8 19.9 35.3
CURE ✓ ViT-L/14 83.3 35.7 18.7 36.9 23.6 39.6
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Table 2: Ablation study of CURE using ViT-B/16, demonstrating the individual
contributions of the RR, GCD, and SCR modules, as well as their cumulative effect.

RR GCD SCR ADE20K PC59 Citysc. Avg.

- - - 16.7 35.9 32.0 28.2

✓ - - 17.0 36.5 33.1 28.9
- ✓ - 17.3 36.3 33.8 29.1
- - ✓ 17.3 37.3 33.7 29.4
✓ ✓ - 17.5 36.9 34.2 29.5
✓ - ✓ 17.5 37.6 34.0 29.7
- ✓ ✓ 18.2 38.4 35.2 30.6

✓ ✓ ✓ 18.4 38.7 35.7 30.9

4.3 Experimental Analysis

Ablation Study. To assess the individual contributions of each component in
the proposed CURE framework, we perform a detailed ablation study using the
ViT-B/16 backbone on three benchmark datasets: ADE20K, PASCAL Context,
and Cityscapes. As shown in Table 2, each module of CURE provides a mea-
surable improvement in segmentation performance. The results also highlight
the complementary nature of these components: combining all three yields the
highest mIoU across datasets, confirming the effectiveness.
Hyperparameter Analysis. CURE introduces three key hyperparameters: the
outlier threshold in the RR module, the debiasing strength α in the GCD mod-
ule, and the choice of the mid-level Transformer layer in the SCR module. To
assess their effect on segmentation performance, we conduct experiments varying
each parameter independently. The results are shown in Figure 4. For both the
RR and GCD modules, performance remains stable across a range of threshold
and α values, reflecting the robustness of the two-stage bias reduction mecha-
nism. In contrast, the choice of SCR layer has a more substantial impact. Layers
earlier than the third tend to yield suboptimal results due to insufficient se-
mantic abstraction, while deeper layers may introduce accumulated global bias.
Nevertheless, when appropriate mid-level layers are selected, the performance is
stable, confirming the effectiveness of SCR.
Versatility across Different VLMs. In addition to CLIP, we evaluate the
generalizability of CURE across other vision-language models. As shown in Ta-
ble 4, CURE consistently improves the performance of the ClearCLIP baseline,
regardless of the underlying pretraining strategy—BLIP, MetaCLIP, or Open-
CLIP. Notably, it yields an average mIoU gain of +2.4% for both MetaCLIP and
OpenCLIP, demonstrating its effectiveness as a general-purpose enhancement for
diverse VLM backbones.
Effect in Addressing Explicit Global Bias Information. As illustrated
in Figure 2, visual patch tokens tend to exhibit a negative correlation between
embedding norm and token-level classification accuracy. Consistent with prior
findings, high-norm tokens are often biased and correspond to outliers influenced
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Fig. 4: Hyperparameter analysis of CURE. We assess the impact of the outlier thresh-
old in the RR module, the debiasing strength α in the GCD module, and the selected
Transformer layer in the SCR module. The results show that CURE remains robust
across a broad range of values. However, selecting SCR layers that are too shallow
or too deep can reduce performance due to limited semantic abstraction or increased
global bias, respectively.
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Fig. 5: Token-level classification accuracy comparison between ClearCLIP and CURE.
High-norm tokens, often associated with global contextual bias, remain insufficiently
corrected by prior attention calibration methods. CURE effectively mitigates this bias
and enhances the local discriminative capacity of patch tokens.

by global image-level representations. To further evaluate the effectiveness of
CURE in mitigating this bias, we analyze token-level classification accuracy on
the ADE20K and PASCAL Context datasets, extending beyond standard mIoU
metrics. As shown in Figure 5, CURE greatly improves the accuracy of outlier
tokens, offering empirical evidence of its ability to restore locally discriminative
features. More results are included in the appendix.
Mitigating Bias in Background Regions. A persistent challenge in training-
free OVSS is the model’s bias toward frequent foreground objects, often resulting
in poor recognition of globally dominant background regions. This imbalance de-
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Table 3: Evaluation (mIoU, %) on se-
mantic segmentation tasks including the
background class.

Table 4: Evaluation (mIoU, %) on se-
mantic segmentation tasks with different
VLM backbones.

Method Backbone VOC21 PC60 Object Avg.

ClearCLIP ViT-B/16 51.8 32.6 33.0 39.1
+CURE ViT-B/16 56.1 35.2 36.1 42.5

ResCLIP ViT-B/16 61.6 33.0 35.2 43.3
+CURE ViT-B/16 65.1 34.9 36.4 45.5

ClearCLIP ViT-L/14 46.1 26.7 30.1 34.3
+CURE ViT-L/14 52.6 31.0 34.8 39.5

ResCLIP ViT-L/14 54.4 29.2 31.9 38.5
+CURE ViT-L/14 59.7 32.2 33.7 41.9

Pre-training ADE20K COCO PC59 Avg.

BLIP + ClearCLIP 13.1 21.2 31.0 21.8
BLIP + CURE 13.9 22.6 34.2 23.6

MetaCLIP + ClearCLIP 17.4 23.5 34.8 25.2
MetaCLIP + CURE 18.9 25.9 38.0 27.6

OpenCLIP + ClearCLIP 18.9 23.1 34.1 25.4
OpenCLIP + CURE 20.7 25.4 37.3 27.8

Table 5: Evaluation (mIoU, %) on long-
tail categories.

Table 6: Effectiveness of GCD vs. direct
[CLS] token subtraction.

Method City City (tail) ADE ADE(tail) Avg.

ClearCLIP 32.0 26.4 16.7 14.6 22.4
+CURE 35.7 27.1 18.4 16.0 24.3

SCLIP 32.3 25.3 14.6 12.9 21.3
+CURE 37.0 27.2 18.6 16.1 24.7

Method ADE20K PC59 Citysc. Avg.

CURE (w/o GCD) 17.5 37.6 34.0 29.7
Direct [CLS] Sub. 17.9 36.9 34.7 29.8
CURE (Full) 18.4 38.7 35.7 30.9

grades segmentation performance in scenes rich in contextual content. As shown
in Table 3, CURE consistently enhances performance on benchmarks that ex-
plicitly include a background class, surpassing all baselines. These improvements
demonstrate CURE’s effectiveness in suppressing global contextual bias and in-
creasing segmentation accuracy in background-dominated areas.
Robustness to Long-tail Categories. Long-tail categories typically occupy
small spatial regions and exhibit high intra-class variation, making them difficult
to segment without strong localized representations. This challenge is further am-
plified in training-free OVSS, as these data are rarely represented in the VLM’s
pretraining data. Following the class split from [44] for Cityscapes, and identi-
fying the 130 ADE20K classes with less than 1% pixel proportion as long-tail,
we evaluate CURE’s performance on these difficult cases. As shown in Table 5,
CURE consistently upgrades prior methods, with an average of 1.9% and 3.4%
mIoU improvement to ClearCLIP and SCLIP, highlighting its effectiveness in
recovering fine-grained, discriminative features for long-tail classes.
GCD vs. vanilla [CLS] Subtraction. A straightforward alternative to GCD is
to subtract the CLS token. However, as illustrated in Table 6, this vanilla strat-
egy leads to unstable results, e.g., a 0.7% mIoU drop on PC59. The reason lies
in the role of the CLS token during pretraining. It is optimized for image-level
contrastive alignment and therefore encodes dominant, task-relevant semantics
of the entire image rather than a uniform global shift shared across spatial loca-
tions. Consequently, it is an unreliable proxy for the residual artifacts embedded
in patch tokens, and subtracting it may remove useful semantic information. In
contrast, GCD estimates the shared bias by averaging non-outlier patch features,
forming an empirical centroid. Since this estimate is derived directly from spa-
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Table 7: Efficiency analysis of CURE and its subcomponents. Computational cost
(GFLOPs) and inference speed (IPS: Images Per Second) are measured using a ViT-
B/16 encoder with 224×224 input resolution on a single NVIDIA RTX 3090 GPU.

Metric ClearCLIP +RR +GCD +SCR CURE

FLOPs (G) ↓ 34.9 34.9 34.9 35.0 35.0
Speed (IPS)↑ 35.3 32.7 33.8 34.8 32.3

tial tokens, it better reflects the common contextual component across patches,
leading to more stable and consistent improvements across benchmarks.
Efficiency Analysis. The computational overhead introduced by CURE is min-
imal, as all its components (RR, GCD, and SCR) operate exclusively on the final-
layer features of the ViT encoder. GCD involves a lightweight global averaging
step, RR performs reconstruction via a single parallel convolution, and SCR adds
an efficient affinity-based aggregation. We evaluate the computational cost on a
single NVIDIA RTX 3090 GPU using input images of resolution 224×224. As
shown in Table 7, the complete CURE framework incurs negligible additional
overhead, demonstrating its suitability for efficient training-free deployment.
Visualization. In Figure 6, we present qualitative comparisons between CURE
and several baseline methods. CURE produces segmentation maps that are
generally cleaner and more spatially consistent. Object boundaries are better
preserved, and large homogeneous regions contain fewer spurious activations.
In contrast, baseline methods often exhibit fragmented predictions or exces-
sive background responses, which are consistent with insufficient suppression of
global contextual bias. At the same time, these visual results also reveal certain
limitations. In scenes where foreground objects occupy a large portion of the
image or share similar appearance with the background, CURE may still pro-
duce partial under-segmentation or slight boundary smoothing. This behavior
is related to the global subtraction mechanism in GCD, which could attenuate
features that are strongly correlated across the image. In addition, although RR
reduces extreme activations, small and fine-grained structures may remain chal-
lenging when their representations are weak relative to dominant regions. These
observations indicate that, while CURE improves robustness to contextual bias,
handling highly dominant foregrounds and subtle local details remains an open
direction for further refinement.

5 Conclusion

In this work, we study open-vocabulary semantic segmentation using pre-trained
vision–language models. Unlike prior approaches that mainly rely on attention
map calibration to reduce biased signals, we explicitly target global contextual
bias and aim to recover spatially localized semantics. To this end, we propose
CURE (Contextual Debiasing and Unbiased Refinement), a framework that ad-
dresses both explicit and implicit forms of global bias. CURE consists of three
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Fig. 6: Qualitative comparison of segmentation results across different methods.

components: outlier token rejection and reconstruction, global contextual debi-
asing, and spatial correlation refinement. Extensive experiments on five bench-
marks demonstrate that CURE consistently improves segmentation accuracy
and robustness over existing training-free methods. On average, it achieves mIoU
gains of 2.8% and 7.7% with ViT-B/16 and ViT-L/14 backbones, respectively.
Notably, CURE narrows the performance gap between the two backbones and
enables ViT-L/14 to surpass ViT-B/16 in several settings. Since prior methods
often fail to unlock the potential of larger backbones due to stronger global bias,
this result highlights the effectiveness of CURE in suppressing contextual bias
and restoring locally discriminative representations.
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