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Abstract

Dense visual prediction tasks have been constrained by
their reliance on predefined categories, limiting their appli-
cability in real-world scenarios where visual concepts are
unbounded. While Vision-Language Models (VLMs) like
CLIP have shown promise in open-vocabulary tasks, their
direct application to dense prediction often leads to subop-
timal performance due to limitations in local feature rep-
resentation. In this work, we present our observation that
CLIP’s image tokens struggle to effectively aggregate infor-
mation from spatially or semantically related regions, re-
sulting in features that lack local discriminability and spa-
tial consistency. To address this issue, we propose DeCLIP,
a novel framework that enhances CLIP by decoupling the
self-attention module to obtain “content” and “context”
features respectively. The “content” features are aligned
with image crop representations to improve local discrim-
inability, while “context” features learn to retain the spatial
correlations under the guidance of vision foundation mod-
els, such as DINO. Extensive experiments demonstrate that
DeCLIP significantly outperforms existing methods across
multiple open-vocabulary dense prediction tasks, including
object detection and semantic segmentation. Code is avail-
able at https://github.com/xiaomoguhz/DeCLIP.

1. Introduction

In the era of deep learning, dense prediction tasks like ob-
ject detection [30, 38] and image segmentation [8, 39] have
rapidly advanced and are widely used. However, traditional
methods [4, 26, 66] recognize only a fixed set of predefined
categories. This restriction hinders the practical application
of these methods in real-world settings, where the range of
visual concepts is virtually boundless. Consequently, in-
creasing attention has been drawn to open-vocabulary meth-
ods [10, 47, 50, 61], which aim to detect and segment ob-
jects from any category using textual descriptions.

*Corresponding authors

Figure 1. DeCLIP outperforms previous state-of-the-art models on
a broad range of open-vocabulary dense prediction benchmarks.

Building on the success of Vision-Language Models
(VLMs) [9, 27, 36, 43] pre-trained on image-text pairs,
such as CLIP [36], researchers have started leveraging
these models for open-vocabulary dense prediction tasks.
Among these [5, 46–49, 62], transfer-learning approaches
[7, 17, 23, 46, 48, 58] have shown outstanding performance.
These methods utilize the image encoder of VLM as a fea-
ture extractor and exclusively train lightweight task-specific
components. Whereas using VLMs as feature extractors
offers significant advantages due to their comprehensive
pre-training, directly applying these image-level models to
dense prediction often leads to domain shift issues [48, 50].

What hinders CLIP in dense perception? To assess
VLM’s constraints in dense perception, we analyze CLIP’s
attention maps across various layers (Figure 3(a)). Our
experiments reveal that CLIP’s [CLS] token may interfere
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Figure 2. Quantitative and qualitative comparisons between our method and CLIP. (a) Performance comparisons of open-vocabulary
dense predictions on COCO [29]. (b) Attention map comparisons, with the anchor image token marked in red.

with the correlations among other image tokens, leading to
suboptimal performance in dense prediction tasks.

Specifically, we have observed that in deeper layers (be-
hind the 9th layer), the [CLS] token shifts focus away from
primary objects within the image and attends highly to cer-
tain background tokens, as highlighted by the bright spots in
the first row of Figure 3(a). Moreover, image tokens (rows 2
and 3, Figure 3(a)) exhibit similar behavior with the [CLS]
token, showing high attention to certain background tokens
regardless of their positions.

This observation sheds light on why CLIP struggles in
dense prediction tasks: its image tokens fail to aggregate
information from spatially or semantically related regions,
resulting in dense features that lack local discriminability
and spatial consistency. As shown in Figure 2(a), directly
using CLIP features on the COCO dataset yields relatively
inferior performance in open-vocabulary region classifica-
tion and semantic segmentation. To tackle this, an intuitive
approach is to enhance CLIP’s local representations through
fine-tuning. However, balancing the optimizations of both
local feature spatial correlations and vision-language se-
mantic alignment within a unified architecture becomes a
new challenge. Therefore, is it feasible to disentangle
CLIP’s features and apply separate guiding constraints to
obtain diverse features within a unified architecture?

Our solution. To address these challenges, we propose
DeCLIP, a general unsupervised fine-tuning method aimed
at enhancing both the discriminability and spatial consis-
tency of CLIP’s local features. The core idea is to decouple
the self-attention module of CLIP and learn from different
teacher models separately.

Specifically, DeCLIP decouples the features in the self-
attention module into “content” and “context” compo-
nents. The “content” features, responsible for local discrim-
inability, are fine-tuned by aligning pooled region features
with their corresponding image crop [CLS] representations.
Meanwhile, the “context” features, responsible for spatial

consistency, are learned from the feature correlations gen-
erated by Vision Foundation Models (VFMs). This decou-
pled distillation design effectively mitigates optimization
conflicts, improving the generalization ability when apply-
ing CLIP to downstream open-vocabulary dense prediction
tasks. As shown in Figure 2, DeCLIP significantly out-
performs CLIP in local discriminability and spatial consis-
tency. To summarize, our contributions are as follows:

• We analyze CLIP and find that its limitation in open-
vocabulary dense prediction arises from image tokens
failing to aggregate information from spatially or seman-
tically related regions.

• To address this issue, we propose DeCLIP, a simple yet
effective unsupervised fine-tuning framework, to enhance
the discriminability and spatial consistency of CLIP’s lo-
cal features via a decoupled feature enhancement strategy.

• Extensive experiments demonstrate that DeCLIP can be
decently applied to mainstream open-vocabulary dense
prediction tasks, including object detection and semantic
segmentation. As illustrated in Figure 1, DeCLIP out-
performs state-of-the-art methods across a broad range of
benchmarks, achieving superior performance metrics in
all evaluated task domains.

2. Background and Motivation

In the following, we provide a concise overview of founda-
tional concepts pertinent to this study in Section 2.1, and
highlight important findings in Section 2.2, which offer
valuable insights for motivating the proposed approach.

2.1. Preliminaries

Contrastive Language-Image Pre-training (CLIP) [36] is
built upon two encoders, one for images and one for text.
The visual encoder of CLIP can be a CNN series [15, 31] or
ViT [12], and the text encoder is a Transformer [44]. This
paper focuses on the CLIP model with the ViT architecture,
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Figure 3. Visualization of attention maps across different encoding layers of CLIP and VFM. The attention weights are calculated at
a low resolution, then averaged across different heads, and finally upsampled to the original image resolution for visualization. The anchor
image token is marked in red. We observe the occurrence of the “proxy” token phenomenon in CLIP, but not in VFM. Furthermore, when
the position of the anchor image token is shifted, VFM shows a better correlation for image tokens with the same semantics.
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Figure 4. Pre-fine-tuning methods for adapting CLIP to dense prediction tasks. Existing work considers establishing region-text
alignment through cost-effective methods via: (a) using images as pseudo regions or (b) using self-distillation on image patches. The
former regards the entire image as a region, which results in a loss of details. The latter uses self-distillation on the image patches thereby
gaining more fine-grained information, but still fails to apply to pixel-level image segmentation. (c) Unlike prior approaches, we use VFM
to guide the spatial consistency of CLIP’s features, and decouple CLIP’s features for distillation separately to avoid optimization conflicts.

which adopts the [CLS] token to represent the overall fea-
tures of an image. CLIP learns vision-language alignment
by maximizing the cosine similarity between the [CLS] to-
ken and text features of matched image-text pairs, and min-
imizing the similarity for unmatched pairs.

Dense feature extraction with CLIP. ViT-based CLIP con-
sists of a series of stacked attention blocks. For example,
the ViT-B version of CLIP includes 12 attention block lay-
ers. Let X = {x0,x1, · · · ,xh×w} denotes the input to the
last attention block, where xi ∈ R1×D. The computation
within this attention block can be expressed as:

Q = Projq(X), K = Projk(X), V = Projv(X), (1)

Y = X+ Proj (Attnqk ·V) , (2)
Z = Y + FFN(Y), (3)

where Q, K, and V represent the query, key, and value
embeddings, respectively; Proj denotes projection lay-

ers; Attnqk = SoftMax
(
QK⊤/

√
d
)

represents the self-
attention process, with d denoting the dimension of each
attention head. FFN denotes a feed-forward network. For
simplicity, normalization operations are omitted.

After passing through the final attention block, Z[0] rep-
resents the global [CLS] token. The remaining image patch
embeddings Z[1 : h × w] can be reshaped to obtain dense
feature representations Xdense ∈ RC×H×W 1.

Adapting CLIP to dense prediction tasks. Several studies
have attempted to alleviate the domain shift issue in apply-
ing CLIP to dense prediction tasks via fine-tuning strategies.
These approaches fall into two main categories:

• Joint fine-tuning. These methods fine-tune CLIP while
training task-specific components [10, 17, 18, 25, 28, 52,
57]. For instance, CAT-Seg [10] proposes an attention
fine-tuning strategy based on ViT CLIP, which general-

1The final V-L projection layer is omitted here for brevity.
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izes well to unseen categories. MAFT [17] leverages at-
tention bias to fine-tune CLIP for mask classification.

• Pre-fine-tuning. These methods directly fine-tune CLIP
using cost-efficient techniques [33, 48–50, 63], which are
more closely aligned with the approach proposed in this
paper. As illustrated in Figure 4(a), CLIM [49] employs a
mosaic augmentation technique to stitch multiple images
into a single image, enabling each sub-image to serve as a
pseudo-region for region-text contrastive learning. CLIP-
Self [48] enhances CLIP’s region classification accuracy
by maximizing cosine similarity between its region rep-
resentations and the corresponding image crop represen-
tations, as illustrated in Figure 4(b).

2.2. Key Observations
Despite the promising results of the two categories of fine-
tuned methods in Section 2.1, they continue to exhibit cer-
tain limitations. Joint fine-tuning methods are typically spe-
cific to tasks or models and heavily rely on labor-intensive
annotations of dense prediction tasks. On the other hand,
pre-fine-tuning methods demonstrate broader applicability.
However, their region-level fine-tuning technique remains
limited in image segmentation tasks that require pixel-level
details. To tackle this issue, we investigate the feasibil-
ity of incorporating pixel-level details into CLIP’s pre-fine-
tuning, enabling it to better align with open-vocabulary
dense prediction tasks. In the following, we start by ana-
lyzing CLIP’s attention maps across various layers.
The “proxy” token phenomenon. As shown in Figure
3(a), we found that in CLIP’s shallow layer, the attention
weights of CLIP’s [CLS] token are widely distributed across
the image (i.e., layer 6). However, in the deeper layers, the
[CLS] token shifts its focus away from primary objects in
the image and attends to specific tokens, as highlighted by
the bright spots within the image background. Additionally,
we found that image tokens (rows 2 and 3) exhibit similar
behavior to the [CLS] token, showing high attention to cer-
tain tokens in the background, regardless of their position.

These background tokens may serve as “proxies” for the
[CLS] token. This suggests that these tokens aggregate es-
sential information from other image tokens, enabling the
[CLS] token to form an approximate “global view” by sum-
marizing content from them, thereby facilitating image clas-
sification. However, these “proxy” tokens negatively af-
fect the feature correlations between image tokens. As il-
lustrated in Figure 3(a), when we shift the position of the
anchor image token (from the bird to the branch), we ob-
serve that the new image token still pays high attention to
the “proxy” tokens. This results in a lack of correlation be-
tween image patches that share the same semantics, which
is detrimental to dense prediction tasks.
VFMs exhibit better dense correlations. Considering the
inherent constraints that impede CLIP’s efficacy in dense

Table 1. Performance of different distillation schemes.

Distillation Type
Region Classification (mAcc) Semantic Segmentation (mIoU)

COCO (Thing) COCO (Stuff) Context59 CityScape

Self Distillation [48] 69.5 44.6 29.4 25.6
Self+VFM Distillation [22] 65.6 (-3.9) 41.3 (-3.3) 32.4 (+3.0) 28.7 (+3.1)
Self+VFM+Decouple 75.0 (+5.5) 51.8 (+7.2) 35.3 (+5.9) 32.3 (+6.7)

perception tasks, we instead observe that VFMs such as the
DINO series [2, 35], trained in a self-supervised manner,
and the SAM series [22, 37], trained on large-scale segmen-
tation data, are capable of extracting features with strong
spatial consistency, as shown in Figure 3(b).

In particular, the attention map of VFMs does not ex-
hibit the “proxy” token phenomenon observed in CLIP. Fur-
thermore, when we change the position of the anchor im-
age token, the VFM shows a better correlation for image
tokens with the same semantics. Therefore, we consider
whether VFMs can be incorporated into the pre-fine-tuning
process to further improve the feature correlations of CLIP.
However, this straightforward approach fails to achieve sat-
isfactory results. Conducting VFM distillation2 and self-
distillation3 simultaneously results in reduced region classi-
fication performance, as shown in Table 1 (row 2). We hy-
pothesize that this observation stems from the fact that spa-
tial feature correlation and vision-language alignment have
different optimization focuses, and optimizing them simul-
taneously within a single model results in trade-offs.

3. Method
Through the above analysis, we found that CLIP underper-
forms in dense prediction tasks since its image tokens fail
to effectively aggregate information from semantically re-
lated regions. Observations of VFMs’ attention maps in-
spired us to incorporate them into CLIP’s pre-fine-tuning
process. Considering the optimization conflict between fea-
ture correlations and visual-language alignment, we applied
a decoupled feature enhancement strategy to CLIP.

In this section, we introduce DeCLIP, an unsupervised
fine-tuning framework for adapting CLIP to dense predic-
tion tasks. We first explain how to decouple CLIP’s self-
attention mechanism into “content” and “context” compo-
nents in Sec.3.1, then describe how these components learn
from different “teacher” models in Sec.3.2 by distillation.

3.1. Decoupled Attention
The unsuccessful attempts to simultaneously perform self-
distillation and VFM distillation on Xdense (Table 1, row 2)
prompted us to explore the feasibility of a decoupled dis-
tillation. In the following, we propose decoupling CLIP’s

2“VFM distillation” indicates aligning the feature self-correlations be-
tween CLIP’s Xdense and that of the VFM.

3“Self-distillation” refers to aligning region features from Xdense with
their corresponding [CLS] representation.
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Figure 5. Illustration of the DeCLIP framework. We decouple CLIP’s final attention module into context and content features for
distillation, avoiding optimization conflicts between feature correlations and visual-language alignment. CLIP itself serves as the teacher for
content features to improve region classification accuracy. A VFM serves as the teacher for context features to enhance spatial consistency.

self-attention module to obtain “content” and “context” fea-
tures, and separately optimize the local discriminability and
spatial consistency abilities, as illustrated in Figure 4(c).

Rethinking the self-attention. As described in Sec.2.1, in
CLIP’s last attention block, the V features are weighted and
summed under the guidance of the attention map (Attnqk)
derived from Q and K, which define spatial or semantic re-
lationships among image tokens. Studies [24, 41, 45, 51]
have shown that CLIP’s dense features Xdense can be di-
rectly used for semantic segmentation by per-pixel classi-
fication, indicating that each pixel of Xdense contains inde-
pendent semantic information. Inspired by this, we regard
Q and K as anchors for improving spatial consistency, and
Xdense as an anchor for enhancing local discriminability.

Additionally, recent training-free OVS studies [24, 45]
have further promoted us to decouple CLIP’s self-attention
followed by distillation. They modify CLIP’s attention
block from Attnqk to Attnqq and remove the residual con-
nections, simplifying the optimization of local feature con-
sistency by focusing on Q alone. Based on our rethink-
ing of CLIP’s self-attention and inspired by these methods,
we propose decoupling CLIP’s last attention block to obtain
“content” and “context” features for distillation as follows:

Xcontext = Projq(X), V = Projv(X), (4)

Xcontent = Proj (Attncontext ·V) , (5)

Attncontext = SoftMax
(
XcontextX

⊤
context/

√
d
)
. (6)

Specifically, V is aggregated based on the attention map
(Attncontext) generated from Xcontext. Xcontext determines

which image tokens are semantically or spatially related.
Xcontent carries the semantic information of each image to-
ken in the visual-language space. By decoupling the fea-
tures in this manner, we can apply different guidance con-
straints to Xcontext and Xcontent to obtain diverse feature rep-
resentations in a unified architecture without interference.

As observed in Sec. 2.2, VFM exhibits a strong corre-
lation for image tokens with the same semantics, thus we
leverage it as guidance for Xcontext to improve CLIP’s local
feature spatial consistency. Meanwhile, we employ the self-
distillation technique as guidance for Xcontent to enhance the
visual-language alignment of CLIP’s region feature.

As demonstrated in Table 1 (row 3), this decoupled op-
timization significantly improves the local discriminability
and spatial consistency of CLIP’s features, leading to si-
multaneous enhancements in both region classification ac-
curacy and semantic segmentation performance.

3.2. DeCLIP
The previous section presents a method for obtaining the
decoupled “context” and “content” features from CLIP. In
this section, we elaborate on how the decoupled features
Xcontent and Xcontext learn from their respective teacher mod-
els to enhance CLIP’s performance on open-vocabulary
dense prediction tasks.

Content feature distillation. As shown in Figure 5, the
first teacher model in DeCLIP is itself, which is known as
self-distillation [6, 33, 34, 48]. we employ an image patch-
ing method to align the region representations of the student
model’s feature map with the corresponding image crop
representations (i.e., [CLS] token) of the teacher model.

Specifically, the input image I is first divided into k sub-
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regions. Subsequently, these sub-regions are cropped from
the original image, resulting in a set of sub-images S =
{I′1, I′2, . . . , I′k}. The student model takes the image I as
input and outputs the content feature Xcontent ∈ RC×H×W

and the context feature Xcontext ∈ RD×H×W , as mentioned
in Eq.(6). Here, D represents the dimension of the CLIP
visual encoder, and C represents the shared dimension of
the vision-language modality. Then, the student model uses
RoI Align [16] to pool region features from Xcontent based
on the cropping coordinates of S, resulting in a region fea-
ture set Fs = {fs

1 ,f
s
2 , . . . ,f

s
k}, where fs

i ∈ R1×C .
Meanwhile, the teacher model takes the sub-image set S

as input and outputs a series of [CLS] tokens correspond-
ing to the cropped sub-images, resulting in [CLS] token set
Ft = {f t

1,f
t
2, . . . ,f

t
k}, where f t

i ∈ R1×C . Finally, we use
a cosine similarity loss to align the [CLS] tokens from Ft

with the region features from Fs as follows:

Lcontent =
1

k

k∑
i=1

(
1− f t

i · fs
i

∥f t
i ∥ · ∥fs

i ∥

)
. (7)

The intuition behind this distillation branch is that, for
objects within an image, classifying them using image crops
(i.e., [CLS] token) achieves higher accuracy than using re-
gion features [48]. This is because CLIP is pre-trained on
image-text pairs using contrastive learning, as mentioned in
Sec.2.1. Therefore, the distillation learning of Xcontent en-
hances the discriminability of CLIP’s region features, i.e.,
Fs = {fs

1 ,f
s
2 , . . . ,f

s
k}, by mimicking the [CLS] tokens

obtained from the image crops, i.e., Ft = {f t
1,f

t
2, . . . ,f

t
k}.

However, as previously discussed in Sec.2.2, the region-
level fine-tuning remains limited in image segmentation that
requires pixel-wise scene understanding.
Context feature distillation. As discussed in Sec.2.2,
VFMs do not exhibit CLIP’s “proxy” token issue and better
correlate semantically related image tokens, which may be
conducive to the fine-grained local perception. Therefore,
we distilled these correlations into CLIP’s Xcontext features.

As illustrated in Figure 5, the same image I is input
into the VFM to obtain its dense feature representations
XVFM

dense ∈ RD×HW . To ensure consistency in the num-
ber of image tokens after patch embedding, different input
resolutions are typically used for the VFM and the student
CLIP. To transfer VFM’s correlations between image tokens
to CLIP, an intermediary is required to represent the corre-
lation volume between two image tokens. Cosine similarity
is used in our method, specifically as follows:

rij =
xi · xj

∥xi∥ · ∥xj∥
. (8)

Here, xi ∈ R1×D and xj ∈ R1×D represent the i-th and
j-th image patch tokens. rij denotes the correlation volume
between patch tokens xi and xj . We use the L2 loss to

align the discrepancy in the correlation volume between the
image tokens of XVFM

dense and Xcontext, specifically as follows:

Lcontext =
1

HW

H∑
i=1

W∑
j=1

∥∥rVFM
ij − rCLIP

ij

∥∥
2
, (9)

where rVFM
ij and rCLIP

ij denote the correlation volume be-
tween xi and xj for VFM and CLIP, respectively. Finally,
the entire distillation learning process of DeCLIP can be ex-
pressed as follows:

Ltotal = Lcontent + λLcontext, (10)

where λ4 represents the loss scaling hyperparameter.

4. Experiments
4.1. Datasets and Evaluation
We conducted extensive evaluations across multiple open-
vocabulary dense prediction benchmarks, encompassing
object detection, semantic segmentation, and segmentation
based on VLM features. Due to space limitations, detailed
descriptions of the datasets, evaluation metrics, and imple-
mentation specifics are provided in the Appendix.

4.2. Benchmark Results

Open-Vocabulary Detection. Table 2 presents DeCLIP’s
performance on OV-COCO and OV-LVIS benchmarks. On
OV-COCO, DeCLIP improves the F-ViT [48] baseline by
3.5 and 1.9 mAP, and the OV-DQUO [46] baseline by 6.9
and 2.7 mAP on novel classes. On OV-LVIS, it achieves
gains of 1.5 and 2.3 mAP with F-ViT, as well as 1.3 and 2.2
mAP with OV-DQUO on rare classes. Cross-dataset evalu-
ations of F-ViT+DeCLIP trained on OV-LVIS (Table 3) fur-
ther confirm DeCLIP’s superiority over existing methods.

Open-Vocabulary Semantic Segmentation. Table 4 dis-
plays the performance of the CAT-Seg [10] model using
DeCLIP as the backbone across various open-vocabulary
semantic segmentation benchmarks. The results show that
DeCLIP significantly enhances segmentation performance
on all datasets. Notably, even with the ViT-B/16 ver-
sion of DeCLIP, CAT-Seg nearly surpasses all existing
SOTA methods that utilize substantially larger encoders
like ConvNeXt-L. When employing the ViT-L/14 version
of DeCLIP, the model achieves new SOTA results in open-
vocabulary semantic segmentation tasks.

Open-Vocabulary Semantic Segmentation Based on
VLM Features. Following existing methods [24, 41, 45],
in this experiment, we assign each pixel in the feature map
the category with which it has the highest cosine similarity.
The low-resolution prediction result is up-sampled to the

4The sensitivity analysis is in the appendix.
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Figure 6. Comparisons between DeCLIP and existing methods in terms of open-vocabulary region classification ability at different resolu-
tions on the COCO panoptic dataset.

Table 2. Comparison with state-of-the-art open-vocabulary object detection methods. Caption supervision indicates that the method learns
from extra image-text pairs, while CLIP supervision refers to transferring knowledge from CLIP. †: DETR-based detectors [1].

(a) OV-COCO benchmark

Method Supervision Backbone APNovel
50

ViLD [14] CLIP RN50 27.6
Detic [65] Caption RN50 27.8
OV-DETR† [60] CLIP RN50 29.4
BARON-KD [47] CLIP RN50 34.0
SAS-Det [62] CLIP RN50 37.4
OV-DQUO† [46] CLIP RN50 39.2
RegionCLIP [63] Captions RN50x4 39.3
CORA† [50] CLIP RN50x4 41.7
OV-DQUO† [46] CLIP RN50x4 45.6

RO-ViT [20] CLIP ViT-L/16 33.0
CFM-ViT [19] CLIP ViT-L/16 34.1
CLIPSelf [48] CLIP ViT-B/16 37.6
CLIPSelf [48] CLIP ViT-L/14 44.3

F-ViT [48]+DeCLIP CLIP ViT-B/16 41.1 (+3.5)
F-ViT [48]+DeCLIP CLIP ViT-L/14 46.2 (+1.9)
OV-DQUO+DeCLIP† CLIP ViT-B/16 46.1 (+6.9)
OV-DQUO+DeCLIP† CLIP ViT-L/14 48.3 (+2.7)

(b) OV-LVIS benchmark

Method Supervision Backbone mAPr

ViLD [14] CLIP RN50 16.3
OV-DETR† [60] CLIP RN50 17.4
BARON-KD [47] CLIP RN50 22.6
RegionCLIP [63] Caption RN50x4 22.0
OV-SAM [59] CLIP RN50x16 24.0
CORA+† [50] Caption RN50x4 28.1
F-VLM [23] CLIP RN50x64 32.8

CLIPSelf [48] CLIP ViT-B/16 25.3
OV-DQUO† [46] CLIP ViT-B/16 29.7
Detic [65] Caption Swin-B 33.8
RO-ViT [20] CLIP ViT-H/16 34.1
CLIPSelf [48] CLIP ViT-L/14 34.9
OV-DQUO† [46] CLIP ViT-L/14 39.3

F-ViT [48]+DeCLIP CLIP ViT-B/16 26.8 (+1.5)
F-ViT [48]+DeCLIP CLIP ViT-L/14 37.2 (+2.3)
OV-DQUO+DeCLIP† CLIP ViT-B/16 31.0 (+1.3)
OV-DQUO+DeCLIP† CLIP ViT-L/14 41.5 (+2.2)

Table 3. Transfer evaluation of the LVIS-trained detector on
COCO and Objects365 datasets.

Method
COCO Objects365 [40]

AP AP50 AP75 AP AP50 AP75

Supervised Baseline [14] 46.5 67.6 50.9 25.6 38.6 28.0

ViLD [14] 36.6 55.6 39.6 11.8 18.0 12.6
DetPro [13] 34.9 53.8 37.4 12.1 18.8 12.9
BARON [47] 36.2 55.7 39.1 13.6 21.0 14.5
F-VLM [23] 37.9 61.6 41.2 16.2 27.4 17.5
CoDet [32] 39.1 57.0 42.3 14.2 20.5 15.3
RO-ViT [21] - - - 17.7 27.4 19.1
CLIPSelf [48] 40.5 63.8 44.3 19.5 31.3 20.7

DeCLIP 41.0 64.6 44.8 20.0 32.2 21.2

original resolution to obtain the final segmentation map. As
shown in Table 5, DeCLIP outperforms all existing methods
in terms of average mIoU across eight benchmarks, high-
lighting the effectiveness of our approach in improving the
discriminability and spatial consistency of VLM features.

Open-Vocabulary Region Classification. We assess the

region classification performance of DeCLIP, RegionCLIP
[63], and CLIPSelf [48] at various resolutions on the
COCO-Panoptic validation set. Using RoI Align [16] and
Mask Pooling, we extract local features from the feature
maps based on annotated bounding boxes and masks, as-
signing categories based on maximum cosine similarity. As
illustrated in Figure 6, the Top-1 mean accuracy (mAcc)
results demonstrate that DeCLIP consistently surpasses ex-
isting methods in region recognition across all resolutions.

4.3. Ablation Study

The impact of VFMs. We analyzed the impact of various
VFM configurations on DeCLIP performance. As shown in
Table 6, DeCLIP distilled from DINO [2] performs moder-
ately in segmentation but trails SAM [22, 37] and DINOv2
[35] in region classification. DeCLIP distilled from SAM
excels in region classification but shows lower segmentation
performance compared to DINO. DINOv2 achieves balance
in both region classification and segmentation.
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Table 4. Results on open-vocabulary semantic segmentation. † indicates results re-experimented by CAT-Seg [10].

Method Backbone Training Set ADE847 Context459 ADE150 Context59 VOC20 VOC21

ZegFormer† [11] ViT-B/16 COCO-Stuff 5.6 10.4 18.0 45.5 89.5 65.5
ZSseg [55] ViT-B/16 COCO-Stuff 7.0 - 20.5 47.7 88.4 -
OVSeg [28] ViT-L/14 COCO-Stuff 9.0 12.4 29.6 55.7 94.5 -
SAN [56] ViT-L/14 COCO-Stuff 13.7 17.1 33.3 60.2 95.5 -
ODISE [54] ViT-L/14 COCO-Panoptic 11.1 14.5 29.9 57.3 - 84.6
MAFT [17] ConvNeXt-L COCO-Stuff 13.1 17.0 34.4 57.5 93.0 -
FC-CLIP [58] ConvNeXt-L COCO-Panoptic 14.8 18.2 34.1 58.4 95.4 81.8
FrozenSeg [7] ConvNeXt-L COCO-Panoptic 14.8 19.7 34.4 - - 82.5
CAT-Seg [10] ViT-B/16 COCO-Stuff 12.0 19.0 31.8 57.5 94.6 77.3
CAT-Seg [10] ViT-L/14 COCO-Stuff 16.0 23.8 37.9 63.3 97.0 82.5

CAT-Seg+DeCLIP ViT-B/16 COCO-Stuff 15.3 (+3.3) 21.4 (+2.4) 36.3 (+4.5) 60.6 (+3.1) 96.6 (+2.0) 81.3 (+4.0)
CAT-Seg+DeCLIP ViT-L/14 COCO-Stuff 17.6 (+1.6) 25.9 (+2.1) 40.7 (+2.8) 63.9 (+0.6) 97.7 (+0.7) 83.9 (+1.4)

Table 5. Results on open-vocabulary semantic segmentation based on VLM features.

Method
With a background category Without background category

Avg
VOC21 Context60 COCO-Obj VOC20 CityScape Context59 ADE COCO-Stf

CLIP [36] 18.8 9.9 8.1 49.4 6.5 11.1 3.1 5.7 14.1

MaskCLIP [64] 43.4 23.2 20.6 74.9 24.9 26.4 11.9 16.7 30.3
GroupViT [53] 52.3 18.7 27.5 79.7 18.5 23.4 10.4 15.3 30.7
ReCo [42] 25.1 19.9 15.7 57.7 21.6 22.3 11.2 14.8 23.5
TCL [3] 51.2 24.3 30.4 77.5 23.5 30.3 14.9 19.6 33.9
OVSeg [28] 53.8 20.4 25.1 - - - 5.6 - -
SCLIP [45] 59.1 30.4 30.5 80.4 32.2 34.2 16.1 22.4 38.2
ClearCLIP [24] 51.8 32.6 33.0 80.9 30.0 35.9 16.7 23.9 38.1
CLIP-DINOiser [51] 62.1 32.4 34.8 80.9 31.7 35.9 20.0 24.6 40.3

DeCLIP (ours) 59.7 35.3 36.4 85.0 32.8 39.2 21.9 25.3 41.9
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Figure 7. Qualitative comparisons of attention maps between
VFMs and DeCLIP. The anchor image token is marked in red.

Qualitative results. Figure 7 presents the visual compar-
ison of attention maps between DINO, SAM, DINOv2,
and DeCLIP. Experimental results show that DeCLIP ef-
fectively focuses on regions spatially or semantically asso-

Table 6. Ablation studies on the impact of different VFMs on
open-vocabulary region classification and segmentation.

VFMs Arch
Region Classification (mAcc) Semantic Segmentation (mIoU)

COCO (Thing) COCO (Stuff) Context59 COCO-Stf ADE

DINO [2] ViT-B/8 68.4 49.4 37.3 23.2 19.5
DINO [2] ViT-B/16 67.6 47.4 38.1 23.7 20.4
SAM [22] ViT-B/16 75.0 51.8 35.3 22.0 18.5
SAM [22] ViT-L/16 76.8 52.6 37.7 23.0 20.0
DINOv2 [35] ViT-B/14 77.2 52.5 39.2 25.3 21.9
DINOv2 [35] ViT-L/14 77.6 53.1 38.0 24.1 21.3

ciated with the anchor image token. Moreover, this exper-
iment reveals why DeCLIP distilled from DINOv2 works
best: SAM lacks semantic association ability, while DINO
focus indiscriminately on all primary objects in the image.

5. Conclusion
This paper analyzes the limitations of CLIP in dense pre-
diction tasks from the perspective of its attention map. We
observed that CLIP’s [CLS] token negatively affects the at-
tention map of image tokens. To address this issue, we pro-
posed DeCLIP, a decoupled feature enhancement strategy.
Extensive experiment results on open-vocabulary dense pre-
diction benchmarks demonstrate that DeCLIP outperforms
state-of-the-art methods, achieving excellent performance
across all evaluated task domains.
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