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Abstract

Open-vocabulary semantic segmentation aims to assign se-
mantic labels to each pixel without being constrained by a
predefined set of categories. While Contrastive Language-
Image Pre-training (CLIP) excels in zero-shot classifica-
tion, it struggles to align image patches with category em-
beddings because of its incoherent patch correlations. This
study reveals that inter-class correlations are the main rea-
son for impairing CLIP’s segmentation performance. Ac-
cordingly, we propose CorrCLIP, which reconstructs the
scope and value of patch correlations. Specifically, Cor-
rCLIP leverages the Segment Anything Model (SAM) to de-
fine the scope of patch interactions, reducing inter-class
correlations. To mitigate the problem that SAM-generated
masks may contain patches belonging to different classes,
CorrCLIP incorporates self-supervised models to compute
coherent similarity values, suppressing the weight of inter-
class correlations. Additionally, we introduce two addi-
tional branches to strengthen patch features’ spatial de-
tails and semantic representation. Finally, we update seg-
mentation maps with SAM-generated masks to improve
spatial consistency. Based on the improvement across
patch correlations, feature representations, and segmenta-
tion maps, CorrCLIP achieves superior performance across
eight benchmarks. Codes are available at: https://
github.com/zdk258/CorrCLIP.

1. Introduction
Open-vocabulary semantic segmentation (OVSS) [4, 55,
69] aims to partition an image into multiple segments and
assign a corresponding category to each segment based on
category descriptions. Contrastive Language-Image Pre-
training (CLIP) [41] model, trained on large-scale image-
text pair datasets, shows remarkable zero-shot classification
capabilities, providing a viable solution for OVSS.

Applying CLIP to OVSS requires aligning image patches
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Figure 1. Comparison of OVSS performance on eight benchmarks.
“CLIP only” refers to the best performance when only using CLIP.

with corresponding category embeddings. However, due
to CLIP’s contrastive image-text training objective, it pri-
oritizes capturing global semantics, resulting in insuffi-
cient discriminability between image patches. ClearCLIP
[27] demonstrates that removing residual connections and
feed-forward network from the last layer of Vision Trans-
former (ViT) [14] in CLIP’s visual encoder makes patches
more distinguishable. Therefore, the key to improving per-
formance lies in the remaining self-attention layer. Self-
attention captures correlations between image patches to
aggregate contextual information. Although existing meth-
ods [28, 32, 51] modify the self-attention to improve
CLIP’s segmentation performance, they do so without ex-
plicitly identifying the specific patch correlations that im-
pair CLIP’s segmentation capability, limiting further per-
formance gains. To this end, we reveal that the main im-
pediment is inter-class correlations and propose CorrCLIP
to reduce the adverse effect of inter-class correlations. As
shown in Fig. 1, CorrCLIP significantly expands the perfor-
mance boundaries of OVSS.

The ideal patch correlations of CLIP for the segmenta-
tion task should enhance the distinguishability of patches
by ensuring patch features from different classes remain
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Figure 2. Impact of scope of patch correlations on performance
of COCO Stuff. (a) The impact of intra-class and intra-object cor-
relations and different proportions of inter-class correlations on
segmentation performance. “Lowest” and “Highest” denote the
interactions with the least and most similar inter-class patches, re-
spectively. (b) The inverse relationship between the performance
and the proportion of inter-class correlations in current methods.

distinct while also aggregating semantic information effec-
tively to align patches with their corresponding category
vectors. We divide patch correlations into two types: intra-
class and inter-class correlations. Intuitively, intra-class cor-
relations can achieve the above two points and enhance
CLIP’s segmentation capability. However, the impact of
inter-class correlations on CLIP’s segmentation capability
remains unclear. On the one hand, inter-class correlations
may reduce the discriminability of image patches by ag-
gregating information from other categories. On the other,
such correlations may facilitate the aggregation of essential
semantic information in inter-class image patches, enabling
better alignment with corresponding category embeddings.

To investigate the impact of inter-class correlations, we
restrict the scope of patch correlations to intra-class. It sig-
nificantly improves CLIP’s segmentation performance, as
shown in Fig. 2a, demonstrating that intra-class correlations
benefit CLIP’s segmentation. We then gradually introduce
inter-class correlations. Performance declines as the pro-
portion of inter-class correlations increases. Even interac-
tions with the most similar inter-class patches consistently
lead to performance degradation in segmentation tasks (we
use DINO [6] to measure the similarity, which is more se-
mantically coherent than CLIP [12, 47]). Similar phenom-
ena on other datasets are presented in the supplementary.
Additionally, intra-object correlations are sufficient to en-
hance CLIP’s segmentation capability. This further demon-
strates that inter-class correlations are the main reason for

the limited segmentation performance of CLIP.
Existing representative methods [28, 51] modify self-

attention to enhance CLIP’s segmentation performance,
which could be attributed to the reduction of inter-class
correlations. As indicated in Fig. 2b, the performance of
these methods decreases as the proportion of inter-class
correlations increases. SCLIP [51] employs self-self at-
tention, which reduces inter-class correlations because it
makes patches focus on themselves. However, the incoher-
ent CLIP’s features still lead to many inter-class correla-
tions. ProxyCLIP [28] leverages the features of more co-
herent vision foundation models and applies thresholding
to remove low-similarity inter-class correlations. Its per-
formance is still limited because the similarity thresholding
cannot reduce high-similarity inter-class correlations.

Therefore, it is necessary to explicitly regulate the scope
of patch interactions to more effectively mitigate the ad-
verse effects of inter-class correlations. To this end, we
propose scope reconstruction to confine the scope of patch
interactions within regions. Specifically, we use SAM
[26, 42] to get the region masks of the image and restrict
the scope of patch interactions to these regions. As shown in
Fig. 2b, our scope reconstruction reduces the proportion of
inter-class correlations and significantly improves the seg-
mentation performance (the effectiveness on other datasets
is demonstrated in Tab. 4). Because SAM-generated masks
may have multiple classes, we employ value reconstruction
to obtain more coherent similarity values, thereby further
reducing the weight of inter-class correlations.

Apart from patch correlations, we propose feature re-
finement and map correction from the perspectives of fea-
ture representations and segmentation maps. Feature refine-
ment introduces two additional branches to strengthen the
patch features’ spatial details and semantic representation.
Specifically, the spatial branch incorporates the lower lay-
ers’ features into the final patch features to improve spatial
details, and the semantic branch utilizes mask class tokens
to aggregate global information within region masks to en-
hance semantic representation. Map correction leverages
region masks to update segmentation results, improving
spatial consistency. With the careful designs above, Cor-
rCLIP significantly outperforms existing SOTA approaches
on eight benchmarks, boosting the averaged mIoU from
48.6% to 53.6%.

Our contributions include: (1) We reveal that inter-class
correlations are the primary reason for impairing CLIP’s
segmentation performance. Accordingly, we propose scope
and value reconstruction to reduce inter-class correlations.
(2) We introduce feature refinement to enhance the spatial
details and semantic representation of patch features, along
with map correction to improve the spatial consistency of
segmentation results. (3) We demonstrate the superior per-
formance of CorrCLIP across eight benchmarks.
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2. Related Work
Open-Vocabulary Semantic Segmentation. Unlike tradi-
tional semantic segmentation [8, 35, 50], OVSS segments
an image based on categories described by texts. Recent ad-
vancements in OVSS are primarily due to the development
of large-scale vision-language models (VLMs) [9, 41, 60].
OVSS methods can be divided into two categories: training-
based and training-free. Training-based methods rely on
mask annotations [10, 33, 34, 52, 56, 61, 63], images
[46, 54], or texts [7, 37, 53, 57, 67]. While training-
based methods are typically more effective on specific
datasets, they carry the potential risk of reducing the open-
vocabulary capacity inherited from VLMs, as described in
CaR [49]. In contrast, training-free methods do not need
any training and fully leverage the open-vocabulary capabil-
ities of VLMs. Some methods [19, 27, 32, 51, 72] modify
the attention mechanism in the final layer from query-key
to self-self, enabling patches to focus more on themselves.
Others [1, 48, 62] observe that lower-layer attentions exhibit
better semantic coherence and thus leverage them to refine
the attention maps in the final layer. However, the perfor-
mance of these approaches is constrained by the inherent
limitations of CLIP’s image-text alignment training objec-
tive as illustrated in Fig. 1. Consequently, alternative meth-
ods [2, 23, 25, 28, 45, 48] utilize characteristics of other
foundational models to enhance CLIP’s segmentation capa-
bility. Yet, none of the existing methods effectively regulate
the scope of patch interactions to mitigate the adverse ef-
fects of inter-class correlations. In this paper, we propose
scope reconstruction to explicitly define the scope of patch
interactions, significantly enhancing CLIP’s segmentation
performance.
Vision-Language Pre-training. Vision-language pre-
training aims to enable models to learn cross-modal in-
formation through weakly supervised training on image-
text pairs. This pre-training process allows models to un-
derstand the associations between images and correspond-
ing texts. The performance of early research [30, 31, 36]
is constrained by the limited size of datasets. Recent
studies [22, 41, 64], which leverage large-scale web data,
have developed more robust representations. Among these,
CLIP [41] stands out as the most popular vision-language
model. It employs contrastive learning to align images
with corresponding captions, achieving impressive gener-
alization capabilities on unseen data. Subsequent research
[9, 17, 18, 38, 59, 60, 65] further enhances CLIP by opti-
mizing training data and processes.
Vision Foundation Models. Vision foundation models
(VFMs) undergo pre-training on large-scale datasets to cap-
ture general feature representations of the visual world.
VFMs learn rich underlying visual patterns, which can be
fine-tuned or directly applied to various visual tasks. One
type of VFMs is self-supervised models [6, 20, 40, 74],

which aim to learn general-purpose visual features solely
from images. Among these, the DINO [6] model shows the
power to capture the semantic layout of images [12, 47].
Another type of VFMs is the SAM [26] series, demonstrat-
ing impressive zero-shot, class-agnostic segmentation capa-
bilities. Recent advancements have focused on improving
the quality of the generated masks [21, 24] and enhancing
efficiency to enable broader applications in real-world and
mobile scenarios [42, 58, 66, 68, 70, 73]. We capitalize on
the strong generalization of SAM and DINO to effectively
reduce inter-class correlations.

3. Method
In this section, we first introduce the overall process of
adapting CLIP to OVSS in Sec. 3.1. Then, we introduce
our scope reconstruction in Sec. 3.2 and value reconstruc-
tion in Sec. 3.3. We present feature refinement in Sec. 3.4
and map correction in Sec. 3.5. The overall framework is
shown in Fig. 3.

3.1. Preliminary
In ViT, an image is first divided into patches, which are then
transformed into token embeddings using a linear layer.
These tokens are flattened to form the token sequence rep-
resented as XC ∈ RN×d, where N is the sequence length,
and d is the dimension of tokens. Next, positional encod-
ing is added to provide position information. The token se-
quence is then input into the CLIP’s visual encoder. In each
preceding layer before the final layer, the token sequence
sequentially passes through a multi-head attention network
and a feed-forward network, with residual connections ap-
plied after each sub-layer.

In the last layer, the token sequence XC is mapped to
query, key, and value embeddings, denoted as QC , KC , and
VC ∈ RN×d, respectively. For clarity of exposition, we
only show single-head attention. Next, the similarity matrix
S ∈ RN×N is computed by the dot product of query em-
beddings to improve the semantic coherence as illustrated
in [27]:

S = QQT (1)

S represents the patch correlations, and its computation
is the key to enhancing CLIP’s segmentation capability. In
the following subsections, we will introduce how to recon-
struct patch correlations to improve segmentation perfor-
mance. The attention map is derived from the similarity
matrix by applying the softmax operation. Then, the atten-
tion map is applied to VC to aggregate information from all
patches in the input sequence. To reduce the detrimental
impact of noise on the segmentation results, as illustrated
in ClearCLIP [27], we remove the residual connections and
the feed-forward neural network in the last layer. Subse-
quently, the sequence of tokens is projected to the final im-
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Figure 3. The overall framework of CorrCLIP. CLIP’s visual encoder processes the image to obtain value embeddings, while CLIP’s textual
encoder encodes class names to produce class embeddings. A mask generator creates region masks, which are then clustered. A feature
extractor derives semantically coherent token embeddings to compute the similarity matrix for value reconstruction. Applying the region
masks to the similarity matrix achieves scope reconstruction. Through correlation reconstruction, value embeddings become more distinct.
The feature map is refined via spatial and semantic branches, and the refined features are compared with class embeddings to generate the
segmentation map, which is further updated using the region masks.

age patch features Fimg ∈ RN×d:

Attn = Softmax(
S√
d
) (2)

Fimg = Proj(AttnVC) (3)

Meanwhile, K class names are combined with stan-
dard ImageNet prompts [41] to form category descriptions,
which are then encoded by CLIP’s textual encoder to gen-
erate class embeddings Ftext ∈ RK×d. Then, image patch
features are projected to align with the feature space of class
embeddings. Finally, the class embeddings serve as the
classifier’s parameters to generate the segmentation map:

pred = argmax
K

(Proj(Fimg)F
T
text) (4)

3.2. Scope Reconstruction
Although the self-self attention can enhance the segmen-
tation performance, it is still limited to CLIP’s incoherent
patch embeddings, which leads to many inter-class corre-
lations. To address this, we reconstruct the scope of patch
interactions using SAM.

SAM uniformly samples points in the image and gen-
erates masks for each point. Then thresholding is applied
to these masks to discard those with lower confidence and

stability. Subsequently, these masks are downsampled to
match the size of the final feature map in CLIP. Conse-
quently, we obtain Z non-overlapping region masks M =
{m1,m2, ...,mZ} ∈ RZ×N , where mi ∈ RN represents
the ith region mask. The union of all unsegmented regions
is denoted by m0.

We merge similar region masks to achieve a closer
alignment with the true class masks. Specifically, we ac-
quire the features of all segmented regions Fregion =
{f1, f2, ..., fZ} ∈ RZ×d by performing mask average pool-
ing on the token embeddings FS . Subsequently, we use a
clustering algorithm to merge similar regions based on these
region features:

fi = Mean(mi ⊙ FS) (5)

M̂ = Cluster(M,Fregion) (6)

where M̂ = {m̂1, m̂2, ..., m̂z} ∈ Rz×N are merged region
masks and z is the number of merged region masks. ⊙ rep-
resents the element-wise product. Note that merging masks
may result in masks containing multiple classes. However,
we believe these classes are highly similar, so the impact
of inter-class correlations is minimal, meaning that the ben-
efits of merging masks outweigh the potential drawbacks.
We empirically validated this in Tab. 6, observing improved
segmentation performance across all datasets.
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We then use these merged region masks to calculate the
interaction matrix E ∈ RN×N where Ei,j = 1 means that
the ith patch can attend to the jth patch. For patches in
unsegmented regions, we set the average value of the simi-
larity matrix as a threshold, allowing only patches with sim-
ilarity values exceeding this threshold to interact:

E =

z∑
i=1

m̂i ⊗ m̂i + (m0 ⊗m0)⊙ (S > Mean(S)) (7)

where Eq. (7) employs the broadcasting mechanism, and
⊗ denotes outer product. Finally, we restrict the scope of
patch interactions by applying the masked softmax, where
E represents the mask. Eq. (2) is changed as follows:

Attn = Masked Softmax(
S√
d
, E) (8)

3.3. Value Reconstruction
Some generated masks may contain multiple classes, caus-
ing inter-class correlations. To mitigate the adverse effects
of inter-class correlations, we harness DINO’s understand-
ing of semantic layout to construct a more coherent sim-
ilarity matrix. This could reduce the value of inter-class
correlations. Inspired by previous work [32, 44, 51], which
combines query and key embeddings in CLIP, we utilize
this combination to fully leverage DINO’s capabilities.

Like CLIP, the token sequence in DINO’s final layer is
mapped to QD, KD, and VD ∈ RN×d, respectively. In
practice, the token sequence lengths of CLIP and DINO
may differ due to the variation in patch size, which can be
addressed through interpolation. The similarity matrix in
Eq. (1) and attention map in Eq. (8) are changed as follows:

S =
FSF

T
S

∥FS∥2
=
(QD +KD)(QD +KD)T

∥QD +KD∥2
(9)

Attn = Masked Softmax(
S

τ
, E) (10)

where τ < 1 is a temperature coefficient used to sharpen
the attention distribution, amplifying the scores for highly
similar patches.

3.4. Feature Refinement
After reconstructing patch correlations, attention is applied
to the value embeddings to generate the final patch features.
We define this core process as our main branch and propose
two additional branches to refine the final patch features.

We present mask class tokens to enhance CLIP’s class
token benefits for OVSS. Specifically, we repeat z dis-
tinct class tokens at the start of ViT, each corresponding
to one mask. In the attention layers, each mask class to-
ken exclusively attends to the image tokens within its cor-
responding mask to capture mask-specific semantics. At

the end of ViT, each image token within a mask is summed
with its corresponding mask class token. The final addi-
tion enriches the semantic information of the image tokens
within each mask, facilitating better alignment with the cor-
responding text vectors. Additionally, building on recent
studies [1, 48, 62] that CLIP’s lower-layer patch features
retain richer spatial information, we incorporate these fea-
tures into the final patch features to enhance spatial details.
Finally, image features in Eq. (3) are changed as follows:

Fimg = Proj(AttnVC) + α ∗ Proj(AttnV ′
C) + β ∗MCT

(11)
where V ′

C is the lower layers’ features and is mapped by the
final layer’s value projection inspired by [1]. Further dis-
cussion on the spatial branch is presented in the supplemen-
tary. MCT represents the mask class tokens. α and β are
the coefficients that balance these two additional branches.
Empirically, α is set to 1, and β is set to 0.5.

3.5. Map Correction
Spatial consistency is essential in segmentation tasks, re-
ferring to maintaining continuity in space. Simply put, it
means ensuring that the predictions of adjacent pixels are
logically consistent, avoiding abrupt changes such as pre-
dicting other objects within a coherent object. Fully super-
vised methods can learn consistency with mask annotations,
but CLIP lacks this capability due to its weak supervision.
Although our correlation reconstruction alleviates this is-
sue, it still falls short of the performance achieved with full
supervision. To bridge this gap, we reuse the region masks
generated above to update the segmentation map. Specifi-
cally, we change the categories of all patches within a region
to the category that is most common within this region:

pred[mi] = Mode(pred[mi]), i > 0 (12)

4. Experiments
4.1. Dataset and Evaluation Metric
Following prior work, we evaluate our method on the val-
idation sets of five datasets. Pascal VOC [16] comprises
1,449 images and serves two benchmarks: VOC21 (21
classes with background) and VOC20 (20 classes without).
Pascal Context [39] contains 5,104 images and similarly
supports PC60 (60 classes) and PC59 (59 classes). COCO
Stuff [5] (Stuff) includes 5,000 images divided into 171
classes, which encompass both stuff and object categories.
COCO Object (Object) is a derivative of COCO Stuff,
which merges all stuff classes into the background class
and has 81 classes. ADE20k [71] (ADE) has 2,000 images
and 150 classes without the background class. Cityscapes
[11] (City) has 500 images and 19 classes without the back-
ground class. These datasets form eight benchmarks (5
without and 3 with background classes). We compare re-
sults using mean Intersection over Union (mIoU).
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Method Size VOC21 VOC20 PC60 PC59 Object Stuff ADE City Avg

Training-based
TCL[7]

ViT-B/16

55.0 83.2 30.4 33.9 31.6 22.4 17.1 24.0 37.2
CLIP-DINOiser[54] 62.1 80.9 32.4 35.9 34.8 24.6 20.0 31.7 40.3
CoDe[53] 57.7 - 30.5 - 32.3 23.9 17.7 28.9 -
CAT-Seg[10] 77.3 94.6 - 57.5 - - 31.8 - -
ESC-Net[29] 80.1 97.3 - 59.0 - - 35.6 - -

Training-free
CLIP[41]

ViT-B/16

11.5 41.9 4.4 9.2 1.6 4.4 2.9 5.0 10.1
MaskCLIP[72] 38.8 74.9 23.6 26.4 20.6 16.4 9.8 12.6 27.9
ClearCLIP[27] 51.8 80.9 32.6 35.9 33.0 23.9 16.7 30.0 38.1
SCLIP[51] 59.1 80.4 30.4 34.2 30.5 22.4 16.1 32.2 38.2
ProxyCLIP[28] 61.3 80.3 35.3 39.1 37.5 26.5 20.2 38.1 42.3
LaVG[23] 62.1 82.5 31.6 34.7 34.2 23.2 15.8 26.2 38.8
CLIPtrase[44] 53.0 81.2 30.8 34.9 44.8 24.1 17.0 - -
NACLIP[19] 64.1 83.0 35.0 38.4 36.2 25.7 19.1 38.3 42.5
Trident[45] 67.1 84.5 38.6 42.2 41.1 28.3 21.9 42.9 45.8
ResCLIP[62] 61.1 86.0 33.5 36.8 35.0 24.7 18.0 35.9 41.4
SC-CLIP[1] 64.6 84.3 36.8 40.1 37.7 26.6 20.1 41.0 43.9
CLIPer[48] 65.9 85.2 37.6 41.7 39.0 27.5 21.4 - -
CASS[25] 65.8 87.8 36.7 40.2 37.8 26.7 20.4 39.4 44.4
CorrCLIP (Ours) 74.8 (+7.7) 88.8 (+1.0) 44.2 (+5.6) 48.8 (+6.6) 43.7 (-1.1) 31.6 (+3.3) 26.9 (+5.0) 49.4 (+6.5) 51.0 (+5.2)

FreeDA[2]

ViT-L/14

55.4 87.9 38.3 43.5 37.4 28.8 23.2 36.7 43.9
CaR[49] 67.6 91.4 30.5 39.5 36.6 - 17.7 - -
ProxyCLIP[28] 60.6 83.2 34.5 37.7 39.2 25.6 22.6 40.1 43.0
ResCLIP[62] 54.1 85.5 30.9 34.5 32.5 23.4 18.2 33.7 39.1
SC-CLIP[1] 65.0 88.3 36.9 40.6 40.5 26.9 21.7 41.3 45.2
CLIPer[48] 69.8 90.0 38.0 43.6 43.3 28.7 24.4 - -
CorrCLIP (Ours) 76.7 (+6.9) 91.5 (+0.1) 44.9 (+6.6) 50.8 (+7.2) 49.4 (+6.1) 34.0 (+5.2) 30.7 (+6.3) 51.1 (+9.8) 53.6 (+8.4)

ProxyCLIP[28]
ViT-H/14

65.0 83.3 35.4 39.6 38.6 26.8 24.2 42.0 44.4
Trident[45] 70.8 88.7 40.1 44.3 42.2 28.6 26.7 47.6 48.6
CorrCLIP (Ours) 76.4 (+5.6) 91.8 (+3.1) 42.5 (+2.4) 47.9 (+3.6) 48.4 (+6.2) 32.7 (+4.1) 28.8 (+2.1) 49.9 (+2.3) 52.3 (+3.7)

Table 1. Comparison with state-of-the-art OVSS methods on eight benchmarks in three different sizes of CLIP. Bold fonts indicate the
optimal methods and underlined fonts indicate the suboptimal methods. “Avg” represents the averaged mIoU across eight benchmarks.

4.2. Implementation Details
Our model has three different sizes based on CLIP: ViT-
B/16 [60], ViT-L/14 [60], and ViT-H/14 [9]. All other con-
figurations for the three variants are identical. The back-
bone of DINO is ViT-B/8 [6]. We use SAM2 [42] with
MAE [20] pre-trained Hiera-L [3, 43]. Results for other
mask generators are presented in the supplementary. We
collect 32×32 prompt points in a grid manner to generate
region masks of an image. “pred iou thresh” and “stabil-
ity score thresh” in mask thresholding are set to 0.7 for all
datasets. The clustering algorithm used in mask merging
is DBSCAN [15], where the neighborhood radius is set to
0.2, and the minimum number of samples is set to 1 for all
datasets. The temperature coefficient τ is set to 0.25.

We resize the images to meet the varying specifications
of different datasets: a shorter side of 336 pixels for Pas-
cal VOC, Pascal Context, and COCO, and 448 pixels for
Cityscapes and ADE20K. We perform slide inference with
a 336×336 window and 112×112 stride.

4.3. Comparison with State-of-the-Art Methods
We compare CorrCLIP with state-of-the-art training-free
OVSS methods across eight benchmarks. In these methods,

MaskCLIP [72], CaR [49], SCLIP [51], ClearCLIP [27],
CLIPtrase [44], NACLIP [19], SC-CLIP[1], and ResCLIP
[62] only use CLIP. The incoherent patch features of CLIP
constrain their performance. LaVG [23], ProxyCLIP [28],
Trident [45], CLIPer [48], CASS [25], and FreeDA [2] use
foundation models to alleviate CLIP’s limitation. However,
they do not effectively confine the scope of correlations.

The quantitative results are summarized in Tab. 1. All
three variants of our CorrCLIP demonstrate superior per-
formance across eight benchmarks, significantly outper-
forming other methods. In particular, CorrCLIP achieves
increases of 5.2%, 8.4%, and 3.7% in averaged mIoU
across three variants. We also compare our approach with
several state-of-the-art training-based methods [7, 10, 29,
53, 54]. CorrCLIP surpasses weakly-supervised meth-
ods and narrows the gap to fully-supervised ones. It fur-
ther demonstrates superior generalization by outperforming
fully-supervised models on out-of-distribution datasets, as
detailed in the supplementary.

In Fig. 4, we provide qualitative comparisons of our
method, CorrCLIP, with ClearCLIP [27], ProxyCLIP [28],
SC-CLIP [1], and Trident [45]. Due to the explicitly re-
stricted interaction scope, our method correctly identified
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Figure 4. Qualitative comparison between our method CorrCLIP and the other four methods. “GT” denotes ground truth.

SR VR MC FR VOC21 PC60 Object ADE City

53.6 31.9 32.0 19.3 30.5
✓ 68.1 39.6 41.5 24.0 42.0
✓ ✓ 68.5 40.3 42.0 24.0 43.2
✓ ✓ ✓ 72.5 42.0 43.7 25.3 48.3
✓ ✓ ✓ ✓ 74.8 44.2 43.7 26.9 49.4

Table 2. Impact of integrating different components.

objects misclassified by other approaches. Our method also
demonstrates strong object continuity and significantly re-
duces noise compared to other methods. Additional quali-
tative comparisons are provided in the supplementary.

4.4. Ablation Study
We perform a series of ablation studies to investigate the
effects of each component in our method.
Impact of Integrating Different Components. We in-
vestigate the impact of four components of CorrCLIP out-
lined in Tab. 2. These components are scope reconstruc-
tion (SR), value reconstruction (VR), map correction (MC),
and feature refinement (FR). We use ClearCLIP [27] as
the baseline, which substitutes query-key with query-query
and removes the feed-forward network and residual connec-
tions. SR significantly enhances CLIP’s segmentation per-
formance, yielding improvements of 14.5%, 7.7%, 9.5%,
4.7%, and 11.5% mIoU on VOC, PC, Object, ADE, and
City, respectively. VR has a further improvement. Incorpo-
rating MC and FR also leads to performance gains. These
results demonstrate the effectiveness of each component.

Method VOC21 PC60 Object ADE City

SCLIP[51] 59.6 31.7 33.5 16.5 32.3
+SR 66.5+6.9 35.9+4.2 37.0+3.5 19.8+3.3 39.0+6.7

ProxyCLIP[28] 61.3 35.3 37.5 20.2 38.1
+SR 67.0+5.7 38.2+3.1 41.7+4.2 21.6+1.4 40.8+2.7

SC-CLIP[1] 64.6 36.8 37.7 20.1 41.0
+SR 66.0+1.4 37.9+1.1 38.8+1.1 20.9+0.8 42.4+1.4

Table 3. Effectiveness of Scope Reconstruction on other methods.

The computational costs of each component and the cor-
responding analyses are presented in the supplementary.
Effectiveness of Scope Reconstruction. Our proposed
scope reconstruction can be seamlessly integrated into other
methods [1, 28, 51]. As shown in Tab. 3, our SR can further
enhance the performance of these methods, as they do not
explicitly confine the scope of correlations. Additionally,
a key limitation of the SR process is the required down-
sampling of generated masks to match the low-resolution
patch feature map, which can introduce quantization errors.
We hypothesize that mitigating this error by increasing the
mask resolution would improve performance. To validate
this, we upsample the patch feature map via interpolation to
generate larger final masks. As shown in Tab. 4, the results
confirm our hypothesis: SR performance steadily improves
with mask size, underscoring the benefit of reducing down-
sampling errors. However, since upsampling is highly time-
and memory-intensive, we set the final mask size to 42×42.
Ablation Study on Value Reconstruction. We explore the
effect of different features used to compute the similarity
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Mask Size VOC21 PC60 Object ADE City

No SR 53.6 31.9 32.0 19.3 30.5
21×21 64.7 37.8 39.5 22.8 38.4
42×42 68.1 39.6 41.5 24.0 42.0
63×63 69.3 40.1 42.3 24.4 43.3
84×84 70.2 40.7 43.0 24.8 44.7

Table 4. Impact of the final masks’ size on scope reconstruction.

Sim Model VOC21 PC60 Object ADE City

Unif - 73.4 43.4 43.8 26.6 47.0
Q-K CLIP-B 69.5 41.6 42.4 25.7 45.1
Q-Q CLIP-B 73.8 43.4 44.3 26.7 48.0
X-X DINO-B 73.4 43.8 43.1 26.9 49.0
QK-QK DINO-S 74.3 43.9 43.7 26.8 48.3
QK-QK DINO-B 74.2 44.0 43.4 26.8 49.1

Table 5. Effect of different features used to compute the similarity
values after scope reconstruction. “Unif” denotes all patches have
the same similarity. “X” denotes output features.

Cluster VOC21 PC60 Object ADE City

× 74.2 44.0 43.4 26.8 49.1
✓ 74.8 44.2 43.7 26.9 49.4

Table 6. Effectiveness of mask merging.

values after SR. As shown in Tab. 5, our proposed com-
bination of DINO’s query and key embeddings yields the
best average performance. Note that features from smaller
DINO (ViT-S) also show comparable performance. Inter-
estingly, we found that even without computing similarity
(i.e., uniform similarity across all patches), our method still
achieves strong performance. Meanwhile, CLIP’s original
query-key computation mechanism yields inferior results
due to its generation of highly incoherent similarity values.
However, it still outperforms existing SOTA methods, fur-
ther validating the effectiveness of our proposed SR.
Effectiveness of Mask Merging. We explore the effective-
ness of mask merging on multiple benchmarks. As shown
in Tab. 6, mask merging boosts segmentation performance
across all datasets, as enhanced intra-class correlations out-
weigh the adverse effects of inter-class correlations. This
is reasonable because mask merging generally introduces
high-similarity inter-class correlations, which have less ad-
verse effects on CLIP’s segmentation performance.
Ablation Study on CLIP. We investigate the effect of dif-
ferent types and sizes of CLIP models on CorrCLIP. We
focus on four specific types of CLIP: CLIP [41], Open-
CLIP [9], MetaCLIP [60], and DFNCLIP [17]. These mod-
els share the same architecture and only differ from train-
ing data and processes. As shown in Tab. 7, the segmenta-
tion performance of the original CLIP and ClearCLIP (our
adopted baseline) does not improve with the enhancement
of CLIP’s zero-shot classification capability. In contrast,
our method’s segmentation performance is positively corre-

Type Size Acc Plain ClearCLIP CorrCLIP

CLIP

ViT-B

68.3 12.7 37.8 47.0
OpenCLIP 70.2 13.9 38.6 48.1
MetaCLIP 72.1 11.0 37.7 49.1
DFNCLIP 76.2 12.6 39.4 49.5
CLIP

ViT-L

75.5 5.3 35.2 49.0
OpenCLIP 75.3 11.3 32.1 48.7
MetaCLIP 79.2 4.6 35.1 51.6
DFNCLIP 81.4 2.6 34.6 50.7

OpenCLIP
ViT-H

78.0 7.5 35.5 50.2
MetaCLIP 80.5 3.2 24.0 50.2
DFNCLIP 83.4 1.3 34.4 50.6

Table 7. Impact of varied CLIP on the performance of different
OVSS methods. OVSS performance is evaluated on five bench-
marks without the background class. “Acc” is the zero-shot accu-
racy on ImageNet [13].

Semantic Spatial VOC21 PC60 Object ADE City

72.5 42.0 43.7 25.3 48.3
✓ 74.1 43.2 44.0 26.5 47.6

✓ 72.9 43.3 42.6 26.4 49.9
✓ ✓ 74.8 44.2 43.7 26.9 49.4

Table 8. Effectiveness of the spatial branch and semantic branch.

lated with CLIP’s zero-shot capability, demonstrating that
our approach fully exploits the potential of CLIP.
Ablation Study on Additional Branches. We investigate
the roles of our proposed two additional branches, as shown
in Tab. 8. The semantic and spatial branches improve seg-
mentation performance on most datasets. However, their
individual application leads to performance degradation on
the City and Object datasets, as modifying the final patch
features may disrupt the alignment between patches and cat-
egory embeddings. Combining the two branches synergisti-
cally enhances their effects, guaranteeing consistent perfor-
mance improvements across all evaluated datasets.

5. Conclusion
In this paper, we reveal that inter-class correlations signif-
icantly impair CLIP’s segmentation performance. Accord-
ingly, we propose scope reconstruction to confine the scope
of patch interactions, reducing inter-class correlations. To
alleviate the problem that scope reconstruction cannot com-
pletely eliminate inter-class correlations, we present value
reconstruction to compute more coherent similarity val-
ues, reducing the weight of inter-class correlations. More-
over, we introduce feature refinement to enhance the spa-
tial granularity and semantic richness of patch features
and map correction to improve the spatial consistency of
segmentation maps. Armed with the above designs, our
method significantly enhances CLIP’s segmentation capa-
bility and demonstrates superior performance across eight
benchmarks.
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