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Figure 1. Concept of Open-Vocabulary Domain Generalization in Semantic Segmentation (OVDG-SS). (a) OVDG-SS aims to generalize
across both unseen domains (e.g., lighting, weather, geographic region, construction context) and unseen classes (e.g., barrier, cone,
railway), moving beyond conventional domain generalization (DG-SS) and open-vocabulary segmentation (OV-SS). (b) Comparison of
segmentation results. Traditional DG-SS fails to recognize unseen categories, and OV-SS struggles under domain shifts, while our OVDG-

SS effectively handles both unseen domains and classes simultaneously.

Abstract

Domain Generalization in Semantic Segmentation (DG-
SS) aims to enable segmentation models to perform robustly
in unseen environments. However, conventional DG-SS
methods are restricted to a fixed set of known categories,
limiting their applicability in open-world scenarios. Re-
cent progress in Vision-Language Models (VLMs) has ad-
vanced Open-Vocabulary Semantic Segmentation (OV-SS)
by enabling models to recognize a broader range of con-
cepts. Yet, these models remain sensitive to domain shifts
and struggle to maintain robustness when deployed in un-
seen environments, a challenge that is particularly severe
in urban-driving scenarios. To bridge this gap, we intro-
duce Open-Vocabulary Domain Generalization in Seman-
tic Segmentation (OVDG-SS), a new setting that jointly ad-
dresses unseen domains and unseen categories. We in-
troduce the first benchmark for OVDG-SS in autonomous
driving, addressing a previously unexplored problem and
covering both synthetic-to-real and real-to-real general-
ization across diverse unseen domains and unseen cate-
gories. In OVDG-SS, we observe that domain shifts of-
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ten distort text—image correlations in pre-trained VLMs,
which hinders the performance of OV-SS models. To
tackle this challenge, we propose S*-Corr, a state-space-
driven text—image correlation refinement mechanism that
can mitigate domain-induced distortions and produce a
more consistent text—image correlation under distribution
changes. Extensive experiments on our constructed bench-
mark demonstrate that the proposed method achieves su-
perior cross-domain performance and efficiency compared
to existing OV-SS approaches. The code is available at
https://github.com/DZhaoXd/s2_corr.

1. Introduction

Domain Generalization in Semantic Segmentation (DG-
SS) has long been a key challenge in enabling segmenta-
tion models to perform robustly in unseen environments.
The recent emergence of large Vision Foundation Models
(VFMs) [3, 8] has notably improved the cross-domain ro-
bustness of segmentation models [43,59, 61]. Despite this
progress, these models remain limited to seen semantics, as
they can only recognize categories present in their training
data [63,66,67]. This limitation becomes critical for safety
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Performance

OV-SS Method Training Data

class Dv-19 Dv-58

CAT-Seg [5] COCO-Stuff [24] 171 118K 17 34 31.6 324
CAT-Seg SYNTHIA [37] 7 9.4K 7 7 43.6 453
CAT-Seg GTA [35] 7 25K 7 7 475 482
CAT-Seg Cityscapes [6] 7 3K 7 7 493 50.0
MaskAdapter [21] COCO-Stuff 171 118K 17 34 30.1 29.6
MaskAdapter SYNTHIA 7 9.4K 7 7 424 43.1
MaskAdapter GTA 7 25K 7 7 46.5 45.6
MaskAdapter Cityscapes 7 3K 7 7 50.7 493

Table 1. Effect of training domains on training-based OV-SS
performance. Colored rows indicate models trained on driving
datasets. Dv-19 and Dv-58 refer to cross-domain driving datasets
with 19 and 58 categories.

in autonomous driving scenarios, where models trained on
urban sunny scenes often fail to detect unseen objects such
as barriers or traffic cones appearing at night, in tunnels, or
under adverse weather conditions, as illustrated in Fig. 1(a).
Such failures restrict the scalability of DG-SS toward truly
open-world perception.

Open-Vocabulary Semantic Segmentation (OV-SS) [19,
51] leverages Vision-Language Models (VLMs) [9, 33] to
recognize diverse visual concepts beyond closed-set cate-
gories. Most existing OV-SS models [22,47,58], trained on
COCO-Stuff [24], achieve strong results on generic scenes
but suffer sharp performance drops when transferred to
domain-specific scenarios such as remote sensing [20] or
autonomous driving [10], even when many classes over-
lap with the target domain (Table 1). To mitigate this
degradation, we further train these OV-SS models on sev-
eral driving-related datasets under a limited-vocabulary set-
ting. As shown in Table 1, models trained on domain-
related data (colored rows) exhibit progressively improved
performance. When the training domain shifts from syn-
thetic (SYNTHIA, GTA) to real (Cityscapes) and becomes
closer to the target distribution, performance consistently
improves. This confirms that OV-SS models are highly sen-
sitive to domain shift and struggle to generalize when the
training and target domains are mismatched.

To this end, we introduce Open-Vocabulary Domain
Generalization in Semantic Segmentation (OVDG-SS), a
new setting that jointly addresses unseen domains and un-
seen categories. As illustrated in Fig. 1, OVDG-SS aims to
adapt models to new environments while recognizing novel
concepts beyond the training distribution. This setting ex-
tends OV-SS to real-world applications such as autonomous
driving, where robustness to domain shifts and openness to
new semantics are both critical for safety.

To facilitate research in this new setting, we con-
struct the first comprehensive OVDG-SS benchmark tai-
lored for urban-driving segmentation. It includes both
synthetic-to-real and real-to-real generalization settings and
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Figure 2. Efficiency and performance comparison on OVDG-SS
tasks using EVAO2 ViT-B/16 as backbone. FPS is tested on im-
ages with a short edge of 480 and a long edge of 960. Our method
achieves the best trade-off among generalization ability, speed,
and parameter efficiency.

construction-heavy environments. Compared to standard
DG-SS benchmarks, our benchmark introduces over 30 ad-
ditional driving-related categories, greatly enriching the se-
mantic space for OVDG evaluation. Building on this bench-
mark, we evaluate several representative training-based OV-
SS models. Although strong under conventional OV-SS
settings [23], these models exhibit degradation when trans-
ferred to unseen domains, exposing their limited robustness.

We then analyze why existing OV-SS approaches fail
under domain shifts and find that domain shifts make the
initial text—image correlations from VLMs noisy and mis-
aligned, which in turn severely limits generalization in
OVDG-SS. To address this issue, we propose S2-Corr,
a novel State-Space-driven module that dynamically re-
fines noisy text—image Correlations for robust OVDG-SS.
Built upon a selective state-space [7] aggregation baseline,
S2-Corr introduces three key innovations: (i) image- and
text-conditioned modulation that injects domain-relevant
cues, (ii) a distance-aware decay mechanism that suppresses
long-range noise during sequential aggregation, and (iii) a
chunk-wise snake scanning strategy that aligns state propa-
gation with the spatial structure. Together, these designs re-
construct cleaner and more coherent text-image correlations
under distribution shifts, enabling robust open-vocabulary
generalization across unseen domains.

As shown in Fig. 2, our method attains higher mIoU and
faster inference speed with fewer trainable parameters com-
pared to existing OV-SS approaches, demonstrating both ef-
fectiveness and efficiency. Our main contributions are sum-
marized as follows:

* We analyze and empirically verify the limitations of
existing DG-SS and OV-SS paradigms, revealing that
neither can effectively generalize to both unseen do-
mains and categories simultaneously.

e We construct the first comprehensive benchmark
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for OVDG-SS in driving scenarios, covering both
synthetic-to-real and real-to-real OVDG settings with
diverse unseen domains and unseen categories.

» We propose S2-Corr, a novel and efficient state-space-
driven correlation refinement module that stabilizes
noisy text—image correlations under domain shifts.

* S2-Corr achieves the strongest overall performance
across unseen domains and categories, providing a
solid new baseline for future OVDG-SS research.

2. Related Work

Domain Generalized Semantic Segmentation (DGSS)
methods mainly fall into two categories. Data augmenta-
tion approaches increase domain diversity through image-
[55, 60,64, 68]or feature-level style perturbations [4, 56], or
by incorporating additional diverse data [57, 62, 65]. The
rise of VFMs has driven the development of Parameter-
Efficient Fine-Tuning (PEFT) strategies. Some methods
add lightweight adapters [44,52], while others update only
a small set of important parameters [54, 59], enabling ef-
ficient adaptation. TQDM [31] also leverages VLMs, but
its design remains confined to closed-set DG-SS. Overall,
these DG approaches are tailored for VFMs or closed-set
settings and do not extend naturally to OVDG-SS.
Open-Vocabulary Semantic Segmentation (OV-SS)
mainly evolved into two main paradigms. Training-
free methods adapt CLIP to segmentation without
pixel-level supervision, typically enhancing its dense
predictions through refined spatial-text alignment [29, 34],
self-correction of noisy attention maps [2, 16, 41, 69],
self-distillation [18, 45], or VFM-based distillation that
injects stronger dense priors [14, 42]. Training-based
methods enhance OV-SS performance by fine-tuning on
generic segmentation datasets such as COCO-Stuff. These
approaches generate category-agnostic masks and assign
text-based labels [1, 15, 39, 40], improve mask proposal
quality [25, 49, 50], or refine cross-modal attention maps
more effectively [5,42]. However, we observe that both
paradigms generalize poorly on driving-related OVDG-
SS tasks, which motivates us to develop a more robust
framework tailored for OVDG.

3. Methodology

Problem Definition. We study the Open-Vocabulary
Domain Generalized Semantic Segmentation (OVDG-SS)
task. Given a source domain Dy = {(x;,y;)} with pixel
labels from a base vocabulary of N, classes, the model
is deployed on multiple unseen target domains {Dt(k)}ff:l
that contain a much larger open vocabulary with M > Ny
classes. The objective is to learn a segmentation model that

generalizes to unseen domains and recognizes both source
classes and novel vocabulary categories.

Overview. We begin by revisiting existing OV-SS ap-
proaches and analyzing why they fail under domain shifts
(Sec. 3.1). Next, we establish a strong baseline by apply-
ing a state-space model to aggregate text—image correla-
tions (Sec. 3.2). Finally, we introduce S2-Corr module and
explain how it improves upon this baseline (Sec. 3.3). The
framework of our method is shown in Fig. 3.

3.1. Revisiting and Analyzing OV-SS

In this work, we use CAT-Seg [5] as our baseline, owing
to its simple correlation-based design and strong robustness
in OV-SS. Specifically, given an image—text pair, CAT-Seg
extracts visual features F,, € R”W x4 and textual class em-
beddings F;, € RNe*4 from a vision-language backbone
(e.g., CLIP), where H and W are spatial dimensions, d is
the feature dimension, and N¢ is the number of classes.
The initial correlation map is

C = Norm(F,F/) ¢ REW*Nc, (1)

To reduce noise and misaligned activations [41], CAT-Seg
performs a two-stage refinement.

Spatial Aggregation. To lift the correlation map into a d¢-
dimensional embedding space, CAT-Seg applies a learnable
projection P = [py,...,pn,] € RY*Nc, The lifted em-
beddings are computed by a class-wise broadcasted multi-
plication: E; ;. = C;; p;, E € RHIWXNexds “which can
be compactly written as E = C © PT. Spatial refinement
is then applied independently for each class using a shared
cross-attention:

E* = CrossAttng(E, Neigh(E)), )

where 0 are class-shared parameters and Neigh(E) gathers
local spatial neighborhoods (e.g., shifted windowed regions
as in [27]). This produces the spatially aggregated embed-
dngS E® ¢ RHWXNchf'

Class-wise Aggregation. To model inter-class relation-
ships at each spatial location, CAT-Seg applies another
cross-attention across the class dimension:

ECls — CI‘OSSAttn‘;S(ESPa’ Classes(E*)) , 3)

where ¢ are shared parameters and Classes(E*P?) gathers
class embeddings at the same spatial position. The resulting
E ¢ REWXNoxdy gerves as the final refined correlation
map, which is decoded into pixel-wise predictions.

Why do OV-SS method perform poorly in OVDG-SS?
Although CAT-Seg performs well in standard OV-SS set-
tings, its performance drops sharply under OVDG-SS. We
attribute this to two main factors. (1) Heavy correlation map
noise induced by domain shift. As shown in Fig. 4, large do-
main shifts corrupt the initial text—image correlation map C,
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Figure 3. Overview of the proposed S2-Corr. The upper part shows the CLIP-based encoding and correlation aggregation pipeline. The
lower part illustrates our S?-Corr, which refines text-image correlations using a specially designed chunked State-Space Models (SSM)
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Figure 4. Effect of domain shift on text-image correlations of the class “sky” from EVA02 model [8]. Color map ranges from blue (low
correlation) to red (high correlation). As the domain shift increases from left to right, the initial correlation maps become progressively
noisier, with incorrect activations spreading across irrelevant regions.

resulting in biased and spatially inconsistent activations that spatial position. Instead of explicit token-to-token interac-
hinder downstream correlation refinement. (2) Noise prop- tion through cross-attention, we refine the sequence using
agation via cross-attention. As in Eq. 2, CAT-Seg refines selective recurrent state updates governed by a continuous-
class-wise correlation embeddings through attention-based time state-space model,

aggregation. Under domain shift, the correlation map C
contains many corrupted activations, which enter the cross-
attention as noisy keys and values and distort the attention
weights. These errors then propagate to neighboring posi-
tions within each class, and subsequent class aggregation
further amplifies such domain-specific noise. Ay =0(Wox; +by), By=0(Wpx;+by), (5)

h; = Ash;_; + B; x4, ye=Wih, +U;x;, (4)

where A B;, W, U, are input-dependent parameters
generated by lightweight linear projections:

3.2. Refining Correlation with State-Space Models and o (-) denotes the sigmoid activation, A, acts as a decay
gate controlling how much past information is preserved,
and B; modulates the injection of new input information.
Reshaping {y;}7_; back to the spatial layout yields the re-
fined correlation embedding C € RFW xNexdy

For class aggregation, we adopt the same selective SSM
formulation but process the category embedding (Nji,: €
RNexds at each spatial position sequentially. To maintain
permutation consistency, classes are arranged in a fixed in-

To construct a more robust baseline for correlation ag-
gregation, we replace the attention-based aggregation in
CAT-Seg with a selective state-space model (SSM) [7, 11],
which processes correlations in a sequential manner.

For spatial aggregation, given the correlation embed-
dings E € RIWxNoxds e flatten the spatial grid into
a 1D sequence under a fixed scan order 7 (e.g., row-major):

xt =B, € R%7, t=1,....,T, T = HW, dex order during training and inference.
Why is SSM-based Aggregation Better? We summarize
where x; represents the correlation embedding at the ¢-th its advantages in two aspects: (1) Unlike attention, which
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explicitly mixes every token with every other token, the se-
lective SSM aggregates information through a controlled re-
current state update. The decay gate A; dynamically regu-
lates how much of the previous state h,_; should be pre-
served or forgotten. When correlations at step ¢ — 1 con-
tain noise, a small decay value A; ~ 0 effectively forgets
the unreliable state, preventing noisy patterns from prop-
agating forward. Meanwhile, the input gate B; determines
how strongly the current token x; should influence the state,
allowing clean and informative correlations to be injected
when needed. (2) The class-wise SSM refines inter-class
dependencies in a more efficient manner and avoids the
quadratic complexity O(NZ) inherent in attention. This
linear-time formulation scales favorably when the open-
vocabulary set is large, offering both higher efficiency (Ta-
ble 5) and better generalization to unseen categories.

3.3. S2-Corr

Building upon the above enhanced baseline, we fur-

ther propose a complete correlation refinement framework
named S2-Corr. It is designed to suppress domain-shift-
induced noise from three perspectives: (1) modulation be-
fore aggregation, (2) a decay mechanism in the state-space
model, and (3) a snake-shaped scanning strategy. Specifi-
cally, the first component injects informative cues into the
correlation embeddings to guide the aggregation, while the
latter two aim to suppress long-range noisy dependencies
that arise during sequential propagation.
Modulation Before Aggregation. Before performing spa-
tial aggregation, we inject image-specific cues into the cor-
relation embeddings E ;) . through a lightweight modula-
tion step. Given the corresponding image features F (),
the correlation representation is adjusted as

ETr(t),: =Er0),: © (L + =) + Br()s (6)

where (%(t), Br(+)) are modulation factors derived from
F () via a linear projection. This operation injects image-
dependent context and improves spatial consistency before
the sequence aggregation.

Similarly, before class-wise aggregation, the category
embeddings Cl € RNexds are refined using multi-
domain textual prompts. We construct several domain-
related templates such as “a photo of a cat at night” or “a
photo of a cat in the rain”, which are encoded by a pre-
trained text encoder to obtain domain-aware text features
t(?). Each text feature produces a pair of modulation vec-
tors (7(49), B(D) to adjust the category embeddings:

Ci.=Ci.01+7D) 449, (7)

This text-driven modulation injects domain-specific seman-
tics into the class representation, allowing the subsequent
correlation fusion to better adapt to domain conditions.

{_chunkg___E____chunl
(a) VMamba (b) Ours

Figure 5. Comparison of scanning strategies in state-space correla-
tion aggregation between VMamba [26] and ours. Our method in-
troduces a learnable geometric decay (*7) to suppress long-range
noise within each chunk and uses a snake-shaped scanning strat-
egy that preserves spatial continuity by passing end states between
adjacent chunks.

Learnable Geometric Decay Prior. While the dynamic
gate A, in Eq. (5) enables data-dependent adaptation, it
may still carry the risk of propagating long-range noise (See
Fig. 4 last column) under domain shifts. To mitigate this, we
introduce a learnable geometric decay prior,

AT = o(w)o(Woxi +by) + (L —o(w)) vy, (®)

where v € (0,1)X is a head-specific spatial decay prior as-
signing each channel a base attenuation rate, and o(w) is a
learnable coefficient balancing the data-driven gate and the
geometric prior. The final update becomes

h, = A" O hy + B, 0%y, ®

where ® denotes element-wise multiplication. This design
preserves a geometric attenuation pattern ||Oh/0h;_ 4| o
(ASM)4 while allowing its decay rate to be learned from
data, thus acting as a robust learnable geometric decay
mechanism.

Chunk-wise Snake Scanning. To make the sequential up-
date consistent with the 2D spatial layout, we divide the
flattened sequence {x;}7_; into non-overlapping chunks of
equal length W, each corresponding to a local region in the
image grid. Instead of scanning chunks strictly in a row-
major order, which causes discontinuities at row bound-
aries, we adopt a snake-shaped traversal that alternates the
scanning direction between consecutive rows. Within each
chunk, the state is updated sequentially following Eq. (9),
and the final hidden state of the current chunk is passed
to the next one, hg’i{l < hé". This snake scanning strat-
egy maintains spatial adjacency between rows and ensures
smooth feature propagation across chunk boundaries. The
illustration of our scanning strategy is shown in Fig. 5.

4. Experiments
4.1. Dataset and Evaluation

Training Set. We use two datasets that have seven common
driving categories (road, sidewalk, building, vegetation,
sky, person, car) as source domains. CS-7 is constructed
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Method Backbone

Dv-19 Dv-58

Ave. Ave.

Training Data  4cpc-19  BDD-19  Mapi-19 ACDC-4] BDD-41 Mapi-30 RW-10
CLIP-DINOiser(ECCV2024) [48] EVA02+DINOV2 ViT-L  Training-Free 25.3 28.5 277 212 31.9 34.0 26.9 216 286
ClearCLIP(ECCV2024) [16] EVA02 ViT-L Training-Free 26.7 28.3 270 273 33.5 34.0 26.6 216 289
ProxyCLIP (ECCV’24) [17] EVA02+SAM ViT-L  Training-Free 31.0 38.2 400 364 38.5 522 33.5 272 379
CAT-Seg (CVPR’24) [5] EVA02 ViT-L/14 CoCo 30.3 31.9 36.1 328 332 428 28.6 276  33.1
DeCLIP (CVPR’25) [42] EVA02+DINOV2 ViT-L CoCo 32.1 31.8 38.1 340 342 47.0 32.0 283 354
OVSeg (CVPR’23) [23] CS-7 36.6 40.9 458 411 412 483 317 326 385
SAN (CVPR’23) [49] CS-7 37.6 39.4 440 403 443 46.8 35.4 307 39.3
CAT-Seg (CVPR’24) [5] CS-7 389 44.0 476 435 476 51.6 38.2 36.5 435
MAFT+(ECCV’24) [13] CS-7 40.4 435 502 447 46.4 48.8 38.1 354 422
ESC-Net (CVPR’25) [18] EVAO02 [8] CS-7 40.4 436 459 433 473 492 40.1 345 427
MaskAdapter(CVPR’25) [21] ViT-B/16 CS-7 389 477 499 455 483 512 39.8 36.1  43.8
CLIPSelf (ICLR’24) [45] CS-7+COCO 436 45.6 479 457 494 54.3 39.6 36.5 450
RSC-CLIPSelf (ICLR’25) [32] CS-7+COCO 415 463 502 460 50.0 53.0 40.1 35.1 445
CAT-Seg+AdvStyle [68] CS-7 37.2 432 46 417 48.0 479 36.0 365 421
CAT-Seg+DGlInStyle [12] CS-7 25 49.8 494 446 46.1 53.7 36.8 36.0 432
S2-Corr (Ours) CS-7 44.6 50.1 562 503 52.3 58.6 42.0 386 479
CAT-Seg (CVPR’24) [5] CS-7 485 485 508 493 59.2 60.0 41.1 395 500
MaskAdapter(CVPR’25) [21] EVA02 Cs-7 48.1 494 546 507 59.7 59.7 418 36.1 493
CLIPSelf (ICLR’24) [45] ViT-L/14 CS-7+COCO 51.1 53.0 557 533 61.3 60.3 44.7 398 515
CAT-Seg+DGInStyle [12] CS-7 50.4 51.7 504 508 60.2 60.8 435 387 508
$2-Corr (Ours) CS-7 54.3 53.1 60.0 558 62.0 61.7 474 419 532

Table 2. Comparison of different OV-SS methods across different backbones under the Real-to-Real OVDG-SS setting. Dv-19 groups
ACDC-19, BDD-19, and Mapi-19, while Dv-58 groups ACDC-41, BDD-41, Mapi-30, and RW-10.

from Cityscapes [6] by selecting these seven classes from
the original 19 categories, yielding 2,975 real urban images.
GTA-7 is the synthetic data from GTAV [35], containing
24,999 rendered images with the same label space.

Testing Set. We conduct evaluations on seven target do-
mains. ACDC-19 [38] contains 1,600 real images under ex-
treme weather and follows the Cityscapes 19-class vocab-
ulary. BDD-19 [53] provides 1,000 images with diverse il-
lumination and weather, also using the 19-class vocabulary.
Mapi-19 is from the Mapillary validation set [30], mapped
to the same 19-class label space for evaluation. Mapi-30
is built from the Mapillary training and validation sets [30]
by merging 65 categories into 30 coarse road-type classes,
including bridges, tunnels, railways, and waterways (3,943
images). RW-10 comes from the ROADWork dataset [10],
merged into 10 construction-related classes including work-
ers, cones, work vehicles, and equipment (2,098 images).

To introduce more open-vocabulary objects, we further
construct ACDC-41 and BDD-41 using Stable Diffusion
2.1 [36] inpainting on ACDC and BDD images. The edited
objects mimic additional entities commonly appearing on
roads (e.g., daily objects, animals, obstacles). We man-
ually filter distorted results and refine the segmentation
labels, producing 1,000 high-quality synthetic images for
each dataset with 41 categories. (Details in Appendix).
We refer {ACDC-19, BDD-19 and Mapi-19} as Dv-19 set
which includes 19 classes while refer { ACDC-41, BDD-41,
Mapi-30 and RW-10} as Dv-58 set which totally includes
58 classes.

Task Construction. We study OVDG-SS under two eval-
uation paradigms: Synthetic-to-Real. We train on synthetic
dataset GTA-7 with large gaps to real imagery, and evaluate

on all real-world datasets (Dv-19 set and Dv-58 set). Real-
to-Real. We train on CS-7 and evaluate on the same target
datasets to assess generalization from clean urban scenes to
diverse real conditions.

4.2. Implementation Details

We implement our framework in Detectron2 [46]. The
model is optimized using AdamW [28] with a learning rate
of 2 x 10~* for the aggregation module and 2 x 10~ for the
EVA-CLIP encoders. The correlation embedding dimen-
sion is set to 128, and the aggregation module uses 2 spa-
tial blocks and 2 upsampling stages following CAT-Seg [5].
The number of chunks is set to 16 and ~ is set as 0.8. For
vision encoders, the input resolution is 512 for ViT-B/16
and 448 for ViT-L/14, resulting in a 32x32 token grid for
both. In the visual encoder, only selected attention projec-
tion layers are updated, and in the text encoder, only projec-
tion weights within residual blocks are trainable. Our model
updates only 26M and 76.8M parameters using ViT-B/16
and ViT-L/14, respectively. With a batch size of 4, we train
the model by 20k iterations a single NVIDIA RTX 3090
GPU. Notably, our method requires only about 2 hours
training for EVA-CLIP ViT-B and 4 hours training for
EVA-CLIP ViT-L while achieving superior generalization
on OVDG-SS.

4.3. Comparison with State of The Art

Summary. In Tables 2 and 3, we compare our
method with state-of-the-art training-free methods, open-
vocabulary methods, and “open-vocabulary + domain gen-
eralization [68]” methods. Clearly, our method consistently
achieves the best performance across all target datasets
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Dv-19 Dv-58
Method Backbone  Training Data  ¢5.79  ACDC-19 BDD-19 Mapi-19 AVe- | ACDC-41 BDD-41 Mapi-30 RW-10 Ave:
OVSeg (CVPR'23) [23] GTA-7 412 349 425 451 409 | 451 52.6 355 329 415
SAN (CVPR’23) [49] GTA-7 433 36.7 42,0 481 425 | 477 49.0 378 303 412
CAT-Seg (CVPR24) [5] GTA-7 437 37.6 454 488 439 | 512 562 393 357 456
MAFT+ECCV’24) [13] GTA-7 457 385 437 502 445 | 491 483 39.9 318 423
ESC-Net (CVPR25) 18] EVAO2 GTA-7 422 359 446 481 427 | 494 524 379 333 433
MaskAdapter(CVPR'25) [21]  ViT-B/16 GTA-7 46.0 36.4 457 5001 446 | 501 492 38.1 327 425
CLIPSelf (ICLR’24) [45] GTA-7+COCO ~ 48.1 37.6 479 5.1 462 | 506 s52.1 404 346 444
RSC-CLIPSelf (ICLR25) [32] GTA-7+4COCO  46.2 379 46.0 516 454 | 511 50.7 403 320 435
CAT-Seg+AdvStyle [68] GTA-7 449 382 4338 511 445 | 492 542 39.1 343 442
CAT-Seg+DGInStyle [12] GTA-7 44.4 39.1 48.1 514 458 | 507 55.9 39.6 340 451
S2-Corr (Ours) GTA-7 493 40.4 48.6 545 482 | 513 56.4 424 367 467
CAT-Seg (CVPR*24) [5] GTA-7 487 424 479 508 475 536 59.7 41.1 382 482
MaskAdapter(CVPR'25) [21]  EVA02 GTA-7 479 404 472 504 465 | 521 559 37.1 371 456
CLIPSelf (ICLR’24) [45] ViT-L/14  GTA-7+COCO  47.8 43.1 50.0 50.1 47.8 51.2 59.7 40.6 39.7  48.0
CAT-Seg+DGInStyle [12] GTA-7 46.0 439 489 510 475 | 537 59.0 379 380 472
S2-Corr (Ours) GTA-7 522 442 50.3 533 499 | 554 59.8 415 408 494

Table 3. Comparison of different OV-SS methods across various backbones under the synthetic-to-real OVDG-SS setting.

and backbones. Overall, OVDG exhibits strong general-
ization in both the Real-to-Real (CS-7 — Dv-19 / Dv-58)
and Synthetic-to-Real (GTA-7 — Dv-19 / Dv-58) settings,
achieving clear improvements over prior OV-SS approaches
under both small- and large-vocabulary transfers.

Results of Real-to-Real OVDG-SS. With ViT-B/16, S2-
Corr achieves 50.3% on Dv-19, surpassing the previ-
ous best by 4.3 points and outperforming CAT-Seg and
MaskAdapter by 6.8 and 4.8 points. On Dv-58, it reaches
47.9%, improving the strongest prior result by 2.9 points
with consistent gains across ACDC-41, BDD-41, and Mapi-
30. With ViT-L/14, S2-Corr attains 55.8% on Dv-19, im-
proving the best existing result by 2.5 points and exceeding
CAT-Seg and MaskAdapter by 6.5 and 5.1 points. On Dv-
58, it reaches 53.2%, outperforming the strongest baseline
by 1.7 points while maintaining similarly stable improve-
ments across all target domains.

Results of Synthetic-to-Real OVDG-SS. The GTA-to-real
gap makes open-vocabulary transfer particularly challeng-
ing. With ViT-B/16, on Dv-19, S2-Corr achieves 48.2%,
outperforming the previous best (46.2%) by 2.0 points and
exceeding CAT-Seg and MaskAdapter by 4.3 and 3.6 points.
On Dv-58, it reaches 46.7%, improving the strongest prior
method by 1.1 points with consistent gains across ACDC-
41, BDD-41, and Mapi-30. With ViT-L/14, S2-Corr at-
tains 49.9% on Dv-19, surpassing the previous best by 1.7
points and maintaining improvements across all real tar-
get domains. On Dv-58, it reaches 49.4%, exceeding the
strongest baseline by 1.2 points while sustaining clear gains
on ACDC-41, BDD-41, Mapi-30, and RW-10.

4.4. Ablation Study and Analysis

Ablation Study on Components. Table 4 reports ablations
on CS-7 — Dv-19 and Dv-58 using both ViT-B/16 and ViT-
L/14. Three observations emerge. First, replacing the Swin-
style cross-attention [5] with our selective SSM baseline al-

VIiT-B/16 VIT-L/14
Dv-19 Dv-58 Dv-19 Dv-58 Ave.

Base Cross-attention 43.5 435 49.3 50.0 46.6

Note Methods

#1 Seletive SSM 45.6 44.1 50.7 50.5 477
#2 +Modulation 47.6 453 521 509 490
#3  +Geometric decay ~ 48.3 46.4 532 51.8 499
#4 +Chunk 49.6 47.3 55.3 527 512

#5 +Snake scanning 50.3 47.9 55.8 532 518

Table 4. Ablation study of the proposed method under different de-
sign components on CS7 — Dv-19 and Dv-58 across backbones.
Method #1 replaces cross-attention by selective SSM. Methods of
#2—4#5 are progressively added on top of #1.

ready yields clear gains (#1 vs. Base), showing the advan-
tage of sequential correlation aggregation over windowed
attention. Second, each enhancement further strengthens
the baseline: modulation improves correlation modeling
(#2), and geometric decay brings additional gains by at-
tenuating unreliable long-range interactions (#3). Third,
the noise-suppression components—geometric decay and
the chunk mechanism—deliver the largest improvements,
particularly under the larger Dv-58 vocabulary. The fi-
nal snake-scanning variant (#5) achieves the best results
across all settings, confirming the importance of control-
ling long-range propagation while preserving spatial conti-
nuity. Overall, these ablations verify that each component
contributes to a stronger correlation-refinement pipeline, to-
gether forming a robust solution for OVDG-SS.
Correlation Aggregation Analysis. Fig. 6 shows cor-
relation refinement under domain shifts. CAT-Seg often
yields diffuse or misaligned responses, especially on un-
seen classes such as tunnel and railway. S2-Corr produces
clearer and more localized correlations that better follow
object structures, even in low-visibility scenes. For seen and
unseen classes alike, S2-Corr suppresses noise, aligns with
semantic boundaries, and ultimately improves OVDG-SS.
Qualitative Results. Fig. 7 shows that DG-SS methods fail
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Figure 6. Comparison of text-image correlation aggregation on seen and unseen classes from unseen domains. Our method yields clearer
and more localized text-image correlations than CAT-Seg [5] and Corelation Map (initially obtained by Eq. 1), improving both seen and

unseen predictions under domain shifts.

Mapi-30

ACDC-41

RW-10

Image SoMA [CVPR’25]

FPS FPS FPS GPU Training

Model vocabl9  vocab38 vocabl50 Mem. (GB) Time (min)
CAT-Seg [5] 15.4 10.6 57 13.8 180
ESC-Net [18] 15.0 9.9 5.1 157 220
Seletive SSM 123 9.4 6.4 16.8 240
S2-Corr (Ours)  26.1 222 18.3 9.2 140

Table 5. Inference and training efficiency of competing methods
using a ViT-B/16 backbone. FPS is evaluated under different test
vocabulary sizes.

on unseen terrains, often misclassifying critical structures
such as tunnels. OV-SS methods offer broader vocabulary
but remain unstable under large domain shifts. In contrast,
OVDG-SS delivers more accurate and consistent segmenta-
tion across diverse unseen domains, aligning well with true
scene semantics.

Efficiency Analysis. As shown in Table 5, our
method achieves clear efficiency advantages over exist-
ing correlation-based OV-SS models such as CAT-Seg and
ESC-Net. When the vocabulary size increases, the through-
put of CAT-Seg and ESC-Net drops sharply to 5.7 and 5.1
FPS, whereas our model still maintains 18.3 FPS. Our GPU
memory usage is also significantly lower at 9.2 GB, com-
pared with 13.8 GB and 15.7 GB, and the training time de-
creases from 180-220 minutes to 140 minutes. These re-
sults demonstrate the superior computational efficiency and

askAdapter [CVPR’25]
Figure 7. Qualitative comparisons on unseen domains under the OVDG-SS setting, with DG-SS method [54] and OV-SS method [21].

Ours Ground Truth

scalability of our design under large-vocabulary settings.
Although native SSMs scan all tokens sequentially and in-
cur considerable overhead that can make them slower than
CAT-Seg under large vocabularies, our chunk-wise aggre-
gation preserves high parallelism and avoids unnecessary
long-range interactions. This leads to substantially faster in-
ference and much lower memory consumption. Additional
efficiency comparisons are provided in Fig. 2.

More detailed Analysis on hyper-parameters, vocabulary
sizes, training and benchmark are provided in the appendix.

5. Conclusion

In this work, we introduce Open-Vocabulary Domain
Generalization Semantic Segmentation (OVDG-SS) as a
unified and realistic setting under both unseen domains
and unseen categories. Through a new autonomous-driving
benchmark, we uncover a core weakness of VLM-based
OV-SS models, i.e., their text-image correlations degrade
sharply under domain shifts. To address this challenge, we
propose S2-Corr, a state-space correlation refinement mech-
anism that significantly improves cross-domain robustness
while preserving open-vocabulary flexibility. We expect
OVDG-SS and S2-Corr to provide a practical step toward
building more adaptable and reliable open-world segmenta-
tion systems for dynamic real-world environments.
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