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Abstract

Remote sensing visual grounding (RSVG) aims to localize
objects in remote sensing images based on free-form natural
language expressions. Existing approaches are typically con-
strained to closed-set vocabularies, limiting their applicabil-
ity in open-world scenarios. While recent attempts to lever-
age generic foundation models for open-vocabulary RSVG,
they overly rely on expensive high-quality datasets and time-
consuming fine-tuning. To address these limitations, we pro-
pose RSVG-ZeroOV, a training-free framework that aims
to explore the potential of frozen generic foundation models
for zero-shot open-vocabulary RSVG. Specifically, RSVG-
ZeroOV comprises three key stages: (i) Overview: We uti-
lize a vision-language model (VLM) to obtain cross-attention
maps that capture semantic correlations between text queries
and visual regions. (ii) Focus: By leveraging the fine-grained
modeling priors of a diffusion model (DM), we fill in gaps
in structural and shape information of objects, which are of-
ten overlooked by VLM. (iii) Evolve: A simple yet effective
attention evolution module is introduced to suppress irrele-
vant activations, yielding purified segmentation masks over
the referred objects. Without cumbersome task-specific train-
ing, RSVG-ZeroOV offers an efficient and scalable solution.
Extensive experiments demonstrate that the proposed frame-
work consistently outperforms existing weakly-supervised
and zero-shot methods.

Introduction

Deep learning has been widely applied in remote sensing
tasks, significantly improving the performance of applica-
tions such as image classification, object detection, and se-
mantic segmentation (Chen et al. 2024a; Li et al. 2024a;
Shan et al. 2025; Pan et al. 2025). However, these advances
are heavily dependent on large-scale annotated data to learn
how to recognize and localize objects. Given the broad geo-
graphic coverage and the diverse types of objects present in
remote sensing imagery, existing datasets cannot fully cap-
ture the diversity of real-world objects. As a result, when en-
countering out-of-distribution objects, existing models may
struggle to recognize and localize these objects, limiting
their reliability in practical remote sensing scenarios.
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Figure 1: Illustration of different open-vocabulary remote
sensing tasks. Left and middle panels depict category-driven
tasks, where models rely on predefined category names to
distinguish different image regions. Right panel represents
intention-driven paradigm, enabling users to flexibly spec-
ify objects using natural language expressions.

Recently, generic foundation models have demonstrated
remarkable open-world perception capabilities (Liu et al.
2023; Kirillov et al. 2023; Liu et al. 2024d). Benefiting from
pre-training on extensive image-text pairs, these models are
able to effectively understand the complex semantic rela-
tionships between textual descriptions and visual elements,
thereby achieving impressive vision-language alignment.

Some researchers (Yao et al. 2025; Huang, He, and Wen
2025) have begun exploring the potential of foundation
models in open-vocabulary category-driven tasks, such as
remote sensing object detection and segmentation, relying
on predefined object categories (e.g., “road”, “farmland”) to
calculate the similarity with image regions, as illustrated in
Fig. 1 (left and middle). Furthermore, in many real-world
scenarios, users are more interested in locating specific tar-
gets. For instance, in urban analysis, planners may seek to
identify “the tallest building by the river” or “the factory
next to the playground.” Moreover, some objects cannot be
represented by a simple category name. For example, tem-
porary roadside parking zones may visually resemble roads
but functionally serve as informal parking lots. Such expres-
sions require models to reason about visual attributes, spa-
tial relationships, and functional roles. Conventional open-
vocabulary detection or segmentation methods are insuffi-



cient for handling such intention-driven tasks. In contrast,
zero-shot open-vocabulary remote sensing visual grounding
(RSVG) offers a more practical and flexible solution.

In this work, we focus on a central question: how fo ex-
tend the capabilities of frozen foundation models to zero-
shot open-vocabulary RSVG? To answer this, we conduct a
series of exploratory experiments to progressively analyze
the impact of different foundation models and architectural
components on performance. Through these explorations,
we summarize three empirical guidelines: 1) Generic VLMs
exhibit strong generalization ability, which is critical for ob-
ject localization in remote sensing. 2) Compared to other
visual models, DMs demonstrate superior perception of the
inherent structural concepts of objects. 3) Attention maps
from VLMs and DMs are complementary, and their integra-
tion consistently improves grounding performance.

Based on the above guidelines, we propose a training-
free framework named RSVG-ZeroOV, a straightforward
yet effective approach to solve zero-shot open-vocabulary
RSVG. Our framework follows an overview-focus-evolve
strategy that leverages the distinct yet complementary at-
tention patterns of frozen VLM and DM to form the ba-
sis of our grounding results. Specifically, we first aggregate
cross-attention maps' from all transformer heads in VLM
to highlight regions corresponding to the referred objects.
However, we observe two major limitations in these atten-
tion maps: one is that attention tends to concentrate on ob-
ject boundaries and corners rather than the full extent, while
another is that attention is rather scattered, often includ-
ing irrelevant regions. To address the first issue, we devise
an attention interaction module to facilitate interaction be-
tween the cross-attention maps and the self-attention maps,
thereby enhancing the activation of pixels corresponding to
the referred objects. For the latter, we propose a simple
yet effective attention evolution module to suppress irrele-
vant activations, resulting in accurate and purified segmenta-
tion masks. Moreover, we incorporate the segment anything
model (SAM) as an optional post-processing step to further
improve mask quality. Extensive experiments conducted on
two RSVG benchmarks show that RSVG-ZeroOV achieves
exceptional performance in open-vocabulary RSVG under
zero-shot setting.

* We propose RSVG-ZeroOV, a training-free framework
for zero-shot open-vocabulary RSVG. We take the pi-
oneering step by integrating attention maps from VLM
and DM to enhance the perception of referred objects.

e We introduce an overview-focus-evolve strategy to pro-
gressively refine the attention maps, enabling the model
to effectively capture the referred objects in remote sens-
ing images.

» Extensive experiments on two RSVG datasets demon-
strate that RSVG-ZeroOV achieves superior zero-shot
performance, confirming the effectiveness of foundation
models in open-world remote sensing perception.

'In this paper, although decoder-only VLM:s use self-attention
over all tokens, we refer to the image-text interaction part as cross-
attention to distinguish it from pure visual self-attention.
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Related Work

Generic Foundation Model. The emergence of large-scale
pretraining has fueled the rapid advancement of multi-
modal foundation models. Among them, visual-language
models (VLMs) are designed for cross-modal understand-
ing by aligning visual and textual representations. Early at-
tempts like CLIP (Radford et al. 2021) demonstrated impres-
sive zero-shot generalization by contrastively pretraining on
massive image-text pairs. LLaVA (Liu et al. 2023) builds
upon CLIP by adding a language decoder Vicuna (Chiang
et al. 2023) to support multimodal instruction-following.
More recent approaches, such as CogVLM (Wang et al.
2024b), InternVL (Chen et al. 2024b), and Qwen-VL (Wang
et al. 2024a), further enhance this paradigm and demonstrate
outstanding performance in open-world visual understand-
ing. However, due to their emphasis on high-level semantic
reasoning and lack of pixel-level supervision, these models
often struggle with fine-grained spatial perception. In con-
trast, another branch represented by diffusion models (DMs)
(Rombach et al. 2022), focuses on visual content generation
from text prompts. Recent studies (Pnvr et al. 2023; Xu et al.
2023) reveal that DMs’ hierarchical attention encodes strong
structural priors, making their attention maps applicable to
downstream tasks like classification, detection, and segmen-
tation. In this study, we conduct systematic exploratory ex-
periments to investigate the potential of integrating VLM
and DM models for open-vocabulary RSVG, which will be
elaborated in the next section.

Remote Sensing Visual Grounding. RSVG aims to local-
ize objects in remote sensing imagery based on natural lan-
guage descriptions. Compared to natural scene images, re-
mote sensing data is acquired via satellites and often encoun-
ters unique challenges such as scale variation and cluttered
backgrounds. Remote sensing referring expression compre-
hension (RSREC) and segmentation (RSRES) are two typ-
ical RSVG tasks. RSREC aims to predict a bounding box
corresponding to the given referring expression. The pio-
neering work (Sun et al. 2022) explores RSREC through a
one-stage method based on dense (Ding et al. 2024). Re-
cently, transformer-based methods (Zhan, Xiong, and Yuan
2023; Li et al. 2024b; Lan et al. 2024; Ding et al. 2024)
can effectively capture cross-modal context and achieve bet-
ter performance, benefiting from the attention mechanism.
For RSRES, the goal is to predict a precise pixel-wise bi-
nary mask specified by the given referring expression. Re-
cent works (Yuan et al. 2023; Liu et al. 2024c; Dong et al.
2024; Li et al. 2025b) improve segmentation by enhancing
multi-scale visual-text feature interactions.
Open-Vocabulary Visual Perception. With the rapid devel-
opment of multimodal foundation models, open-vocabulary
learning has achieved remarkable success in natural image
domains. Inspired by this progress, recent studies have ex-
tended these paradigms to the remote sensing field. For in-
stance, RemoteCLIP (Liu et al. 2024a) improves transfer-
ability in downstream tasks by pretraining on extensive re-
mote sensing image-expression pairs. Similarly, VisGT (Pan
et al. 2025) and GSNet (Ye, Zhuge, and Zhang 2025) con-
struct large-scale open-vocabulary detection and segmenta-
tion datasets, respectively, enabling models to recognize a
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Figure 2: (a) Visualization of receptive fields derived from self-attention maps in DM. (b) Comparison of attention embedding

results using self-attention maps from different models.

broader range of object categories. However, curating high-
quality annotated datasets for remote sensing remains costly
and labor-intensive. To alleviate reliance on manual anno-
tations, several efforts (Zheng et al. 2025) have explored
training-free approaches. For example, SegEarth-OV (Li
et al. 2025a) adapts existing generic models by modifying
or removing task-specific components, allowing seamless
application to high-resolution remote sensing segmentation.
Nevertheless, these methods still rely on predefined cate-
gory labels during inference and lack the flexibility to under-
stand user-intended objects described in free-form language.
As discussed in the introduction, users in practical applica-
tions often prefer to locate objects by describing visual at-
tributes, spatial relationships, or functional roles using natu-
ral language expressions. To address this limitation, we in-
troduce the task of zero-shot open-vocabulary RSVG, which
requires models to flexibly interpret free-form expressions
and localize the referred objects. To this end, we propose a
training-free framework that integrates attention maps from
frozen VLM and DM to facilitate this task.

Guidelines of Exploring Foundation Models

Naively transferring generic foundation models to open-
vocabulary remote sensing visual perception tasks does not
yield satisfactory results. In this section, we summarize three
guidelines for the effective use of foundation models.

Guideline 1: generic VLMs exhibit strong generalization
ability on unseen remote sensing data. To demonstrate
this, we conduct zero-shot experiments on RRSIS-D test
set. Specifically, we compare three 7B-scale models, includ-
ing LLaVA-1.5 (Liu et al. 2024b), Qwen2.5-VL (Bai et al.
2025), and GeoChat (Kuckreja et al. 2024). For RSREC
task, we generate bounding box predictions of referred ob-
jects using a unified prompt format: [Locate the object re-
ferred to by ‘{referring expression}’ and return its box coor-
dinates (x1, y1, x2, y2)]. Notably, GeoChat has been fine-
tuned on 318k image-instruction pairs collected from re-
mote sensing datasets, enabling it to learn more domain-
specific priors. However, as shown in Tab. 1, GeoChat
achieves 23.93% Pr@0.5 on RSREC task, noticeably lower
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| RSREC |  RSRES
Method (Zero-Shot) | Pr@0.5 mloU | Pr@0.5 mloU
GeoChat (CVPR’24) 23.93 30.12 - -
LLaVA-1.5 (CVPR’24) 13.21 20.59 - -
Qwen2.5-VL (arXiv’25) 28.66 30.90 - -
GeoChat + SAM 27.61 32.53 18.85 24.92
LLaVA-1.5 + SAM 16.26 21.97 10.86 16.86
Qwen2.5-VL + SAM 30.35 31.93 24.68 25.72

Table 1: Comparison of generic VLMs and remote sensing
VLM on RRSIS-D test set, all using 7B-scale LLMs.

than Qwen2.5-VL’s 28.66 % . This result suggests that VLMs
pretrained on large-scale generic datasets can exhibit strong
cross-domain generalization even without access to remote
sensing data. For RSRES task, we utilize outputs of VLMs
as box prompts for SAM to get pixel-level masks. As we
can see, Qwen2.5-VL still outperforms GeoChat by 0.8%
in mloU. These findings highlight the potential of generic
VLMs as a solid foundation for zero-shot open-vocabulary
RSVG, even without any domain-specific training.

Guideline 2: self-attention maps in DM encode superior
structural priors of objects. Theoretically, self-attention
mechanisms are inherently suited for modeling object struc-
ture, as they compute pairwise similarities across visual ele-
ments, enabling the network to capture spatial dependencies
and shape layouts. As shown in Fig. 2(a), we visualize the
receptive fields of self-attention maps anchored at different
query points. The results demonstrate that self-attention can
effectively distinguish foreground objects from the back-
ground, reflecting a strong capacity for structural perception.
To further investigate this, we compare the spatial distribu-
tions of self-attention extracted from three representative ar-
chitectures: the visual encoder of VLM, the image backbone
of SAM, and the U-Net of DM, as illustrated in Fig. 2(b).
Specifically, the VLM attention maps tend to be broadly dis-
tributed and spatially scattered, consistent with its objective
of capturing global semantic context. While SAM produces



| RSREC |  RSRES
Self-Attention Maps | Pr@0.5 mloU | Pr@0.5 mloU
w/o Cross-Attention Map | 21.49  26.26 1.18 6.15
ViT in VLM 12.53 21.02 2.13 7.40
ViT in SAM 18.85  23.56 4.77 10.23
U-Net in DM (Ours) 30.15 3292 | 12.84 21.85

Table 2: Evaluation of different self-attention maps on
RRSIS-D test set.

sharper boundaries, its purely visual design lacks semantic
understanding, which often leads to over-attention on sur-
rounding background areas. For instance, in the second row,
SAM simultaneously highlights both the ship and port. In
contrast, the self-attention maps from DM display the most
coherent structural representations, i.e., attention is evenly
and densely distributed across the entire object extent, re-
vealing a more precise and holistic understanding of object
shapes. To quantitatively validate these observations, we in-
tegrate the different types of self-attention maps into our vi-
sual grounding pipeline and evaluate their performance. As
reported in Tab. 2, the use of self-attention maps from DM
(the last row) achieves the highest Pr@0.5 and mIoU on both
RSREC and RSRES benchmarks. These results confirm the
superiority of DM’s self-attention in capturing object-centric
structural cues for visual grounding tasks.

Guideline 3: combining cross- and self-attention maps
is vital especially for pixel-level perception tasks. To
validate this, we first evaluate the grounding performance
using only the cross-attention maps from the VLM, as
shown in Tab. 2 (the first row). Removing the self-attention
maps from DM leads to significant performance drops
of 8.66% Pr@0.5 and 6.66% mloU on RSREC, and
11.66% and 15.70% on RSRES, respectively. Such a phe-
nomenon indicates the necessity of combining cross- and
self-attention maps, especially for pixel-level perception
tasks like RSRES. These findings naturally lead to a ques-
tion: which interaction strategy best integrates cross- and
self-attention maps for optimal grounding performance? We
try four strategies: 1) Anchor-based: selecting high-response
pixels from the cross-attention map to represent the object,
followed by aggregating their corresponding self-attention
regions. 2) Multiplication: performing element-wise mul-
tiplication on cross- and self-attention maps, denoted as
As - Ac. 3) Exponentiation: enhancing the self-attention
map by raising it to a power 7, i.e., A} - Ac. 4) Simi-
larity: computing cosine similarity between the cross- and
self-attention maps at each spatial location (details in the
next section). As summarized in Tab. 3, although the anchor-
based and exponentiation strategies achieve reasonable per-
formance on RSREC, they suffer on RSRES. The former
tends to oversimplify by omitting many regions, while the
latter tends to overamplify high activations. In contrast, the
proposed similarity strategy yields more semantically con-
sistent initial masks, which allows the evolve stage to further
improve segmentation quality, ultimately achieving the best
performance on both benchmarks.
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| RSREC | RSRES
Interaction Strategy | Pr@0.5 mloU | Pr@0.5 mloU
Anchor-based 23.18 26.94 6.58 16.69
+ Evolve stage 28.73 31.48 7.61 16.58
Multiplication 21.94 26.32 10.03 19.78
+ Evolve stage 29.26 31.54 11.52 20.75
Exponentiation 24.07 28.61 5.37 15.30
+ Evolve stage 27.38 31.02 5.31 14.00
Similarity (Ours) 22.63 26.65 10.26 20.56
+ Evolve stage 30.15 32.92 12.84 21.85

Table 3: Comparison of different interaction strategies be-
tween cross- and self-attention maps on RRSIS-D test set.

Proposed Framework

Following our proposed guidelines, we present a straight-
forward training-free framework named RSVG-ZeroOV
for zero-shot open-vocabulary RSVG. As illustrated in
Fig. 3, the framework comprises three sequential stages: (i)
Overview: we prompt a VLM with a referring expression
to identify the referred object and extract its corresponding
cross-attention map, which highlights regions most relevant
to the given textual query. (ii) Focus: we cache the self-
attention maps from the U-Net of a DM to obtain structural
priors of objects, and then propose an effective interaction
strategy to embed these priors into the cross-attention dis-
tribution. (iii) Evolve: to generate a high-quality attention
map, we introduce an attention evolution module to filter
out irrelevant activations, thus improving the quality of the
segmentation mask.

Overview Stage. Referring to Guideline 1, we utilize the
attention map from a frozen VLM to capture the coarse-level
localization cues of the referred object. Given a remote sens-
ing image 7 and a referring expression 7, we first hook into
the attention weights W e REXIXN from VLM, where
N is the token length, H is the number of attention heads,
and t € {1,...,T} indexes the T autoregressive forward
passes. To obtain cross-attention parts, we extract the image-
text-related segment WI()’;)),, where p and p’ indicate the span
of visual tokens in the input sequence. After that, we ag-
gregate information from the transformer heads with mean
weights, and form a sentence-level cross-attention map by
averaging all £ as:

Ac = YIS (/HY L W,)- ()
As shown in Fig. 4, cross-attention maps establish the re-
lationship between textual queries and visual pixels. How-
ever, it exhibits two key limitations: (i) Attention tends to
focus on object boundaries or corners rather than the full
extent of the object. This behavior stems from the high-level
semantic concentration of VLMs, which encourages atten-
tion to concentrate on key features of objects. (ii) Attention
is often scattered and includes irrelevant regions. This dis-
persion arises because VLMs need to aggregate contextual
cues from multiple visual regions to understand complex re-
ferring expressions.
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Figure 3: The framework of the proposed RSVG-ZeroOV.
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Figure 4: Visualization of some cross-attention maps from
VLM on RRSIS-D test set.

Focus Stage. To mitigate the first issue (i), referring to
the aforementioned Guidelines 2&3, we propose an atten-
tion interaction module that integrates cross-attention with
structural priors derived from self-attention. Considering the
diverse scales of objects in remote sensing images, we first
extract multi-scale self-attention maps from the U-Net in
DM, and fuse them to form a unified structural prior Ag €
RHEXWXHXW which is denoted as:

As = 1/L216L(~Al5)a @)

where AlS denotes the self-attention map from layer /. Next,

we calculate the correlation score? between Aq and Ag
through cosine similarity:

__Ac-As
[Acll2l|Asl2’

where || -||2 denotes the Lo norm. This interaction introduces
object-centric structural guidance into the original cross-
attention map, allowing the model to shift focus from in-
complete boundaries to semantically coherent regions.
Evolve Stage. Although this interaction strategy remark-
ably fills the gaps within the object area, it also exacerbates

Acs 3

?In fact, Ac does not match the spatial resolution of Ag, hence
we interpolate A¢ to the same size as .Ag before interaction.
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the impact of issue (ii). To address this, we introduce an at-
tention evolution module based on recursive region expan-
sion to suppress scattered activation signals that are outside
the referred object area. Specifically, we first select the top-
K pixels from the interaction map A with the highest re-
sponse values:

§= TOpK(AC7 K)7 4)

where & = {(iy, jx)}_, denotes the set of starting seed
positions. For each seed (i, ji ), we define a local neighbor-
hood kernel A (i, ) of size 3x3, and iteratively expand the
region by selecting the neighbor with the highest response:

(@5 )

argmax Acg[u,v].
(u,v)EN(4,5)

We then perform a depth-first search (DFS) starting from
each seed to recursively grow the region. A pixel (u,v) is
included in the evolved attention map Ag if it satisfies:

Acslu,v] > 7, && (u,v) € DFS(S), (6)

where 7 is a response threshold that controls the expansion
boundary, and the process continues until no further qual-
ified neighbors can be added. In addition, we conduct an
ablation study to analyze the impact of the ordering be-
tween the Focus and Evolve stages on performance (see
Tab. 7 for details). Finally, we perform binarization on the
evolved attention map A g to obtain the segmentation mask
M € {0, 1} %W which is defined as:

(1, ifAg(,f) > a
M — ) )
(i) {O, otherwise

where « € [0, 1] is a predefined binarization threshold.
Refine Stage (Optional). Following prior work (Liu et al.
2024c; Dong et al. 2024), we additionally introduce an op-
tional refinement stage to further improve the segmentation
mask M. We evaluate the effectiveness of several refinement
methods, including DenseCRF and various prompt types for
SAM. Our results show that box prompts yield the best per-
formance, whereas point prompts are less effective.

; (7

Experiments
Experimental Settings

Datasets. We evaluate our method on two benchmarks tai-
lored for RSVG: RRSIS-D (Liu et al. 2024c¢) and RISBench



| RSREC | RSRES

Method \ Pr@0.3 Pr@0.5 Pr@0.7 mloU oloU \ Pr@0.3 Pr@0.5 Pr@0.7 mloU oloU
TRIS (ICCV’23) 14.62 3.79 0.37 1320 13.14 | 15.02 491 1.26 13.11 15.40
W-S SAG (ICCV’23) 9.39 2.10 0.29 922 9.21 11.63 4.02 0.60 11.10 11.13
QueryMatch (MM’24) 22.04 16.22 12.10 17.21 1526 | 20.97 15.54 10.62 1573 10.73

VLM (Baseline) 43.35 28.66 14.27 3090 29.53 - - - - -
DiffSegmenter (TIP’25) 8.22 1.69 0.20 870  8.63 2.18 0.23 0.00 447 435
DiffSegmenter (w/ VLM) | 39.80 24.29 13.01 2847 2692 | 24.99 9.48 1.61 19.03 15.19
Z-S DiffPNG (ECCV’24) 18.93 8.45 3.30 14.84 12.54 | 17.70 8.27 3.02 1486 14.71
DiffPNG (w/ VLM) 37.92 23.18 11.35 26.93 25.65 19.25 6.78 0.95 15.49 10.55

OV-VG (arXiv’24) 27.78 19.16 1296  22.07 18.34 - - - - -

GroundVLP (AAAI’24) 21.66 16.83 1227 17.14 17.51 - - - - -
RSVG-ZeroOV (Ours) 45.71 30.15 16.74  32.92 3294 | 30.97 12.84 2.36 21.85 18.85
VLM (Baseline) 43.60 30.35 16.76 3193 28.38 | 38.18 24.68 11.00 25.72 20.46
DiffSegmenter (TIP’25) 8.16 1.55 0.17 8.60  8.58 3.02 0.32 0.03 4.60 4.70
7.5 DiffSegmenter (w/ VLM) | 38.41 25.11 13.96 28.50 2457 | 3292 19.42 9.14 23.73 18.00
DiffPNG (ECCV’24) 19.59 10.31 5.03 1571 13.11 19.65 11.32 6.23 16.22 13.77
W/ Refine DiffPNG (w/ VLM) 32.43 21.29 13.04 2489 20.79 | 27.03 17.64 11.00  20.99 13.53
OV-VG (arXiv’24) 27.23 16.20 13.27  21.62 17.18 | 20.68 15.51 9.05 16.17 9.71
GroundVLP (AAAI’24) 21.26 16.20 11.32 16,51 16.88 18.07 13.33 7.24 13.14 11.23
RSVG-ZeroOV (Ours) 45.70 31.39 17.63 34.49 31.28 | 40.01 27.39 13.38 28.35 22.83

Table 4: Comparisons with SOTA methods on RRSIS-D test set. ‘W-S” and ‘Z-S* denote the weakly-supervised and zero-shot
settings, respectively. ‘w/ VLM’ indicates that the cross-attention from the VLM is used to replace the original cross-attention.
‘w/ Refine’ indicates that post-processing operations are applied to further refine the segmentation results.

| RSREC | RSRES
Method |Pr@0.5 mloU|Pr@0.5 mloU
GeoChat (CVPR’24) + SAM 27.61 32.53| 18.85 24.92
Qwen2.5-VL (arXiv’25) + SAM| 30.35 31.93| 24.68 20.46
LISA (CVPR’24) 25.80 27.78| 24.51 26.78
NExT-Chat (ICML’24) - - 26.37 24.98
RSVG-ZeroOV (Ours) 31.39 3449 27.39 28.35

Table 5: Comparisons with SOTA generic pixel-level VLMs
and a remote sensing VLM on RRSIS-D test set.

(Dong et al. 2024). Each sample comprises an RGB im-
age, a referring expression, and a segmentation mask. Both
datasets are extended from the RSREC dataset, inheriting its
bounding box annotations, which allows for comprehensive
evaluation of both REREC and RSRES tasks.
Implementation Details. Our RSVG-ZeroOV offers a zero-
shot solution, requiring only an inference process, with-
out the need for any training images or annotations. We
employ the pre-trained Qwen2.5-VL (Bai et al. 2025) and
Stable Diffusion V1.4 (Rombach et al. 2022) as our VLM
and DM, respectively. For Stable Diffusion, we use a guid-
ance scale of 7.5 with 1,000 total diffusion steps, and per-
form DDIM-based sampling with 20 steps. The DDIM noise
schedule follows a scaled linear progression from 0.00085
to 0.012. Following prior works (Li et al. 2024b; Liu et al.
2024c¢), we report mloU, oloU and Precision@X with X €
{0.3,0.5,0.7}. We set K=7 for seed selection, 7=0.3 for re-
sponse thresholding, and a=0.4 for binarization. All experi-
ments are conducted on a single RTX4090 GPU.
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Main Results

Comparison Results on RRSIS-D. As shown in Tab. 4,
RSVG-ZeroOV (w/ Refine) achieves SOTA performance un-
der the zero-shot setting, surpassing all weakly-supervised
and zero-shot methods. Compared to the best weakly-
supervised method QueryMatch, our approach achieves sub-
stantial gains in mloU +17.28% on RSREC and +12.62%
on RSRES, highlighting the strong grounding capability of
our zero-shot framework. Compared with other zero-shot
approaches, i.e., DiffSegmenter (w/ VLM) and DiffPNG (w/
VLM), our method also achieves significant improvements in
mloU by 4.45%-5.99% on RSREC, and 2.82%-6.36% on
RSRES, respectively. This highlights the effectiveness of our
framework and its related components beyond VLM alone.
Furthermore, we compare our method against several SOTA
generic VLMs and a remote sensing VLM, as shown in
Tab. 5. RSVG-ZeroOV achieves the best performance across
all metrics on both RSREC and RSRES, demonstrating su-
perior grounding ability even compared to models tailored
for pixel-level reasoning or remote sensing tasks.
Comparison Results on RISBench. We further evaluate
RSVG-ZeroOV on the more challenging RISBench, which
features longer and more semantically complex referring
expressions compared to RRSIS-D. As shown in Tab. 6,
RSVG-ZeroOV (w/ Refine) demonstrates exceptional per-
formance, establishing new SOTA benchmarks for Pr@0.5
and mloU at 38.90%/38.87 % and 31.03%/31.84% on both
tasks, respectively. Notably, the proposed method outper-
forms the two zero-shot methods, OV-VG and GroundVLP
by +18.8%/18.13% and +17.15%/16.27 % in oloU, respec-
tively, indicating its superior ability to capture object struc-
tures and preserve overall shape integrity.



| RSREC | RSRES

Method \ Pr@0.3 Pr@0.5 Pr@0.7 mloU oloU \ Pr@0.3 Pr@0.5 Pr@0.7 mloU oloU
TRIS (ICCV’23) 19.27 8.89 2.86 14.63 1574 | 14.23 4.40 0.92 11.46 16.06
W-S SAG (ICCV’23) 5.83 1.78 0.33 712 7.10 8.79 2.55 0.35 9.31 9.36
QueryMatch (MM’24) 31.79 27.74 2332 2672 15.86 | 31.06 26.68 20.27 2459 10.77

VLM (Baseline) 48.62 35.08 20.26  34.60 30.15 - - - - -
DiffSegmenter (TIP’25) 6.03 1.87 0.40 7.14  7.00 2.44 0.46 0.06 4.00 3.74
DiffSegmenter (w/ VLM) | 27.17 15.93 7.98 21.61 19.03 | 28.65 11.04 2.50 21.37 21.87
zZ-S DiffPNG (ECCV’24) 12.14 6.03 2.72 11.10 9.01 13.44 5.79 1.93 11.85 11.79
DiffPNG (w/ VLM) 34.60 21.54 11.62 26.18 23.58 | 23.50 8.73 1.76 18.49 14.45

OV-VG (arXiv’'24) 26.83 22.16 1831 22.65 15.64 - - - - -

GroundVLP (AAAI’24) 23.13 19.90 17.15 19.76 16.46 - - - - -
RSVG-ZeroOV (Ours) 50.17 35.08 19.03 36.20 34.37 | 32.71 14.74 373 22.69 21.75
VLM (Baseline) 49.07 38.09 26.57 37.74 30.68 | 43.03 30.38 18.04 30.45 21.30
DiffSegmenter (TIP’25) 6.05 1.99 0.45 7.11 6.96 2.65 0.73 0.17 3.88 3.79
7.8 DiffSegmenter (w/ VLM) | 26.74 16.74 9.47 22.01 1791 21.39 12.02 6.40 17.65 12.87
DiffPNG (ECCV’24) 9.34 3.76 1.38 843 8.66 3.99 1.73 0.76 453 581
W/ Refine DiffPNG (n'/' VLM) 22.07 12.19 6.00 17.16 17.40 | 14.74 5.65 1.60 12.19 8.44
OV-VG (arXiv’24) 26.90 22.40 18.50 22.85 15.50 | 23.67 17.75 1225 18.16 9.20
GroundVLP (AAAI’24) 23.13 19.91 16.37 19.19 16.17 | 20.78 15.82 1095 15.58 10.08
RSVG-ZeroOV (Ours) 50.77 38.90 2493 38.87 34.30 | 44.30 31.03 18.61 31.84 26.35

Table 6: Comparisons with SOTA methods on RISBench test set

. ‘W-§” and ‘Z-S’ denote the weakly-supervised and zero-shot

settings, respectively. ‘w/ VLM’ indicates that the cross-attention from the VLM is used to replace the original cross-attention.
‘w/ Refine’ indicates that post-processing operations are applied to further refine the segmentation results.

| RSREC |  RSRES

Method | Pr@0.5 mloU | Pr@0.5 mloU
RSVG-ZeroOV (Ours) | 30.15 3292 | 12.84 21.85
w/o VLM 16.22 18.82 11.43 15.81
w/o DM 2149  26.26 1.18 6.15

w/o Evolve 22.63 26.65 10.26  20.56
O-F-E Stage 30.15 3292 | 12.84 21.85
O-E-F Stage 27.34  29.51 7.18 15.89

Table 7: Effect of components in RSVG-ZeroOV.

Ablation Study

In this section, we report ablation study results on the
RRSIS-D test set to investigate its effectiveness.

Effect of RSVG-ZeroOV’s components. As shown in
Tab. 7, removing VLM (replaced by a cross-attention map
in DM) leads to significant drops of 14.10% and 6.04%
in mIoU on both tasks. Excluding DM results in failure on
RSRES, as the model loses structural priors necessary for
segment object regions. Exp.(w/o Evolve) highlight the ben-
efit of attention evolve module, increasing the Pr@0.5 and
mloU of 7.52% and 6.27% on RSREC. The improved per-
formance of O-F-E over O-E-F indicates that embedding the
DM’s self-attention into the VLM’s cross-attention better
preserves structural and shape information of objects, which
facilitates more accurate region aggregation via DFS and
suppresses noisy activations.

Effect of self-attention resolutions. As shown in Tab. 8, we
investigate the impact of varying resolutions of self-attention
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| RSREC |  RSRES

Resolution | Pr@0.5 mloU | Pr@0.5 mloU
16 26.16 28.39 12.01 19.98

32 29.84 31.97 12.53 21.11

64 27.70 30.76 10.55 20.13

16, 32 28.23 29.86 12.70 20.41
32,64 30.15 3292 12.84 21.85
16, 32, 64 27.86 30.51 11.98 20.36

Table 8: Effect of varying self-attention map resolutions.

maps. We find that using multiple resolutions [32, 64] leads
to the best performance, suggesting that multi-scale self-
attention maps not only preserve high-resolution details but
also effectively capture contextual semantics.

Conclusion

In this paper, we introduce RSVG-ZeroOV, a zero-shot
framework that integrates a VLM and a DM via atten-
tion maps to tackle the open-vocabulary remote sensing vi-
sual grounding. Without additional training, we design a
novel overview-focus-evolve strategy to progressively en-
hance attention toward referred objects. Extensive exper-
iments on existing benchmarks demonstrate that RSVG-
ZeroOV achieves SOTA performance, outperforming exist-
ing weakly-supervised and zero-shot methods. To the best of
our knowledge, RSVG-ZeroOV is the first zero-shot frame-
work for remote sensing visual grounding. We hope this
work can potentially inspire researchers to address open-
vocabulary remote sensing tasks from a fresh perspective.
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