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Abstract. Referring Remote Sensing Image Segmentation (RRSIS) has
achieved significant progress through the integration of VLMs and the
Segment Anything Model (SAM). However, this progress largely relies
on strong pre-trained capabilities, while leaving two fundamental limi-
tations insufficiently addressed: (1) Architectural Weak-Coupling, where
the unidirectional flow forces reliance on coarse VLM prompts and wastes
SAM’s pixel-level structural guidance, causing localization drift; and (2)
Object-Centric Semantic Bias, where models overemphasize dominant
object semantics while remaining insensitive to spatial reasoning cru-
cial for RRSIS. Motivated by these observations, we propose CROSS, a
tightly integrated paradigm for RRSIS. First, we introduce Linguistic-
Guided Cascaded Distillation (LGCD) to bridge the architectural gap,
which distills SAM’s geometric affinities as soft regularizers into VLM in-
termediate layers, injecting dense structural priors to refine localization.
Second, Perspective-Spatial Contrastive Learning (PSCL) imposes cross-
anchored constraints by mining mask-filtered deceptive distractors and
spatial-linguistic counterfactuals as hard negatives, explicitly shatter-
ing semantic shortcuts to enforce genuine logical consistency. Extensive
experiments on RRSIS benchmarks demonstrate that CROSS achieves
state-of-the-art performance and maintains precise localization even un-
der severe spatial description perturbations, standing as a robust new
paradigm for RRSIS. https://clarence-cv.github.io/CROSS/.
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1 Introduction

Recent advances in visual understanding [5,[21}24,/30] have increasingly empha-
sized models’ ability to handle complex semantics, diverse visual patterns [41142],
and open-ended real-world scenarios [22}/401/66,(68]. Referring Remote Sensing
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Fig.1: Motivation of the CROSS framework. (Left) Architectural Paradigm
Comparison: (a) Previous weakly-coupled pipelines treat VLM and SAM as iso-
lated, fragmented modules, where SAM merely serves as a passive executor of ex-
plicit prompts. (b) Our deeply-coupled CROSS performs text-guided distillation of
SAM-derived spatial affinity matrices into the VLM to enforce structural constraints.
(Right) Spatial Logic Probing: (c¢) Textual Level Analysis: Baseline methods show
sensitivity to object categories but remain invariant to spatial perturbations, indicating
a lack of directional awareness. (d) Visual Grounding Analysis: Baseline exhibits logical
collapse under complex spatial cues, whereas CROSS maintains logical soundness by
precisely anchoring masks to the complete linguistic context.

Image Segmentation (RRSIS) aims to segment specific targets in
Earth observation imagery, strictly adhering to linguistic referring expressions.
Unlike natural scene Referring Image Segmentation (RIS) , RRSIS
confronts unique complexities: immense visual scale, extreme homogeneity, and
dense, multi-scale targets. To tackle these challenges, leveraging foundation mod-
els has become a promising paradigm. Within this evolving landscape, research
efforts have bifurcated into two primary directions. While Large Multimodal
Models (LMMs) excel in holistic understanding and complex
reasoning, the specific task of RRSIS demands precise pixel-level localization
rather than generative text capabilities. Consequently, the discriminative CLIP-
based paradigm (e.g., SigLIP coupled with SAM [16}/50]) has emerged
as the compelling choice, prioritizing dense feature alignment over semantic rea-
soning. Adhering to this latter paradigm, pioneering works such as RSRefSeg
and RSRefSeg 2 [2] have sought to transpose this efficient VLM—SAME pipeline
to remote sensing scenarios.

However, rather than achieving a genuine multi-modal synergy tailored for
the dense and complex nature of Remote Sensing (RS) scenarios, current adap-

4 The term VLM in our work refers to CLIP-style models. Generative MLLM such as
LLaVA or Qwen-VL |1]| are not considered here, as preliminary evidence suggests
they remain less competitive than CLIP-based approaches for precise RRSIS tasks.
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tations largely coast on inherent pre-trained capabilities of the standalone foun-
dation models. By deeply dissecting this superficial integration, we identify two
fundamental bottlenecks that critically paralyze existing VLM-SAM pipelines
(as illustrated in Fig. [I]).

e Bottleneck I: Architectural Weak-Coupling. We characterize existing
pipelines as "weakly coupled” due to their strictly unidirectional information
flow (Fig. [l| a). In such designs, the VLM produces coarse semantic prompts
that are subsequently consumed by SAM, while SAM’s powerful image encoder
remains entirely unused during prompt generation. This design overlooks a criti-
cal opportunity: SAM encodes rich pixel-level structural priors that could other-
wise guide semantic localization. As a result, VLM-derived dense prompts often
exhibit spatially diffuse responses in complex remote sensing scenes, reflecting
the limited localization capability of CLIP-style vision encoders when operat-
ing without structural constraints. This observation raises a key question: Can
SAM’s structural priors be injected back into the VLM to explicitly
constrain semantic localization?

e Bottleneck II: Object-Centric Semantic Bias. Beyond architectural iso-
lation, existing pipelines also inherit a strong bias from VLM pre-training. CLIP-
style models are primarily trained for global image—text alignment, which en-
courages strong associations with dominant object semantics while providing
limited supervision for spatial relations. As illustrated in Fig. our pertur-
bation analysis reveals a critical failure mode. When spatial attributes in the
referring expression are altered, the baseline model still produces a high similar-
ity response (Fig. )7 yet the predicted localization becomes entirely incorrect
(Fig. ) This phenomenon indicates that the model largely relies on object-
level semantic cues while remaining insensitive to spatial descriptions that are
crucial for RRSIS. Consequently, a second key question arises: How can we
explicitly guide the network to overcome this object-centric bias and
internalize robust, text-driven spatial reasoning?

To directly address these bottlenecks, we propose CROSS: Cascaded Distilla-
tion and Dual-Constraint Grounding for RemOte Sensing Referring Segmentation
(overall architecture illustrated in Fig. [2). Unlike conventional weakly coupled
pipelines, our approach establishes a tightly integrated paradigm utilizing text-
guided SAM distillation (Fig. (1| b). Specifically, to operationalize this paradigm
and overcome the aforementioned architectural isolation, we propose Linguistic-
Guided Cascaded Distillation (LGCD). Guided by an adaptive text-driven soft
mask, LGCD abstracts SAM’s structural priors into geometric affinity matrices
and cascadedly distills them into SigL.IP’s shallow, deep, and final layers. Cru-
cially, transferring relative affinities acts as a soft regularizer. By strategically
leveraging different layers, this mechanism explicitly augments spatial configu-
rations without corrupting SigLIP’s inherent hierarchical semantic space. This
structural enhancement is also visually corroborated by the highly concentrated
spatial activations demonstrated in Fig. [5}

Furthermore, to mitigate the object-centric bias inherited from VLM pre-
training and strengthen spatial reasoning, we introduce the Perspective-Spatial
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Contrastive Learning (PSCL) scheme. Formulated as a complementary cross-
anchored contrastive space, PSCL imposes dual-level constraints. At the visual
perspective level, we utilize the target mask to physically blind the true instance,
explicitly mining deceptive background distractors that exhibit high semantic
affinity to the text yet violate the intended spatial constraints. Concurrently,
at the linguistic spatial level, we synthesize counterfactual text perturbations
(e.g., swapping "left" with "right") to strictly penalize spatial inconsistencies. By
jointly addressing visual ambiguity and relational reasoning, PSCL encourages
robust spatial-semantic grounding, ensuring accurate target localization even
under severe linguistic perturbations (Fig. [1| right).

Our contributions can be summarized as follows: Conceptually, we iden-
tify two fundamental bottlenecks in existing RRSIS paradigms: Architectural
Weak-Coupling, which leads to localization drift due to the unidirectional flow,
and Object-Centric Semantic Bias, where pre-trained VLMs predominantly rely
on dominant object semantics as a shortcut, remaining insensitive to the spa-
tial descriptions crucial for dense localization. Methodologically, CROSS
introduces two core mechanisms: LGCD, which distills SAM’s geometric affini-
ties as soft structural regularizers to bridge the VLM’s geometric-semantic gap;
and PSCL, a heterogeneous contrastive construct that rectifies perspective and
spatial-linguistic inconsistencies via dual-level hard negative mining. Ex-
perimentally, CROSS delivers superior performance and exceptional spatial
referring robustness on RRSIS benchmarks.

2 Related Work

Referring Remote Sensing Image Segmentation (RRSIS). As an evolv-
ing paradigm in Earth observation [8}/35,/44L/57,[58,/79], RRSIS enables the ex-
traction of specific spatial regions guided by textual prompts [56]. Unlike the
remote sensing visual grounding (RSVG) [19,53,/74] task that focuses on region
understanding, RRSIS emphasizes fine-grained pixel-level analysis. Nevertheless,
research in this field is still in its early stages and exploration is limited. Yuan et
al. [71] first introduced this task, constructed the RefsegRS dataset and adopted
the LAVT [70| framework to solve it. Following this, the first large-scale bench-
mark, RRSIS-D, was built upon the DIOR-RSVG dataset [74] by Liu et al. [37].
To handle arbitrary target orientations and dramatic scale changes, they de-
veloped RMSIN, a framework centered on rotational convolutions. In addition,
Lei et al. propose FIANet [20], which focuses more on adaptive understanding
of objects at different scales and fine-grained vision-language interaction. Re-
cently, Chen et al. introduced the RSRefSeg [3] and RSRefSeg2 [2] methods by
leveraging SigLIP to generate prompts for SAM.

Segment Anything Model. SAM [16]| and its successor SAM 2 50| have es-
tablished a new paradigm for promptable segmentation, demonstrating robust
generalization across diverse domains including remote sensing |7},/46,/67], video
tracking, and medical imaging [4159)72]. While various optimized versions [64.80]
have enhanced its computational performance, a fundamental limitation remains:
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SAM lacks inherent linguistic understanding. To bridge this gap, MLLM-based
frameworks—such as LISA [18], u-LLaVA [65], and EVF-SAM [77]—leverage
multimodal large language models to generate text-driven embeddings for SAM.
However, these models are primarily optimized for natural images and often
struggle with the extreme visual homogeneity and intricate spatial layouts char-
acteristic of remote sensing scenes [76]. This underscores the need for specialized
structural-semantic alignment tailored for RRSIS.

Vision-Language Models (VLMs). VLMs aim to establish a unified embed-
ding space for cross-modal alignment, supporting a wide range of tasks such as
image-text retrieval [15]/49}73|, reasoning segmentation [18}39,61}/69], remote
sensing analysis [25[26}28}/32,|63}/75,|78], and beyond [14]. While previous cas-
caded works [29] rely on internal semantic refinement, CROSS leverages SAM
to distill external geometric priors, effectively bridging the structural-semantic

gap.

3 Preliminary

Our referring remote sensing image segmentation framework is built upon a
prompt-driven multimodal architecture. The base pipeline consists of three fun-
damental components: 1) a vision-language foundation model (SigLIP 2 [55] )
for multimodal feature extraction, 2) a Cross-Modal Prompter that translates
semantic features into prompts, and 3) the Segment Anything Model (SAM 2)
as the mask decoder.

3.1 Problem Definition

Given a remote sensing image I € RHoxWox3 and a natural language referring

expression 7', the remote sensing referring segmentation task aims to generate
a binary segmentation mask M € {0, 1}H0*Wo_ where M;; = 1 indicates that
pixel (4, 7) belongs to the target region described by text T

3.2 Vision-Language Model SigLIP 2

We employ SigLIP 2 [55] to extract dual-modal embeddings. For an image I and
text T', the encoders &, and &; generate aligned features:

F, = &,(I) e RI>WexC 1 — £/(T) € RFXC, (1)

here F,, represents the visual features and F; denotes the textual embeddings of
length L. Here, C' signifies the shared embedding dimension where visual and
linguistic semantics are unified through contrastive pre-training.

3.3 Cross-Modal Prompter

The prompter receives the multimodal features F, and F; as input. It generates
a dense semantic prompt P € Rf»*Wv by computing the cross-modal similarity
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Fig. 2: Overview of the proposed CROSS. Our architecture integrates Linguistic-
Guided Cascaded Distillation (LGCD) to inject SAM’s structural priors into hierarchi-
cal VLM layers, and Perspective-Spatial Contrastive Learning (PSCL) which constructs
visual and spatial negative samples to enhance spatial-semantic sensitivity.

between the visual feature map and the textual embeddings. This prompt P
serves as a spatial prior and is passed to the SAM 2 mask decoder to guide
target localization and final segmentation.

3.4 Segment Anything Model (SAM 2)

SAM 2 functions as the prompt-guided mask decoder. It receives the image
features Fjy,g from the SAM encoder and the dense semantic prompt P. The
mask decoder D,, s then integrates these inputs to generate the final binary
segmentation mask M:

M= Dmask( imgs ) € {Oa I}HXWa (2)

4 Methodology

In this section, we present CROSS (Fig. 7 which primarily introduces two core
mechanisms: Linguistic-Guided Cascaded Distillation (LGCD) and Perspective-
Spatial Contrastive Learning (PSCL).

4.1 Linguistic-Guided Cascaded Distillation (LGCD)

To enhance spatial precision, we propose LGCD, which injects class-agnostic
geometric priors from SAM 2 encoder into the SigLIP-2 encoder via a text-aware
filtering mechanism.
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Cascaded Representation Extraction (CRE). Instead of relying on a sin-

gular terminal output, we harvest a cascaded fashion of visual representations
{F@& 3_, from the shallow, deep, and final blocks of the SigLIP 2 encoder. Each

feature map is unrolled into a token sequence F\”) € RVXC | where N = H, x W,
corresponds to the spatial resolution of the vision encoder’s patch grid. At each
stage i, the visual state is updated via a residual injection: X; = H; 1 + F,SZ)
(Hy = 0), where the shared spatial dimension N enables direct patch-level sum-
mation. To integrate linguistic context as a spatial safeguard, we apply a bidi-

rectional Cross-Attention (CA) mechanism at each stage:

H; = MLP(LN(X; + v - CA(Q=X;, K=F,,V=F,))) (3)

where LN(-) and MLP(-) denote Layer Normalization and a two-layer feed-
forward network, and ~; is a zero-initialized learnable scalar to ensure training
stability. This process yields the refined feature H; € RY*®. Simultaneously, we
obtain a cross-attention matrix A; € RV derived from the scaled dot-product
between visual queries and text keys, which represents the attention weights of
N spatial patches over L text tokens.

Text-Guided Relational Distillation (TGD). At each stage i, we distill
the topological priors from the SAM 2 terminal feature into H;. Given the severe
background clutter in remote sensing scenes, a naive dense distillation of SAM’s
class-agnostic features would introduce massive structural noise. Therefore, we
repurpose the cross-attention matrix A; as a semantic mask to conditionally
route only the linguistically relevant topology. For each spatial location p, the
mask M}, € RY is aggregated across all L tokens:

tex

L
. 1 .
M (p) = 7 A7, (4)
j=1

Direct pixel-wise alignment between the heterogeneous latent spaces of SAM and
the VLM inevitably causes feature distortion. Instead, we transfer the structural
priors by aligning their relative spatial topologies. Specifically, we compute the
Gram matrix G(-) € RV*¥ to capture the pairwise feature affinities:

{(fp: fa)
G(F)pa = 771710 (5)
P pll2l fall2”
where f,, fq represent the feature vectors at spatial positions p and g. The text-
guided relational distillation loss is explicitly formulated to conditionally enforce

this structural alignment:

(6)

) 1 .
‘Cldistill = ﬁ Z w;7q ' Hg(Hi)znq - Q(S)p,q‘
(

P,q)ERN

where S denotes the feature map extracted from the SAM 2 encoder, 2 =
{(p,q) | p,q € [1, N]} represents all spatial location pairs, and the text-guided
soft weight is defined as w}, , = a+ (1 —a)- (M., (p) + M{.,(q))/2. The margin
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«a = 0.1 is used to maintain basic spatial consistency to prevent complete collapse
of the background topology. Unlike mask-level distillation, LGCD does not treat
SAM 2 as a segmentation oracle or copy its masks as hard pseudo-labels; instead,
it transfers text-filtered patch-to-patch affinities as soft relational regularization.
The total distillation loss is dynamically aggregated across all cascade stages to
provide continuous depth supervision:

K
1 (k)
Laistin = 7= Z L gistins (7)
k=1
where K denotes the total number of cascaded stages.

4.2 Perspective-Spatial Contrastive Learning (PSCL)

As discussed earlier, pre-trained VLMs inherently suffer from object-centric se-
mantic bias. They tend to take a lazy shortcut, focusing solely on the primary
subject (e.g., "vehicle") while ignoring critical spatial modifiers (e.g., "left").
To explicitly shatter this spurious correlation, we propose the PSCL paradigm,
which establishes a complementary, cross-anchored contrastive space. Specifi-
cally, we dismantle this shortcut from two perspectives:

Perceptive Hard Negatives. We utilize the GT mask to filter out the target
region, strictly isolating the background §2,,. Within (2,4, pixels exhibiting the
highest similarities to the text F} are considered deceptive distractors, as they
likely match the primary subject but violate spatial constraints. Therefore, we
construct the hard negative set V= = {v~ € 2, | Top-K (v, F;)} by dynami-
cally mining these top-K embeddings.

Spatial Counterfactual Negatives. Beyond visual discrimination, we aim to
explicitly endow the model with topological reasoning capabilities. To achieve
this without intractable geometric modeling, we synthesize spatial counterfac-
tual texts t~. For absolute positional descriptions, we invert the spatial indicators
(e.g., "top" — "bottom"). Crucially, for intricate relative relationships, we sys-
tematically swap the subject and the object (e.g., "A golf field is on the left of the
green airport" — "The green airport is on the left of a golf field") to generate log-
ical contradictions. By leveraging a lightweight LLM (e.g., Qwen2.5-7B-Instruct
in our experiments) for offline preprocessing, we generate these perturbations to
force the model to decode syntactic structures, thereby mitigating the reliance
on superficial keyword correlations.

Dual-Constraint Objective. We integrate these perspective and spatial con-
straints into a unified asymmetric InfoNCE objective, as illustrated in Fig. 2]
Given the positive visual prototype v (aggregated from the target mask pre-
diction) and the original text ¢, the PSCL loss is formulated as:

exp((v", Ft)/7)
exp((vF, 1) /7) + 32— ey exp((v™, 1) /7) + nexp((vt, F-)/7)’
(8)
where 7 is the temperature hyperparameter, (-,-) denotes cosine similarity, and
7 is a scaling coefficient balancing the gradient contribution of the spatial logic

Lpscr = —log
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constraint. Following common practice in previous contrastive learning [494|60],
we set 7 = 0.07. The scaling factor is set to n = 2 by default.

4.3 Overall Training Objective

After the cascaded refinement in the LGCD module, the terminal visual feature
H{inai (ie., the output of the last cascade stage) and the linguistic embedding F}
are used to generate prompts. Subsequently, these prompts, alongside the image
features extracted from the SAM 2 encoder, are fed into the SAM mask decoder
to predict the segmentation mask M € RZ*W_ Given the corresponding ground
truth mask Y € {0, 1}7*W | the overall training objective of CROSS is:

»Ctotal = )\ce»cce(Ma Y) + )\diceﬁdice(Mv Y) + )\I»Cdistill + )\2£PSCL7 (9)

where Lo and Lgice denote the cross-entropy loss and DICE loss [45], respec-
tively. Lqistin and L pscr represent the cascaded distillation loss and the perspective-
spatial contrastive learning loss, respectively.

5 Experiments

5.1 Experimental Settings

Datasets. We conduct comprehensive experiments on two standard RRSIS
benchmarks: As the pioneering dataset in this domain, RefSegRS consists of
512x512 resolution images, divided into 2,172, 413, and 1,817 samples for train-
ing, validation, and testing, respectively. To further assess scalability, we utilize
RRSIS-D, a large-scale benchmark containing 12,181 training, 1,740 validation,
and 3,481 test samples, with a higher resolution of 800x800.

Evaluation Metrics Consistent with prior work in referring image segmenta-
tion [37,[71], we evaluate our method using three standard metrics: cumulative
Intersection over Union (cloU), generalized Intersection over Union (gloU), and
Precision at specific IoU thresholds (Pr@X, where X € {0.5,0.6,...,0.9}).

5.2 Implementation Details

CROSS integrates the robust cross-modal alignment of SigLIP 2 [55] with the
high-fidelity segmentation capabilities of SAM 2 [50] into a unified framework.
The SAM 2 variant employed is ‘sam2.1—hiera—large’|ﬂ and the SigLIP 2 variant
utilized is ‘siglip2—50400m—patch16—512@ Following the input requirements of
SAM 2 and SigLIP 2, training images were resized to 512 x 512 and 1024 x 1024,
respectively, without any data augmentation. Consistent with the PEFT settings
in RSRefSeg 2 2], we apply LoRA (r = 16) to the encoders of both SigLIP 2
and SAM 2. The trainable parameters consist of the newly introduced low-rank

® https://huggingface.co/facebook /sam2.1-hiera-large
S https:/ /huggingface.co/google /siglip2-s0400m-patch16-512
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Table 1: Performance comparison across various evaluation metrics on the RefSegRS

test dataset.

T. Luo et al.

Method Publication‘Pr@O.S Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9‘ cloU gloU
BRINet [10] CVPR’20 20.72  14.26 9.87 2.98 1.14 |58.22 31.51
LSCM |13] ECCV’20 31.54  20.41 9.51 5.29 0.84 |61.27 35.54
CMPC |12] CVPR’20 32.36 14.14 6.55 1.76 0.22 | 55.39 40.63
CMPC+ 36| TPAMI'21 | 49.19 28.31 15.31 8.12 2.55 |66.53 43.65
CRIS |62 CVPR’22 35.77  24.11  14.36 6.38 1.21 |65.87 43.26
LAVT |70| CVPR’22 51.84  30.27 17.34 9.52 2.09 |71.86 47.40
CARIS [38] ACM MM’23| 4540 27.19  15.08 8.87 1.98 [69.74 42.66
RIS-DMMTI [9] CVPR’23 63.89 4430 19.81 6.49 1.00 |68.58 52.15
CrossVLT |6) TMM’23 71.16  58.28 3451  16.35 5.06 |77.44 58.84
LGCE |71] TGRS24 73.75 61.14 3946  16.02 545 |76.81 59.96
DANet |48] ACM MM’24| 76.61  64.59  42.72  18.29 8.04 |79.53 62.14
RMSIN |[37] CVPR’24 79.20  65.99 42.98  16.51 3.25 | 75.72 62.58
FIANet |20] TGRS24 84.09 77.05 61.86 33.41 7.10 |78.32 68.67
SBANet [27] ISPRS25 77.02 - 44.15 - 8.97 |79.86 62.73
SegEarth-R1 [26]  Arxiv'25 86.30  79.53  69.57  48.87  10.73 |79.00 72.45
RS2-SAM 2 |51] AAAT26 84.31 79.42 70.89 55.70  21.19 |80.87 73.90
RSRefSeg-2 |2] TGRS’26 88.22 8299 73.97 6092 34.40 |81.24 77.39
Ours - ‘ 88.61 83.98 76.39 64.61 41.32 ‘83.25 79.51

modules, the LGCD module, and the SAM decoder, while all other foundation
model backbone weights remain frozen. This configuration results in only 7.2%
of the total parameters being updated. For our cascaded distillation, the soft
mask weight is set to o = 0.1. During the contrastive process, we utilize K = 8
visual negative samples with a spatial penalty weight of n = 2. The balancing
coefficients for the objective function are assigned as Ace = Agice = 5.0 following
[2], while the weights for our auxiliary components are set to A\; = 0.5 and
A2 = 0.2 via empirical hyperparameter tuning. Training is performed using the
AdamW optimizer with a peak learning rate of 1 x 10~* and a batch size of 8 over
300 epochs. We utilize BF16 precision and the DeepSpeed ZeRO-2 framework
on 8 NVIDIA RTX PRO 6000 GPUs.

5.3 Comparison with State-of-the-Art Methods

RefSegRS Dataset. As detailed in Tab.[I]} our method establishes a new state-
of-the-art across all evaluation metrics, achieving a cIoU of 83.25% and a gloU
of 79.51%. Notably, our framework consistently outperforms the strongest com-
petitor, RSRefSeg 2, across the entire precision spectrum. While maintaining a
steady lead at looser overlap requirements (4+0.39% at Pr@0.5 and +0.99% at
Pr@0.6), the performance gap widens substantially under more rigorous crite-
ria. Specifically, our method surpasses RSRefSeg 2 by +3.69% at Pr@0.8 and
a remarkable +6.92% at Pr@0.9. This performance trajectory demonstrates
that our cascaded distillation and contrastive learning effectively mitigate rep-
resentational drift, enabling the generation of high-fidelity masks that strictly
adhere to target boundaries even under the most stringent overlap constraints.
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Table 2: Performance comparison across various evaluation metrics on the RRSIS-D
test dataset.

Method Publication‘Pr@O.S Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9‘ cloU gloU

BRINet [10] CVPR20 56.90  48.77  39.12  27.03 8.73 |69.88 49.65
CMPC+ |36 TPAMI'21 | 57.65 47.51  36.97 24.33 7.78 |68.64 50.24
LAVT [70] CVPR22 69.52  63.63 53.29 41.60 24.94 |77.19 61.04
RIS-DMMI |9] CVPR23 68.74 60.96 50.33 3838 21.63 |76.20 60.12
CrossVLT |6 TMM’23 70.38  63.83  52.86 42.11  25.02 |76.32 61.00
LGCE |71} TGRS’24 67.65 61.53 51.45 39.62  23.33 |76.34 59.37
EVF-SAM |77| Arxiv’24 72.16  66.50  56.59 < 43.92  25.48 |76.77 62.75
FIANet |20] TGRS’24 7446  66.96 56.31  42.83 24.13 |76.91 64.01
RMSIN |37 CVPR24 74.26  67.25  55.93  42.55  24.53 |T77.79 64.20
CADFormer [34] JSTARS’25 | 74.20 67.62 55.59  42.37 23.59 |77.26 63.77

LSCF |[43] TGRS25 74.30  67.69  56.32  43.08  25.67 |77.42 64.25
RSRefSeg-1 [3] IGARSS’25 | 74.49 68.33 58.73 4850 30.80 |77.24 64.67
SegEarth-R1 [26]  Arxiv’25 76.96 - - - - 78.01 66.40

RS2-SAM 2 [51] AAAT26 77.56 7234 6176  47.92  29.73 |78.99 66.72
RSRefSeg-2 |3 TGRS26 80.23 75.78 65.41 50.65 31.05 |79.45 69.17

81.24 7456 6480 51.74 32.82 |79.89 68.92

Ours -

Table 3: Ablation Studies on RefSegRS and RRSIS-D. (a) Analysis of the
proposed LGCD (CRE, TGD) and PSCL (Lpscr,) modules. (b) Impact of different
negative sample types in PSCL. All results in cloU (%).

LGCD Module PSCL ‘ Benchmarks

PSCL Negatives
CRE TGD CLpscr|RefSegRS RRSIS-D ‘RefSegRS RRSIS-D
Perspective Spatial‘
X 80.82 77.80

X X

P P 83.15 79.02
v X X 82.55 78.63 v X 83.21 79.34
v v X 83.15 79.02 X v $3.20 78.70
X X v 82.11 78.12 v v 83.25  79.89
v v v 83.25 79.89

(b) Formulation of LpscL

(a) Main Components

RRSIS-D Dataset. Tab. [2] demonstrates that CROSS achieves state-of-the-
art performance on RRSIS-D, leading in cIoU (79.89%) and Pr@0.5 (81.24%).
Notably, our framework maintains substantial gains under the most stringent
evaluation criteria, outperforming RSRefSeg 2 by +1.77% at the Pr@0.9 thresh-
old. This performance delta at high precision intervals underscores the efficacy
of our Filter-Refine-Verify paradigm; while weakly-coupled baselines suffer from
logical drifting, CROSS ensures logical soundness by anchoring masks to the
complete linguistic context via LGCD. The marginal gloU deficit is likely due to
the extreme scale diversity of dense small objects in RRSIS-D, where our model
prioritizes global logical grounding and high-precision localization over heuristic
boundary alignment.



12 T. Luo et al.

84 83.25 84 83.25 84 83.25 84 83.25
S 82 S 82 S 82 S 82
° ° ° °
O | __JEeaseline T | [ | Basgline < | B | Baseline < | B | Baseline
80 80 80 80
01 03 05 1.0 01 02 05 1.0 4 8 16 32 005 01 02 05
(a) Weight Ay (b) Weight X, (c) Candidates K (d) Weight «

Fig. 3: Sensitivity analysis on RefSegRS with respect to cloU. We evaluate
the impact of (a) A1, (b) A2, (c) top-k candidates K, and (d) soft weight «. The
results demonstrate that CROSS maintains stable and superior performance across a
broad range of hyperparameter settings.

5.4 Ablation Studies

Effectiveness of Main Components. We conduct a series of component-
wise ablations on RefSegRS and RRSIS-D to verify the contribution of each
module, as reported in Tab. [3| (a). The baseline (SigLIP 2 + SAM 2) achieves
80.82% cloU on RefSegRS. Individually, we first conduct experiments by inte-
grating Cascaded Representation Extraction (CRE), which yields a significant
gain (+1.73%), validating that transferring SAM’s geometric priors is essential
for dense prediction. Meanwhile, Text-Guided Relational Distillation (TGD)
leverages textual cues to mitigate background clutter within intermediate lay-
ers, effectively filtering out irrelevant noise across different stages. Jointly, these
modules reach 83.15%, demonstrating that bridging the semantic-geometric gap
is vital for robust performance. Finally, the inclusion of Lpgcry, yields the peak
result 83.25% on RefSegRS and 79.89% on RRSIS-D, as it provides the nec-
essary discriminative power to suppress illusory binding against visually similar
distractors.

Investigation of Negative Samples in Contrastive Object. We investigate
the negative formulations in Tab. 3| (b). Relying exclusively on spatial contrast
leads to a performance decrease (-0.05% on RefSegRS), as spatial cues without
visual grounding cause ambiguity in cluttered remote sensing scenes. Conversely,
incorporating visual negatives improves the result to 83.21%. Ultimately, com-
bining both yields the peak 83.25% on RefSegRS and 79.89% on RRSIS-D,
ensuring discriminability in both perspective and spatial dimensions.
Hyperparameter Analysis. Firstly,

we conduct a comprehensive sen-

sitivity analysis of four key hyper- Layer Indices | RefSegRS RRSIS-D
parameters in Fig. Crucially,

across comprehensive tested ranges, {18, 24,27} 83.19 79.71
CROSS consistently maintains a {{255’ 1257’ 2277}} Z?&Ig ;ggg
superior performance margin over {9”1 8,727} 83:25 79: 89

the baseline (80.82%), as indi-
cated by the red dashed lines. The

i ; . Table 5: Ablation on layer selection (cloU %).
optimal weights are achieved at
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A1 = 0.5 and Ay = 0.2; increas-

ing A1 beyond 0.5 tends to cause

gradient dominance that destabilizes the joint optimization. For the hard nega-
tive set, K = 8 performs best by maintaining a balanced contribution between
perceptive and spatial negatives. Regarding the text-guided background soft fil-
tering, a = 0.1 is found to be ideal, whereas a larger value (e.g., 0.5) leads
to excessive suppression of potential target features. These stable trends across
both datasets validate our empirical configurations and ensure the model’s ro-
bustness. Secondly, we investigate the choice of intermediate layers, adopting
{9,18,27} as the final configuration, as shown in Tab. Notably, we do not
emphasize the strict optimality of these specific indices, as our primary goal is
simply to ensure the extraction of features from diverse intermediate stages. The
marginal performance degradation observed only with excessively shallow layers
(e.g., {5,15,27}) confirms that the framework remains robust to layer selection
within a reasonable range.

5.5 Further Analysis and Discussion

eParameter Overhead Analysis. As summarized in Tab. [6] CROSS updates
106.09 M parameters, representing a 7.29% trainable ratio. Compared to the
baseline and RSRefSeg 2, our framework introduces a parameter increase of
1.23% and 0.57%, respectively, relative to the total 1.4B+ backbone scale. This
increase is primarily attributed to the integrated cascaded distillation module.
Given the resulting performance gains across multiple evaluation metrics, we
consider this additional parameter cost to be acceptable.

Table 6: Comparative analysis of parameter scales. The total and trainable parameters
are evaluated across the baseline (SAM 2 + SigLIP 2), RSRefSeg 2, and our CROSS.

Method | Total Params (B) Trainable Params (M) | Ratio (%)
Baseline (SAM 2+-SigLIP 2) 1.438 B 88.41 M 6.15%
RSRefSeg 2 1.447 B 97.87 M 6.76%
CROSS \ 1.455 B 106.09 M | 7.29%

eRobust Spatial Grounding. Fig. [4] probes the grounding logic of CROSS
against SOTA method RSRefSeg 2 in complex scenarios. For the nested prompt
“The airplane is on the right of the airplane on the left”, RSRefSeg 2
fails to parse the full relational context, drifting toward the partial clause “on
the right”. In addition, in the scenario “A ground track field is in the
gray large stadium”, where two identical track fields are present, the baseline
erroneously segments both instances. This oversight indicates a failure to process
the spatial qualifier “4s in the gray large stadium?”, effectively reducing the
logic-driven task to a simple category-level search. CROSS resolves these via
PSCL, which enforces strict logical alignment through contrastive verification.
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A airplane at the bottom

The airplane is on the right

of the airplane on the left

A ground track field is in

the gray large stadium

A overpass is on the
lower right of the vehicle

on the top

Fig. 4: Visualization result on RRSIS-D. The targets and spatial descriptions are high-
lighted in red and gray, respectively. Compared to RSRefSeg 2, our method achieves
more accurate spatial referring and precise boundaries.

By penalizing "logical collapse," CROSS effectively filters distractors and ensures
spatial constraint is actively utilized for disambiguation.

eEffects of Structural Distillation. As shown in Fig. 5] CROSS yields more
concentrated dense prompt heatmaps compared to RSRefSeg 2. This provides
direct evidence that our distillation successfully injects SAM’s structural priors
into the VLM, enhancing fine-grained localization precision.

eStructural Consistency Analysis. To quantitatively assess the internal rep-
resentation dynamics, we employ Centered Kernel Alignment (CKA) [17] to
visualize layer-wise feature similarities. Fig. [6] compares our CROSS with the
baseline. The red box reveals stable alignment between the final layer and pre-
ceding deep hierarchies, while the blue box illustrates notably smoother transi-
tions between adjacent layers. These phenomena stem directly from our cascaded
distillation design. By injecting a shared SAM-derived geometric affinity matrix
across multiple layers, we establish a consistent structural prior that regular-
izes the representational trajectory. Crucially, to strictly prevent this shared
constraint from inducing detrimental layer homogenization (i.e., collapsing hier-
archical feature diversity), the distillation is dynamically modulated by a layer-
specific soft mask (Eq. . By guiding the shared geometric anchor through this
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dense
prompt heatmaps. Compared to the
baseline RSRefSeg 2, the heatmaps of
CROSS are significantly more concen-
trated.
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Fig. 6: Internal representation anal-
ysis via CKA . Comparison of layer-
wise similarity heatmaps. The red box
highlights stable alignment, while the blue
box illustrates smoother transitions.

layer-adaptive masking, our design ensures that the network internalizes robust
structural awareness while strictly preserving its capacity for adaptive feature
evolution.

6 Conclusion

In this paper, we presented CROSS, a novel framework for Referring Remote
Sensing Image Segmentation (RRSIS). Our research identifies and addresses two
fundamental bottlenecks in existing foundation-model adaptations: the semantic-
geometric gap arising from weakly coupled architectures, and the illusory spatial-
semantic binding inherent in pre-trained VLMs. By introducing Linguistic-Guided
Cascaded Distillation (LGCD) for structural prior distillation and Perspective-
Spatial Contrastive Learning (PSCL) for contrastive refinement, CROSS effec-
tively restores representational smoothness and enhances geometric fidelity. Ex-
tensive experiments on RRSIS benchmarks demonstrate that CROSS achieves
state-of-the-art performance across comprehensive evaluation metrics, particu-
larly under stringent precision requirements, and demonstrates a superior un-
derstanding of spatial referring.
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