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Abstract

Referring Remote Sensing Image Segmenta-
tion (RRSIS) aims to segment the correspond-
ing target region in a remote sensing image
according to a natural-language expression.
Compared with conventional referring image
segmentation, RRSIS faces more significant
scale variations, complex spatial layouts, and
visual distractions, placing higher demands
on vision—language alignment and multi-scale
modeling. To address these challenges, we pro-
pose DLSA, a dual-level semantic alignment
framework for RRSIS. DLSA introduces se-
mantic alignment at two complementary lev-
els, namely encoding and decoding. At the en-
coder level, we design Semantic-guided Adap-
tive Multi-scale Convolution (SgAMC), which
explicitly introduces linguistic semantics into
receptive-field selection, enabling language-
guided adaptive scale modeling. At the de-
coder level, we introduce Adaptive Late-stage
Text Injection (ALTI), which adaptively injects
textual semantics into late decoding stages to
refine mask reconstruction while preserving
the stability of the decoding pathway. Experi-
ments on RRSIS-D and RefSegRS demonstrate
that DLSA achieves strong performance, val-
idating the effectiveness of dual-level seman-
tic alignment in remote sensing image scenar-
ios. The source code is publicly available at
https://github.com/young-gkl/DLSA.

1 Introduction

Referring Remote Sensing Image Segmentation
(RRSIS) is an important task at the intersection
of computer vision and natural language process-
ing (Dong et al., 2024; Liu et al., 2024, 2025; Sun
et al., 2026). Similar to conventional referring im-
age segmentation (Hu et al., 2016; Liu et al., 2017;
Zheng et al., 2022; Ji et al., 2022; Ma et al., 2023),
RRSIS aims to segment a specific target region
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Figure 1: Motivation of DLSA. (a) SgAMC uses lin-
guistic semantics to guide adaptive receptive-field selec-
tion for semantic-scale alignment. (b) ALTTI re-injects
textual guidance into late decoder stages to alleviate
semantic degradation and refine mask reconstruction.

from a remote sensing image according to a given
textual description. This task has important appli-
cation value in remote sensing interpretation sce-
narios such as urban planning (Duan and Lafarge,
2016), land resource management (Foody, 2003),
and forest protection (Rolnick et al., 2023). There-
fore, exploring semantic understanding in remote
sensing imagery is of great research significance.
RRSIS is essentially a language-conditioned seg-
mentation task. Its core challenge lies in how to
effectively fuse visual representations with linguis-
tic semantics, so that the model can accurately lo-
calize and segment the target region according to
the textual description. Compared with natural im-
ages, remote sensing images usually cover larger
geographic areas, where targets often exhibit sig-
nificant scale variations, complex spatial layouts,
and ambiguous boundary structures. Meanwhile,
small objects, elongated objects, and visually sim-
ilar instances are also more common in remote
sensing scenes. These characteristics not only in-
crease the difficulty of target segmentation itself,
but also impose higher requirements on the model’s
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multi-scale modeling capability.

Existing methods have explored this prob-
lem from perspectives such as cross-scale fea-
ture fusion, multi-level encoding interaction, and
language-guided decoding, which have alleviated
the influence of scale variations in remote sensing
targets to some extent. However, most methods still
mainly regard multi-scale modeling as a problem
of feature-level fusion or visual representation en-
hancement, while paying less attention to the role
that linguistic semantics can play in receptive-field
selection. In other words, existing methods focus
more on “how to fuse features of different scales”,
but rarely answer a more fundamental question:
under a given textual description, how should the
model select a receptive field that matches the tar-
get semantics?

In addition, beyond the insufficient semantic-
scale alignment in the encoding stage, semantic
preservation during decoding also deserves atten-
tion. Although semantic-guided receptive-field se-
lection can enhance vision-language fusion dur-
ing encoding, textual semantics may still gradually
degrade during subsequent mask reconstruction.
Recent studies have begun to focus on semantic
preservation in the decoding stage, pointing out
that introducing language information only during
encoding or feature fusion may lead to insufficient
semantic constraints and the loss of fine-grained
details in mask reconstruction. Directly injecting
language information into the decoder can provide
additional semantic guidance, but fixed-strength or
indiscriminate language injection may disturb spa-
tial structure reconstruction, especially when early
decoder features mainly carry low-level structural
details.

To address the above issues, we propose DLSA,
a Dual-Level Semantic Alignment framework for
RRSIS. DLSA performs semantic alignment at two
complementary levels. At the encoder level, DLSA
introduces linguistic semantics into adaptive multi-
scale feature modeling to achieve semantic-scale
alignment. At the decoder level, DLSA adaptively
re-injects textual guidance into late decoding stages
to perform semantic-mask refinement. In this way,
DLSA aligns the referring expression with both
scale-aware visual representations and the final
mask reconstruction process, thereby improving
the localization and segmentation quality of re-
ferred targets in remote sensing images.

The main contributions of this paper are summa-
rized as follows:

* We propose DLSA, a dual-level semantic
alignment framework for RRSIS, which en-
hances language—vision alignment at both the
encoder and decoder levels for scale-aware
feature modeling and late-stage mask recon-
struction.

We design Semantic-guided Adaptive Multi-
scale Convolution (SgAMC), which intro-
duces linguistic semantics into receptive-field
selection and learns semantics-aware routing
over multi-scale convolutional branches.

We introduce Adaptive Late-stage Text In-
jection (ALTI), which adaptively re-injects
textual semantics into late decoding stages
through a gated residual formulation to refine
mask reconstruction while preserving decod-
ing stability.

2 Related Work

2.1 Referring Remote Sensing Image
Segmentation

Referring Remote Sensing Image Segmentation
(RRSIS) originates from Referring Image Segmen-
tation (RIS), and both tasks aim to predict pixel-
level masks for target regions described by natu-
ral language expressions (Hu et al., 2016; Yang
et al., 2022). Compared with natural images, re-
mote sensing images usually exhibit more complex
spatial layouts, more significant scale variations,
and stronger inter-class similarity, making vision—
language alignment and target localization more
challenging.

Early RRSIS methods mainly transferred
RIS techniques to remote sensing scenarios.
LGCE (Yuan et al., 2024) constructed the
first RRSIS benchmark dataset and proposed a
language-guided cross-scale enhancement module
for small and scattered targets. RMSIN (Liu et al.,
2024) further constructed the large-scale RRSIS-D
dataset and modeled scale and orientation varia-
tions through intra-scale interaction, cross-scale
interaction, and adaptive rotated convolution. Sub-
sequent task-specific methods, such as FIANet (Lei
et al., 2025), CroBIM (Dong et al., 2024), and
CADFormer (Liu et al., 2025), further improve
RRSIS from the perspectives of fine-grained se-
mantic parsing, bidirectional cross-modal interac-
tion, correlation-aware fusion, and text-enhanced
decoding.
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Recently, foundation-model-based RRSIS meth-
ods have emerged as another strong technical
route. For example, RS2-SAM?2 (Rong et al., 2026)
adapts SAM2 (Ravi et al., 2025) to RRSIS by gen-
erating dense prompts from multimodal represen-
tations. RSRefSeg 2 (Chen et al., 2026) further
explores CLIP-SAM-based decoupled pipelines,
using foundation models for semantic localization
and prompt-guided mask refinement. These meth-
ods demonstrate the strong potential of large-scale
pretrained segmentation priors for RRSIS.

Unlike foundation-model-based pipelines, this
work focuses on improving semantic alignment
within a task-specific encoder—decoder framework.
Existing methods mainly focus on vision—language
feature fusion, cross-scale interaction, or decoder-
side enhancement, while the role of textual seman-
tics in receptive-field selection during encoding
remains underexplored. We investigate how lin-
guistic semantics can regulate multi-scale convolu-
tional responses, and introduce adaptive late-stage
text injection to alleviate semantic degradation dur-
ing mask reconstruction.

2.2 Multi-scale Modeling and Receptive-field
Adaptation

Multi-scale modeling is a fundamental issue in re-
mote sensing image understanding and is particu-
larly important for RRSIS. Different referring ex-
pressions often imply different visual observation
requirements: small targets rely more on local de-
tails, while large facilities and elongated structures
usually require broader contextual receptive fields.
Therefore, how to adaptively adjust visual receptive
fields according to language descriptions is crucial
for improving expression understanding and target
localization in RRSIS.

Existing methods have explored multi-scale
modeling from different perspectives. LGCE
fuses shallow and deep features under language
guidance to enhance small-target representation.
RMSIN models scale and orientation variations
through intra-scale interaction, cross-scale inter-
action, and adaptive rotated convolution. These
methods demonstrate the importance of multi-scale
feature interaction for RRSIS, while their scale
adaptation processes are usually driven mainly by
visual features or subsequent fusion mechanisms.

Dynamic receptive-field operators, such as de-
formable convolution (Dai et al., 2017; Zhu et al.,
2019) and selective kernel (Li et al., 2019) mecha-
nisms, also provide useful references for this prob-

lem. These methods can adjust sampling positions
or fuse different convolutional branches according
to visual appearance or feature statistics, but they
usually do not fully exploit the semantic, scale, and
structural cues contained in referring expressions.
Different from the above vision-driven multi-scale
modeling methods, the proposed SgAMC explic-
itly introduces linguistic semantics into adaptive
multi-scale convolution. It uses the referring ex-
pression to regulate the response contribution of
different convolutional branches, thereby achieving
more targeted semantic—scale alignment.

3 Method

3.1 Overall Framework

Given an input remote sensing image [ €
RHXWx3 and a textual expression E, where F is
tokenized into a sequence of L tokens, the goal
of RRSIS is to predict the binary mask M e
{0, 1}7W of the referred target. As shown in
Fig. 2, we adopt Swin Transformer as the visual
backbone f,(-) and BERT as the language encoder
f1(+), which extract visual and linguistic features,
respectively:

FU:f’U(I)7 E:fl(E) (1)

The proposed method follows an encoder—
decoder architecture. In the encoding stage,
SgAMC introduces textual semantics into adap-
tive multi-scale visual response modulation, en-
hancing language-conditioned scale-aware feature
modeling for remote sensing targets. In the decod-
ing stage, ALTT adaptively injects textual residuals
into late decoding stages through a sample-wise
gating mechanism, refining mask reconstruction
while preserving structural stability. Finally, the de-
coder produces a text-conditioned probability map
P € [0, 1]7*W 'which is thresholded to obtain the
predicted mask M.

3.2 Semantic-guided Adaptive Multi-scale
Convolution

At the ¢-th encoder stage, the current visual feature
F¥ is updated by two complementary residuals. For
cross-modal feature alignment, we keep the origi-
nal cross-modal alignment branch of RMSIN (Liu
et al., 2024) unchanged, which produces a cross-
modal residual R,,,,. Our contribution in the en-
coder lies in the additional SgAMC branch, which
generates a semantic—scale residual R, by intro-
ducing linguistic semantics into adaptive multi-
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Figure 2: Overview of DLSA. Left: SgAMC performs semantic-scale alignment by guiding multi-scale convolution
with language semantics. Right: ALTI performs semantic-mask refinement by adaptively injecting textual guidance

into late decoding stages.

scale convolution. The stage-wise update is for-
mulated as

ie+1 - (b(FZL’e) Rcma RUS)7 (2)

where ¢(-) denotes a lightweight residual fusion
operation. Here, F(§ is initialized by the backbone
visual feature F’,, and higher-stage features are re-
cursively obtained through the above process.

3.21

Remote sensing images usually contain targets
with significant scale variations. To provide candi-
date receptive fields for targets at different scales,
SgAMC first aggregates the current visual feature
along the channel dimension to obtain a channel-
averaged spatial response map:

Y = Mean.(Ff) € RE>XWx1, 3)

Multi-scale Convolutional Branch

Then, multiple lightweight convolutional
branches with different kernel sizes are applied to
Y:

Ak = COHVka<Y), ke {1,3,5,7}, (4)

where A, € REXWXL The resulting multi-scale
responses are concatenated along the channel di-
mension:

Fytack = [AIQ AS; ASQ A?] € RHXWX4. ®))

It should be noted that SCAMC does not di-
rectly apply costly multi-kernel convolution to the
full-channel visual feature. Instead, it performs
lightweight multi-scale modeling on the channel-
averaged spatial response map, preserving spatial
responses under different receptive fields while con-
trolling computational cost.

3.2.2 Semantic Gating Branch

Relying only on visual responses for multi-scale
fusion makes it difficult to fully exploit the scale,
structure, and spatial relationship cues contained
in the referring expression. Therefore, SgAMC
introduces a semantic gating branch, allowing lin-
guistic information to participate in the selection
of different convolutional branches. Given the vi-
sual feature F7 and the textual feature sequence
Fy, = {F}}L_,, we adopt the [CLS] representation
as the sentence-level textual feature:

F, = F}. (6)

Here, F} denotes the feature vector of the ¢-th
token, and le corresponds to the [CLS] representa-
tion. We also compared [CLS] pooling with mean
pooling over tokens and observed only minor dif-
ferences. Therefore, for simplicity and consistency
with the implementation, we adopt [CLS] pooling.

For each spatial position in Ff, its visual em-
bedding is concatenated with the global sentence-
level textual representation F to predict location-
adaptive and branch-adaptive weights over the four
convolutional branches (1 x 1,3 x 3,5 x 5,7 x 7):

W = Softmax (MLP ([Proj(FY), Proj(£y)])) .
(7N
The predicted weights are reshaped back to the
spatial grid to obtain the semantic gating map:

W c RHXWX4' (8)

This gating map is used to modulate the multi-
scale responses in the subsequent fusion pro-
cess. Specifically, the stacked multi-scale response
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Fyack € REXWX4 ig weighted element-wise to
obtain the fused multi-scale representation:

Ffused =WOo Fstack- (9)

The fused response is further projected into a
semantic gain map:
T = o (Convixi(Frused)) € [0, 1]. (10)
Here, the 1 x 1 projection maps the four branch
channels to a single-channel gain map, © denotes
element-wise multiplication, and o(-) denotes the
sigmoid function. Finally, SgAMC applies residual
scaling to the original visual feature:
Rs=Fo((1+1). an
Through this process, SgAMC can adaptively
select and fuse spatial responses under different
receptive fields according to the target scale, struc-

tural attributes, and spatial relationships implied by
the referring expression.

3.2.3 Purely Visual Convolutional Branch

Although the semantic gating branch enables tex-
tual semantics to participate in receptive-field se-
lection, local texture, spatial structure, and visual
saliency remain important for stable segmentation.
Therefore, SgAMC also introduces a purely visual
convolutional branch to provide text-independent
spatial responses.

This branch also takes the channel-averaged re-
sponse map Y as input and estimates a purely vi-
sual spatial weight through a lightweight visual
response generator V(-):

A =V(Y). (12)

Here, V(-) denotes a visual response generator
composed of lightweight convolutional operations.
The visual weight is then used to recalibrate the
original visual feature:

R, =F;©A". 13)

Here, R, denotes the purely visual scale re-
sponse. This branch does not depend on textual
semantics, but preserves language-independent in-
formation such as visual appearance, local texture,
and spatial structure, providing stable visual evi-
dence for subsequent dynamic fusion.

3.2.4 Dynamic Branch Balancing Gate
The language-guided response R and the purely
visual response R, provide complementary infor-
mation. The former emphasizes receptive-field se-
lection under textual semantic constraints, while
the latter preserves language-independent visual
spatial evidence. To adaptively balance their contri-
butions, we introduce a dynamic branch balancing
gate.

Given the global language representation F,, the
fusion coefficient is predicted as

A = o(WyF)). (14)

The final semantic—scale residual is computed as

Rys=X-0(Ry)+ (1 = X)-0(Rs). (15)
Here, )\ provides sample-level branch balanc-
ing between the purely visual and language-guided
responses, while position-wise semantic routing
weights handle region-level scale adaptivity. Thus,
SgAMC combines global branch-level stability
with local semantic—scale adaptation, and the re-
sulting R, is fused with R, to update F.

3.3 Adaptive Late-stage Text Injection

Although SgAMC enhances semantic—scale model-
ing during encoding, textual cues may still weaken
during progressive decoding. To alleviate this is-
sue, we propose Adaptive Late-stage Text Injection
(ALTI), which adaptively injects textual residuals
into late decoding stages for semantic refinement
while preserving structural stability.
We denote the progressive decoding process as

D1—>D2—>D3—>D4,

where early stages D1, D2 mainly recover spatial
structures and late stages D3, D, are closer to the
final mask prediction. In this work, ALTI is applied
only to the last two stages, i.e., S = {3,4}. Ateach
selected stage, ALTI is inserted after skip-feature
fusion and the first Conv-BN-ReL.U projection, and
before the following decoder refinement layer. It
acts as a residual plug-in and keeps the original de-
coder topology and feature resolution unchanged.

For the j-th decoding stage, let D; € RHxWxd
denote the visual feature, where H, W, and d are
the spatial size and channel dimension. The token-
level textual feature from the language encoder is
denoted as Fj = {f;}l,, where L is the token
length.
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3.3.1 Global-language Fusion Residual

ALTI first aggregates token-level textual features
into a global language representation. Given the
textual feature sequence I} = {f;}%, and the
padding attention mask m = {m;}~;, where
m; = 1 indicates a valid token and m; = 0 in-
dicates a padded token, we compute

= Zf:l mtft

) = . (16)
Zle my +e€

The mask is the standard padding mask from the
tokenizer/BERT input pipeline, and no semantic-
word mask, object mask, or ground-truth mask is
used.

The global language representation and the de-
coding feature are first projected as g; = Proj;(F7})
and V; = Proj,(D;), respectively. The textual
semantic residual is then generated by

Rl = fout(‘/j © gl)- (17)

In implementation, Proj; is a linear projection with
Tanh activation, Proj, is a 1x1 Conv-BN-Tanh
block, and F,,; is a 1 X1 Conv-BN-GELU block.

3.3.2 Sample-wise Adaptive Injection Gate
Different samples may rely on textual semantics
to different degrees. Therefore, ALTI introduces a
sample-wise injection coefficient « to control the
overall strength of the textual residual. First, the
current decoding feature is globally averaged to
obtain a visual global representation:
D; = AvgPool(D;). (18)
The global language representation is projected
to the same dimension:
Fy = Proj,(F). (19)
Then, the sample-wise injection coefficient is
predicted from the visual global representation, the
language global representation, and their interac-
tion:
a=0(A(ID;,F,D;0 R))). (0
Here, o € (0, 1) is a sample-wise scalar and broad-
cast to all spatial locations and channels. ALTI
does not introduce additional uncertainty-aware
statistics, but performs adaptive control based only
on the global visual representation, the global lan-
guage representation, and their interaction.

3.3.3 Late-stage Selective Injection

ALTT further predicts a local gate to control textual
residuals across spatial locations and channels:

Gy =0(G([D;,Ry)), Gy RT>XWxd  (a1)

The operator G(-) is implemented by a lightweight
1x1 convolution. For the selected late decoding
stages j € S, the decoding feature is updated in a
gated residual form:

D¢"" = Dj+tanh(s)-a-GiOR;, j€S. (22)

Here, s is a learnable residual scale, « controls the
sample-wise injection strength, and G; modulates
local spatial-channel responses. For stages outside
S, ALTI is skipped and the original decoding fea-
ture is kept unchanged.

This selective injection design enables controlled
semantic refinement during late-stage mask recon-
struction while preserving the stability of the de-
coding pathway.

4 Experiments

4.1 Datasets and Evaluation Metrics

We evaluate our method on RRSIS-D (Liu et al.,
2024) and RefSegRS (Yuan et al., 2024) using
the official splits. Following prior RRSIS works,
we report oloU, mloU, and Precision@X with
X € {0.5,0.6,0.7,0.8,0.9}. More details on the
datasets, experimental settings, and evaluation met-
rics are provided in the appendix.

4.2 Comparison with Representative Methods

Tables 1 and 2 compare our method with repre-
sentative methods on RRSIS-D and RefSegRS, re-
spectively. Overall, our method achieves strong
performance on both datasets, particularly in terms
of mloU, demonstrating its effectiveness in improv-
ing the average quality of predicted masks.

On RRSIS-D, our method obtains the best mloU
on both validation and test splits, reaching 65.78%
and 64.60%, respectively. It also achieves lead-
ing results on several precision metrics, including
P@0.6 on both splits and P@(.7/P@0.8 on the test
split. These results indicate that the proposed mod-
ules improve both overall segmentation quality and
mask precision under stricter [oU thresholds.

On RefSegRS, our method achieves the best re-
sults on all reported metrics, including Pr@0.5-
Pr@0.9, oloU, and mloU, on both validation and
test splits. The mloU reaches 76.69% and 63.19%,
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Table 1: Quantitative comparison with representative methods on the RRSIS-D dataset. The best and second best
results are highlighted in boldface and underline, respectively.

M. | Peos | Pe@o6 | P@O7 | P@8 | P@L9 | oloU | mloU
ethod

‘ Val Test ‘ Val Test ‘ Val Test ‘ Val Test ‘ Val Test ‘ Val Test ‘ Val Test
CMPC (Huang et al., 2020) | 57.93 55.83 | 48.85 47.40 | 38.50 36.94 | 2528 2545 | 931 9.19 | 70.15 69.22 | 5041 49.24
BRINet (Hu et al., 2020) 5879 56.90 | 49.54 4877 | 39.65 39.12 | 2821 27.03 | 9.19 873 | 70.73 69.88 | 51.14 49.65
CMPC+ (Liu et al., 2022) 59.19 57.69 | 49.36 4751 | 38.67 3697 | 2591 2433 | 8.16 7.78 | 70.14 68.64 | 51.41 50.24
CRIS (Wang et al., 2022) 56.44 54.84 | 47.87 46.77 | 39.77 38.06 | 29.31 28.15 | 11.84 11.52 | 70.98 70.46 | 50.75 49.69
ETRIS (Xu et al., 2023) 62.10 61.07 | 53.73 50.99 | 43.12 40.94 | 30.79 29.30 | 1290 1143 | 72.75 71.06 | 5521 54.21
LGCE (Yuan et al., 2024) 68.10 67.65 | 60.52 61.53 | 5224 5145 | 4224 39.62 | 23.85 23.33 | 76.68 76.34 | 60.16 59.37
LAVT (Yang et al., 2022) 69.54 69.52 | 63.51 63.63 | 53.16 5329 | 43.97 41.60 | 2425 24.94 | 77.59 77.19 | 61.46 61.04
DMMI (Hu et al., 2023) 7040 68.74 | 63.05 60.96 | 54.14 50.33 | 41.95 3838 | 23.85 21.63 | 77.01 7620 | 61.70 60.25
RMSIN (Liu et al., 2024) 74.66 7426 | 68.22 6725 | 5741 5593 | 4529 42.55 | 2443 24.53 | 7827 77.79 | 65.10 64.20
CroBIM (Dong et al., 2024) | 74.94 74.58 | 67.64 67.57 | 57.18 55.59 | 44.66 41.63 | 24.60 23.56 | 76.94 75.99 | 65.05 64.46
CADFormer (Liuetal.,2025) | — 7420 | - 6762 | - 5559 | —  4237| - 2359 | - 77126| - 6377
FIANGet (Lei et al., 2025) 75.13 7446 | 6745 66.96 | 56.95 5631 | 4437 42.83 | 2448 24.13 | 77.53 7691 | 64.97 64.01
LSCF (Ma et al., 2025) 75.17 7430 | 67.93 67.69 | 57.99 5632 | 44.94 43.08 | 2598 25.67 | 78.14 77.42 | 65.15 64.25
Ours | 75.75 74.81 | 69.33 68.03 | 57.93 56.88 | 45.17 43.78 | 24.89 2471 | 78.14 77.83 | 65.78 64.60

Table 2: Quantitative comparison with representative methods on the RefSegRS dataset. The best and second best
results are highlighted in boldface and underline, respectively.

M | Peos | Peos | P@)7 | P@8 | P@YS | obU | mloU
ethod

‘ Val Test ‘ Val Test ‘ Val Test ‘ Val Test ‘ Val Test‘ Val Test ‘ Val Test
BRINet (Hu et al., 2020) 36.86 2072 | 35.53 1426 | 1993 9.87 | 10.66 298 |2384 1.14|61.59 58223873 3151
LSCM (Hui et al., 2020) 56.82 31.54 | 41.24 2041 | 21.85 951 | 1211 529 | 251 0.84 | 6282 61.27 | 40.59 35.54
CMPC (Huang et al., 2020) | 46.09 3236 | 2645 14.14 | 1276 655 | 742 176 | 1.39 022 | 6355 5539 | 42.08 40.63
CMPC+ (Liuetal., 2022) | 56.84 49.19 | 37.59 2831 | 2042 1531 | 10.67 8.12 | 278 255 |70.62 66.53 | 47.13 43.65
MAttNet (Yuetal, 2018) | 48.56 28.79 | 4026 22.51 | 20.59 1132 | 1298 3.62 | 202 0.79 | 66.84 64.28 | 41.73 33.42
CRIS (Wang et al., 2022) 53.13 3577|3619 24.11 | 2436 1436 | 1183 638 | 255 1.21| 7214 6587 | 53.74 43.26
BKINet (Ding etal., 2024) | 52.04 36.12 | 3531 20.62 | 1835 1522 | 1278 6.26 | 123 133 | 7537 6337 | 56.12 4041
ETRIS (Xu et al., 2023) 5499 3577|3503 2300 2560 1398 | 1253 644 | 1.62 1.10| 7289 6596 | 54.03 43.11
CARIS (Liu et al., 2023) 6845 4540 | 47.10 27.19 | 2552 15.08 | 14.62 887 |3.71 1987579 69.74 | 5430 42.66
CrossVLT (Choetal., 2024) | 67.52 41.94 | 4385 2543|2599 1519 | 1462 371 | 187 176 | 76.12 69.73 | 5527 42381
CroBIM (Dong etal., 2024) | 93.04 75.89 | 87.70 61.42 | 66.13 34.07 | 2691 12.99 | 5.80 275 | 77.95 7233 | 71.93 59.77
DMMI (Hu et al., 2023) 86.17 63.89 | 7471 4430 | 38.05 19.81 | 18.10 649 | 325 1.00 | 74.02 6858 | 6572 52.15
RMSIN (Liu et al., 2024) 9228 71.07 | 8495 5726 | 73.15 34.87 | 36.34 13.15 | 8.10 2.75|79.65 72.68 | 73.04 57.91
CroBIM-U (Sun etal., 2026) | 94.11 76.68 | 88.54 62.54 | 68.45 34.81 | 27.22 13.50 | 6.57 3.26 | 78.03 73.81 | 72.55 60.08
Ours | 94.90 7892 | 90.26 67.69 | 84.45 47.66 | 46.64 19.22 | 9.28 3.96 | 82.00 74.90 | 76.69 63.19

Table 3: Ablation study on modules SgAMC and ALTL

SgAMC ALTI‘P@O.S P@0.7 P@0.9 mloU
X X 92.11 6961 7.19 7273
v X 93.74 80.28 9.05 75.38
X v 9234 7425 8.12 7339
v v 9490 84.45 9.28 76.69

respectively, further confirming the generalization
ability of the proposed method across different re-
mote sensing benchmarks.

These results show that SgAMC and ALTI are
complementary: SgAMC strengthens language-
aware multi-scale encoding, while ALTI improves
late-stage semantic refinement during mask recon-
struction.

We conduct module-level ablation experiments
to evaluate the effectiveness of the proposed

SgAMC and ALTI. More detailed component-level
analyses and design studies of both modules are
provided in the appendix.

Effect of SgAMC and ALTI. As shown in Ta-
ble 3, each module alone improves the baseline.
The baseline model without SgAMC and ALTI ob-
tains 72.73% mloU. Introducing SgAMC boosts
mloU to 75.38% (+2.65) and P@0.7 from 69.61
to 80.28, validating the effectiveness of semantic-
guided adaptive multi-scale encoding. Adding
ALTTI alone also improves mloU to 73.39% and
raises P@0.7 to 74.25, showing that late-stage text
injection provides useful semantic refinement dur-
ing mask reconstruction. When SgAMC and ALTI
are combined, the model achieves the best perfor-
mance across all metrics, reaching 76.69% mloU,
94.90 P@0.5, 84.45 P@0.7, and 9.28 P@0.9. Com-
pared with the baseline, the full model improves
mloU by 3.96 percentage points and P@0.7 by
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Table 4: Scale-aware kernel routing statistics of SAMC on target-region positions. Targets are divided into large
and small groups according to mask area. We report the mean4-std of branch weights over {1x1, 3x3, 5x5, 7x7},
together with the aggregated small-kernel ratio W3 and large-kernel ratio W5, 7.

Stage  Size

1x1

3x3

5x5

7

Wits

W7

N

0 Large
Small

0.177 £ 0.028
0.185 + 0.031

0.093 + 0.017
0.094 = 0.018

0.434 + 0.076
0.426 = 0.074

0.296 + 0.039
0.295 + 0.038

0.270 + 0.044
0.279 £+ 0.044

0.730 + 0.044
0.721 £ 0.044

580
581

Large
Small

0.229 + 0.040
0.202 £ 0.047

0.331 £ 0.037
0.338 £ 0.047

0.231 + 0.032
0.249 + 0.043

0.209 + 0.030
0.211 + 0.039

0.560 + 0.045
0.540 + 0.051

0.440 £+ 0.045
0.460 + 0.051

580
581

Large
Small

0.024 + 0.038
0.013 + 0.028

0.541 + 0.223
0.624 + 0.247

0.241 + 0.198
0.271 £ 0.218

0.194 + 0.160
0.091 + 0.114

0.565 £ 0.217
0.637 £ 0.243

0.435 £ 0.217
0.363 £ 0.243

580
581

Large
Small

W Wi =—=|O

0.261 £+ 0.142
0.294 + 0.172

0.219 + 0.114
0.210 + 0.118

0.185 + 0.102
0.200 + 0.143

0.335 £ 0.150
0.296 + 0.150

0.480 + 0.151
0.504 + 0.188

0.520 = 0.151
0.496 + 0.188

580
581

similar objects

large object

tiny object

Ground
Truth

RMSIN

Ours

"the vehicle on the lower left

A "an airplane on the right"
of the vehicle on the top"

the middle"

“the expressway service area in

"the large slender gray and
black bridge"

"the vehicle is a little bigger

than the red vehicle " ‘a small ship on the top

Figure 3: Qualitative comparison on RRSIS. From top to bottom: Ground Truth, RMSIN, and Ours.

14.84 points, demonstrating the complementary
roles of SgAMC and ALTI in semantic-guided
multi-scale feature modeling and adaptive late-
stage mask refinement.

Scale-Aware Kernel Routing. To examine
whether SgAMC learns scale-dependent receptive-
field selection, we sort validation samples by mask
area and use the top and bottom thirds as Large
and Small groups. We report position-wise routing
statistics in Table 4. The results show clear stage-
dependent and scale-aware patterns. At Stage 0,
both groups assign larger weights to 5x5 and 7x7,
suggesting the need for broad contextual aggrega-
tion in early features. At deeper stages, the routing
becomes more scale-sensitive: small targets rely
more on the 3x3 branch at Stage 2, while large
targets assign higher weights to the 7x7 branch
at Stage 3. These results indicate that SgAMC
learns non-uniform kernel routing rather than fixed
multi-scale fusion, supporting the effectiveness of
adaptive receptive-field selection.

Qualitative Visualization. Figure 3 compares
DLSA with RMSIN on representative RRSIS-D

cases, including similar objects, large targets, and
tiny objects. DLSA produces more coherent masks,
better aligns with the referring expressions, and re-
duces false positives and missing regions, visually
supporting the quantitative improvements.

5 Conclusion

This paper proposes DLSA, a dual-level semantic
alignment framework for Referring Remote Sens-
ing Image Segmentation (RRSIS). To address scale
variations and semantic degradation during decod-
ing, DLSA performs semantic alignment at both en-
coding and decoding levels. Specifically, SgAMC
introduces linguistic semantics into receptive-field
selection for adaptive multi-scale modeling, while
ALTI injects gated textual residuals into late decod-
ing stages to refine mask reconstruction. Together,
they align the referring expression with scale-aware
encoding and late-stage reconstruction, producing
more semantically consistent segmentation. Exten-
sive experiments on benchmark datasets demon-
strate the effectiveness of the proposed strategy.
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6 Limitations

Although DLSA achieves effective dual-level se-
mantic alignment for referring remote sensing im-
age segmentation, there is still room for further
improvement. First, SCAMC adopts a compact
multi-branch convolutional design to model dif-
ferent receptive fields. This design provides an
efficient way to perform semantic-guided multi-
scale modeling, but more diverse receptive-field
patterns, such as deformable, shape-adaptive, or
orientation-aware receptive fields, may further en-
hance the representation of irregular and elongated
remote sensing targets.

Second, remote sensing images often contain
complex spatial layouts, dense instances, and large
intra-class variations. Although the proposed
method improves semantic-scale alignment and
mask refinement, challenging cases with highly
similar objects or fine-grained boundaries may still
require stronger structural modeling. Future work
will explore more flexible receptive-field modeling
and structure-aware refinement strategies to further
improve the robustness of referring segmentation
in complex remote sensing scenes. Potential risks
may arise when fine-grained remote sensing seg-
mentation is applied to sensitive surveillance or
location-analysis scenarios.
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Table 5: Benchmark datasets for referring remote sens-
ing image segmentation.

Dataset Source

RefSegRS SkyScapes
RRSIS-D  RSVGD

Resolution Size Triplets Categories Attributes

0.13m 5122 4420 14 5
0.5-30m 8002 17,402 20 7

A Experimental Setup
A.1 Dataset Description

We evaluate DLSA on two benchmark datasets for
referring remote sensing image segmentation: Ref-
SegRS (Yuan et al., 2024) and RRSIS-D (Liu et al.,
2024). Table 5 summarizes their basic statistics.
RefSegRS is built upon the SkyScapes dataset
and provides pixel-level object masks paired with
referring expressions. It contains 4,420 image—
description—mask triplets from 285 scenes, which
are split into training, validation, and test subsets
with 2,172, 431, and 1,817 triplets, respectively.
The annotations cover 14 hierarchical semantic cat-
egories, including roads, buildings, cars, and vans,
and each object is described with five attributes. All
images are provided at a spatial size of 512 x 512
pixels with a spatial resolution of 0.13 m/pixel.
RRSIS-D is constructed from the RSVGD
dataset. It uses the original bounding-box anno-
tations and further processes them with SAM to
obtain instance-level masks for RRSIS. The dataset
contains 17,402 image—description—mask triplets,
covering 20 semantic categories such as aircraft,
golf courses, highway service areas, baseball fields,
and stadiums, with seven additional attributes for
richer semantic descriptions. It is split into 12,181
training triplets, 1,740 validation triplets, and 3,481
test triplets. The released images are resized to
800 x 800 pixels, and their spatial resolutions range
from 0.5 to 30 m/pixel, leading to large target-scale
variation across samples. During model training
and inference, we further resize all input images to
512 x 512 pixels for a unified network input size.

A.2 Evaluation Metrics

Following prior work in referring segmenta-
tion (Zhan et al., 2023; Wu et al., 2020; Liu et al.,
2024), we evaluate model performance using three
metrics: Overall Intersection-over-Union (oloU),
Mean Intersection-over-Union (mloU), and Preci-
sion@X. oloU computes IoU over all pixels, mloU
averages IoU across instances, and Precision@X
measures the percentage of samples whose pre-
dicted mask achieves an IoU above a threshold
X €{0.5,0.6,0.7,0.8,0.9} with the ground truth.

Higher values indicate better text-conditioned seg-
mentation quality.

A.3 Implementation Details

Following RMSIN (Liu et al., 2024), we use Swin
Transformer (Liu et al., 2021) as the visual back-
bone and BERT-base (Devlin et al., 2019) as the lan-
guage encoder. The visual backbone is initialized
with ImageNet22K pre-trained weights (Deng et al.,
2009), and the language encoder adopts the base
BERT model from HuggingFace’s library (Wolf
et al., 2020). We also follow RMSIN in the main
optimization setting, using AdamW (Loshchilov
and Hutter, 2017) with a learning rate of 3 x 1075,
a weight decay of 0.01, and a polynomial learning-
rate decay schedule.

For the language encoder, we adopt partial fine-
tuning. Specifically, the first ten BERT encoder
layers are included in the optimizer, while the re-
maining language-encoder parameters are kept un-
changed during optimization. All trainable param-
eter groups share the same base learning rate, and
no discriminative layer-wise learning rate is used.

The segmentation objective is a weighted com-
bination of pixel-wise cross-entropy loss and Dice
loss:

L =0.9Lcg + 0.1Lpjce, (23)

where the cross-entropy term uses class weights
[0.9,1.1]. Focal loss is not used.

All modules are implemented in PyTorch. We
train the model on four RTX 4090 GPUs with a
global batch size of 8. For RRSIS-D, we follow the
training and evaluation protocol of RMSIN (Liu
et al., 2024), including the official data split and
evaluation metrics. During training and inference,
all images are resized to 512 x 512 as network
inputs, converted to tensors, and normalized with
ImageNet mean and standard deviation. No addi-
tional random data augmentation is applied.

B Additional Ablation Studies
B.1 Design of SgAMC

Table 6 analyzes the contribution of different
SgAMC components on RRSIS-D and RefSegRS.
Overall, the full SgAMC achieves the best mloU
and P@0.7 on both datasets, demonstrating the ef-
fectiveness of combining semantics-aware routing,
the purely visual branch, and the dynamic branch
balancing gate.

On RRSIS-D, removing the dynamic branch bal-
ancing gate causes the largest mloU drop, from
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Table 6: Ablation study on the components of SQAMC on RRSIS-D and RefSegRS.

Dataset Setting P@0.5 P@0.7 P@0.9 mloU
w/o balancing gate 7193 5322 2281 62.69
RRSIS-D w/o pure conv 7443  56.13 2496 64.33
w/o semantics-aware routing  72.85 55.39 23.56 64.20
SgAMC 74.52 5633 24.65 64.61
w/o balancing gate 9095 70.07 6.73 71.98
w/o pure conv 9142 70.53 6.96 72.22
RefSegRS w/o semantics-aware routing 90.49 7193  6.73  72.19
SgAMC 93.74 80.28 9.05 75.38

Table 7: Ablation study on the kernel set used in SgAMC on RRSIS-D and RefSegRS. We start from the full
multi-branch configuration with four parallel kernels {1, 3, 5, 7} and remove one kernel size at a time.

Dataset Setting Kernels used mloU oloU P@0.7
wiolx 1 {3,5,7} 63.60 76.95 5547
w/o 3 x 3 {1,5,7} 64.26 76.81 55.87
RRSIS-D w/ob5 x5 {1,3,7} 64.04 77.18 56.33
wlo 7 x 7 {1,3,5} 64.08 77.40 56.26
SgAMC {1,3,5,7} 64.61 77.49 56.33
w/olx1 {3,5,7} 72.87 79.77 T1.46
w/o 3 x 3 {1,5,7} 71.09 79.36  68.21
RefSegRS w/ob5 x5 {1,3,7} 70.41 79.26 67.29
wlo 7 x 7 {1,3,5} 73.40 79.75 74.01
SgAMC {1,3,5,7}  75.38 81.60 80.28

64.61% to 62.69%, indicating the importance of
adaptively balancing visual and language-guided
responses. Removing the purely visual branch or
the semantics-aware routing branch also degrades
mloU, showing that both language-independent
spatial evidence and semantic guidance contribute
to stable semantic—scale alignment. On RefSegRS,
all ablated variants also underperform the full
SgAMC in terms of mloU and P@0.7. In particu-
lar, removing the semantics-aware routing branch
reduces mloU from 75.38% to 72.19%, suggest-
ing that semantic guidance remains beneficial even
when the visual features already provide relatively
strong cues. Although some ablated variants obtain
higher P@0.9 on RRSIS-D, their overall mIoU and
medium-threshold precision are lower, indicating
that the complete SgAMC provides more stable
segmentation quality across samples.

B.2 Kernel Set Analysis

Table 7 studies the influence of different kernel
sets in SgAMC on RRSIS-D and RefSegRS. We
start from the full multi-branch configuration with
four parallel kernels {1, 3,5, 7} and remove one

kernel size at a time. Overall, the complete kernel
set achieves the best performance on both datasets,
indicating that different receptive-field branches
provide complementary information for semantic—
scale alignment.

On RRSIS-D, the full kernel set obtains the high-
est mloU and oloU, while removing any single
branch leads to a performance drop. In particu-
lar, removing the 1 x 1 branch causes the largest
mloU degradation, suggesting that the local branch
is important for preserving fine details and small
structures. On RefSegRS, the full kernel set also
consistently outperforms all reduced variants by a
clear margin, further confirming the robustness of
multi-scale receptive-field modeling. These results
show that SgAMC benefits from combining local,
middle-range, and broader contextual responses,
rather than relying on a single or incomplete kernel
configuration.

B.3 Effect of Token-aware Routing Variant

We further evaluate a token-aware routing variant to
investigate whether explicitly modeling word-level
semantic cues can further improve the receptive-
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Table 8: Effect of the token-aware routing variant on RRSIS-D and RefSegRS.

Dataset Variant P@0.5 P@0.7 P@09 oloU mloU
RRSIS-D Original SgAMC 74.52 56.33 24.65 7749 64.61
i Token-aware SSAMC  74.58 56.10 2485 77.12  64.56
RefSeaRS Original SgAMC 93.74 80.28 9.05 81.60  75.38
eIoes Token-aware S(AMC ~ 90.95 7935  7.89  81.08 73.72

Table 9: Ablation study on the injection stages of ALTT on RRSIS-D and RefSegRS.

Dataset Variant P@0.5 P@0.6 P@0.7 P@0.8 P@0.9 oloU mloU
Early-stage injection 75.17 68.16 57.01 4437 24.60 7793 65.53
RRSIS-D  All-stage injection 7523  68.39 5741 4460 2454 7799 6548
Late-stage injection ~ 75.75 69.33 57.93 45.17 24.89 78.14 065.78
Early-stage injection 94.66  90.26 83.29 45.01 9.28 81.94 76.39
RefSegRS All-stage injection 9490 89.33 8237 43.16 951 8195 76.14
Late-stage injection  94.90 90.26 84.45 46.64 928 82.00 76.69

field selection of SgAMC. As reported in Table 8,
the token-aware variant achieves comparable but
not consistently better results than the original
SgAMC. On RRSIS-D, it obtains slightly higher
P@0.5 and P@0.9, but its mIoU and oloU decrease
from 64.61% and 77.49% to 64.56% and 77.12%,
respectively. On RefSegRS, the original SgAMC
performs better across all reported metrics, with
mloU decreasing from 75.38% to 73.72% and oloU
decreasing from 81.60% to 81.08% after introduc-
ing token-aware routing.

These results indicate that explicitly introduc-
ing token-level routing does not necessarily lead
to more reliable semantic-scale selection. A pos-
sible reason is that the original SgAMC already
captures sufficient sentence-level semantic guid-
ance for adaptive multi-scale modeling, while finer
token-level routing may introduce additional sen-
sitivity to noisy or weakly discriminative words
in referring expressions. Therefore, we adopt the
original SgAMC as the default design in our final
model, and treat the token-aware routing scheme
as an exploratory variant.

B.4 Effect of Text Injection Stages in ALTI

To analyze the influence of text injection stages
in ALTI, we compare three variants on RRSIS-D
and RefSegRS: early-stage injection, all-stage in-
jection, and the proposed late-stage injection. As
shown in Table 9, late-stage injection achieves the
best overall performance on both datasets. On
RRSIS-D, late-stage injection obtains the high-

est mloU, oloU, and precision scores across all
thresholds, outperforming both early-stage and all-
stage injection. On RefSegRS, late-stage injec-
tion also achieves the highest mloU, oloU, P@0.7,
and P@0.8, while obtaining competitive results on
P@0.5 and P@0.6. Although all-stage injection
achieves a slightly higher P@0.9 on RefSegRS, its
mloU and medium-threshold precision are lower
than those of late-stage injection.

These results indicate that applying textual guid-
ance to late decoding stages provides a better trade-
off between semantic refinement and structural sta-
bility. Early-stage injection may interfere with
structural recovery, while all-stage injection intro-
duces textual residuals throughout the decoder and
may cause unnecessary perturbation. In contrast,
late-stage injection better matches the role of ALTI:
supplementing semantic information during mask
refinement while preserving the stability of early
structural reconstruction.

B.5 Component Analysis of ALTI

To further analyze the design of ALTI, we conduct
component-level ablation experiments on RRSIS-
D and RefSegRS. As shown in Table 10, the full
ALTT achieves the highest mloU on both datasets,
indicating that its components jointly contribute to
stable semantic refinement during mask reconstruc-
tion.

On RRSIS-D, removing the sample-wise gate,
local gate, or residual scale reduces mloU from
65.78% to 65.55%, 65.31%, and 65.64%, respec-
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Table 10: Component ablation of ALTI on RRSIS-D and RefSegRS.

Dataset Variant P@0.5 P@0.6 P@(0.7 P@0.8 P@0.9 oloU mloU
w/o sample-wise gate  75.06 67.47 5638 4477 24.60 77.99 65.55

RRSIS-D w/o local gate 75.17 67.99 5787 4494 2466 7792 6531
) w/o residual scale 75.17 6845 5724 43.68 24.60 77.71 65.64

ALTI 75.75 6933 5793 45.17 24.89 78.14 65.78

w/o sample-wise gate 93.74 89.79 81.21 4037 998 81.66 75.68

RefSeeRS w/o local gate 93.74 89.79 8190 3991 9.74 81.71 75.76
CISCERS  Wo residual scale 93.50 8933 79.81 4037 998 81.56 75.54
ALTI 9490 90.26 84.45 46.64 9.28 82.00 76.69

Table 11: Computational cost comparison of different variants. FLOPs are estimated by fvcore. Latency is measured

with token length 20, batch size 1, and AMP enabled.

Variant Params AParams Param. Ratio FLOPs AFLOPs FLOPs Ratio Latency mloU
(M) (M) (%) (G) (G) (%) (ms) (%)
Baseline  240.04 - - 202.10 - - 55.98 £0.29 72.73
+SgAMC 242.51 2.47 1.03 206.24 4.14 2.05 62.51 £0.52 75.38
+ALTI 244.11 4.07 1.70 221.01 18.91 9.36 60.94 +£0.28 73.39
DLSA 246.58 6.54 2.72 225.15 23.05 11.41 65.73 +0.41 76.69

tively. The degradation is also observed on most
precision metrics, especially P@0.7 and P@0.8,
where the full ALTT obtains the best results. These
results show that the sample-wise gate helps control
the global strength of textual residuals, the local
gate provides spatial-channel modulation, and the
residual scale stabilizes residual injection during
late-stage decoding.

On RefSegRS, similar trends can be observed.
Removing the sample-wise gate, local gate, or
residual scale decreases mloU from 76.69% to
75.68%, 75.76%, and 75.54%, respectively. The
full ALTT also achieves the best results on P@0.5,
P@0.6, P@0.7, P@0.8, oloU, and mloU, demon-
strating its overall effectiveness for controlled se-
mantic refinement. Although some ablated vari-
ants obtain slightly higher P@0.9, their mloU and
medium-threshold precision are consistently lower,
suggesting that the complete ALTI provides more
stable overall segmentation quality rather than op-
timizing only a single strict-threshold metric.

C Additional Analysis

C.1 Computational Cost

We further analyze the computational cost of dif-
ferent variants. As shown in Table 11, SgAMC
introduces 2.47M additional parameters, account-
ing for only 1.03% of the baseline model size, with
4.14G additional FLOPs. ALTI introduces 4.07M

parameters, corresponding to 1.70% of the baseline
parameters, and brings 18.91G additional FLOPs
due to adaptive textual residual modeling in late
decoding stages. The full DLSA adds 6.54M pa-
rameters in total, only 2.72% over the baseline,
while achieving the highest mIoU. These results
indicate that DLSA improves segmentation perfor-
mance with moderate computational overhead and
without substantially increasing the model size.

C.2 Scale-based Subset Analysis

To complement the semantic—scale routing analy-
sis, we further conduct a scale-based subset eval-
uation on RRSIS-D and RefSegRS. Samples are
divided into Small, Medium, and Large groups ac-
cording to the ground-truth mask area, using the
bottom 30%, middle 40%, and top 30% of the area
distribution, respectively. As shown in Table 12,
DLSA generally improves the baseline across dif-
ferent target scales on both datasets. On RefSegRS,
DLSA brings consistent gains on all scale groups,
with particularly large improvements on small and
medium targets, improving mloU by 6.43% and
3.60%, respectively. On RRSIS-D, the improve-
ments are more moderate, where DLSA improves
mloU by 1.59% on small targets and 0.76% on
medium targets, while maintaining comparable per-
formance on large targets. These results indicate
that DLSA improves segmentation robustness un-
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Table 12: Scale-based subset analysis on RRSIS-D and RefSegRS. Targets are divided into Small, Medium, and
Large groups according to the ground-truth mask area, using the bottom 30%, middle 40%, and top 30% of the area

distribution, respectively.

Dataset Subset Method N P@0.5 P@0.7 P@0.9 oloU mloU
gy Bascline 522 5326 2184 000 3749 42.75

ma DLSA 522 5556 2146 000 3899 44.34

Mediuy, Bascline 696 7802 64.08 2385 6198 6834

RRSIS-D UMM NhiSA 696 78.88 6595 23.13 62.00 69.10
L Baseline 522 91.57 8333 51.53 83.13 82.83

e pDLSA 522 9176 8391 5211 8320 8281

All Baseline 1740 74.66 57.18 25.00 78.10 65.01

DLSA 1740 75.75 57.93 24.89 78.14 65.78

g Bascline 129 8837 66.67 388 6548 70.10

ma DLSA 129 9225 8450 4.65 69.51 76.53

Mediym Baseline 1739191 6532 231  68.62 7049
RefSegRS DLSA 173 9538 8439 289 7245 74.09
. Baseline 129 96.12 7829 17.05 81.75 78.37

A DLSA 129 9690 84.50 22.48 83.46 80.33

Al Baseline 431 92.11 69.61 7.19 80.01 72.73

DLSA 431 9490 8445 928 82.00 76.69

Table 13: Performance of SgAMC on different semantic—scale correlation groups on RRSIS-D.

Group P@0.5 P@0.6 P@0.7 P@0.8 P@0.9 oloU mloU
Overall 74.52 67.57 5633 4275 24.65 7749 64.61
S-SR 7523 69.70 61.40 48.09 29.64 79.61 65.97
W-SR 7432 6697 5489 4126 2325 76.22 64.24

der scale variations, and the gains are not limited
to a single target-size group.

C.3 Semantic—Scale Correlation

We further analyze whether SgAMC benefits from
explicit semantic—scale correlation. Following the
automatic grouping rule in our evaluation code,
evaluation samples are divided into two groups
according to the relation between scale-related
expressions and target geometry. The strong
semantic—scale relation group (S-SR) contains sam-
ples whose referring expressions include explicit
scale- or shape-related cues that are consistent with
the ground-truth mask geometry, while the weak
semantic—scale relation group (W-SR) contains the
remaining samples.

As shown in Table 13, S-SR consistently out-
performs W-SR on RRSIS-D across all evalua-
tion metrics. Specifically, S-SR improves mloU
from 64.24% to 65.97% and oloU from 76.22% to

79.61%. The improvement is more evident under
stricter precision thresholds, where P@0.7, P@0.8,
and P@0.9 increase from 54.89%, 41.26%, and
23.25% to 61.40%, 48.09%, and 29.64%, respec-
tively. These results indicate that explicit scale-
related linguistic cues help SgAMC perform more
reliable scale-aware feature adaptation, especially
for high-quality mask prediction.

C.4 Text Perturbation Analysis.

We further analyze the behavior of ALTI under
incomplete or noisy referring expressions. Specif-
ically, we compare the original expressions with
three perturbed settings: Drop30, Mask30, and
Mask50. As shown in Table 14, the performance
consistently decreases when textual information be-
comes less reliable. For example, Mask50 reduces
mloU from 65.78 to 52.44 on RRSIS-D and from
76.69 to 58.28 on RefSegRS, indicating that suffi-
cient discriminative language cues remain essential
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Dataset Text setting mIoU A mloU oloU AoloU P@0.5 P®@0.7 P@09 Meana Stda
Clean 65.78 - 78.14 - 75.75 57.93 2489  0.2673  0.0002
RRSIS-D Drop30 56.94 -8.84 71.18 -6.96 64.08 48.68 21.61 0.2674  0.0002
Mask30 58.84 -6.94 71.88 -6.26 66.72 51.26 22.47 0.2673  0.0001
Mask50 52.44 -13.34  63.79  -14.34 58.62  44.08 19.37 0.2674  0.0001
Clean 76.69 - 82.00 - 94.90 84.45 9.28 0.2407  0.0028
RefSegRS Drop30 64.23 -12.46  66.24  -15.77 79.58 65.43 5.80 0.2412  0.0028
Mask30 6540  -11.28 7046 -11.54 80.97 67.29 6.73 0.2412  0.0027
Mask50 58.28 -18.41 62.74  -19.26 71.93 58.24 5.80 0.2415  0.0026

Table 14: Text perturbation analysis on RRSIS-D and RefSegRS. Drop30 removes 30% valid tokens, while Mask30
and Mask50 replace 30% and 50% valid tokens with [MASK], respectively. A denotes the performance change

compared with the clean expression setting.

prediction  Ground truth

123[qo Aun

F F! F? F?

(a) the small storage tank in the middle

123[qo 3gxe|

(b) a large stadium in the middle

Figure 4: Stage-wise encoder response visualiza-
tion with SGAMC. We visualize encoder activation
heatmaps under queries describing small and large tar-
gets.

for accurate target localization and mask prediction.
Meanwhile, the mean injection coefficient of ALTI
remains stable across perturbation settings. This
suggests that ALTI performs bounded residual text
injection with a relatively stable injection strength,
rather than aggressively amplifying noisy textual
inputs. Therefore, ALTI provides controlled se-
mantic refinement when reliable textual cues are
available, while missing or corrupted referring in-
formation remains a challenging failure condition.

D Additional Qualitative Results

D.1 Encoder Feature Visualization

To qualitatively illustrate the effect of seman-
tic guidance, we visualize stage-wise encoder re-
sponse heatmaps for queries involving small and
large targets. As shown in Fig. 4, the activation
patterns vary across stages and reflect differences
in the semantic scale implied by the referring ex-
pressions.

D.2 Failure Cases

Despite overall improvements in coherence and
semantic alignment, DLSA still exhibits two typi-
cal failure modes. (1) Semantic confusion among
visually similar instances: when the referring ex-

pression contains ambiguous or fine-grained cues,
the semantic routing branch may mistakenly attend
to a non-target instance, as shown in Fig. 5(a). (2)
Boundary degradation on fine structures: scale-
adaptive modulation in SgAMC may smooth high-
frequency details, leading to noticeable IoU loss
around object boundaries, especially for tiny in-
stances, as shown in Fig. 5(b,c). Future work
will focus on disambiguating subtle semantic dif-
ferences and enhancing scale/shape modeling to
mitigate these issues.
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Truth

DLSA

(a) : "aship is similar in size to (b) : "astadium in (c) : "the field on the left 'Of the large gray
the ship on the upper left " the middle" golf field in the middle

Figure 5: Representative failure cases of DLSA.
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