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Abstract

Recently, open-vocabulary semantic segmentation has gar-
nered growing attention. Most current methods leverage
vision-language models like CLIP to recognize unseen cat-
egories through their zero-shot capabilities. However, CLIP
struggles to establish potential spatial dependencies among
scene objects due to its holistic pre-training objective, caus-
ing sub-optimal results. In this paper, we propose a DEnois-
ing learning framework based on the Diffusion model for
Open-vocabulary semantic Segmentation, called DEDOS,
which is aimed at constructing the scene skeleton. Motiva-
tion stems from the fact that diffusion models incorporate
not only the visual appearance of objects but also embed
rich scene spatial priors. Our core idea is to view im-
ages as labels embedded with “"noise”—non-essential de-
tails for perceptual tasks—and to disentangle the intrinsic
scene prior from the diffusion feature during the denois-
ing process of the images. Specifically, to fully harness
the scene prior knowledge of the diffusion model, we intro-
duce learnable proxy queries during the denoising process.
Meanwhile, we leverage the robustness of CLIP features to
texture shifts as supervision, guiding proxy queries to focus
on constructing the scene skeleton and avoiding interfer-
ence from texture information in the diffusion feature space.
Finally, we enhance spatial understanding within CLIP fea-
tures using proxy queries, which also serve as an interface
for multi-level interaction between text and visual modali-
ties. Extensive experiments validate the effectiveness of our
method, experimental results on five standard benchmarks
have shown that DEDOS achieves state-of-the-art perfor-
mance. We will make the code publicly available.

1. Introduction

Image segmentation is a core task in computer vision,
aimed at assigning semantic labels to pixels in an image.
Despite achieving excellent performance in recent years
[6, 9, 10, 15, 27, 51], traditional methods are often de-
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Figure 1. Our method treats images as labels embedded with
noise—irrelevant details to perceptual tasks—and employs learn-
able proxy queries to progressively construct the scene skeleton
from diffusion features during the iterative denoising. These proxy
queries are ultimately used to improve the spatial understanding of
the vision-language model, avoiding visual shortcomings in dense
perception tasks that arise from its holistic pre-training objective.
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signed for predefined sets of training categories, leading to
limitations in handling diverse visual concepts. To over-
come this challenge, open vocabulary semantic segmenta-
tion [13, 16, 25, 47, 53] has emerged as an approach in
which segmentation models are trained to recognize objects
of arbitrary categories based on the given text, broadening
their applicability in real-world scenarios.

Most current approaches for open-vocabulary seman-
tic segmentation [16, 47-49, 53, 54] leverage the power-
ful zero-shot ability of large-scale vision-language mod-
els, such as CLIP [33] and ALIGN [19], which are pre-
trained on extensive image-text datasets. While these pre-
trained models excel at classifying single object proposals
or images, their image-level pre-training objective intro-
duces ambiguity in spatial relationships [40, 49] and con-
fusion with co-occurring objects, leading to severe visual
shortcomings in dense perception tasks.

On the other hand, diffusion models [12, 35], ie.,
generative models based on denoising, have made great
breakthroughs in generating diverse and high-fidelity im-
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ages. Given the powerful generative capabilities of diffu-
sion models, harnessing them to construct generation-based
perceptual frameworks opens new avenues for advancing
perceptual tasks, such as object detection [7], semantic seg-
mentation [1, 8, 45], and depth estimation [18]. Unlike
previous approaches that simply use diffusion models as a
data generator [32, 42, 43] or an alternative feature extractor
[1, 25], we focus on exploring how to effectively leverage
the diffusion model’s prior knowledge for enhanced scene
understanding. This prior knowledge is reflected in the fact
that with only a few keywords, such as cars, people, and
roads, the diffusion model can automatically infer distribu-
tional associations between different objects in the scene to
produce high-fidelity images.

Therefore, this paper seeks to unleash the potential of
diffusion models for open-vocabulary semantic segmenta-
tion by parsing their intrinsic scene priors to construct the
scene skeleton—i.e., the spatial dependencies or contextual
relationships among objects—which allows the model to
transcend individual object recognition, establish rich se-
mantic relationships, and achieve a deeper understanding of
the spatial arrangement within the scene. The intuition be-
hind our work is the following: (1) If a comprehensive and
encyclopedic representation of the real world indeed under-
pins open-vocabulary semantic segmentation, then models
capable of segmenting any text-specified category can be
derived from pre-trained diffusion models. (2) Any model
with strong zero-shot generalization must possess a com-
plete understanding of the scene skeleton.

However, the direct use of pre-trained diffusion models
for perceptual tasks is non-trivial because they are primar-
ily designed to synthesize images through iterative denois-
ing rather than to provide strong representations. In this
paper, we propose a denoising learning framework based
on the diffusion model for the open-vocabulary semantic
segmentation, dubbed as DEDOS. Our insight is to view
the image as a label embedded with noise and to construct
the scene skeleton from diffusion features during the de-
noising process of the images, as illustrated in Figure 1.
Specifically, we employ learnable proxy queries to progres-
sively construct the scene skeleton throughout the diffusion
model’s iterative denoising process. Moreover, as the diffu-
sion model is primarily built for generative tasks where fea-
ture space encompasses both scene prior knowledge and vi-
sual texture details, decoupling of diffusion features is nec-
essary. To achieve this, we use CLIP features, which are ro-
bust to shifts in texture distribution, to guide proxy queries,
effectively filtering out texture information that is irrelevant
or detrimental to the perceptual task. Finally, we leverage
proxy queries to refine the scene understanding within CLIP
features, which also serve as an interface to facilitate multi-
level interactions between the text and visual modalities.
Across various benchmark datasets, DEDOS achieves state-

of-the-art performance, surpassing existing methods by a
considerable margin. Moreover, even in challenging sce-
narios where the destination category is drastically different
from the training dataset, our model consistently surpasses
current state-of-the-art methods by a substantial margin. We
summarize our contribution as follows:

* To the best of our knowledge, DEDOS is the first denois-
ing learning framework based on the diffusion model that
views images as noisy labels and learns to construct scene
skeletons throughout the denoising process.

* We employ proxy queries to progressively parse scene
priors encoded in diffusion features, while leveraging
CLIP’s robustness to disentangle texture information and
prevent disruption to proxy queries.

e Our framework, DEDOS, achieves state-of-the-art per-
formance on standard benchmarks and in challenging
extreme-case scenarios, showcasing its versatility and
practicality.

2. Related Works

2.1. Diffusion Model

Diffusion models [12, 17, 35, 39] have achieved remark-
able success on visual generation tasks such as text-to-
image synthesis [34-36], inpainting [29], and image edit-
ing [23, 30]. Recent research has investigated the applica-
tion of diffusion models for various perception tasks, in-
cluding semantic segmentation [1, 45], object detection [7]
and depth estimation [18, 24]. For example, Jia et al. [20]
introduce a pipeline that leverages the rich prior knowledge
of a pre-trained diffusion model to generate task-specific
images with diverse visual characteristics. Xu et al. [45]
propose ODISE, which integrates pre-trained text-to-image
diffusion models to perform open-vocabulary panoptic seg-
mentation. Chen et al. [7] introduce DiffusionDet, a frame-
work that reinterprets object detection as a generative pro-
cess, refining noisy bounding boxes into accurate object
boxes. Benigmim et al. [2] employ diffusion models to en-
hance source image diversity, aiming to capture various tar-
get domain patterns. Unlike the above methods that mainly
treat diffusion models as another form of feature extractor
or data generator, we investigate how to leverage the rich
prior knowledge of the scenarios in diffusion models to en-
hance the zero-shot segmentation capability of the models.

2.2. Open-vocabulary Semantic Segmentation

Open-vocabulary semantic segmentation seeks to divide an
image into semantic regions based on arbitrary textual de-
scriptions. Most current methods, building on the success
of large-scale vision-language models in zero-shot classifi-
cation [19, 33], explore ways to adapt multimodal image-
text alignment to a finer level of granularity [16, 25, 47—
49, 53, 54]. OpenSeg [16] divides the task into a region pro-
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poser that generates mask regions and a grounder that links
them to words in captions. MaskCLIP [53] refines gener-
ated proposals by utilizing the attention maps from a frozen
CLIP model. On the other hand, ZegCLIP [54] presents a
single-stage framework that leverages CLIP embeddings for
direct mask prediction. SAN [47] integrates a side network
with CLIP to generate regions and determine their corre-
sponding semantic categories. CAT-Seg [11] introduces a
cost aggregation framework that leverages cosine-similarity
scores between images and text to fine-tune vision-language
models. Previous approaches have aimed at refining the
feature granularity of large-scale vision-language models to
adapt image-level pre-trained models for pixel-level tasks.
In contrast, we address the spatial perception limitations
of vision-language models by leveraging the scene prior
knowledge embedded in diffusion models, facilitating the
construction of the scene skeleton.

2.3. Learnable Query Design

Motivated by DETR [5], several frameworks built upon
learnable queries have emerged recently. Mask2Former
[10] leverages object queries to cluster pixels, unifying se-
mantic, instance, and panoptic segmentation tasks into a
single framework. ECENet [26] derives object queries from
predicted class masks and enhances them through explicit
interactions with multi-stage image features. MDETR [21]
is an end-to-end detection framework that leverages raw text
queries and a transformer-based architecture for object de-
tection, demonstrating strong performance in cross-modal
tasks. Rein [41] leverages a set of learnable queries to adap-
tively fine-tune various vision foundation models, leading
to substantial performance gains in cross-domain segmen-
tation tasks. Although previous studies have demonstrated
that learnable queries can effectively enhance the perfor-
mance of perceptual tasks, how to use learnable queries to
mine scenario prior information from diffusion models re-
mains unexplored. Our work aims to establish a concise and
efficient framework that employs learnable proxy queries to
refine the scene comprehension of vision-language models.

3. Methodology
3.1. Problem Definition

Open-vocabulary semantic segmentation assigns a semantic
label to each pixel in an image based on a set of categories
defined by free-form text. During training, the model is only
provided with a set of images and their annotations on base
classes Cp. In the inference stage, we evaluate the model
on another set of images with a new set of novel classes Cy,
which are not encountered during training, i.e., Cp # Cy'.

3.2. Preliminary of Stable Diffusion

Our research starts with stable diffusion (SD), which in-
volves a diffusion process and a denoising process. In the

diffusion process, a given image x is first mapped to the
latent space using a pre-trained encoder V:

z0 =V (x) 9]

where z( represents the latent code. Next, Gaussian noise is
added to the latent code z( based on a pre-defined timestep
t: 2t = /agzo + /(1 — @z)e, where € ~ N(0,1) and &
represents the pre-defined noise scaling factors. The denois-
ing process progressively converts noisy samples back into
the original data. A single denoising step is defined as:

po (ze—1 | ze) =N (ze-1 | po (26, 1) , 30 (20, 1)) (2)

where g is the predicted mean obtained from the noise pre-
dictor €g(-), while Xg is the pre-defined covariance. In the
denoising process, €y (+) is applied iteratively until it reaches
the raw data zy. The latent code can be converted to pixel
space by a pre-trained decoder R. In this paper, we treat the
latent code corresponding to the original image = as noisy
samples z;.

3.3. Overview

As shown in Figure 2, we present DEDOS, a denoising
learning framework based on diffusion models for open-
vocabulary semantic segmentation. DEDOS introduces
learnable proxy queries to progressively construct the scene
skeleton during the denoising process of the diffusion model
(Sec 3.4). Given that the diffusion feature space encom-
passes both scene distribution priors and fine-grained tex-
ture details, we leverage CLIP’s robustness to texture shifts
to effectively disentangle the diffusion feature space (Sec
3.5). Finally, we strengthen scene perception of CLIP fea-
tures by integrating optimized proxy queries, which also act
as an interface for multi-level interactions between text and
visual modalities (Sec 3.6). The details are as follows.

3.4. Proxy Queries for Scene Skeleton

In this section, by treating images as labels embedded with
noise—non-essential textural details for perception—we
expect prior knowledge of the scene skeleton, i.e., the im-
plicit spatial dependencies between objects, to emerge dur-
ing the iterative denoising process of the diffusion model.

Excavating scene priors in diffusion models. The key
to effectively utilizing the pre-training prior of the diffusion
model is to preserve its latent space. To achieve this, we
introduce learnable proxy queries within the denoising pro-
cess. This minimal disruption to the pre-trained diffusion
model allows us to fully unleash its potentially powerful ca-
pabilities for scene understanding. Specifically, we employ
learnable proxy queries to actively interact with features at
each layer of the diffusion model. Precisely, learnable proxy
queries are linearly projected into the queries Q and the fea-
tures f#9 produced by the i-th layer of the noise predictor
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(a) Proxy Queries for Scene Skeleton
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Figure 2. A brief illustration of our proposed framework. Our method introduces learnable proxy queries to progressively construct the
scene skeleton during the denoising process of the diffusion model. Next, we leverage the robustness of CLIP’s visual features to texture
shifts to disentangle the diffusion feature space. Finally, we enhance the scene perception within CLIP features using optimized proxy
queries, which also serve as an interface to facilitate multi-level interactions between textual and visual modalities.

eg(+) are respectively projected into the keys K and values
V:

Qi =q-1,,W2, K; =W, V,=fIWY. @3

where W2 WX WY are linear projections, and ¢ is the
timestep of the diffusion model. The modifications of the
proxy queries are calculated as:

i+ = softmax (QZKZTMZ) ViM; + qi—1y 4

where the M; is the mask map for the i-th layer of the dif-
fusion model, which aims to facilitate the proxy queries to
focus on the general perception of the scene distribution
rather than single object proposals. To enhance the flexi-
bility in feature adjustment, we utilize the MLP composed
of W; and b; to produce the new proxy queries:

Git = Git X Wi+ b; ()
where ¢, ; is continuously used to interact with the next-
layer diffusion features.

Progressive learning. Just as light is refracted through a
prism, we encourage proxy queries to capture various lev-
els of the scene skeleton, facilitating a gradual unfolding
of the scene’s underlying distribution. Specifically, we de-
compose the proxy queries into two parts: the basic kernel
and the diffusion kernel. The basic kernel, shared across

all denoising processes, provides a consistent foundation,
while each diffusion kernel, unique to a specific denoising
process, captures its distinctive characteristics. At the be-
ginning of each denoising process t, stage-specific proxy
queries ¢; are dynamically generated by applying the Kro-
necker product between the basic kernel ¢ and the corre-
sponding diffusion kernel g;*:

aw=q"®q

g R, ©

qb c Rnlxq) q € R7X¢

where n = njnsq represents the number of queries, ¢ = cjco
is the dimension of queries, and ® is the Kronecker prod-
uct matrix operation. Each g; corresponds to one denois-
ing process, and at the beginning of the denoising process,
go+ = g At the end of the denoising process, the origi-
nal ¢, is replaced by the resulting new ¢y, ;, where L is the
number of layers of the noise predictor ey(-). Finally, we
transform the diverse ¢; into a set of global proxy queries Q@
by computing both the maximal component and the average
component as follows:

N
1
Qavg - N Z qt; s Qmax = =12, N qt; ()
= 250
where N represents the number of iterative denoising steps.

Subsequently, () is derived as:
Q = Conca‘t ([QHI&X7 Qan ) qtu ceey QtN]) X WQ + bQ (8)
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where W¢ and bg denote the weights and biases. Average
queries suppress noise, while maximum queries highlight
crucial features. Combined with stage-specific learnable
queries, they enhance adaptability across diverse scenes.

3.5. Separation of Texture Information

Since the diffusion model is designed for generative tasks,
its feature space encompasses not only rich scene priors but
also visual texture information. Texture details, which may
be encoded into proxy queries but are irrelevant or even
harmful to open-vocabulary semantic segmentation, need
to be disentangled from the proxy queries. Given that the
primary differences between images before and after de-
noising lie in texture details, while scene layout remains
nearly identical, we leverage CLIP embeddings as super-
vision due to their robustness to texture shifts, effectively
guiding the disentanglement of information within proxy
queries. Specifically, we feed the images before and after
denoising into CLIP image encoder to extract their respec-
tive features:

flclip,b = CLIP (1), lclip,a = CLIP(z,) ®

where [ is the index of the CLIP layer, x; represents the
image before denoising and x, represents the image after
denoising. We generate new features ffl”’ * and ff“p “ by
interacting CLIP feature with the proxy queries Q:

flclip,b _ PL(Q) % PC( lclip,b)

s ) 10
flclzp,a _ PL(Q) > ,PC(flclzp,a) ( )

where P’ is the linear projection layer and P¢ represents
1x1 convolution. We calculate the similarity matrices of
the CLIP features before and after denoising, as well as the
similarity matrices of the interaction features before and af-
ter denoising:

clip,b fclip,a pelip,b  pelip,a
Mgy = 21 l = i l
clep fclip,b fclip,a T query fclip,b celip,a
l l l l
(11)
Finally, we compute the consistency loss:
Lconsisl = Ld(Mquerya Mclip) (12)

where L;s is Smooth L; Loss. This consistency constraint
ensures that proxy queries prioritize scene layout over tex-
ture details by aligning them with CLIP’s robust feature rep-
resentations.

3.6. Mask Generation and Classification

Feature refinement. We use proxy queries () to enhance
the scene perception within CLIP feature representation.
Specifically, we employ a dot-product operation to gener-
ate a similarity map .S;:

S = Softmax(ff“p x QT) (13)

where f{"P is the feature from the I-th layer of the CLIP
image encoder, Q = MLP(Q) and MLP parameters are
shared across layers. Using the similarity map S;, we pre-
liminarily estimate the new feature f, = S; x Q. Finally, f;
and fld”’ are concatenated and fused via 1x 1 convolution:

f?lclip _ pF(Concat([f_h ldip])) (14)

where P¥ is 1x1 convolution, ff”p will be fed to the next

layer of the CLIP image encoder.

Cross-modal interaction. We use proxy queries () as an
interface to facilitate multi-level interactions between tex-
tual and visual modalities. To achieve this, we propose
adding a text aggregation module to the decoder. A typi-
cal decoder consists of a pixel decoder, which extracts fea-
tures, and a transformer decoder, which outputs the pre-
dicted mask [10]. We insert the text aggregation module
after the transformer decoder, which consists of linear trans-
former blocks [22]. Specifically, CLIP features are fed to
the pixel decoder to get multi-scale features. Proxy queries
@ then perform masked cross-attention with these features
in the transformer decoder to obtain both the predicted mask
and object embeddings ()opject. The text aggregation mod-
ule integrates Qopjec+ With the text embeddings to produce
new object embeddings Qobject. Finally, classification in-
formation is obtained by computing the dot product be-
tween Qob]’ect and text embeddings, followed by a sigmoid
activation to produce class probabilities. The segmentation
loss Lgeg is defined as follows:

Lseg = )\clchls + )\bceLbce + AdiceLdice (15)

where L represents the cross-entropy loss for classifica-
tion, while Ly and Lgi correspond to the binary cross-
entropy and dice loss for the predicted mask, respectively.
The loss weights Apce, Adice and A5 are set equally.

Training objective. The overall training objective com-
prises the segmentation loss and the consistency loss:

Ltotal = Lseg + 7Lconsist (16)

where 7y is a hyperparameter. Notably, the inference stage
omits steps related to the diffusion model and the separation
of texture information, ensuring that our method remains
concise, efficient, and broadly applicable.

4. Experiments

4.1. Datasets and Evaluation

We train our model on the COCO-Stuff [4] with 118k anno-
tated images across 171 categories and evaluate it on both
standard open-vocabulary semantic segmentation bench-
marks and a multi-domain dataset with domain-specific im-
ages. We evaluate performance using the mean Intersection-
over-Union (mloU), following standard practice.
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Model ‘ VLM Training Dataset ~ Additional Dataset | PC-459 A-150 PC-59 PAS-20 PAS-20°
OpenSeg [16] ALIGN COCO Panoptic v 7.9 17.5 40.1 - 63.8
OVSeg [25] CLIP ViT-B/16 COCO-Stuff v 11.0 24.8 53.3 92.6 -
ZegCLIP [54] | CLIP ViT-B/16  COCO-Stuff-156 X - - 41.2 93.6 -
SAN [47] CLIP ViT-B/16 COCO-Stuff X 12.6 27.5 53.8 94.0 -
EBSeg [38] CLIP ViT-B/16 COCO-Stuff X 17.3 30.0 56.7 94.6 -
SED [44] ConvNeXt-B COCO-Stuff X 18.6 31.6 57.3 94.4 -
CAT-Seg [11] CLIP ViT-B/16 COCO-Stuff X 19.0 31.8 57.5 94.6 71.3
DEDOS (Ours) | CLIP ViT-B/16 COCO-Stuff X 21.3 33.7 59.8 95.7 80.2
OpenSeg [16] ALIGN COCO Panoptic v 11.5 26.4 44.8 - 70.2
OVSeg [25] CLIP ViT-L/14 COCO-Stuff v 12.4 29.6 55.7 94.5 -
SAN [47] CLIP ViT-L/14 COCO-Stuff X 15.7 32.1 57.7 94.6 -
ODISE [45] CLIP ViT-L/14 COCO-Stuff X 14.5 29.9 57.3 - -
EBSeg [38] CLIP ViT-L/14 COCO-Stuff X 21.0 32.8 60.2 96.4 -
SED [44] ConvNeXt-L COCO-Stuff X 22.6 352 60.6 96.1 -
CAT-Seg [11] CLIP ViT-L/14 COCO-Stuff X 23.8 37.9 63.3 97.0 82.5
DEDOS (Ours) | CLIP ViT-L/14 COCO-Stuff X 25.6 394 65.7 97.6 84.6

Table 1. Quantitative comparison with state-of-the-art methods on standard benchmarks. A, PC, and PAS denote ADE20K [52],

Pascal Context [31], and Pascal VOC [14], respectively. The best results are highlighted in bold.

Model \ VLM \ General Earth Monit. Medical Sciences Engineering  Agri. and Biology ‘ Mean
Random (LB) - 1.2 7.1 29.5 11.7 6.1 10.3
Best supervised (UB) - 48.6 79.1 89.5 67.7 81.9 71.0
ZSSeg [46] CLIP ViT-B/16 20.0 18.0 41.8 14.0 22.3 227
ZegFormer [13] CLIP ViT-B/16 13.6 17.3 17.5 17.9 25.8 17.6
X-Decoder [55] UniCL-T 22.0 18.9 233 15.3 18.2 19.8
OpenSeeD [50] UniCL-B 22.5 25.1 444 16.5 10.4 243
SAN [47] CLIP ViT-B/16 29.4 30.6 29.9 23.6 15.1 26.7
CAT-Seg [11] CLIP ViT-B/16 38.7 35.9 28.1 20.3 32.6 32.0
DEDOS (Ours) CLIP ViT-B/16 42.6 38.1 41.3 22.6 34.7 35.9
OVSeg [25] CLIP ViT-L/14 29.5 29.0 319 14.2 28.6 26.9
SAN [47] CLIP ViT-L/14 36.2 38.8 30.3 17.0 20.4 30.1
CAT-Seg [11] CLIP ViT-L/14 44.7 40.0 24.7 20.2 38.6 34.7
DEDOS (Ours) CLIP ViT-L/14 46.9 41.8 40.6 23.5 41.2 38.8

Table 2. Quantitative comparison with state-of-the-art methods on MESS [3]. MESS covers diverse domain-specific datasets, which
present significant challenges due to their differences from the training dataset. We present the average score for each domain. See
supplementary material for detailed results. Random denotes the lower bound from uniform distributed prediction, while Best supervised
represents the upper bound for dataset performance. The best results are highlighted in bold.

Datasets for standard benchmarks. For standard bench-
marks, we evaluate our model on ADE20K [52], PASCAL
VOC [14], and PASCAL-Context [31] datasets following
previous works [11, 45, 47]. ADE20K has 2k validation im-
ages with 150 common classes (A-150). PASCAL-Context
contains 5k images and 459 classes (PC-459), or 59 fre-
quent classes (PC-59). PASCAL VOC includes 20 object
classes and a background class, with 1.5k images for val-
idation. We report the results for PAS-20 (containing 20
object classes) and PAS-20° (containing 20 object classes
and a background class), as in Cho et al. [11].

Datasets for multi-domain evaluation. We further evalu-

ate our model on the MESS benchmark [3], which includes
22 datasets to assess the real-world effectiveness of open-
vocabulary models. These datasets cover a broad range of
fields like earth monitoring, engineering, agriculture, and
general domains such as driving and paintings. We present
the average scores for each domain in the main text. De-
tailed results for all 22 datasets can be found in the supple-
mentary material.

4.2. Implementation Details

We utilize the Detectron2 codebase for our implementa-
tion. We adopt CLIP [33] as the backbone and use the
Mask2Former [10] decoder, a widely-used segmentation
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CAT-Seg ‘ Ours Ground truth

CAT-Seg Ours Ground truth

Figure 3. Qualitative results on ADE20K validation sets. DEDOS demonstrates more accurate category predictions and more complete

spatial distributions. The supplement contains more visual results.

head, further enhancing it with cost aggregation [11] ap-
plied after its pixel decoder. For the training phase, we
use the AdamW optimizer [28], setting the learning rate at
2% 1076 for the backbone and 2 x 10~* for both the decoder
and the learnable queries. We train all models for 60k itera-
tions with a batch size of 4, cropping images to a resolution
of 640 x 640. Training is performed on 2 NVIDIA A100
GPUs. For the diffusion model, we utilize Stable Diffusion
v2-1 [35], pretrained on LAIONSB [37], and keep it frozen
throughout training.

4.3. Comparison with State-of-the-art Methods

Results of standard benchmarks. Table 1 compares our
method with other competing approaches on standard open-
vocabulary semantic segmentation benchmarks, including
ODISE [45], the previous SOTA diffusion-based method
(refer to the supplementary material for further comparisons
with diffusion-based methods). Overall, we significantly
outperform all previous approaches in both scales of back-
bone setups, including ViT-B/16 and ViT-L/14. Even when
compared to approaches that leverage additional datasets
for performance gains, our method still significantly out-
performs all competing approaches. In particular, when us-
ing ViT-B/16, our method significantly outperforms the pre-
vious approach CAT-Seg, which also uses ViT-B/16, even
matching or exceeding the performance of methods using
the more powerful ViT-L/14 backbone. When employing
the ViT-L/14 model as the backbone, our method demon-
strates remarkable results, achieving 25.6 mloU in the chal-
lenging PC-459 dataset, clearly outperforming others. This
emphasizes the effectiveness of our method in generalizing
to a variety of real-world scenarios.

Results of multi-domain evaluation. Table 2 presents the
quantitative results of our method on the MESS benchmark

Components ‘PC—459 A-150 PC-59 PAS-20 PAS-20°

@ Baseline ‘ 22.8 36.0 60.6 96.5 79.6

(D) () + Proxy queries (Once). 23.8 37.2 62.9 97.0 81.9
(III)  (II) + Progressive learning. 24.7 38.6 64.2 97.2 83.1
(IV)  (II) + Decoupling. 254 39.1 64.9 97.5 84.0
(V) (IV) + Text interaction. 25.6 39.4 65.7 97.6 84.6

Table 3. Ablation study on the effect of main components. We
conduct the ablation study by gradually adding components to the
baseline. ”Once” signifies a single denoising step.

[3]. Generally, our model achieves the highest mean score,
outperforming other models with a substantial performance
boost, particularly in the general domain as well as in agri-
culture and biology. In the fields of medical science and en-
gineering, where multispectral and electromagnetic images
are prevalent, we speculate that diffusion models may pos-
sess limited understanding when dealing with images from
these specialized spectra.

Qualitative results. We visually compare the segmenta-
tion results with the previous SOTA method CAT-Seg on
ADE20K validation sets in Figure 3. Notably, our method
produces more accurate category predictions, such as ‘floor’
in the first row on the left of Figure 3, as well as more com-
plete spatial coverage, such as ‘car’ in the first row on the
right of Figure 3. We attribute this improvement to our
method’s effective learning of the scene skeleton, which
plays a critical role in open-vocabulary semantic segmen-
tation.

4.4. Ablation Studies

In this section, we present comprehensive experiments to
validate the effectiveness of our method. Please refer to
supplementary material for more results and analysis.

Effect of components. We evaluate the effectiveness of the
primary components on standard open-vocabulary semantic
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Model | +SD 1.4 +SD 1.5 +SD2.1
mloU 65.4 65.6 65.7

Table 4. Quantitative comparison of different stable diffusion
models on the PC-59 dataset.

Number of iterations 2 3 5 7
mloU 65.0 657 657 652

Table 5. Quantitative comparison of different iteration numbers on
the PC-59 dataset.

Timesteps | [50, 75, 150] | [50, 100, 200] | [50, 200, 300] | [100, 200, 300]
mloU 65.2 65.7 64.9 64.6

Table 6. Ablation results of different diffusion timesteps on the
PC-59 dataset.

segmentation benchmarks. The baseline model builds on
CLIP [33] as the backbone, integrating the Mask2Former
decoder [10] and further enhancing it with cost aggregation
[11] applied after its pixel decoder. As shown in Table 3,
we first add the learnable proxy queries to the baseline in
(II), which significantly improves performance. Next, we
decompose the proxy query into the basic kernel and the
diffusion kernel, enabling progressive learning in (III) that
further improves performance compared to (II). Then, after
decoupling the diffusion features, the segmentation results
continue to improve in (IV). Finally, by establishing inter-
action with text embeddings, our model achieves optimal
results on all datasets in (V), significantly outperforming
previous approaches.

Comparing different stable diffusion. As shown in Ta-
ble 4, we perform a comparative experiment with three cur-
rently dominant stable diffusion models. The results in-
dicate that our approach delivers consistent performance
across different diffusion models, demonstrating that the fi-
nal outcomes are not significantly affected by the choice of
diffusion model. This highlights the robustness and adapt-
ability of our method.

The choice of iteration numbers. To gradually construct
the scene skeleton, we utilize the diffusion model to itera-
tively denoise the image. As shown in Table 5, the model
achieves the best performance when the number of itera-
tions is set to 3 and 5. We ultimately choose 3 as the default
parameter, which is applied in subsequent experiments.
The choice of timesteps. We further investigate the ef-
fect of choosing different timesteps on the model results.
Timesteps ¢ correspond to distinct denoising stages, with a
larger timestep ¢ corresponding to a higher weight of noise.
As shown in Table 6, choosing different timesteps has a
large effect on the results of the model. We empirically
adapt ¢ = [50, 100, 200] as the default parameter.

Study on the number and dimensions of proxy queries.
As shown in Figure 4, we explore proxy query lengths from
50 to 150 and find that models with n = 100 and n = 125
achieve a strong mIoU of 65.7%. We also examine differ-

Learnable Inference
Method Params. (M) | Time (s) GFLOPs
CAT-Seg 70.27 0.37 2000.57
DEDOS (Ours) 23.57 0.12 1030.47

Table 7. Training and testing efficiency comparison. All results
are measured with a single RTX 4090 GPU. The resolution of the
input image is 640 x 640. The clip model is ViT-L/14.

The number # of queries

The dimension ¢ of queries

Figure 4. Ablation study on the number and the dimension of
proxy queries.

ent query dimensions and observe optimal performance at
¢ = 256. Notably, increasing query count or dimensional-
ity introduces redundancy and noise, weakening semantic
understanding, and also increases overfitting risk, making
the model overly sensitive to minor details.

Efficiency comparison. Table 7 provides a detailed ef-
ficiency comparison between our method and the SOTA
approach CAT-Seg [11], evaluating learnable parameters,
inference time, and GFLOPs. The results highlight our
model’s superior efficiency in both training and inference.

5. Conclusion

In this work, we propose DEDOS, a denoising learning
framework based on the diffusion model for open-
vocabulary semantic segmentation. DEDOS treats the
image as a label embedded with “noise”—non-essential
details for perceptual tasks—and employs proxy queries to
progressively construct the scene skeleton during denoising
process. Meanwhile, CLIP features guide the decoupling
of diffusion features, preventing proxy queries from being
disrupted by texture information. Proxy queries are ulti-
mately used to enhance CLIP’s scene understanding and
serve as an interface for multi-level text-visual interactions.
Extensive experiments demonstrate that DEDOS signifi-
cantly outperforms previous SOTA methods across various
benchmarks. Even in scenarios with vast differences from
the training dataset, our method surpasses previous SOTA
methods by a large margin, underscoring its robustness
in real-world scenarios. This work opens up a new direc-
tion for effectively leveraging the internal representation
of diffusion models to improve vision-language models.
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