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Abstract

This paper studies open-vocabulary segmentation (OVS)
through calibrating in-vocabulary and domain-biased em-
bedding space with generalized contextual prior of CLIP.
As the core of open-vocabulary understanding, alignment
of visual content with the semantics of unbounded text has
become the bottleneck of this field. To address this chal-
lenge, recent works propose to utilize CLIP as an addi-
tional classifier and aggregate model predictions with CLIP
classification results. Despite their remarkable progress,
performance of OVS methods in relevant scenarios is still
unsatisfactory compared with supervised counterparts. We
attribute this to the in-vocabulary embedding and domain-
biased CLIP prediction. To this end, we present a Semantic-
assisted CAlibration Network (SCAN). In SCAN, we incor-
porate generalized semantic prior of CLIP into proposal
embedding to avoid collapsing on known categories. Be-
sides, a contextual shift strategy is applied to mitigate the
lack of global context and unnatural background noise.
With above designs, SCAN achieves state-of-the-art per-
formance on all popular open-vocabulary segmentation
benchmarks. Furthermore, we also focus on the problem
of existing evaluation system that ignores semantic dupli-
cation across categories, and propose a new metric called
Semantic-Guided IoU (SG-IoU). Code is available here.

1. Introduction

Semantic segmentation is one of the most fundamental
tasks in computer vision, which targets at assigning se-
mantic category to pixels in an image. Despite achiev-
ing excellent performance in recent years [2, 11, 13, 17,
29, 30, 37, 40, 46], traditional semantic segmentation ap-
proaches rely on predefined sets of training categories. Con-
sequently, these methods falter when encountering cate-
gories absent during the training phase, significantly im-
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Figure 1. [Illustration of existing two-stage methods and our
SCAN. Limited by domain-biased CLIP classification and in-
vocabulary model classification, existing methods struggle to align
visual content with unbounded text. By incorporating generalized
semantic guidance of CLIP to proposal embedding and perform
contextual shift, our SCAN achieves excellent OVS performance.

peding their real-world applicability. Such challenge has
inspired the exploration of Open-Vocabulary Segmentation
(OVS) setting [8, 12, 14, 16, 22, 31, 45, 53]. Different from
traditional closed-set segmentation, OVS methods can seg-
ment arbitrary categories given only text inputs as guidance,
which has many potential applications such as autonomous
navigation for UAV [4, 42] and UGV [20], mobile crowd-
sensing [5, 26], large scale robot swarm collaborations [39].

It is extremely challenging to accurately identify un-
seen categories without the intervention of external knowl-
edge. Therefore, an intuitive idea is to introduce large-
scale vision-language model [19, 38] trained with numerous
sources to extend the semantic space of segmentation mod-
els. Motivated by this, some studies [8, 12, 48, 49] adopt
a two-stage pipeline. This approach first generates class-
agnostic mask proposals with segmentation models, follow-
ing which the pre-trained CLIP [38] serves as an additional
classifier to execute mask-level visual-linguistic alignment.
The objective is to recognize open-vocabulary concepts by
combining the prior knowledge of both CLIP and segmen-
tation models. Despite advancements under this paradigm,
its capacity to align visual content with unbounded text
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still falls below the anticipated outcomes considerably. As
shown in Figure | (a), we analyze this contrast mainly
stems from two aspects: 1) the proposal embedding of seg-
mentation model is turned to fit training semantic space,
making segmentation model classification collapse into in-
vocabulary prediction and insensitive to novel concepts. 2)
the visual inputs for pre-trained CLIP have significant do-
main bias. Specifically, to highlight the target area and miti-
gate the influence from undesired regions, the input to CLIP
is sub-images after cropping and masking, which deviates
significantly from the natural image distribution, i.e., the
visual domain of pre-trained CLIP. Such bias leads to the
loss of contextual guidance as well as incorrect background
prior, and thus impairs the performance.

Therefore, a natural question arises: how to introduce
unrestricted knowledge space while mitigating domain bias
caused by unnatural background and providing global con-
text? It occurred to us that CLIP has well-aligned visual-
linguistic space and strong capability of detecting latent se-
mantics from natural images. The [CLS] token embed-
ding extracted by CLIP condenses the context of the whole
image and implicitly expresses the associated semantic dis-
tribution. With this semantic assistance, feature space of
proposal embedding and the biased visual domain of CLIP
can be calibrated towards more generalized recognition.

Inspired by this, we present a Semantic-assisted CAl-
ibration Network (SCAN). On the one hand, SCAN em-
ploys a semantic integration module designed to incorpo-
rate the global semantic perception of original CLIP into
proposal embedding. It extends the semantic space and
alleviates the potential degradation towards in-vocabulary
classification. On the other hand, we propose a contextual
shift strategy to advance the open-vocabulary recognition
ability of CLIP for domain-biased images. By replacing
background tokens with appropriate contextual representa-
tions, i.e., [CLS] embedding of whole image, this strat-
egy mitigates domain bias at the feature level through se-
mantic complementation. With above designs calibrating
both in-vocabulary and out-vocabulary semantic space, our
SCAN achieves the best performance on all popular open-
vocabulary semantic segmentation benchmarks. Extensive
experiments and analysis also demonstrate the rationality of
our motivation and proposed modules.

Apart from the above contribution, we also focus on the
problem of current evaluation system that neglects semantic
relationships among different categories. For example, “ta-
ble” and “coffee table” exist in ADE20K-150 [54] dataset
as different class simultaneously and the model needs to
accurately distinguish between them. If a model assigns
“table” tag to a region whose ground truth label is “coffee
table”, it will be considered incorrect. We believe that un-
der open-vocabulary scenarios, correct recognition of gen-
eral semantics is sufficient, and there is no need to make

this level of detailed hierarchical distinction. To this end,

we present a new metric called Semantic-Guided IoU (SG-

IoU), which takes semantic relationships between different

categories into account during IoU calculation.

Our contributions can be summarized as follows:

* We present a Semantic-assisted Calibration Network
(SCAN) to boost the alignment between visual content
with unbounded linguistic concepts and thus improve
open-vocabulary segmentation performance.

* We propose semantic integration module to alleviate in-
vocabulary degradation of proposal embedding assisted
by original CLIP. Besides, contextual shift strategy is ap-
plied to achieve domain-adapted alignment, mitigating
the lack of global context and invalid background noise.

* We propose a new evaluation metric called Semantic-
Guided IoU (SG-IoU). It takes the semantic relationships
of different categories into account, which is more com-
patible with the open-vocabulary setting.

* Our SCAN achieves state-of-the-art on all popular bench-
marks with both vanilla mIoU and our proposed SG-IoU
as metric. Extensive experiments are conducted to prove
the effectiveness and rationality of the proposed modules.

2. Related Work

Open-Vocabulary Segmentation. The open-vocabulary
segmentation task aims to segment an image and identify
regions with arbitrary text queries [1, 12, 34, 45]. Pioneer-
ing work [45] replaces the output convolution layer by com-
puting the similarity between visual features and linguistic
embeddings, which has become common practice. More
recently, a two-stage pipeline [8, 12, 27, 48, 49] is pro-
posed: the model first generates class-agnostic mask pro-
posals, then a pretrained CLIP [38] is utilized to perform
sub-image classification by cropping and masking corre-
sponding regions. Afterward, the prediction of CLIP is
ensembled with the classification results of segmentation
model. With the combination of both in-vocabulary and
out-vocabulary classification, these methods obtains excel-
lent improvement. Subsequently, SAN [50] designs a side-
adapter network to leverage CLIP features for decoupling
segmentation and classification. OVSeg [27] observes that
masked background regions affect the recognization ability
of CLIP due to the distribution difference. Thus, it proposes
to finetune the pretrained CLIP with such images and col-
lect a domain-biased training dataset. Aiming to improve
model efficiency, GKC [14] presents text-guided knowledge
distillation strategy to transfer CLIP knowledge to specific
classification layer. Although above methods have made
remarkable progress, they are still susceptible to bounded
training semantic space due to the crucial learnable part ex-
ists in framework. To address the overfitting and domain-
biased problems, we propose SCAN that calibrates both in-
vocabulary and out-vocabulary space with the assistance of

3492



I\ spatial tokens

LT —[111

Ori. CLIP

Semantic Integration Module :
l Matching

Transformer,

Encoder

Image Enc. |

: —
Cross Attn‘n' —T H

T N proposal embeddings

Segmentation M| — | N mask proposals

Model

Mask & Crop

O : seg. model embedding ¢%: learnable

/\: spectral filter

: frozen

i

Figure 2. Pipeline of SCAN. Firstly, a segmentation model is used to generate class-agnostic masks and corresponding proposal embeddings
for cross-modal alignment. To avoid collapse into known categories, the proposal embeddings are calibrated by integrating global semantic
prior of CLIP in Semantic Integration Module. Besides, the cropped and masked images are input to Contextual Shifted CLIP for domain-
adapted classification. Finally, the matching scores of both model embeddings and CLIP are combined to assign category labels.

global semantic prior of CLIP.

Vision-Language Pre-training. Vision-language pre-
training aims to learn a joint visual-linguistic repre-
sentation space. Limited to small-scale datasets, early
approaches [6, 23, 25, 33, 36] struggled to achieve good
performance and required fine-tuning on downstream
tasks. With the availability of large-scale web data, recent
works [18, 38] have showed the advantages of leveraging
such data to train a more robust multi-modal representation
space. Among them, CLIP [38], the most popular vision-
language method, leverages the idea of contrastive learning
to connect images with their corresponding captions and
has achieved impressive cross-modal alignment perfor-
mance. Inspired by previous works [8, 22, 24, 49], we also
take advantage of the well-aligned and generalised space of
CLIP to enhance open-vocabulary segmenation.

3. Method

Figure 2 shows the pipeline of SCAN. The framework fol-
lows two-stage paradigm, i.e., we first take a segmentation
model [7] to generate a group of class-agnostic mask pro-
posals My € RN*HXW and corresponding proposal em-
beddings Fiy € RV*C where N and C indicate the num-
ber of learnable queries and embedding dimension. H, W
denote the spatial size of input image. The proposal em-
beddings are leveraged to align with linguistic features for
model-classification. In our SCAN, a Semantic Integration
Module (SIM) is proposed to transfer global semantic prior
originated from CLIP into proposal embeddings F, which
calibrates the model feature space to accommodate both

in-vocabulary and out-vocabulary semantics. On the other
hand, mask proposals My are used to generate sub-images
by cropping and masking related regions from input natural
image. The processed sub-images are sent to CLIP [38] for
classification at the mask level. We propose a Contextual
Shift strategy (CS) to alleviate the domain bias and noise
caused by masked background pixels and improve the clas-
sification performance of CLIP for such sub-images. Fi-
nally, the classification results from both CLIP and proposal
embeddings are combined for output.

3.1. Semantic Integration Module

The learnable proposal embedding used for model classi-
fication suffers from overfitting to training semantics and
insensitive to novel categories. To relieve this problem, we
propose the Semantic Integration Module (SIM). The core
idea of SIM is to calibrate the semantic response of mask
proposal embeddings by incorporating the prior knowledge
of CLIP [38]. In SIM, we use a frozen CLIP to extract im-
plicit semantics of the input image I € R *"W >3 and ob-
tain the progressive features { iy, Fiop g}, where Fiyy €
R11* 15 %C and Fl, s € RY™C denote the output of i-th
layer in CLIP image encoder. To fully utilize the coarse-
grained and fine-grained perception of CLIP, we introduce
both the spatial tokens F'gyyy and the general [CLS] token
Fe s into proposal embeddings.

Considering that the purpose of feature integration is to
benefit high-level semantic matching, directly interacting
with spatial token embedding F'yy may bring harmful tex-
ture noise due to local details involved in Fgypy. Some
theoretical researches [43, 51, 52] about neural network
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from spectral domain propose that low-frequency compo-
nents correspond to high-level semantic information while
ignoring details. Inspired by that, we design a simple
low-frequency enhancement structure to suppress potential
noise. Take F'};y; as an example, the process of performing
low-frequency enhancement can be represented by:

g' = Gaussian(h,w, o),

F, = FFT(Fipy) * g, 1)
F! = IFFT(ReLU(Conv(F))) + Fiy,

where F'F'T and I F'F'T are Fourier transform and Fourier
inverse transform. ¢’ denotes the filtering coefficient map
with the same spatial size of the feature F}; ;. The center of
the coefficient map has the value of 0 and increases around
in the form of Gaussian (without spectrum centralization,
the center of the spectrum after FFT is high frequency, and
the surrounding is low frequency). o is cutoff frequency and
* means element-wise product.

After performing low-frequency enhancement on se-
lected CLIP layers, we concatenate the enhanced features
to Iy, € RmM*1ax T1 xC where m denotes the number of se-
lected CLIP layers. Then, the content prior of Fj is injected
to proposal embeddings F by multi-head cross-attention
with F'y as the Query and F as the Key and Value:

Fy = MHA(Fy, Fy, Fy), 2)

where MHA indicates vanilla multi-head attention and
F}; € RVXC N is the number of learnable query.

The role of proposal embedding F'); is to align with un-
bounded linguistic features, while the spatial tokens in the
middle layer of CLIP have not actually been transformed
into the vision-language unified space. Thus, we further
leverage the aligned CLIP visual embedding F/"$'
R'*€ to bridge the gap between visual and linguistic space.
We add the F/"¢" to F}; with a learnable factor + initial-
ized as 0.1 under the help of broadcast mechanism. Then
the features are fully interacted in transformer encoder layer
and generate the final aligned proposal embeddings F]{,m“l.
This process can be formulated as:

Fi" = Trans.Enc.(Fy 4+~ % FLsh). (3)

3.2. Contextual Shift

By taking pre-trained CLIP [38] as an extra classifier, pre-
vious two-stage approaches expect to exploit the powerful
generalization capability of CLIP to tackle novel classes.
But the reality is not as perfect as it seems. As Figure 3
shows, the image domain has been greatly shifted from nat-
ural distribution due to the masked patches. Such domain
bias, coupled with the lack of global context, can dramat-
ically deteriorate the recognition ability of CLIP. Besides,
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Figure 3. Illustration of image domain bias and corresponding
detriment to vision-language alignment. The right side shows
the classification confidence for masked images. “Ori.CLIP” and
“CS.CLIP” demonstrate the original CLIP and our contextual
shifted CLIP, respectively.
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Figure 4. Process of applying contextual shift strategy.

the shape of masked pixels also interferes with CLIP predic-
tions. Masking background forces corresponding regions
to the same value, which imposes strong erroneous prior.
For example, a plane in the sky is masked. The shape of
the plane still causes related response while it is difficult to
recognize the concept of “sky” in the foreground due to its
irregularity and unnatural background.

To address this issue, we propose the Contextual Shift
(CS) strategy. The key idea of CS is to replace the back-
ground token embeddings with global [CLS] token gen-
erated by original CLIP from whole image during the for-
ward process. Considering the different sizes and shapes of
various segmentation masks, we randomly replace a certain
percentage « of the background areas in selected layers of
CLIP. Take the k-th segmentation masks as example, the
vanilla forward process of CLIP for region classification is:

Fl =

{ Vi(S§(I, My)), ifi=0 @

Vi(FiL), ifi >1

where V¢ denotes the i-th layer of CLIP visual encoder. F,
is the output features of i-th layer. § indicates the crop and
mask operation for generating sub-images. M}, and I are
segmentation mask and original input image, respectively.
With the CS strategy that introducing context prior within
global [CLS] token embedding generated by original CLIP
from natural image, the updated forward process can be for-
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Figure 5. Explanation of potential problems exist in the current
evaluation system. There exists severe semantic duplication, i.e.,
synonyms and parent categories, in benchmarks, while current
metric does not take the semantic relationships between different
categories into account.

mulated as:
_ VI(O(I, My)), ifi=0
El =< VYFIY (Mg, Firg ), ificide  (5)
Vi(Fi-1), if others

where F;' is [CLS] embedding generated by (i-1)-th
CLIP layer from natural input image. idx indicates the
selected replacing layers of CLIP. (Fit|(My, Fls,s, @)
means replace a% of the mask background area with the
[CLS] embedding Frs extracted from original image.
The process is illustrated in Figure 4.

On the one hand, the global [CLS] embedding obtained
from natural image can provide contextual information to
relieve the domain bias and aid semantic prediction. On
the other hand, such random replacing operation disrupts
the shape of the background area, reducing the effect of er-
ror distribution of consistent background pixels. As shown
in Figure 3, CS strategy can greatly improve the cross-
modal alignment of domain-biased images with the afore-
mentioned advantages. Besides, to better adapt CLIP to the
shifted domain, we also follow OVSeg [27] to finetune the
contextual shifted CLIP on the masked images dataset [27].
The dataset is collected from COCO Caption [3].

3.3. Semantic-Guided Evaluation Metric

Existing OVS works tend to directly take supervised seman-
tic segmentation benchmarks with mIoU metric for eval-
uation. However, we observe that such evaluation is not
completely applicable to open-vocabulary settings. Specif-
ically, there exists severe semantic duplication, i.e., syn-
onyms or hypernyms, in these supervised benchmarks. For
example, “chair”, “armchair”, and “swivel chair” exist in
the ADE20K-150 dataset [54] as different class simulta-
neously. As Figure 5 shows, if a model assigns “chair”
tag to a region but the corresponding ground truth label is
“armchair”, it will be considered incorrect in the existing
evaluation system. Such category setting and evaluation is
appropriate for closed-set segmentation tasks because their
models are trained to distinguish between these fine-grained

concepts. But for open-vocabulary segmentation setting, we
argue that the responsibility of the model is to discern the
correct semantic, e.g., it should also be correct if models
recognize the regions belong to “armchair” as “chair”. In
addition, since the required categories are manually given
under real scenarios, users will not be inclined to give se-
mantic duplicated categories.

Inspired by this observation, we propose to reorganize
the calculation process of mloU under existing popular
benchmarks and present a new metric called Semantic-
Guided IoU (SG-IoU) for open-vocabulary setting. The
core idea of SG-IoU is to take semantic relationships be-
tween different categories into account when calculating
whether a prediction is consistent with the ground truth.
Specifically, we manually determine the hierarchical rela-
tions among various categories and obtain a series of cat-
egory semantic association matrix. When calculating the
intersection between prediction and ground truth, regions
predicted to be corresponding parent or synonymous classes
are also taken into account. In addition, we employ a bal-
ance factor to avoid erroneous metric boosts due to the po-
tential overfavouritism of the model to the parent categories.
This factor is related to the accuracy of the parent classes.
Take g-th class as an example, the calculation process can
be formulated as:

P,G, + PGy * 3 PGy + PoG
SG-IU _ 974 QYq , — QYq QY Q
? (q) Pq"‘Gq_Pqu Pq

(6)

where Po G, means the predicted class is ) and the ground
truth category is ¢. @ is the synonyms and parent categories
of ¢q. (3 is the balance factor. Due to limited space, please
see more descriptions and demonstration of the category se-
mantic association in supplementary materials.

4. Experiments
4.1. Datasets and Evaluation Metrics

Training Dataset Following previous works [8, 21, 27, 49,
50], we train the segmentation model of our SCAN on
COCO-Stuff [28] with 171 categories. CLIP [38] for mask-
level classification is finetuned on masked images dataset
proposed by OVSeg [27]. The dataset is collected from
COCO Captions [3].
Evaluation Dataset To evaluate the effectiveness of our
method, we conduct extensive experiments on the popular
image benchmarks, ADE20K150 [54], ADE20K847 [54],
Pascal VOC [10], Pascal Context-59 [35], and Pascal
Context-459 [35].

ADE20K is a large-scale scene understanding bench-
mark, containing 20k training images, 2k validation im-
ages, and 3k testing images. There are two splits of
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Table 1. Performance comparison with state-of-the-art methods. SimSeg+ [49] is trained with a subset of COCO Stuff in their paper. For a
fair comparison, we reproduce their method on the full COCO Stuff with their officially released code. RN101: ResNet-101 [15]; EN-B7:
EfficientNet-B7 [41]. ADE, PC, and VOC denote ADE20K [54], Pascal Context [35], and Pascal VOC [10], respectively.

Method VL-Model Training Dataset ADE-150 ADE-847 PC-59 PC-459 VOoC
Group-VIT [47] rand. init. CCI2M+YFCC - - 224 - 52.3
LSeg+ [22] ALIGN RN101 COCO 13.0 2.5 36.0 52 59.0
OpenSeg [12] ALIGN RN101 COCO 153 4.0 36.9 6.5 60.0
LSeg+ [22] ALIGN EN-B7 COCO 18.0 3.8 46.5 7.8 -

OpenSeg [12] ALIGN EN-B7 COCO 21.1 6.3 42.1 9.0 -

OpenSeg [12] ALIGN EN-B7 COCO+Loc. Narr. 28.6 8.8 48.2 12.2 72.2
SimSeg [49] CLIP ViT-B/16 COCO 20.5 7.0 47.7 8.7 88.4
SimSegT [49] CLIP ViT-B/16 COCO 21.1 6.9 51.9 9.7 91.8
OVSeg [27] CLIP ViT-B/16 COCO 24.8 7.1 533 11.0 92.6
MAFT [21] CLIP ViT-B/16 COCO 29.1 10.1 535 12.8 90.0
SAN [50] CLIP ViT-B/16 COCO 27.5 10.1 53.8 12.6 94.0
SCAN (Ours) CLIP ViT-B/16 COCO 30.8 10.8 58.4 13.2 97.0
MaskCLIP [9] CLIP ViT-L/14 COCO 23.7 8.2 459 10.0 -

SimSegT [49] CLIP ViT-L/14 COCO 21.7 7.1 522 10.2 92.3
OVSeg [27] CLIP ViT-L/14 COCO 29.6 9.0 55.7 12.4 94.5
ODISE [48] CLIP ViT-L/14 COCO 29.9 11.1 57.3 14.5 -

SAN [50] CLIP ViT-L/14 COCO 32.1 12.4 57.7 15.7 94.6
SCAN (Ours) CLIP ViT-L/14 COCO 33.5 14.0 59.3 16.7 97.2

this dataset. ADE20K-150 contains 150 semantic classes
whereas ADE20K-847 has 847 classes. The images of both
are the same. Pascal Context is an extension of Pascal VOC
2010, containing 4,998 training images and 5,005 validation
images. We take the commonly used PC-59 and challeng-
ing PC-459 version for validation. Pascal VOC contains
11,185 training images and 1,449 validation images from
20 classes. We use the provided augmented annotations.
Evaluation Metric Following previous works [8, 12, 49],
we take the mean-intersection-over-union (mloU) as the
metric to compare our model with previous state-of-the-art
methods. In addition, we also report the corresponding re-
sults measured by our proposed SG-IoU.

4.2. Implementation Details

For segmentation model, our implementation is based on
detectron2 [44]. All image-based models are trained
with batch size of 32 and training iteration of 120k. The
base learning rate is 0.00006 with a polynomial sched-
ule. The shortest edge of input image is resized to 640.
For data augmentation, random flip and color augmenta-
tion are adopted. The weight decay of the segmentation
model is 0.01. The backbone of segmentation model is
Swin Transformer-Base [32]. The CLIP [38] version is ViT-
L/14, implemented by OpenCLIP. For the weights of the
loss function, we set 5 and 2 for segmentation loss and clas-
sification loss, respectively. The segmentation loss consists
of dice loss and cross entropy loss. The classification loss is
cross entropy loss. Other hyperparameters are the same as

Mask2Former [7]. For fine-tuned CLIP, the training process
is the same as OV Seg [27].

4.3. Main Results

We compare our model with existing state-of-the-art ap-
proaches in Table 1. To make it clear, we group the meth-
ods according to the utilized vision-language model and re-
port the performance of our SCAN with CLIP ViT-B/16 as
well as ViT-L/14 [38]. It can be seen that with global dis-
tribution prior, our model achieves the best performance on
all popular benchmarks under both ViT-B and ViT-L. With
ViT-B/16, our model reaches 30.8 and 58.4 on ADE-150
and PC-59, surpassing previous methods by a large margin.
For ViT-L/14, our SCAN overpasses previous state-of-the-
art by about 1.5% on ADE-150 and ADE-847. On PC-59
and PC-459, SCAN achieves 59.3 and 16.7, respectively.

4.4. Evaluation with SG-IoU

The above comparisons are based on vanilla evaluation sys-
tem. As explained in Section 3.3, there exists problems
when directly using traditional mloU as evaluation metric
for open-vocabulary segmentation performance under exist-
ing datasets. Therefore, we also report the results evaluated
with the proposed SG-IoU in Table 2. By taking seman-
tic relationships between different categories into account,
the performance would improve and the gap between vari-
ous methods is also different from Table 1. More analysis
please see the supplementary materials.
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Table 2. Evaluation with SG-IoU as metric of our SCAN and some
open-source methods. For the sake of comparison, we report the
results of vanilla mIoU in gray color.

Method ADE-150 ADE-847 PC-459
SimSeg[49] 22.6/20.5 8.1/7.0 9.3/8.7
OVSeg [27] 30.5/29.6 9.5/9.0 12.7/12.4
MAFT [21] 30.3/29.1 11.5/10.1 13.4/12.8
SAN [50] 33.7/32.1 13.2/12.4 16.2/15.7
SCAN(Ours) 34.2/335 14.6/ 14.0 17.2/16.7

Table 3. Ablation experiments on the proposed modules.

Method ADE-150 ADE-847 PC-59

Baseline 31.5 11.4 57.1

+ SIM 329 13.3 58.6

+CS 32.8 12.6 58.3

+ Both 33.5 14.0 59.3

Table 4. Different structure design of Semantic Integration Mod-
ule(SIM). FéZL"; ! Fpw and LFE denote leveraging the final
[CLS] embedding, selected spatial token embeddings, and low-
frequency enhancement strategy, respectively.

FL"  Fyw LFE | ADE-150 ADE-847 PC-59

315 114 57.1

v 32.5 12.7 57.5

v 32.0 11.9 57.5

v v 32.6 13.0 58.1

v v 324 12.2 57.7

v v v 329 13.3 58.6

4.5. Ablation Study

Model Component Analysis Table 3 shows the abla-
tion study about the proposed Semantic Integration Module
(SIM) and Contextual Shift (CS) strategy. It can be seen
that when using SIM or CS alone, the model performance
improves because of the injection of CLIP global semantic
prior. When using both of them, the model achieves the best
performance on all benchmarks.

Analysis on Semantic Integration Module Table 4 re-
ports the influence of different structure design of SIM.
To verify the effectiveness precisely, corresponding experi-
ments are conducted without contextual shift strategy. It can
be seen that without any semantic guidance, the model per-
forms poorly. Since the final [CLS] embedding contains
rich semantic information and has been aligned with tex-
tual domain, incorporating it to proposal embeddings can
greatly prevent overfitting to training categories and im-
prove final performance. Besides, the spatial tokens from
middle layer of CLIP also contain local semantic percep-
tions and contribute to open-vocabulary segmentation. But
due to the potential high-frequency noise, the employed
spectral enhancement operation helps to fully utilize such
fine-grained semantic source. SIM achieves the best perfor-
mance when using all of them.

Table 5. Selected CLIP layers and frequency kernels for SIM.

Layers Kernel ADE-150  ADE-847 PC-59
15,18, 21 7,5,3 325 12.9 58.3
15,18, 21 9,7,3 324 13.0 58.5
12, 18, 24 7,5,3 333 13.6 58.9
12, 18, 24 9,7,3 33.5 14.0 59.3
12, 18,24 11,9,7 33.0 134 58.4

Table 6. Comparison of different substitution sources.

Method ADE-150  ADE-847  PC-59
None 32.7 13.3 58.6
Random noise 323 13.0 57.8
Original background 323 13.1 58.0
Learnable prompt 33.1 13.2 58.8
SCAN(Ours) 33.5 14.0 59.3

We also conduct experiments about the selected layer of
spatial token embeddings from original CLIP and the selec-
tion of frequency kernels, i.e., the cutoff frequency o. The
results are shown in Table 5. We can see that the spatial em-
beddings should hold information of multi-level granularity
rather than all from deep layers. We attribute this to the
complementary nature of the multi-granularity information.
Besides, an appropriate cut-off frequency is also required
due to the presence of undesirable texture noise.

Contextual Shift Strategy Here we compare different
source of substitution tokens for contextual shift strategy
as well as the influence of related location and ratios.

Sources of substitutions: to relieve the problems of do-
main bias, we randomly replace patch embeddings belong
to background area with [CLS] embedding from corre-
sponding layers of original CLIP with natural image as
input. We also experiment with other replacing strate-
gies under the same replacement percentage in Table 6.
Specifically, we trial with utilizing random noise to replace
(Random noise), randomly preserving the original pixels
(Original background), and with learnable tokens (Learn-
able prompt) [27]. Results show that although such strate-
gies can also disrupt the background shape, they struggles
to simultaneously maintain contextual semantics and miti-
gate domain bias, leading to performance degradation. Be-
sides, the learnable prompt is concerned about overfitting to
seen semantics. The mloU of taking learnable prompt is in-
creased on ADE-150 and PC-59 datasets, which are similar
to training space. But the performance drops on the more
challenging benchmark ADE-847.

Location and ratios of substitutions: Table 7 presents
the results of replacing background patches at different lay-
ers of CLIP with different ratios. It can be seen that the
replacing should occur at shallow layers. If the contextual
shift occurs after 11-th layer, the performance would drops.
We analyze this is because the biased background region is
already sensed by the shallow layers of CLIP and brings er-
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Figure 6. Visualization segmentation results. (a) and (b) demonstrate the excellent segmentation of our method for seen and unseen
categories. (c) and (d) displays the adaptability for flexible text query. Best viewed in color.

Table 7. Replacement ratios and layers within CS strategy.

Table 8. Improvement of model proposal embedding and domain-
biased CLIP classification, respectively.

Layers Ratios | ADE-150 ADE-847 PC-59
W/o Contexutal Shift - 32.9 133 58.6
1,3,5,7,9 10% 33.5 13.6 59.4
1,3,5,7,9 20% 33.1 13.8 59.5
1,3,5,7,9 30% 33.5 14.0 59.3
1,3,5,7,9 40% 32.9 13.6 59.3
1,3,5,7 30% 32.8 13.6 59.0
1,2,3,4,5 30% 322 13.2 589
11,13, 15,17, 19 30% 322 12.0 59.1

| ADE-150 | ADE-847 | PC-59
(a) Baseline
Only Mask Embedding 24.8 9.3 56.7
Only CLIP Embedding 27.7 10.0 48.2
Both 315 114 57.1
(b) Our SCAN
Only Mask Embedding | 26.31 (1.5) | 11.11 (1.8) | 57.91 (1.2)
Only CLIP Embedding | 28.91 (1.2) | 10.47 (0.4) [ 49.91 (1.7)
Both 33.51 (2.0) | 14.01 (2.6) | 59.31 (2.2)

roneous prior. For replacing ratios, we find that excessively
high proportion of replacement would make global context
impair local area judgements, as shown in Layers of (1, 3, 5,
7, 9) with 40% replacement ratios. The results of layers (1,
2,3, 4,5) with 30% replacement ratios also drops on ADE-
150 [54]. We posit that this can be attributed to the fact that
successive replacement tends to induce overly global repre-
sentation effects, which are akin to high replacement ratios.

Improvement of In-Vocabulary and Domain-Biased
Embedding To prove the proposed SIM and CS strategy
can relieve the overfitting problem of proposal embeddings
and image domain bias for CLIP, we test the performance
gains of using them alone. From Table 8 we can see that
by calibrating corresponding space, the cross-modal align-
ment of both mask embedding and CLIP embedding have
been remarkably improved. With both calibration on mask
embedding and CLIP embedding, performance is more sig-
nificantly improved.

4.6. Visualization

Figure 6 shows some segmentation cases of our SCAN. It
can be seen that our method achieves excellent segmenta-
tion performance on various scenarios. Specifically, (a) and

(b) demonstrate the excellent segmentation of our method
for seen and unseen categories. (c) and (d) display the
adaptability for flexible text query, e.g., change “tree” to
“palm” and “clothes” to “wedding dress”.

5. Conclusion

We present a Semantic-assisted CAlibration Network
(SCAN) in this paper to boost vision-language alignment
performance. In SCAN, SIM is proposed to calibrate the
mask proposal embedding and relieve the overfitting prob-
lem. To compensate global context and mitigate the image
domain bias, CS strategy is adopted for CLIP prediction.
Extensive experiments show that SCAN achieves state-of-
the-art performance on all popular open-vocabulary seg-
mentation benchmarks. Besides, we focus on the prob-
lem of existing evaluation system that neglects relationships
across classes, and propose a new metric called SG-IoU.
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by the National Natural Science Foundation of China
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