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Fig. 1: We introduce DiGSeg, a general-purpose segmentation framework built on
pretrained diffusion models. By exploiting the strong spatial priors encoded in gen-
erative models and fine-tuning with segmentation-aware objectives, DiGSeg produces
consistent, high-quality masks across diverse settings, including semantic segmenta-
tion, open-vocabulary queries, and cross-domain datasets spanning medical, agricul-
tural, and remote sensing imagery.

Abstract. Diffusion models are primarily trained for image synthesis,
yet their denoising trajectories encode rich, spatially aligned visual pri-
ors. In this paper, we demonstrate that these priors can be utilized for
text-conditioned semantic and open-vocabulary segmentation, and this
approach can be generalized to various downstream tasks to make a
general-purpose diffusion segmentation framework. Concretely, we intro-
duce DiGSeg (Diffusion Models as a Generalist Segmentation Learner),
which repurposes a pretrained diffusion model into a unified segmenta-
tion framework. Our approach encodes the input image and ground-truth
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mask into the latent space and concatenates them as conditioning sig-
nals for the diffusion U-Net. A parallel CLIP-aligned text pathway injects
language features across multiple scales, enabling the model to align tex-
tual queries with evolving visual representations. This design transforms
an off-the-shelf diffusion backbone into a universal interface that pro-
duces structured segmentation masks conditioned on both appearance
and arbitrary text prompts. Extensive experiments demonstrate state-of-
the-art performance on standard semantic segmentation benchmarks, as
well as strong open-vocabulary generalization and cross-domain
transfer to medical, remote sensing, and agricultural scenarios—without
domain-specific architectural customization. These results indicate that
modern diffusion backbones, can serve as generalist segmentation learn-
ers rather than pure generators, narrowing the gap between visual gen-
eration and visual understanding.

1 Introduction

Modern segmentation systems have achieved remarkable progress across a wide
range of tasks—from semantic and instance segmentation in natural scenes to
highly specialized domains such as medical imaging, remote sensing, and agri-
culture [32,93,107]. Despite this progress, the ecosystem remains fundamentally
fragmented. Most models are tailored to a specific task or domain, relying on dif-
ferent architectures, label spaces, and training pipelines [30,45,70,71,80,101]. As
a result, transitioning from closed-vocabulary semantic segmentation to open-
vocabulary recognition, or from natural images to aerial or medical imagery,
often requires redesigning large portions of the system [46,82,95]. This fragmen-
tation highlights a core question: can we design a single, unified segmentation
model capable of operating robustly across tasks, vocabularies, and visual do-
mains?

Recent research indicates that diffusion models may provide a pathway to
a unified segmentation framework. Several approaches utilize pretrained text-
to-image diffusion models by extracting their cross- or self-attention maps to
create segmentation masks [1, 3, 10, 33, 42, 76, 78, 99, 108]. These studies high-
light an intriguing characteristic: diffusion backbones encode rich semantic cor-
respondences that naturally align visual regions with textual or structural cues.
DiffSeg [73] aggregates self-attention maps; DiffCut [16] segments images by
employing diffusion features in conjunction with graph-based clustering; and
DiffuMask [85] leverages cross-attention to synthesize images and masks simul-
taneously. Collectively, these methods illustrate that diffusion models organize
visual concepts across spatial dimensions, making them a promising foundation
for more comprehensive segmentation learning systems.

Despite the potential of diffusion-based repurposing methods, they often fail
to deliver reliable, high-quality segmentation results. Many of these methods
depend on raw attention maps, which tend to be noisy, low-resolution, and in-
consistent across different layers. As a result, they frequently produce fragmented
masks that require significant post-processing to be usable [5, 73]. While high-
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resolution attention maps can provide more detail, they often lack coherence.
In contrast, low-resolution maps o�er semantic consistency, but at the expense
of losing information about small objects and �ne boundaries. Further analysis
of di�usion transformers reveals that although some layers exhibit strong se-
mantic grounding, e�ectively utilizing them for dense prediction remains a chal-
lenge [39]. Moreover, existing methods generally focus on a single task�such as
open-vocabulary segmentation, panoptic parsing, or instance segmentation�and
do not demonstrate that a single di�usion backbone can e�ectively generalize
across multiple tasks and visual domains [28,40,42,90]. In other words, the �eld
currently lacks a uni�ed and conditioned interface that can convert a pretrained
di�usion model into a comprehensive segmentation engine.

In this paper, we make that step. Our main idea is to transform this im-
plicit capability into an explicit segmentation interface using a straightforward
�ne-tuning protocol. We encode an RGB image along with its ground-truth seg-
mentation map into the latent space of a pretrained di�usion model. In this
process, we keep almost all components frozen and �ne-tune only the denoising
U-Net to generate denoising outputs that align with the segmentation-consistent
latents. This approach retains the powerful visual prior of the generator sourced
from a vast internet-scale dataset. Unlike attention-based methods, which rely on
post-processing to create masks, our method directly teaches the model to pro-
duce high-quality, text-controllable masks from supervised data. Consequently,
we develop a di�usion model that functions e�ectively as a segmentation model
rather than just a generator that sometimes produces usable masks.

Our main contributions are as follows:

� We present a novel and e�ective method for �ne-tuning a pretrained di�u-
sion model into a segmentation model, showcasing the potential of di�usion
models for segmentation tasks.

� We introduce a visual latent pathway plus a CLIP-aligned text conditioner
that injects language at multiple denoising scales, giving the di�usion U-Net
an explicit mechanism to bind textual queries to evolving mask latents.

� Our extensive experiments show state-of-the-art performance on standard
segmentation tasks, strong zero-shot and open-vocabulary capabilities, and
excellent cross-domain transfer without task-speci�c architectures, proving
the model as a generalist segmentation learner.

2 Related Work

2.1 Standard Segmentation Tasks

Image segmentation is a fundamental task in computer vision aimed at divid-
ing an image into pixel-level segments based on semantics [7,12,30,41,69]. This
involves providing a segmentation mask and a class label for each segment. In se-
mantic segmentation, the goal is to output a single segment for each class present
in the image [35,65]. Traditional architectures such as DeepLabv3+ [8] demon-
strate the strong ability of CNNs to capture multi-scale context and achieve high
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accuracy in semantic segmentation benchmarks. Recently, transformer-based
frameworks have further advanced the �eld. Mask2Former [12] adopts a masked-
attention transformer decoder to address panoptic, instance, and semantic seg-
mentation in a uni�ed architecture. OneFormer [34] further extends this idea
by introducing task-conditioned joint training, enabling a single model to han-
dle all segmentation tasks simultaneously. Despite these advances, both CNN-
and transformer-based models still su�er from limited generalization. They are
restricted to �nite, dataset-speci�c vocabularies�far smaller than the rich con-
cepts used to describe the real world�and thus struggle to recognize or segment
unseen categories without retraining.

2.2 Open-Vocabulary Segmentation

Open-vocabulary segmentation aims to recognize and segment arbitrary cate-
gories beyond the training set by leveraging language supervision [19,26,26,27,
44,47,54,89,97]. Early methods [4,86,100]in this area focus on aligning visual fea-
tures with pre-trained text embeddings by learning a feature mapping that asso-
ciates visual and text spaces e�ectively. With the advent of vision�language mod-
els such as CLIP [60], open-vocabulary segmentation has emerged as a promising
direction to overcome the limited label spaces of traditional models. CLIP-based
methods like OpenSeg [26], ZegFormer [18], and ZSseg [92] typically adopt a two-
stage design: class-agnostic masks are �rst proposed and then matched to CLIP
text embeddings for classi�cation. While ODISE [90] leverages di�usion models
to produce high-quality masks, it still relies on region proposal networks trained
with limited annotations and prompt-based category matching. In contrast, our
model integrates segmentation awareness and text conditioning directly within
the di�usion process, removing the need for proposals or handcrafted prompts
and achieving stronger generalization across unseen categories and domains.

2.3 Di�usion Models for Segmentation

Recent research has explored the potential of using generative models, particu-
larly di�usion models [31], for segmentation tasks [1,3,9,42,76,78,99,108]. Early
e�orts, such as Di�useSeg [73], Di�Cut [80], Di�uMask [85], and Seg4Di� [39],
repurposed pretrained text-to-image di�usion models by extracting their inter-
nal attention maps or latent features. These approaches demonstrated that dif-
fusion backbones inherently encode strong spatial and semantic organization.
However, they generally rely on attention maps from intermediate layers, which
are often low-resolution, noisy, and inconsistent, resulting in fragmented masks.
This leads to a heavy dependency on heuristic post-processing techniques. In
contrast, we propose a more direct and uni�ed approach. Rather than interpret-
ing di�usion attention post-hoc, we �ne-tune the denoising U-Net to explicitly
produce segmentation-consistent latents. This design e�ectively teaches di�usion
to segment, generating high-quality, text-controllable masks without the need for
manual post-processing. Our framework recasts the di�usion model from serving
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Fig. 2: DiGSeg pipeline overview, which presents the training and inference
pipelines of our di�usion-based generation model. In training, paired images are en-
coded into latent space and, together with text prompts, guide the di�usion U-Net to
predict noise using an MSE objective. In inference, noise is sampled and progressively
denoised under text conditioning, after which the VAE decoder reconstructs the �nal
image.

solely as a generative prior to functioning as a generalized segmentation learner,
preserving its rich visual knowledge while enabling explicit semantic control.

2.4 Di�usion Models for Dense Prediction

Akin to segmentation, di�usion models have recently shown great promise in
other dense prediction tasks, most notably in monocular depth estimation [11,
20, 22, 37, 57, 63, 64, 74, 77]. Di�usionDepth [20] �rstly transforms the monocu-
lar depth estimation task into an iterative denoising di�usion process guided by
image features. Marigold [37] repurposes pretrained image di�usion models to
predict continuous depth maps by �ne-tuning the denoising U-Net on large-scale
depth datasets. While both DiGSeg and these depth-oriented models leverage
the strong spatial priors of generative backbones, they di�er in several key as-
pects. First, depth estimation typically focuses on predicting a single-channel
continuous value from visual cues alone, whereas DiGSeg is designed as a general-
purpose model that handles diverse discrete label spaces�ranging from closed-
vocabulary semantic classes to arbitrary open-vocabulary text queries. Second,
unlike those depth estimation models which are primarily image-conditioned,
DiGSeg introduces a CLIP-aligned text pathway that enables explicit language-
visual grounding at multiple denoising scales. This allows our model to not only
capture geometric structures but also to align semantic concepts across diverse
domains such as medical and remote sensing imagery, a capability not addressed
in specialized depth di�usion models.

3 Method

3.1 Problem De�nition

Segmentation tasks can be categorized into three main types: semantic segmenta-
tion, open-vocabulary segmentation, and domain-speci�c segmentation. Seman-
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tic segmentation involves a �xed set of labels, denoted asCtrain , where the goal is
to predict a class ID for each pixel in an image. Open-vocabulary segmentation
expands uponCtrain to include unseen categories, represented asCtest 6= Ctrain , by
utilizing image-text alignment techniques [26,75,90]. Domain-speci�c segmenta-
tion, which can include applications such as medical imaging or remote sensing,
often depends on specialized architectures. This reliance can restrict the ability
to generalize across di�erent domains.

3.2 Method Overview

Figure 2 presents an overview of our DiGSeg framework. Inspired by previous
works [37,90], We found that �ne-tuning the di�usion model yields better results
than treating the di�usion model as a feature extractor for the segmentation
task. We repurpose a pretrained di�usion model into a uni�ed segmentation
learner capable of semantic and open-vocabulary segmentation across diverse
domains. The system contains three key components. First, the Visual La-
tent Pathway (Sec. 3.4) encodes the RGB image and its segmentation map
into a compact latent space using the Stable Di�usion VAE. This preserves spa-
tial structure while enabling e�cient learning of �ne-grained correspondences.
Second, the CLIP-Aligned Text Conditioning Module (Sec. 3.5) injects
language features across denoising steps via a frozen CLIP text encoder, en-
abling open-vocabulary reasoning without task-speci�c prompts or additional
heads. Finally, the Segmentation-Consistent Denoising U-Net (Sec. 3.6) is
trained to denoise toward segmentation-consistent latents conditioned on both
image and text features, allowing the di�usion backbone to directly generate seg-
mentation maps instead of relying on attention-based heuristics. Once trained,
DiGSeg supports open-vocabulary inference by conditioning on arbitrary text
inputs and generalizes robustly to unseen categories and domains. The following
sections detail each component.

3.3 Generative Formulation

We formulate segmentation as a conditional denoising di�usion generation task.
Given an RGB image x 2 RH�W �3 and its corresponding segmentation map
y 2 R H�W , our goal is to model the conditional distribution p � (yjx) within the
latent space of a pretrained di�usion model.

Following the standard di�usion framework, we de�ne a forward noising pro-
cess that gradually corrupts the ground-truth segmentation latent y0 := y with
Gaussian noise:

yt =
p

�� t y0 +
p

1 � �� t �; � � N (0; I); (1)

where �� t =
Q t

s=1 (1 � � s) and f� t gT
t=1 denotes the variance schedule over

T di�usion steps. The reverse process is parameterized by a denoising network
� � (�), a U-Net, which learns to progressively remove noise from yt conditioned
on x:
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p� (yt�1 jyt ; x) = N
�
yt�1 ; � � (yt ; x; t); � � (yt ; x; t)

�
: (2)

During training, parameters � are optimized using the standard di�usion
objective:

L di� = E y0 ;�;t
�
k� � � � (yt ; x; t)k 2

2

�
; (3)

Where �̂ = � � (y t ; x; t) is the noise estimate. Unlike prior works that model
p� (xjy) for image generation, our formulation reverses the conditioning to di-
rectly generate segmentation-consistent latents y from the image x. At inference
time, the segmentation latent y := y 0 is reconstructed starting from a normally
distributed variable y T , by iteratively applying the learned denoiser � � (y t ; x; t).
Conditioned on the input image x, the model gradually re�nes y t through the
reverse di�usion process to produce a segmentation-consistent latent represen-
tation, which can be decoded into the �nal mask prediction y0.

3.4 Visual Latent Pathway

The encoder E compresses both the RGB image and its corresponding segmen-
tation map into compact latent representations:

zx = E(x); z y = E(y);

where zx ; zy 2 Rh�w�c denote the encoded latent features of the image and the
segmentation map, respectively. The decoder D allows reconstruction back to
the pixel space, i.e., x̂ = D(zx ) and ŷ = D(z y ), ensuring perceptual consistency
between latent and data domains.Because the pretrained VAE is designed for
3-channel RGB inputs, the single-channel segmentation map is replicated across
three channels to simulate an RGB image before encoding. This simple strategy
maintains compatibility with the encoder without retraining or modifying the
latent structure.

3.5 Text Conditioner

To endow our model with open-vocabulary and text-controllable segmentation
capability, we introduce a CLIP-Aligned Text Conditioner that injects language
information into the di�usion process. At each denoising timestep, this mod-
ule provides semantic grounding by aligning textual and visual representations
within the U-Net.

Given a class name or a natural-language description, we obtain a text embed-
ding tclip using a frozen CLIP text encoder. This embedding is then integrated
into multiple denoising scales of the U-Net through cross-attention:

ht = UNet(z t ; tclip ; t); (4)

where zt denotes the noisy latent at timestep t. Multi-scale language injection
ensures that both global semantics and local spatial cues are jointly re�ned
during denoising.
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3.6 Segmentation-Consistent Denoising

Given the encoded latent pairs (zx ; zy ) from the Visual Latent Pathway, we ran-
domly sample a timestep t 2 [1; T ] and add Gaussian noise to the segmentation
latent zy according to the forward di�usion process:

zt
y =

p
�� t zy +

p
1 � �� t �; � � N (0; I) (5)

where �� t follows the prede�ned noise schedule. The denoiser, implemented
as a U-Net �� , then learns to predict and remove this noise conditioned on both
the image latent zx and the text embedding tclip :

L seg = E t;�
�
k� � � � (z t

y ; zx ; t; t clip )k2
2

�
: (6)

Noise Strategy. To stabilize training and accelerate convergence, we employ an
annealed multi-scale noise schedule [68, 84]. Instead of adding noise purely at
a single resolution, we combine Gaussian noise components at multiple spatial
scales, each upsampled to match the latent resolution. At early di�usion steps,
high-frequency perturbations dominate to encourage �ne-structure learning; as
denoising progresses, low-frequency components become more in�uential, grad-
ually emphasizing semantic structure. This annealed multi-scale perturbation
improves spatial coherence and yields smoother, more accurate segmentation
boundaries.

3.7 Inference

At inference time, our model performs conditional latent di�usion denoising to
generate segmentation maps from an input image. Given an RGB image x, we
�rst encode it into the latent space as zx = E(x). A segmentation latent z T

y

is then initialized as standard Gaussian noise zTy � N (0; I) and progressively
denoised under the same schedule used during training:

zt�1
y =

1
p

� t

�
zt

y �
1 � � tp
1 � �� t

� � (z t
y ; zx ; t; t clip )

�
+ � t �; (7)

where � t controls the noise level and �� denotes our segmentation-consistent
denoiser. After completing all reverse steps, the clean segmentation latent z0

y is
decoded back to the pixel space using the frozen VAE decoder:

ŷ = D(z 0
y ): (8)

Test-Time Ensembling. Given the stochastic nature of the di�usion process,
we optionally adopt a lightweight test-time ensemble: multiple inference passes
are run with di�erent noise seeds, and the resulting segmentation maps are
averaged in the latent space before decoding. This aggregation improves spatial
consistency and reduces noise artifacts, particularly in �ne-structure regions,
with minimal additional computational cost.
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Method VLM Backbone Training Dataset Additional Dataset A-847 PC-459 A-150 PC-59 Cityscapes

ODISE [90] CLIP ViT-L/14 Stable Di�usion COCO-Panoptic 7 11.0 13.8 28.7 55.3 -
OVSeg [49] CLIP ViT-L/14 Swin-B COCO-Stu� X 9.0 12.4 29.6 55.7 -
SAN [91] CLIP ViT-L/14 Side Adapter COCO-Stu� 7 12.4 15.7 29.9 51.8 -
SCAN [51] CLIP ViT-L/14 Swin-B COCO-Stu� 7 14.0 16.7 33.5 59.3 -
CAT-Seg [14] CLIP ViT-L/14 - COCO-Stu� 7 16.0 23.8 31.5 62.0 -
MAFT+ [36] ConvNeXt-L - COCO-Stu� 7 15.1 21.6 36.1 59.4 -
SED [87] CLIP ConvNeXt-L - COCO-Stu� 7 13.9 22.6 35.2 60.6 -
Mask-Adapter [48] CLIP ConvNeXt-L - COCO-Stu� 7 16.2 22.7 38.2 60.4 37.9
Seg4Di� [39] CLIP ViT-L/14 Stable Di�usion COCO-Stu� 7 - - 35.2 51.2 26.0
HyperCLIP [58] CLIP ViT-L/14 - COCO-Stu� 7 16.3 24.1 38.2 64.2 -
OVSNet [52] CLIP ViT-L/14 ResNet-101c COCO-Stu� 7 16.2 23.5 37.1 62.0 -
DPSeg [102] CLIP ConvNeXt-L - COCO-Stu� 7 15.7 24.1 37.1 62.3 -
SemLA [59] CLIP ConvNeXt-L - COCO-Stu� 7 - - 36.9 62.2 -
ESC-Net [43] CLIP ViT-L/14 - COCO-Stu� 7 18.1 27.0 41.8 65.6 -

19.9 29.2 43.2 68.4 38.5
DiGSeg (ours) CLIP ViT-L/14 Stable Di�usion COCO-Stu� 7

(+1.8) (+2.2) (+1.4) (+2.8) (+0.6)

OVSeg [49] CLIP ViT-B/16 ResNet-101c COCO-Stu� X 7.1 11.0 24.8 53.3 -
SCAN [51] CLIP ViT-B/16 Swin-B COCO-Stu� 7 10.8 13.2 30.8 58.4 -
EBSeg [65] CLIP ViT-B/16 SAM ViT-B COCO-Stu� 7 11.1 17.3 30.0 56.7 -
SED [87] ConvNeXt-B - COCO-Stu� 7 11.4 18.6 31.6 57.3 -
CAT-Seg [14] CLIP ViT-B/16 - COCO-Stu� 7 12.0 19.0 31.8 57.5 -
OPMapper [81] CLIP ViT-B/16 Swin-B COCO-Stu� 7 - - 31.0 58.3 -
ESC-Net [43] CLIP ViT-B/16 - COCO-Stu� 7 13.3 21.1 35.6 59.0 -
HyperCLIP [58] CLIP ViT-B/16 - COCO-Stu� 7 12.3 19.2 32.1 58.5 -
Mask-Adapter [48] CLIP ConvNeXt-B - COCO-Stu� 7 14.2 17.9 35.6 58.4 35.2
DPSeg [102] CLIP ConvNeXt-B - COCO-Stu� 7 12.5 20.1 33.3 58.4 -

17.5 23.1 37.2 62.7 36.5
DiGSeg (ours) CLIP ViT-B/16 Stable Di�usion COCO-Stu� 7

(+3.3) (+2.0) (+1.6) (+3.7) (+1.3)

Table 1: Quantitative evaluation on open-vocabulary segmentation bench-
marks All methods are evaluated on A-847, PC-459, A-150, PC-59, and Cityscapes.
We highlight the best, while the second-best results are underlined. Improvements over
the second-best are highlighted in green.

Hyperparameter � Tuning. Since the output of our di�usion model is a continuous-
valued mask in [0; 1], a threshold � is required to convert the predicted logits
into a binary mask for each class. The choice of � can in�uence the sharpness
and coverage of the resulting mask, and di�erent categories may exhibit di�erent
optimal threshold values depending on object size, texture, and spatial sparsity.

Fig. 3: Impact of Hyperparameter � .

To characterize this behavior, we ex-
amine how IoU varies with respect
to � for several representative cate-
gories on Fig. 3. The optimal thresh-
old can shift across classes, with small
or �ne-grained objects typically fa-
voring slightly lower thresholds, while
larger and more homogeneous objects
prefer higher thresholds. We inten-
tionally avoid post-processing to preserve the generality and simplicity of our
model. Our empirical �ndings indicate that a single �xed value of � = 0:7
consistently delivers strong performance across semantic segmentation, open-
vocabulary segmentation, and all downstream segmentation benchmarks.
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Method
COCO ADE20K

input size miou input size miou

SegFormer-B5 [88] 5122 46.7 6402 51.8
Mask2Former-Swin-L [12] - - 6402 57.3
OneFormer [34] - - 6402 57.0
LDMSeg [76] - - 5122 52.2
PEM [6] - - 5122 45.5
FeedFormer-B2 [66] - - 5122 48.0
CGRSeg-L [56] 5122 46.0 5122 48.3
VWFormer-B5 [94] 512 2 48.0 5122 54.7
SegMAN [23] 5122 48.2 5122 53.2
EoMT [38] 5122 48.7 5122 57.1
O�Seg-L [98] 5122 46.0 5122 48.5
MambaVision-B [29] - - 5122 49.1

50.8 58.6
DiGSeg (ours) 5122

(+2.1)
5122

(+1.3)

Table 2: Quantitative evaluation on se-
mantic segmentation. Our DiGSeg demon-
strates outstanding performance.

Method IoU road Precision Recall F1

DDCTNet [24] 64.27 79.02 78.10 78.24
Unet [62] 62.94 - - -
D-LinkNet [106] 63.00 - - -
CoANet [53] 60.65 76.98 72.34 74.61
SGCN [105] 53.92 72.95 68.25 72.31
DeepLabv3 [82] 61.97 77.26 74.09 75.64
Segroad [72] 66.23 - - -
CGC-Net [103] 68.80 82.67 80.39 81.51

SegMAN 48.12 70.25 68.10 69.16
EoMT 52.52 72.88 71.35 72.10
O�Seg 51.75 72.10 70.85 71.46
MambaVision 57.28 75.32 74.50 74.91

65.78 79.93 78.92 78.79
DiGSeg (ours)

(+8.50) (+4.61) (+4.42) (+3.88)

Table 3: Quantitative evaluation
on DeepGlobe road segmentation
tasks. The module speci�cally de-
signed for remote sensing tasks is de-
noted by gray.

4 Experiments

We begin this section by describing the implementation details of our frame-
work. We then compare our method with SOTA approaches on semantic and
open-vocabulary segmentation benchmarks. Finally, we conduct comprehensive
ablation studies to validate the contribution of each component in our model.
Due to page constraints, more implementation details, dataset tests, detailed
experimental results and metrics, as well as ablation experiment analyses, are
presented in the supplementary materials.

4.1 Implementation Details

Architecture We implement DiGSeg utilize SDv2 [61]. We adopt the DDPM noise
schedule [31] with T = 1000 steps during training. For each training iteration,
we sample a timestep t � U(f1; : : : ; Tg). At inference time, we use a DDIM
sampler [67] with between 1 and 50 steps. For all segmentation tasks, unless
otherwise stated, we ensemble 8 predictions from di�erent initial noise. we resize
the input images to 512 � 512, use random horizontal �ip and scale jittering in
[0:8; 1:2]. The model is trained for 30000 iterations with a total batch size of
16. We use AdamW with a learning rate of 1 � 10 �4 . Training and testing are
conducted using 8 NVIDIA A100 GPU, For most semantic segmentation and
open vocabulary segmentation tasks, it takes approximately 1 days to converge
during training.

Training datasets We use widely adopted benchmarks for image segmentation.
Speci�cally, we evaluate the semantic segmentation performance on COCO [50]
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Fig. 4: Qualitative comparison of semantic and open-vocabulary segmentation
across di�erent datasets.

Fig. 5: Qualitative results of cross-domain segmentation across di�erent datasets.

and ADE20K [104]. Following the experiment in [26, 91], we report perfor-
mance on A-150 with 150 common classes and A-847 with all the 847 classes of
ADE20K [104], PC-59 with 59 common classes and PC-459 with full 459 classes
of Pascal Context [55], we also incorporated the CityScapes [15] dataset in order
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