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Abstract

Open-vocabulary panoptic segmentation aims to segment and
classify everything in diverse scenes across an unbounded
vocabulary. Existing methods typically employ two-stage or
single-stage framework. The two-stage framework involves
cropping the image multiple times using masks generated
by a mask generator, followed by feature extraction, while
the single-stage framework relies on a heavyweight mask
decoder to make up for the lack of spatial position infor-
mation through self-attention and cross-attention in multiple
stacked Transformer blocks. Both methods incur substantial
computational overhead, thereby hindering the efficiency of
model inference. To fill the gap in efficiency, we propose
EOV-Seg, a novel single-stage, shared, efficient, and spatial-
aware framework designed for open-vocabulary panoptic seg-
mentation. Specifically, EOV-Seg innovates in two aspects.
First, a Vocabulary-Aware Selection (VAS) module is pro-
posed to improve the semantic comprehension of visual ag-
gregated features and alleviate the feature interaction burden
on the mask decoder. Second, we introduce a Two-way Dy-
namic Embedding Experts (TDEE), which efficiently utilizes
the spatial awareness capabilities of ViT-based CLIP back-
bone. To the best of our knowledge, EOV-Seg is the first
open-vocabulary panoptic segmentation framework towards
efficiency, which runs faster and achieves competitive perfor-
mance compared with state-of-the-art methods. Specifically,
with COCO training only, EOV-Seg achieves 24.5 PQ, 32.1
mIoU, and 11.6 FPS on the ADE20K dataset and the infer-
ence time of EOV-Seg is 4-19 times faster than state-of-the-
art methods. Especially, equipped with ResNet50 backbone,
EOV-Seg runs 23.8 FPS with only 71M parameters on a sin-
gle RTX 3090 GPU.

Introduction
Panoptic segmentation aims to assign a semantic label and a
unique instance identifier to each pixel in an image, actually
covering both semantic segmentation and instance segmen-
tation. Currently, several methods (Cheng et al. 2022; Hu
et al. 2023; Cavagnero et al. 2024) have established a unified
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Figure 1: (Top) Comparisons between three macro-
frameworks for open-vocabulary panoptic segmentation.
(Bottom) FPS w.r.t. PQ on the ADE20K datasets for open-
vocabulary panoptic segmentation.

framework capable of simultaneously addressing semantic,
instance, and panoptic segmentation tasks. However, they
are predominantly trained on specific datasets with small-
scale predefined categories. This constraint significantly re-
stricts their adaptability to novel scenarios that feature a di-
verse and extensive semantic vocabulary.

To overcome this limitation, there has been growing in-
terest in more flexible open-vocabulary segmentation, as ex-
plored in works such as (Xu et al. 2022b; Liang et al. 2023;
Qin et al. 2023; Zheng Ding 2023; Chen et al. 2023; Xu et al.
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(a) Input Image (b) GT (c) Grad-CAM (d) K-means

Figure 2: Visualization of Grad-CAM (Gildenblat and con-
tributors 2021) and K-means clustering of CNN-based
CLIP (Radford et al. 2021) backbone features (ConvNeXt-
L). (a) Input Image; (b) Ground Truth; (c) Grad-CAM shows
the features focusing on local instances; (d) K-means clus-
tering features produce semantically meaningful clusters.

2023a; Yu et al. 2023; VS et al. 2024). These approaches
leverage pre-trained Visual-Language Models (VLMs) like
CLIP (Radford et al. 2021) and ALIGN (Jia et al. 2021). De-
spite their innovative nature, these methods still encounter
prevalent issues. Firstly, as shown in Fig. 1 (a), several
methods (Xu et al. 2022b; Zheng Ding 2023; Liang et al.
2023) adopt a two-stage, non-shared, inefficient pipeline
that first generates category-agnostic masks, followed by an-
other Vision-Language Model (VLM) backbone that pro-
cesses image crops obtained from these masks to extract
features for individual classification, which results in high
visual feature computational overhead and loss of contextual
information. Secondly, alternatives (Yu et al. 2023; Li et al.
2024) employ a single-stage, shared, inefficient pipeline, as
illustrated in Fig. 1 (b). They take a single shared frozen
CNN-based CLIP visual encoder as backbone to extract
multi-scale features, which is suitable for image segmenta-
tion tasks with high-resolution images. However, as shown
in Fig. 2 (c) and (d), we experimentally observe that the
CNN-based CLIP backbone only endows features with the
capabilities to discriminate instances while lacking the spa-
tial location capabilities. This results in that they often em-
ploy a heavyweight mask decoder consisting of many trans-
former layers, including self-attention and cross-attention
mechanisms (self-attention captures contextual information
between different queries, whereas cross-attention focuses
on specific regions of the feature maps that are relevant to
each query to provide awareness of spatial detail) to com-
pensate for the lack of spatial aware capabilities, leading
to unacceptable computational overhead and slower infer-
ence speed. In contrast, recent advances in Visual Founda-
tion Models (VFMs), such as DINOv2 (Oquab et al. 2023),
SAM (Kirillov et al. 2023), and CLIP (Radford et al. 2021),
those utilizing Vision Transformer (ViT) (Dosovitskiy et al.
2021) architectures as backbones, have demonstrated excep-
tional zero-shot generalization capabilities. Through qual-
itative analysis, as illustrated in Fig. 3, we observed nu-
anced distinctions in the feature representations across dif-
ferent blocks within these models, revealing insights into
their discriminative and spatial localization capabilities. For
instance, the clustering of features in the last block of
SAM, depicted in Fig. 3 (c), demonstrates an ability for
fine-grained spatial location. However, the process of se-

quentially calculating block features results in obtaining
these last block features at a significant computational cost.
Conversely, as illustrated in Fig. 3 (d), the feature cluster-
ing of the first block in a ViT-based CLIP model reveals
fine-grained object locations with precision comparable to
SAM’s last block, yet achieves this with significantly less
computational overhead. Therefore, it naturally fits the role
of our spatial awareness extractor.

In response to these observations, we introduce EOV-
Seg: a novel single-stage, shared, efficient, and spatial-aware
framework for open-vocabulary panoptic segmentation as
illustrated in Fig. 1 (c). 1) Single-stage: We integrate the
mask generator and the text embeddings from CLIP text en-
coder as classifier into a single framework to implement end-
to-end open-vocabulary panoptic segmentation. 2) Shared:
Instance features extracted by the VLM backbone are shared
across classification and mask prediction while keeping im-
age and text features aligned. 3) Efficient: We propose a
Vocabulary-Aware Selection (VAS) module to guide the vi-
sual aggregated features to select the features that are more
relevant to the texts based on the semantic importance of
the texts, thereby improving the semantic comprehension of
visual aggregated features and alleviating the feature inter-
action burden on the mask decoder. This innovation allows
for the deployment of a lightweight decoder as a mask gen-
erator, cutting down on computational demands and speed-
ing up the inference process. 4) Spatial-aware: In view of
the observed advantages of ViT-based CLIP backbone, we
introduce a Two-way Dynamic Embedding Experts (TDEE)
to use weight allocation routers to evaluate the importance of
embeddings experts and dynamically allocate expert weights
to generate instance embeddings with semantic awareness
and spatial awareness for mask recognition.

Extensive experiments show that EOV-Seg runs faster and
achieves competitive performance compared with state-of-
the-art methods. In particular, with COCO training only,
EOV-Seg achieves 24.5 PQ, 32.1 mIoU, and 11.6 FPS on
the ADE20K dataset. When taking ResNet50 as backbone,
it runs 23.8 FPS with only 71M parameters on a single RTX
3090 GPU.

Related Work
Vision-Language Models. Vision-language pre-training
aims to learn multimodal foundation models with improved
performance on various vision-language tasks. Recently,
large-scale Vision-Language Models (VLMs), such as
CLIP (Radford et al. 2021) and ALIGN (Jia et al. 2021),
which are contrastively pretrained on billion-scale, internet-
sourced image-text pair datasets, have demonstrated
remarkable zero-shot performance on image classification
tasks. With the emergence of large Vision-Language
Models (VLMs), they have been employed across various
downstream vision tasks, including object detection (Gu
et al. 2021; Zhong et al. 2022; Mi et al. 2022; Wu et al. 2023;
Lin et al. 2024), image segmentation (Yue et al. 2024), video
understanding (Weng et al. 2023; Rasheed et al. 2023), 3D
scene understanding (Zhang et al. 2022; Zhu et al. 2023;
Qu, Wang, and Qi 2023; Qu et al. 2024; Gong et al. 2024).
In this paper, we are dedicated to exploring CLIP’s powerful
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(a) (b) DINOv2 (c) SAM (d) ViT-based CLIP

Figure 3: Visualization of K-means clustering of backbone features concerning different blocks across various VFMs.

instance discrimination and spatial awareness abilities to
advance open-vocabulary panoptic segmentation.
Open-Vocabulary Panoptic Segmentation. Open-
vocabulary panoptic segmentation is an emerging task in
the field of image segmentation, aimed at evaluating the
generalization ability to new visual categories that do not
exist in the training set. Most open-vocabulary panoptic
segmentation methods follow a two-stage pipeline. For
example, MaskCLIP (Zheng Ding 2023) refines generated
masks using transformer-based visual encoder and relative
mask attention mechanism, combined with pre-trained CLIP
models for panoptic segmentation. FreeSeg (Qin et al. 2023)
proposes a unified, universal framework to seamlessly han-
dle multiple segmentation tasks through one-time training.
OSPNet (Chen et al. 2023) carefully designs embedding
modulation modules and multiple fine-grained components
for open-vocabulary segmentation. In contrast, some
methods adopt a single-stage framework. ODISE (Xu et al.
2023a) uses a text-to-image diffusion model to generate
mask proposals and perform classification. (Yu et al. 2023;
Li et al. 2024) builds a single-stage framework by using a
frozen CNN-based CLIP backbone, significantly surpassing
previous two-stage methods. However, these methods suffer
from high computational overhead, single-task focus, or
lack of spatial location information.

Method
Problem Definition. Given an input image I ∈ R3×H×W

and a set of candidate class labels C ∈ Ctrain∪Ctest. Open-
vocabulary panoptic segmentation aims to segment image I
into a set of masks M ∈ {0, 1}N×H×W , each associated
with a class label C, where N is the number of masks. The
key challenge of this task arises from training exclusively
with classes in Ctrain, while during inference, Ctest may
contain classes that are not encountered in Ctrain.

Single-Stage, Shared, Efficient Framework
Initially, we design a vanilla architecture of the proposed
EOV-Seg, which consists of a feature extractor (CNN-based

CLIP backbone), a lite aggregator, a lightweight decoder and
a CLIP text encoder. In the following sections, we detail
our elegant designs for elevating the vanilla baseline into the
powerful EOV-Seg framework.
Feature Extractor. Since the ViT-based backbone is more
sensitive to the input resolution, we take CNN-based CLIP
visual encoder as the backbone to extract multi-scale vision
features Ci, i ∈ {2, 3, 4, 5} from high-resolution images,
with resolutions of 1

4 , 1
8 , 1

16 , and 1
32 , respectively.

Lite Aggregator. After obtaining multi-scale vision features
Ci, i ∈ {2, 3, 4, 5}, we use a modulated deformable con-
volutional (Dai et al. 2017) feature pyramid structure to
enhance and fuse features from different scales to obtain
the intermediate FPN features Pi, i ∈ {2, 3, 4, 5}. To fur-
ther reduce computational overhead and capture contextual
information of different granularities, different scales fea-
tures are aggregated to obtain the visual aggregated features
Fagg ∈ RD×H

4 ×W
4 as follows:

Fagg = Fuse

(
N∑
i=3

Upi (Conv (Pi)) + Conv (P2)

)
,

(1)

where Upi indicates an 2(i−2)× bilinear interpolation oper-
ation, N is number of feature layers, Conv and Fuse is 1×1
and 3× 3 convolutions, respectively, used for adjusting fea-
ture dimensions and further fusion of the visual aggregated
features Fagg .
Lightweight Decoder. As shown in the red part of
Fig. 4, unlike the heavyweight mask decoder of the
Mask2Former (Cheng et al. 2022), our decoder only con-
sists of three modules at each layer in the following order:
a initial-attention module, a dynamic depthwise attention
module, and a late-attention module. Specifically, to further
reduce the computational overhead of subsequent feature in-
teractions, the initial-attention module is designed to extract
the initial-attention features Finit ∈ RN×D by performing
the dot product of the visual-semantic aggregated features
F̂agg ∈ RD×H

4 ×W
4 from VAS module (which will be in-

troduced in the following section) with the init masks or
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Figure 4: Overview of EOV-Seg. First, the initial block of the ViT-based CLIP is used as a spatial awareness extractor to
obtain spatial awareness features Fs. Then, the visual-semantic aggregated features F̂agg generated by VAS module, the masks
generated by the light-weight decoder, and the spatial awareness features Fs are fed into mask pooling and TDEE sequentially
to obtain instance embeddings ÊI , which will be used to calculate cosine similarity with Et for classification.

masks M ∈ RN×H
4 ×W

4 from previous layer. Next, dynamic
depthwise attention is used to conduct cross-dimensional
feature interaction between a set of learnable object kernels
K ∈ RN×D and the initial-attention features Finit, produc-
ing the refined object kernels K̂ ∈ RN×D as follows:

K̂ = DyDepthwiseAttention(K,Finit) (2)
= Finit ∗ r(KWm)

where Wm ∈ RD×m is a linear layer that projects K to
generate kernels for depthwise convolution, r(·) is view op-
eration that reshapes the input to N × 1 × m, ∗ denotes
the Conv1d operation that takes r(·) as parameters and Finit

as input. The refined object kernels K̂ further concentrate
on the relation between different object kernels to enrich in-
formation by a multi-head self-attention and a feed-forward
network (FFN). These refined object kernels K̂ function
similarly to a Region Proposal Network (Ren et al. 2016),
offering the potential to generate mask proposals. Then, we
mapped the refined object kernels K̂ to be mask kernels
through a three-layer MLP. Each binary mask Mi ∈ RH×W

can be obtained by performing a dot product between the
ith mask kernel and the visual-semantic aggregated features
F̂agg . Additionally, the mask embeddings Em ∈ RN×D is
obtained by mask pooling over the visual-semantic aggre-
gated features F̂agg with predicted masks M .
Text Encoder. Given N class labels, we follow the prece-
dent of prompt engineering (Gu et al. 2021) by providing
M prompt templates for each class, such as “a photo of a
{class}.”. We use a frozen CLIP text encoder to encode all
text prompts and then average them across the dimension
of the number of templates to obtain the text embeddings
Et ∈ RNclass×D.

Vocabulary-Aware Selection
To alleviate the feature interaction burden on the decoder
and facilitate the deployment of a light-weight decoder, we
propose Vocabulary-Aware Selection (VAS) as illustrated in
the yellow part of Fig. 4. It can guide the selection of im-
age features based on the semantic importance of the text,
thereby aggregating features that are more relevant to the in-
put text and enhancing the semantic understanding of visual
features. Specifically, the visual aggregated features Fagg

from the Lite Aggregator and the text embeddings Et from
the text encoder are mapped to the same feature dimension
through linear layers, respective. Next, they are divided into
multi-head visual aggregated features F̈agg ∈ Rh×D

h ×H
4 ×W

4

and multi-head text embeddings Ët ∈ RNclass×h×D
h along

the channel dimension, where h denotes the number of
heads. This allows us to process complex semantic fea-
ture relationships in different subspaces. Then, they are pro-
cessed through matrix operations to obtain multi-head at-
tention A ∈ Rh×H

4 ×W
4 ×Nclass , which is then subjected to

a softmax function to produce smoothed logits. Following
this, the maximum value is selected across the vocabulary
dimension to acquire vocabulary-aware attention weights
Ä ∈ Rh×H

4 ×W
4 :

Ä = Max(−1)(Softmax(−1)(

D/h∑
d

F̈agg · Ët)), (3)

where (−1) denotes the vocabulary dimension. Addition-
ally, two learnable parameters, namely scale factor γ and
offset factor δ, are introduced to enable the network to adap-
tively adjust the vocabulary-aware attention weights Ä un-
der various semantic distributions. Finally, the vocabulary-
aware attention weights Ä are extended along the channel di-
mension, followed by element-wise multiplication with the
multi-head aggregated features F̈agg . The weighted features
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are then reshaped into the original aggregated features di-
mension to obtain the visual-semantic aggregated features
F̂agg ∈ RD×H

4 ×W
4 :

F̂agg = Reshape((γ · Ä+ δ) · F̈agg), (4)

Two-way Dynamic Embedding Experts
According to the analysis in the introduction section, spa-
tial location information is essential for features that pos-
sess only instance-level discrimination. To efficiently ex-
tract spatial location information, we take the first block of
the CLIP ViT-B visual encoder as spatial awareness extrac-
tor. Specially, the input image I is processed by the first
block of ViT-B Vb0 to generate visual tokens (excluding the
class token), which are then reshaped to two-dimensional
spatial dimensions to obtain the visual-spatial features Fv .
Subsequently, we employ two transposed convolutions for
4× upsampling to obtain the spatial awareness features
Fs ∈ RD×H

4 ×W
4 . Similar to mask embeddings Em, mask

pooling is used to extract regions of interest from spatial
awareness features Fs as the spatial awareness embeddings
Es ∈ RN×D.

Moreover, we propose Two-way Dynamic Embedding
Experts (TDEE) as illustrated in the purple part of Fig. 4,
which can adaptively incorporate spatial location informa-
tion and instance-level discriminative information into mask
embeddings to improve mask recognition capabilities under
different data distributions and a wide range of semantic cat-
egories. Inspired by (Jacobs et al. 1991), we model the mask
embeddings Em and the spatial awareness embeddings Es

as experts with spatial awareness and instance-level discrim-
ination capabilities, respectively. They should fulfill their re-
spective roles while also synergistically collaborating. How-
ever, directly correlating the two using fixed weight coeffi-
cients prevents the network from perceiving the varying im-
portance of embeddings, leading to either treating all em-
beddings equally or introducing bias. Therefore, a weight
allocation router is introduced to estimate the significance
of the current expert embeddings and adaptively adjust the
correlation weight coefficients, thereby facilitating a better
integration between the two. Specifically, the dynamic pa-
rameters P ∈ RN×d for the mask embeddings Em and
Q ∈ RN×d for the spatial awareness embeddings Es are
generated through linear layers, respectively. The dynamic
parameters are evenly split along the channel dimension into
router parameters Pr ∈ RN×d/2 and Qr ∈ RN×d/2, and fu-
sion parameters Pf ∈ RN×d/2 and Qf ∈ RN×d/2. Next,
total router parameters Pt ∈ RN×d/2 are aggregated via an
element-wise product between Pr and Qr. Two router linear
layers followed by sigmoid activation functions are then em-
ployed to provide the experts with adaptive weighting abil-
ity, as follows:

(Pf , Pr) = s(EmWm), (5)
(Qf , Qr) = s(EsWs), (6)
Pt = Pr ·Qr, (7)
αm = σ(LN(Linearm(Pt))), (8)
αs = σ(LN(Linears(Pt))), (9)

where Wm ∈ RD×d, Ws ∈ RD×d project Em and Es to
generate dynamic parameters, respectively. s(·) is split op-
eration along the channel dimension. σ is sigmoid activation
function, LN indicates layer normalization. This enables the
router to adaptively assign weights to the embeddings ex-
perts. Finally, a weighted summation is performed as fol-
lows:

ÊI = αm · LN(Pf ) + αs · LN(Qf ), (10)
To further aggregate, a linear layer, LayerNorm (LN), and
GELU are employed to obtain the instance embeddings ÊI .
In general, TDEE takes advantage of the weight allocation
router to adaptively assign individual weights to each em-
beddings expert based on the significance of the embed-
dings. As a result, the spatial awareness embeddings Es,
which have strong spatial awareness capabilities, are inte-
grated with the mask embeddings Em, which contain only
instance discrimination information. This integration im-
proves the spatial and semantic understanding of the model
in open scenes.

Experiments
Implementation Details
Architecture. We use a CNN-based CLIP (Radford et al.
2021) visual encoder as backbone, S, M, L denote ResNet50,
ResNet50x4, ConvNeXt-Large, respectively. Additionally,
we utilize the first block of the ViT-B/16 CLIP model as a
spatial awareness extractor.
Training Strategy. Following prior works (Xu et al. 2023a;
Yu et al. 2023), the training batch size is 16. We train our
EOV-Seg on 4 NVIDIA 3090 GPUs for a total of 200k it-
erations. We only use the COCO Panoptic (Lin et al. 2014)
dataset for training, with a crop size of 1024×1024.
Evaluation Protocols. We evaluated our EOV-Seg for open-
vocabulary semantic, instance, and panoptic segmentation
on the ADE20K (Zhou et al. 2017) dataset, and for semantic
segmentation on the ADE20K (Zhou et al. 2017), PASCAL
Context (Mottaghi et al. 2014) and PASCAL VOC (Evering-
ham et al. 2010) datasets. During inference, the shortest side
of input images is resized to 640, while ensuring the longer
side does not exceed 2560. See Appendix for more details.

Main Results
Open-Vocabulary Panoptic Segmentation. Tab. 1 reports
the performance of different open vocabulary panoptic seg-
mentation methods on the ADE20k dataset. Compared to ex-
isting state-of-the-art methods, EOV-Seg (L) runs faster and
achieves competitive performance. Specifically, although
ODISE (Xu et al. 2023a) take powerful text-to-image dif-
fusion (Rombach et al. 2022) model as backbone and
is trained on the additional COCO Caption (Chen et al.
2015) dataset, EOV-Seg (L) outperforms ODISE by +1.1
PQ with faster speed (19×), fewer parameters (-1297M),
and lower computational complexity (-576GFLOPs). Com-
pared to FC-CLIP (Yu et al. 2023), EOV-Seg (L) is about
4 times faster than it and still shows competitive perfor-
mance. It is worth mentioning that compared to other state-
of-the-art methods like MasQCLIP (Xu et al. 2023c), OP-
SNet (Chen et al. 2023), FreeSeg (Qin et al. 2023), and
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Method VLM Backbone Training datasets PQ SQ RQ AP mIoU FPS ↑ Params↓ FLOPs↓
OPSNet (Chen et al. 2023) ResNet50 Swin-L COCO Panoptic+IM-21K 19.0 52.4 23.0 - - - - 485G
ODISE (Xu et al. 2023a) ViT-L/14 Stable Diffusion COCO Panoptic 22.6 65.1 27.0 14.4 29.9 0.6 1522M 953G
ODISE (Xu et al. 2023a) ViT-L/14 Stable Diffusion COCO Panoptic+Caption 23.4 78.1 28.3 13.9 28.7 0.6 1522M 953G
FreeSeg (Qin et al. 2023) ViT-B/16 ResNet101 COCO-Stuff-156 16.3 71.8 21.6 6.5 24.6 0.7 219M -
MaskCLIP (Zheng Ding 2023) ViT-L/14@336px ResNet50 COCO Panoptic 15.1 70.5 19.2 6.0 23.7 2.5 367M 542G
FC-CLIP† (Yu et al. 2023) ConvNeXt-L shared COCO Panoptic 26.0 70.6 31.3 16.4 33.6 3.0 221M 381G
MasQCLIP (Xu et al. 2023c) ViT-L/14@336px ResNet50 COCO Panoptic 23.5 69.6 29.2 12.8 30.3 3.3 373M 357G

EOV-Seg (L) ConvNeXt-L shared COCO Panoptic 24.5 70.2 30.1 13.7 32.1 11.6 225M 377G
EOV-Seg (M) ResNet50x4 shared COCO Panoptic 18.7 63.5 23.2 8.5 25.5 18.4 127M 176G
EOV-Seg (S) ResNet50 shared COCO Panoptic 15.1 57.0 18.9 7.2 21.9 23.8 71M 133G

Table 1: Open-vocabulary panoptic segmentation performance for training on COCO and testing on ADE20K. “†” means the
results are from a re-implementation of FC-CLIP (Yu et al. 2023). “↑” and “↓” means the larger or smaller the value, the better.
“IM-21K” denotes ImageNet-21K datasets.

Method VLM Backbone Training datasets A-847 PC-459 A-150 PC-59 PAS-20 FPS ↑ Params↓ FLOPs↓
GroupViT (Xu et al. 2022a) ViT-S/16 ViT-S/16 GCC+YFCC 4.3 4.9 10.6 25.9 50.7 - - -
LSeg+ (Ghiasi et al. 2022) ALIGN ResNet101 COCO-Stuff 2.5 5.2 13.0 36.0 59.0 - - -
OpenSeg (Ghiasi et al. 2022) ALIGN ResNet101 COCO Panoptic+LN 4.4 7.9 17.5 40.1 - - - -
OVSeg (Liang et al. 2023) ViT-L/14 Swin-B COCO-Stuff+Caption 9.0 12.4 29.6 55.7 94.5 1.1 531M 830G
CAT-Seg (Cho et al. 2024) ViT-L/14 Swin-B COCO-Stuff 10.8 20.4 31.5 62.0 96.6 2.2 490M 473G
DeOP (Han et al. 2023) ViT-B/16 ResNet101c COCO-Stuff-156 7.1 9.4 22.9 48.8 91.7 2.5 211M 480G
OVSeg (Liang et al. 2023) ViT-B/16 ResNet101c COCO-Stuff+Caption 7.1 11.0 24.8 53.3 92.6 3.4 211M 830G
ZegFormer (Ding et al. 2022) ViT-B/16 ResNet101 COCO-Stuff-156 4.9 9.1 16.9 42.8 86.2 5.4 211M 456G
ZegFormer (Ding et al. 2022) ViT-B/16 ResNet101 COCO-Stuff 5.6 10.4 18.0 45.5 89.5 5.4 211M 456G
SAN (Xu et al. 2023b) ViT-L/14 ViT-liked COCO-Stuff 12.4 15.7 32.1 57.7 94.6 8.0 437M 403G

EOV-Seg (L) ConvNeXt-L shared COCO Panoptic 12.8 16.8 32.1 56.9 94.8 11.8 225M 377G
EOV-Seg (M) ResNet50x4 shared COCO Panoptic 7.8 12.2 25.5 51.8 91.2 18.9 127M 176G
EOV-Seg (S) ResNet50 shared COCO Panoptic 6.6 11.5 21.9 46.0 87.2 24.5 71M 133G

Table 2: Open-vocabulary semantic segmentation performance. We report the mIoU results on five widely used test sets for
open-vocabulary semantic segmentation. “↑” and “↓” means the larger or smaller the value, the better. “LN” denotes Localized
Narrative datasets.

MaskCLIP (Zheng Ding 2023), EOV-seg shows significant
improvements, such as PQ increased by +1.0 to +9.4, SQ
increased by +0.6 to +17.9, RQ increased by +0.9 to
+10.9, mIoU increased by +1.8 to +8.4 and the infer-
ence speed is 3.5 to 19.3 times faster. These results show
that EOV-Seg achieves the optimal trade-off between per-
formance and speed.
Task-general EOV-Seg Is All You Need. In Tab. 2, EOV-
Seg delivers performance comparable to current state-of-
the-art models and it boasts the fastest inference speed
among its peers. Specially, EOV-Seg (L) outperforms CAT-
Seg (Cho et al. 2024) by +2.0 mIoU on the A-150 dataset
and is 5.3× faster, has fewer parameters (-265M) and lower
FLOPs than CAT-Seg. These results demonstrate that even
though EOV-Seg is trained only on the COCO Panoptic
dataset with fewer semantic classes, it successfully adapts to
semantic segmentation tasks, generalizes efficiently to un-
known categories, achieves accurate segmentation, and runs
faster with fewer parameters.

Ablation Study
Spatial Awareness Extractor. In Tab. 3, we compared
the performance and efficiency of using ViT-B versions
of different pre-trained models as spatial-aware extractors.
Specifically, when using different blocks of the DINOv2
backbone as spatial awareness extractor, it shows poor per-
formance. As shown in Fig. 3 (b), it contains a lot of noise

Extractor index PQ SQ RQ mIoU FPS↑ Params↓

DINOv2
0 21.9 67.3 27.3 29.5 11.7 225M
5 22.4 67.7 28.8 30.1 8.9 247M
11 23.1 68.2 29.4 31.2 5.8 260M

SAM
0 22.4 68.3 27.8 30.8 11.6 225M
5 23.7 70.4 28.8 31.6 8.7 247M
11 24.9 71.2 29.5 32.5 5.2 260M

ViT-based CLIP
0 24.5 70.2 30.1 32.1 11.6 225M
5 23.8 68.6 29.4 32.0 9.1 247M
11 23.7 68.5 29.6 31.8 5.9 260M

Table 3: Ablation studies on different blocks of different pre-
trained models as spatial awareness extractor. index: denotes
block index of the pre-trained models.

and lacks fine-grained spatial information, we argue the
difficulty in learning feature space patterns due to self-
supervised pre-training in DINOv2, coupled with the use of
unlabeled data, results in diminished instance discrimination
and spatial awareness capabilities. Since SAM is pre-trained
on the fine-grained SA-1B (Kirillov et al. 2023) dataset, it
exhibits enhanced fine-grained spatial representation capa-
bilities in its later blocks, progressively improving the seg-
mentation quality. However, the increase in RQ is modest,
likely constrained by its class-agnostic pre-training. One key
finding is that the first ViT-based block demonstrates compa-
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Fusion VAS PQ SQ RQ mIoU FPS↑ Params↓

None ✘ 22.1 67.2 27.3 30.3 13.8 218M
✔ 22.7 67.3 28.2 31.4 13.6 219M

+EAF ✘ 23.0 68.2 28.3 30.8 12.2 223M
✔ 22.3 66.9 27.6 30.4 11.8 224M

+SDI ✘ 22.5 67.1 27.8 31.1 11.4 223M
✔ 22.9 67.4 28.5 31.5 11.0 224M

+TDEE ✘ 23.6 68.7 30.0 31.1 11.9 225M
✔ 24.5 70.2 30.1 32.1 11.6 225M

Table 4: Ablation studies on key components for EOV-Seg.
EAF: Early Aggregation Fusion; SDI: Separable Dynamic
Interaction; TDEE: Two-way Dynamic Embedding Experts;
VAS: Vocabulary-Aware Selection;

Feat. Inter. Feat. Scale PQ mIoU FPS↑ Params↓
CA multi-scale 24.7 32.5 3.4 304M
CA single-scale 23.8 30.4 6.6 282M

DDA multi-scale 22.7 29.7 9.1 245M
DDA single-scale 24.5 32.1 11.6 225M

Table 5: Ablation studies on different feature interaction
methods in lightweight decoder with different feature scales.
CA: Cross-Attention; DDA: Dynamic Depthwise Attention.

rable performance to SAM, with about 2.2× faster inference
speed and fewer parameters (-35M). This is consistent with
the observation in Fig. 3 (d). As the number of blocks in-
creases, performance is saturated and has a downward trend.
To achieve the best trade-off between performance and in-
ference speed, the first block of the ViT-based CLIP is the
best choice.
Our Two Innovative Components. In Tab. 4, we designed
two additional variants of spatial awareness fusion, namely
EAF and SDI, for more details in the appendix. All three
variants of spatial awareness fusion significantly improved
performance, demonstrating the importance of spatial loca-
tion information for the lightweight decoder. When we intro-
duce the VAS module for EAF, the performance tends to de-
cline. This phenomenon is attributed to the early integration
of features, which changes the spatial distribution of features
and leads to the loss of key spatial information in important
semantic features. However, VAS can cooperate with SDI or
TDEE spatial awareness fusion module can bring additional
performance improvements. In summary, We finally choose
the TDEE and VAS modules, which bring performance im-
provements of +2.4 PQ, +3.0 SQ, +2.8 RQ and +1.8 mIoU
without introducing additional computational burden.
Feature Interaction Methods. In Tab. 5, we explored the
performance differences between Cross-Attention (CA) and
Dynamic Depthwise Attention (DDA) two attention mod-
ules and their interaction with features of different scales.
When using CA with multi-scale features only yields
marginal improvements over our method, with a +0.2 in-
crease in PQ and +0.4 in mIoU, but results in a significant
slowdown, approximately 3.4× slower in FPS. Since single
scale avoids the fuzzy spatial distribution caused by spatial

A photo of bottle.

A photo of airplane.

Input Image W/O VAS With VAS

Figure 5: Visualization of similarity map in VAS.

Figure 6: Visualization of segmentation results.

dimension alignment, and the pre-perception of VAS can re-
duce the decoder interaction burden, using DDA with single-
scale can bring a performance improvement of +1.8 PQ and
+2.4 mIoU over DDA with multi-scale.

Qualitative Analysis
Alleviate Mask Decoder Burden. In Fig. 5, we visual-
ize the similarity map between single text embedding and
visual-semantic aggregated features. We found that without
VAS, the features may focus on objects with similar col-
ors or nearby positions to the prompt object, confounding
feature discrimination. After VAS enhancement, the features
will be more focused on the text-guided area.
Infusion of Spatial Awareness. We visualize the segmenta-
tion results with and without Two-way Dynamic Embedding
Experts (TDEE), respectively. As shown in the red box in
Fig. 6, using only the masks generated by the lightweight de-
coder will result in category confusion and incomplete seg-
mentation. This demonstrates that spatial awareness capabil-
ities is very critical for lightweight decoder.

Conclusion
We propose EOV-Seg, an efficient framework designed for
open-vocabulary panoptic segmentation. It uses VAS and
TDEE to improve instance discrimination capabilities for al-
leviating the interaction burden on mask decoder and endow
mask recognition with spatial awareness capabilities. Exten-
sive experiments show that our EOV-Seg is effective in terms
of both accuracy and speed.
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