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Abstract

Open-Vocabulary semantic segmentation (OVSS) and domain generalization in
semantic segmentation (DGSS) highlight a subtle complementarity that motivates
Open-Vocabulary Domain-Generalized Semantic Segmentation (OV-DGSS). OV-
DGSS aims to generate pixel-level masks for unseen categories while maintaining
robustness across unseen domains, a critical capability for real-world scenarios
such as autonomous driving in adverse conditions. We introduce Vireo, a novel
single-stage framework for OV-DGSS that unifies the strengths of OVSS
and DGSS for the first time. Vireo builds upon the frozen Visual Foundation
Models (VFMs) and incorporates scene geometry via Depth VFMs to extract
domain-invariant structural features. To bridge the gap between visual and textual
modalities under domain shift, we propose three key components: (1) GeoText
Query, which align geometric features with language cues and progressively refine
VFM encoder representations; (2) Coarse Mask Prior Embedding (CMPE) for
enhancing gradient flow for faster convergence and stronger textual influence; and
(3) the Domain-Open-Vocabulary Vector Embedding Head (DOV-VEH), which
fuses refined structural and semantic features for robust prediction. Comprehensive
evaluation on these components demonstrates the effectiveness of our designs. Our
proposed Vireo achieves the state-of-the-art performance and surpasses existing
methods by a large margin in both domain generalization and open-vocabulary
recognition, offering a unified and scalable solution for robust visual understanding
in diverse and dynamic environments. Code is available at https://github.com/SY-
Ch/Vireo.

1 Introduction

Open-Vocabulary Domain-Generalized Semantic Segmentation (OV-DGSS) denotes the joint exe-
cution of open-vocabulary semantic segmentation (OVSS)[1, 2, 3, 4] and domain generalization in
semantic segmentation (DGSS)[5, 6, 7, 8] tasks. It involves training a model that, without access to
target-domain samples or annotations for novel categories, can generate pixel-wise segmentation for
unseen classes while sustaining high performance across previously unseen domains (such as different
cities, lighting environments, or climatic conditions). For instance, when an autonomous vehicle
receives a query like “Can I park next to that bollard?”, its perception system must comprehend the
linguistic input and accurately segment the referenced object at the pixel level—even under adverse
conditions such as dim lighting, rain-streaked lenses, or region-specific visual appearances.

OVSS and DGSS share notable similarities and can both be implemented using either multi-stage or
single-stage strategies. In multi-stage OVSS [1], candidate regions or coarse masks are generated and
then classified by a text approach, while multi-stage DGSS [9]first aligns domains through adversarial
alignment or style transfer and then trains the segmentation approach on the aligned features.
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Figure 1: Overview of Vireo and effectiveness. (I) Performance comparison under various adverse
conditions across ACDC and DELIVER datasets, showing that Vireo consistently outperforms
existing methods. (II) Qualitative visualization of segmentation predictions (left) and attention maps
(right) under extreme night scenes, illustrating Vireo’s robustness and precise alignment with semantic
cues. (III) Architectural comparison: (a) Traditional OVSS and (b) DGSS pipelines freeze or fine-tune
VFM separately without cross-modal integration; (c) Our proposed Vireo introduces GeoText Query
and Depth-VFM integration to enhance both semantic alignment and domain robustness.

In single-stage OVSS [10, 11], the segmentation head is dynamically conditioned on text prompts
to directly produce masks for each class. In contrast, single-stage DGSS [12, 13] incorporates
domain-invariant modules within the backbone or segmentation head, enabling the model to jointly
learn segmentation and generalization in a unified forward pass without requiring distinct stages. The
key distinction lies in their focus: OVSS requires integration of visual features with textual semantics
to accurately identify unseen classes, whereas DGSS emphasizes robustness to domain shifts.

Consequently, integrating open-vocabulary recognition of novel classes with domain robustness into
a unified framework presents two primary challenges: (1) Text–vision alignment modules often
degrade outside the source domain, leading to significant performance drops even for previously
seen classes. (2) Domain-invariant strategies may suppress fine-grained semantic cues, hindering
the model’s ability to precisely respond to detailed textual queries.

Recent single-stage DGSS studies have increasingly adopted strategies that fine-tune learnable tokens
across the layers of a frozen Visual Foundation Model (VFM) [14, 15, 16, 17, 18] to adapt its
feature representations. In OVSS, the VFM encoder is typically fully frozen, with efforts focused on
designing the decoder to endow the model with open-vocabulary recognition capabilities. This reveals
a subtle complementarity between the two paradigms: DGSS emphasizes the encoder by leveraging
the VFM’s strong feature generalization to learn cross-domain representations, whereas OVSS
freezes the encoder and emphasizes the decoder to enable open-vocabulary recognition.

Moreover, in cross-domain scenarios, depth and geometric cues are largely insensitive to variations in
illumination and texture[19, 20]. They supply reliable spatial constraints, easing the distribution shift
of RGB features and sharpening boundary localization. Recent studies such as DepthForge [21] have
shown that injecting depth query into a frozen VFM boosts domain generalization. Motivated by
these findings, we adopt DepthAnything V2 [22] as our Depth VFM: its diverse pre-training delivers
consistent depth estimation across domains, and keeping it fully frozen incurs minimal training cost
while preserving real-time inference speed.

In this paper, we propose a VFM-based single-stage pipeline for OV-DGSS, termed Vireo. Specif-
ically, in the encoder, both the VFM and DepthAnything modules are kept frozen. The VFM is
leveraged to robustly capture cross-domain visual features, while DepthAnything extracts the scene’s
intrinsic geometric structure. On this basis, we introduce Geometric-Text Query (GeoText Query)
to fuse the extracted structural features with manually provided textual cues, progressively refining
the feature maps between the frozen VFM layers. To mitigate the slow convergence caused by sparse
gradients propagating through the frozen encoder, we introduce a Coarse Mask Prior Embedding
(CMPE) at the beginning of the decoder to inject denser gradient signals. This design accelerates the
convergence of mask supervision and further strengthens the influence of textual priors. Subsequently,
we design the Domain-Open-Vocabulary Vector Embedding Head (DOV-VEH) to strengthen
the synergistic integration of structural and textual modalities, ensuring that both cross-domain
structural features and open-vocabulary cues learned by the GeoText Query are fully utilized in the
final prediction.

For challenge 1: We find that GeoText Query not only capture structural and semantic cues within
the frozen VFM encoder but also guide the progressive refinement of its feature representations.
For challenge 2: The CMPE enhances gradient back-propagation into the encoder, while the

2



Figure 2:Overview of the proposed Vireo framework for OV-DGSS.(a)Framework Overview.
Geometric-Text Query permeate our model: they're injected in Tunable Vireo to align domain priors,
reused in CMPE to guide multi-scale feature fusion, and employed in DOV-VEH as queries for
open-vocabulary segmentation, forming a uni�ed end-to-end loop. (b)Tunable Vireo. GeoText
Query are used to inject structural-textual priors across multiple layers. Depth-aware fusion and
attention optimization are applied between intermediate frozen layers to progressively re�ne rep-
resentations. (c)Coarse Mask Prior Embedding (CMPE). Multi-scale features from VFM are
combined with GeoText Query to provide dense supervision and gradient signals for downstream
modules. (d)Domain-Open-Vocabulary Head (DOV-VEH).Multi-level features are processed by
a Pixel Decoder and Transformer Decoder to produce �nal predictions guided by open-vocabulary
text queries.

redesigned DOV-VEH deepens the fusion of visual and textual priors. These components form
a uni�ed framework that simultaneously achieves domain robustness and strong open-vocabulary
generalization. Our main contributions are summarized as follows:

(1) We proposeVireo, a novel VFM-based single-stage framework for OV-DGSS.

(2) We introduceGeoText Queryto progressively re�ne frozen VFM features by injecting geometric
cues from DepthAnything and aligning them with textual semantics, enabling structural-semantic
fusion across encoder layers.

(3) We design two complementary modules—CMPE for enhancing gradient �ow andDOV-VEH for
fusing visual and textual priors—together boosting segmentation performance under domain shifts
and unseen classes.

2 Related Works

Open-Vocabulary Semantic Segmentation. Open-Vocabulary Semantic Segmentation (OVSS)
aims to segment objects based on arbitrary textual descriptions, moving beyond �xed, pre-de�ned
categories. A key enabler for OVSS [23, 24, 1, 25] has been vision-language models (VLMs),
particularly CLIP [16], which aligns visual and textual representations.
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Domain-Generalized Semantic Segmentation. Domain Generalization in Semantic Segmentation
(DGSS) addresses the performance degradation when models encounter unseen target domains due
to domain shift—variations in data distributions (e.g., lighting, weather). Data augmentation [26, 27]
and learning domain-invariant representations [28, 29] are two key strategies to enhance model
robustness. This detailed discussion in the appendix further contextualizes our speci�c contributions
within the broader landscape of these research areas.

3 Methodology - Vireo

We formulate the open-vocabulary DGSS problem as predicting a pixel-wise segmentation mask
from an input image and a set of text labels. Given an imageI and a set of open-vocabulary class
namesC, our goal is to produce a maskM where each pixel is classi�ed according to one of the
classes inC. As illustrated in Figure 2, our framework Vireo tackles this by leveraging frozen vision
and text encoders with additional trainable prompt and depth modules for improved generalization, it
consists of three key modules tailored for the OV-DGSS: (1)Tunable Vireo with GeoText Query:
Introduces GeoText Query to inject and re�ne both geometric and textual information across layers
of a frozen VFM. (2)Coarse Mask Prior Embedding (CMPE): Generates coarse prior masks to
guide segmentation and reinforce gradient �ow from the decoder back to the frozen encoder. (3)
Domain-Open-Vocabulary Vector Embedding Head (DOV-VEH):Integrates visual, geometric,
and semantic features to produce �nal OV-DGSS predictions.

3.1 Overview

The input RGB imageI 2 RH � W � 3 is duplicated and independently fed into two frozen encoders:
a VFM encoderF V and a DepthAnything encoderF D . These backbones extract a series of
multi-scale featuresf V

l and f D
l respectively, wherel denotes the encoder layer index in[1; L ].

In parallel, a set of class labelsC = f c1; : : : ; cK g is transformed into natural language prompts
T = f prompt1; : : : ; promptK g, which are encoded using a frozen CLIP text encoderF T to obtain
textual embeddingstk 2 Rd. These features serve as shared semantic priors across the entire
framework and are precomputed once at initialization. In the Tunable Vireo module, each layer
receives a tuple(f V

l ; f D
l ; tk ), and applies the GeoText QueryPl to align and re�ne the visual features.

This is achieved by computing cross-modal attention mapsA l = Attn(Pl ; f V
l ; f D

l ; tk ) followed by
feature fusion and projection. The re�ned output^f V

l is then forwarded back to update the VFM's
layer-wise activations.

We select the re�ned visual featuresf f V
l i

g4
i =1 from the VFM encoder at layersl1 = 8 , l2 = 12,

l3 = 16, andl4 = 24 for downstream decoding. In the Coarse Mask Prior Embedding (CMPE)
module, these features are �rst upsampled to a uni�ed spatial resolution and passed through a channel-
spatial attention gating functionG(�). The gated outputs are then fused to form a global coarse feature
f M 2 Rd. Thef M is projected and matched with the text embeddingstk 2 Rd to produce a coarse
class probability mapM 2 RH � W � K , whereM serves both as a weak supervision signal and as
a prior to construct the query embeddingsQ. The query prior is added to the GeoText Query and
forwarded to the �nal segmentation head. In the Domain-Open-Vocabulary Vector Embedding Head
(DOV-VEH), the multi-scale featuresf f̂ V

l i
g4

i =1 are passed through a pixel decoderDp(�) to enhance
spatial representation, followed by a Transformer decoderDT (�) that leverages positional embedding.
The GeoText Query serve as learnable queries and interact with both the decoded features and the text
embeddings, producing pixel-level mask embeddingsEmask(x; y) 2 Rd and classi�cation embeddings
Ecls(k) 2 Rd. The �nal prediction isM̂ (x; y; k) 2 RH � W � K provides the pixel-wise semantic
prediction with both �ne-grained detail and open-vocabulary generalization capability.

3.2 Tunable Vireo with GeoText Query

To improve ef�ciency, we �rst precompute and share the textual prompt embeddings using a frozen
CLIP text encoderF T . Speci�cally, a set of class labelsC = f c1; : : : ; cK g is transformed into
language promptsT = f prompt1; : : : ; promptK g, which are encoded astk = F T (promptk ),
wheretk 2 Rd. These embeddings are reused across all GeoText Prompt layers, CMPE, and
DOV-VEH modules to avoid redundant computation.
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During inference, the input imageI 2 RH � W � 3 is simultaneously processed by a frozen visual
encoderF V and a frozen depth encoderF D (e.g., DepthAnything). For each selected layerl 2
f 1; : : : ; Lg, we obtain the visual feature mapf V

l = F V
l (I ) and the depth feature mapf D

l = F D
l (I ).

Each layer of the Tunable Vireo module receives the tuple(f V
l ; f D

l ; f tk g) along with a layer-speci�c
GeoText PromptPl 2 RN � d, whereN is the number of learnable queries.

The promptPl �rst interacts with the textual embeddings via a fusion block, then attends to bothf V
l

andf D
l through cross-attention mechanisms:

A l = CrossAttn(Pl ; f V
l ; f D

l ; f tk g): (1)

The attention outputs are fused via weighted summation, then passed through an MLP projection
layer and multiplied element-wise withPl . A residual connection adds this result to the original
feature mapf V

l , yielding a re�ned visual representation̂f V
l . Finally, another MLP transformŝf V

l
into the input for the next VFM layer, and the updated GeoText PromptPl +1 is passed forward.

This progressive re�nement continues across all selected layers, enabling the model to inject and align
geometric and semantic information at multiple scales, thereby enhancing cross-domain robustness
and open-vocabulary generalization.

3.3 Coarse Mask Prior Embedding (CMPE)

We select the re�ned visual featuresf f̂ V
l i

g4
i =1 from the VFM encoder at layersl1 = 8 , l2 = 12,

l3 = 16, andl4 = 24, respectively. Each feature map is upsampled to a common spatial resolution
(H � W ) via bilinear interpolation, and then passed through an Adaptive Attention Gate (AAG)
G(�), which enhances informative channels and spatial regions. Speci�cally, AAG applies two1 � 1
convolutions followed by ReLU and Sigmoid for channel attention, and a3 � 3 convolution followed
by Sigmoid for spatial attention.

The attended features are concatenated along the channel axis and fused via a1 � 1 convolution to
restore the embedding dimensiond, yielding a fused feature representation:f M = Fuse(G(f̂ V

l i
)) .

We apply a residual addition betweenf M and the �nal layer output̂f V
l 4

to obtain the updated mask
feature:f M = f M + f̂ V

l 4
. This fused featuref M (x; y) 2 Rd is projected to the same dimension as

the text embeddingstk 2 Rd and compared via Einstein summation to generate a coarse semantic
probability mapM (x; y; k) =



f M (x; y); tk

�
, whereM 2 RB � K � H � W . This coarse mask is

supervised with a segmentation loss to enhance gradient �ow through the frozen encoder.

To generate query priors for the downstream segmentation head, we �rst normalizeM across the
spatial domain to derive attention weights:

� k (x; y) =
exp(M (x; y; k))

P
x 0;y 0 exp(M (x0; y0; k))

: (2)

Then, we compute the class-speci�c aggregated feature by spatially weightingf M :

f class
k =

X

x;y

� k (x; y) � f M (x; y): (3)

Eachf class
k is projected into the embedding space aseclass

k 2 Rd, and combined with a set of learnable
queries vectorsf qj gN q

j =1 to produce the query priors:

qprior
j =

KX

k=1

Softmax(hqj ; eclass
k i ) � eclass

k : (4)

The �nal query priorsf qprior
j gN q

j =1 are added to the corresponding GeoText Query and forwarded into
the Domain-Open-Vocabulary Vector Embedding Head (DOV-VEH).

3.4 Domain-Open-Vocabulary Vector Embedding Head (DOV-VEH)

The DOV-VEH module receives the re�ned multi-scale featuresf f̂ V
l i

g4
i =1 from the VFM encoder,

wherel1 = 8 , l2 = 12, l3 = 16, andl4 = 24, along with the updated GeoText Queryf Pl g. These
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Table 1: Performance comparison between our Vireo and existing OVSS and DGSS methods under
Citys. ! ACDC + BDD. + Map., andGTA5.! Citys. + BDD. + Map.generalization settings. Top
three results are highlighted asbest , second , andthird , respectively. (%)

Method Proc. & Year Trained on Cityscapes Trained on GTA5

Night-ACDC Fog-ACDC Rain-ACDC Snow-ACDC BDD 100k Mapillary GTA5 Cityscapes BDD100k Mapillary

OVSS Method
FC-CLIP [30] NeurIPS2023 40.8 64.4 63.2 61.5 55.92 66.12 47.12 53.54 51.41 58.60
EBSeg [31] CVPR2024 27.7 56.5 51.8 50.1 48.91 63.40 42.61 44.80 40.59 56.28

CAT-Seg [10] CVPR2024 37.2 58.3 45.6 49.0 48.26 54.74 45.18 43.52 44.28 50.88
SED [3] CVPR2024 38.7 69.0 56.4 60.2 53.30 64.32 48.93 47.45 48.16 57.38

DGSS Method
ResNet based:

IBN [32] ECCV2018 21.2 63.8 50.4 49.6 48.56 57.04 45.06 - - -
RobustNet [9] CVPR2021 24.3 64.3 56.0 49.8 50.73 58.64 45.00 36.58 35.20 40.33
WildNet [33] CVPR2022 12.7 41.2 34.2 28.4 50.94 58.79 47.01 44.62 38.42 46.09

Transformer based:
HGFormer [34] CVPR2023 52.7 69.9 72.0 68.6 53.40 66.90 51.30 - - -
CMFormer [35] AAAI2024 33.7 77.8 67.6 64.3 59.27 71.10 58.11 55.31 49.91 60.09
VFM based:

REIN [36] CVPR2024 55.9 79.5 72.5 70.6 63.54 74.03 62.41 66.40 60.40 66.10
FADA [37] NeurIPS2024 57.4 80.2 75.0 73.5 65.12 75.86 63.78 68.23 61.94 68.09

OV-DGSS Method
Vireo (Ours) - 60.6 82.3 76.3 76.2 66.73 75.99 67.86 70.69 62.91 69.63

features are �rst processed by a pixel decoderDp(�), which leverages multi-scale cross-attention to

extract rich spatial context:f pix = Dp

�
f̂ V

l i

�
. The fused featuref pix 2 RH � W � d is then compressed

via a1 � 1 convolution and enriched with sinusoidal positional encoding to preserve spatial structure.

The enhanced features are fed into a Transformer DecoderDT (�), where the GeoText Query act as
learnable queries. Through stacked layers of self-attention and cross-attention withf pix, the model
captures �ne-grained visual-semantic alignment, yielding a set of high-resolution mask features
Emask(x; y) 2 Rd at each spatial position.

Simultaneously, the GeoText Queryf Pg are passed through a two-layer MLP and then interact with
the text embeddingsf tk g (precomputed from the CLIP text encoder) to produce classi�cation-level
representationsEcls(k) 2 Rd. The �nal segmentation prediction̂M 2 RH � W � K is generated via an
Einstein summation over the two embeddings:

M̂ (x; y; k) =
DX

d=1

Emask(x; y; d) � Ecls(k; d); (5)

whereD is the feature embedding dimension. This design enables DOV-VEH to generate pixel-level
segmentation masks that are both spatially accurate and semantically aligned with open-vocabulary
textual queries.

4 Experiments

4.1 Datasets & Evaluation Protocols

We evaluate Vireo on six real-world datasets (Cityscapes[38], BDD100K [39], Mapillary [40],
ACDC [41], ADE150[42], andADE847[42]) and two synthetic datasets (GTA5 [43] andDELIVER
[44]). Cityscapes(City.) is an autonomous-driving dataset with 2,975 training images and 500
validation images, each at a resolution of2048� 1024. BDD100K (BDD.) andMapillary (Map.)
provide 1,000 and 2,000 validation images, respectively, at resolutions of1280� 720and1920� 1080.
ACDC offers 406 validation images captured under extreme conditions (night, snow, fog, and rain),
each at1920� 1080. GTA5 is a synthetic dataset that contains 24,966 labeled images obtained from
a video game.DELIVER is a multimodal synthetic dataset comprising 3,983 training images, 2,005
validation images, and 1,897 test images across �ve weather conditions (cloudy, foggy, night, rainy,
and sunny); every image is1042� 1042and there are 25 classes.ADE150 andADE847 refer to
subsets of the ADE20K dataset [42], each containing 2,000 validation images of variable resolution
sourced from diverse scenes such as SUN and Places, covering 150 and 847 semantic categories,
respectively.

Following the existing DGSS evaluation protocol, we train on one dataset as the source domain and
validate on multiple unseen target domains. The three standard evaluation setups are: (1) Cityscapes
! ACDC; (2) GTA5! Cityscapes, BDD100K, Mapillary; (3) Cityscapes! BDD100K, Mapillary,
GTA5. To assess our proposed OV-DGSS approaches and compare its open-vocabulary capability
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Figure 3: Key segmentation examples of existing DGSS methods and Vireo under the Citys.!
ACDC unseen target domains under Night, Snow, Rain, and Fog conditions.

Table 2: Performance comparison between our Vireo and existing OVSS methods underCitys. !
DELIVER + ADE150 + ADE847generalization setting. Top three results are highlighted asbest ,
second , andthird , respectively. (%)

Method Proc. & Year Sun-DELIVER Night-DELIVER Cloud-DELIVER Rain-DELIVER Fog-DELIVER ADE150 ADE847

Train on Cityscapes
OVSS Method:
FC-CLIP [30] NeurIPS2023 16.93 14.93 17.50 16.59 17.26 16.12 6.29
EBSeg [31] CVPR2024 26.41 15.50 22.62 20.35 22.00 12.75 3.75

CAT-Seg [10] CVPR2024 28.21 20.56 26.22 26.53 24.80 20.19 6.95
SED [3] CVPR2024 27.14 22.79 24.40 25.18 25.25 18.86 5.45

OV-DGSS Method:
Vireo (Ours) – 35.73 27.51 32.34 31.80 32.72 21.37 7.31

Train on GTA
OVSS Method:
FC-CLIP [30] NeurIPS2023 22.24 18.58 18.50 16.59 19.12 15.47 5.73
EBSeg [31] CVPR2024 32.32 20.05 26.19 26.19 28.69 11.87 4.19

CAT-Seg [10] CVPR2024 28.59 23.49 27.31 27.94 27.66 20.45 7.18
SED [3] CVPR2024 26.56 21.18 24.95 24.58 26.17 19.57 6.80

OV-DGSS Method:
Vireo (Ours) – 38.49 29.89 33.89 33.46 35.80 21.23 7.68

against OVSS approaches, we additionally introduce two more con�gurations: (4) Cityscapes!
DELIVER, ADE150, ADE847; (5) GTA5! DELIVER, ADE150, ADE847. The evaluation metric
is mean Intersection over Union (mIoU).

4.2 Deployment Details & Parameter Settings

Our implementation is built upon the MMSegmentation [45] codebase. We employ the AdamW
optimizer with an initial learning rate of 1e-4, a weight decay of 0.05, epsilon set to 1e-8, and beta
parameters of (0.9, 0.999). The total number of training iterations is 40,000, matching REIN, and we
adopt a polynomial learning-rate decay schedule that reduces the learning rate to zero over 40,000
iterations with a decay power of 0.9 and no epoch-based warmup. Data augmentation comprises
multi-scale resizing, random cropping (with �xed crop size and category-ratio constraint), random
horizontal �ipping, and photometric distortion. All experiments are conducted on an NVIDIA RTX
A6000 GPU with a batch size of 8, taking approximately 14 hours to train and peaking at around 45
GB of GPU memory usage.

4.3 Performance Comparison

Domain Generalization Ability : Table 1 summarizes the evaluation results of various state-of-
the-art open-vocabulary semantic segmentation (OVSS) and domain-generalized semantic segmen-
tation (DGSS) methods under two cross-domain settings (Cityscapes! ACDC, BDD100k, Map-
illary, GTA5 and GTA5! Cityscapes, BDD100k, Mapillary). The results demonstrate that our
approach achieves outstanding performance across all target datasets, signi�cantly outperforming
other OVSS/DGSS methods. Furthermore, the visualizations in Figure 3 shows that Vireo delivers

7


	Introduction
	Related Works
	Methodology - Vireo
	Overview
	Tunable Vireo with GeoText Query
	Coarse Mask Prior Embedding (CMPE)
	Domain-Open-Vocabulary Vector Embedding Head (DOV-VEH)

	Experiments
	Datasets & Evaluation Protocols
	Deployment Details & Parameter Settings
	Performance Comparison
	Ablation Study

	Conclusion

