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Abstract. Referring Image Segmentation methods have made remark-
able progress in fine-grained localization but frequently falter in com-
plex scenarios populated by multiple candidates sharing similar visual
attributes, often resulting in the erroneous segmentation of distractors.
We attribute this limitation to the inherent insufficiency of global context
in sparse referring expressions: these brief queries often fail to capture
the holistic scene semantics, thereby failing to provide the discriminative
cues necessary for precise grounding. To address this issue, we propose
the Caption-Guided Attention Network (CGA-Net), a novel framework
that leverages generated image captions as a Global Semantic Prior to
supplement the sparse linguistic query with structured scene descrip-
tions, thereby strictly strengthening visual-linguistic alignment. Specifi-
cally, we introduce a Dual-Path Context Injection Module that simulta-
neously infuses the global prior into both visual and linguistic modalities,
effectively bridging the informational gap between the concise expression
and the complex image. Furthermore, we introduce a Semantic Con-
sistency Constraint that aligns the visual representation with the cap-
tion to ensure high-level semantic coherence. Extensive evaluations on
the RefCOCO, RefCOCO+, and RefCOCOg benchmarks validate that
CGA-Net establishes a new state-of-the-art, effectively overcoming the
semantic bottleneck in complex scenes.
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Consistency - Referring Image Segmentation

1 Introduction

Referring Image Segmentation (RIS) is a fundamental task in multimodal un-
derstanding, aiming to segment specific objects in an image based on natural
language expressions. Distinct from conventional semantic segmentation con-
strained by predefined categories, RIS requires fine-grained semantic alignment
between linguistic cues and dense visual content. Early approaches typically
adopted modular designs, employing Recurrent Neural Networks (RNNs) and
Convolutional Neural Networks (CNNs) to process textual and visual features
independently before fusion [14, 22,24, 34]. With the advent of Transformer ar-
chitectures [1,2,9], the field has witnessed a paradigm shift towards model-
ing dense, pixel-level multi-modal interactions. Frameworks like LAVT [33] and
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Fig. 1. Visualizing the “Inherent Insufficiency of Global Context”. In this
scenario populated by multiple officers, the sparse query (“The officer shaking hands...”)
implies a relationship but lacks the discriminative cues to uniquely pinpoint the
target among visually similar candidates. Consequently, the baseline falters due to
this informational gap, over-relying on local attribute matching and missing the
holistic scene semantics. In contrast, CGA-Net leverages the Global Semantic Prior
to supplement the query with structured scene descriptions, effectively bridging the
gap and correctly localizing the interacting target.

VLT [12] have achieved impressive performance by performing deep fusion at
multiple feature stages. More recently, sequence-to-sequence models, such as
PolyFormer [20], SeqTR [37] and Prompt-RIS [28], have formulated RIS as a
coordinate or patch generation task, achieving significant performance gains.

Despite these architectural advancements, we identify a critical, persistent
bottleneck in complex real-world scenarios in sparse referring expressions: the
inherent insufficiency of global context. Fig. 1 illustrates this phenomenon. In this
scenario, populated by multiple candidates sharing similar visual attributes (e.g.,
“black uniform”), the sparse instruction “The officer shaking hands...” implies a
relationship but fails to capture the holistic scene semantics required to uniquely
pinpoint the target. Consequently, even representative frameworks such as LAVT
[33] (Fig. 1) falter due to this informational gap. Constrained by the sparse query,
they lack the discriminative cues necessary for precise grounding; consequently,
they over-rely on local attribute matching (e.g., “uniform”) and fail to distinguish
the true referent from visually analogous distractors.

We attribute this failure to a common limitation shared by current paradigms.
While recent advancements—including prompt-based approaches [28,36], sequence-
to-sequence models [20,37], and universal perception frameworks [32]—have im-
proved performance by mining deeper features or introducing learnable prompts,
they remain fundamentally constrained by the sparse input itself. These ap-
proaches implicitly assume that the provided referring expression contains suffi-
cient information to uniquely distinguish the target if processed with sufficient
depth. However, this assumption overlooks the fundamental informational gap
between the concise expression and the complex image, rendering internal vi-
sual-linguistic alignment insufficient to resolve the semantic bottleneck when
the input query inherently lacks discriminative cues.

To address this issue, we propose the Caption-Guided Attention Network
(CGA-Net). As illustrated in Fig. 2, previous paradigms have evolved from sim-
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Fig. 2. Comparison of context modeling paradigms. (a) The Sparse-Input
Paradigm uses separate encoders for vision and language with late fusion. (b) The
Feature-Augmented Paradigm advances to pre-trained V-L encoders to enable
deep feature interaction. Crucially, both paradigms are limited by the internal infor-
mation provided by the sparse query. (¢) Our Global Semantic Paradigm (CGA-
Net) fundamentally differs by introducing generated captions as an external semantic
source. This explicitly supplements the missing global context, enabling better align-
ment with the dense visual scene.

ple local matching (Fig. 2(a)) to deep feature interaction (Fig. 2(b)); however,
both remain bounded by the insufficient context inherent in the sparse query.
To overcome this, we advance the field to a “Global Semantic Paradigm” (Fig.
2(c)). Instead of relying solely on internal alignment, the proposed framework
leverages generated image captions as a Global Semantic Prior. The intuition is
straightforward: the generated caption captures the holistic scene semantics that
the sparse query often lacks. By using this caption to supplement the concise
expression with structured scene descriptions, we effectively bridge the informa-
tional gap. These additional discriminative cues enable the model to uniquely
distinguish the target from visually analogous distractors.

Technically, we design a Dual-Path Context Injection Module to inte-
grate the generated caption. This module employs symmetric cross-attention to
simultaneously infuse the global prior into both visual and linguistic streams,
effectively densifying local features with holistic scene context. Furthermore, a
Semantic Consistency Constraint is introduced to align the visual represen-
tation with the caption to ensure high-level semantic coherence.

The main contributions are summarized as follows:

— Global Semantic Framework: CGA-Net is proposed, which integrates a
Dual-Path Context Injection Module to infuse generated image captions into
local features, effectively compensating for sparse linguistic queries.

— Semantic Regularization: A Semantic Consistency Constraint is intro-
duced to explicitly align the visual representation with the global captions.
This functions as a regularization term that ensures high-level semantic co-
herence between modalities during training.
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— Performance: Extensive experiments on RefCOCO, RefCOCO+, and Re-
fCOCOg benchmarks demonstrate that CGA-Net achieves state-of-the-art
performance, effectively resolving the semantic bottleneck and enabling ro-
bust referent disambiguation in complex scenes.

2 Related Work

2.1 Referring Image Segmentation

Referring Image Segmentation (RIS) has advanced rapidly from early modular
networks to unified Transformer architectures.

Early approaches typically adopted multi-stage pipelines. For instance, Mat-
tNet [34] decomposed expressions into subject, location, and relationship mod-
ules. MCN [24] introduced a co-attention mechanism to guide visual feature
learning, while CMPC [13] proposed a cross-modal progressive comprehension
module. With the advent of Transformers, a dominant stream focuses on pixel-
level fusion. Following the success of LAVT [33], recent works like VLT [12] and
VG-LAW [29] introduce language-adaptive weights to dynamically modulate vi-
sual features. Another stream unifies RIS into sequence generation frameworks.
SeqTR [37] simplifies RIS as a point prediction task, while PolyFormer [20] out-
puts polygon coordinates directly. UNINEXT [32] further reformulates RIS as a
universal object retrieval task using prompt-guided queries.

Despite their strong performance, these methods generally operate under
the assumption that the provided expression is sufficient. As highlighted in
GRES [19], standard RIS methods often falter in complex scenarios (e.g., multi-
target or ambiguous descriptions) due to the lack of global semantic guidance.
Consequently, they suffer from the inherent insufficiency of global context dis-
cussed in Section 1, where the sparse query fails to provide the discriminative
signals necessary for precise grounding.

2.2 Visual-Language Alignment and Context Modeling

To bridge the gap between vision and language, recent research has explored
leveraging external knowledge and advanced context modeling mechanisms.

A prominent direction is leveraging pre-trained Vision-Language Models for
alignment. ReferFormer [31] treats language expressions as queries to attend to
important regions. CRIS and RIS-CLIP transfer CLIP’s knowledge of image-
text matching to pixel-level segmentation [4-6,8,16,30]. However, directly map-
ping global features to dense predictions can be suboptimal. While recent ad-
vances in prompt learning [36] and dense adaptation [7,26] demonstrate that
optimizing textual queries or context-aware features [3] significantly improves
the adaptation, they primarily focus on optimizing internal alignment. They do
not explicitly supplement the input with external scene descriptions. To further
enhance semantic understanding, recent studies have introduced mechanisms to
capture broader context. VATEX [25] proposes integrating object-centric visual
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heatmaps as a prior, while DeRIS [10] proposes a decoupled framework with loop-
back synergy to iteratively refine feature understanding. These methods demon-
strate the importance of incorporating broader context beyond simple feature
matching. Concurrently, the rise of Large Multimodal Models has inspired new
paradigms. Models like Grounded-SAM [21] and SEEM [38] combine foundation
models for open-set segmentation. LISA [17] further demonstrates that LLMs
can perform reasoning segmentation through heavy fine-tuning. Similarly, Pix-
elLM [27] explores efficient pixel-level reasoning with LMMs. In contrast to these
heavy frameworks, we explore a more efficient direction by leveraging frozen Gen-
erative VLMs (e.g., BLIP-2 [18]) to synthesize a generated image caption as a
supplementary knowledge source. Unlike previous approaches that rely on inter-
nal feature refinement, CGA-Net introduces captions as a Global Semantic Prior.
This supplementary text provides a comprehensive scene summary, aiding the
model in effectively resolving the semantic bottleneck with negligible training
overhead.

3 Proposed Method

3.1 Preliminary

The goal of Referring Image Segmentation (RIS) is to predict a binary seg-
mentation mask M € {0,1}7*W that precisely localizes the target object,
given an input image I € R¥*WX3 and a natural language referring expres-
sion F = {wy,...,wr}, where w denotes referring tokens. Standard approaches
typically rely on the local alignment between I and E within an encoder-decoder
paradigm. However, as discussed in Section 1, this design is constrained by the
inherent insufficiency of global context: the sparse expression E often lacks the
holistic scene semantics required to effectively guide the dense visual features,
resulting in a significant informational gap.

To bridge this informational gap, we propose the Caption-Guided Attention
Network (CGA-Net). It leverages a Global Semantic Prior to supplement the
sparse query with structured scene descriptions. As illustrated in Fig. 3, our
framework operates through three synergistic stages:

The pipeline commences with the Base Framework and Feature Extrac-
tion (Section 3.2), where we employ standard backbones to extract multi-scale
visual features V from the image and local linguistic embeddings F; from the ex-
pression. In parallel, to supplement the missing context, we initiate the Global
Semantic Prior Generation (Section 3.3). This module utilizes a generative
Vision-Language Model (VLM) to synthesize a target-aware caption, which is
encoded into global semantic features F.

Subsequently, these feature streams converge at the core Dual-Path Con-
text Injection Module (Section 3.4). Rather than relying on simple concate-
nation, this module simultaneously infuses the global prior F, into both visual
and linguistic streams via cross-attention, enriching local representations with
holistic scene context to bridge the informational gap. Finally, the network pre-
dicts the segmentation mask M, supervised by a standard segmentation loss
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Fig. 3. The overall architecture of the proposed Caption-Guided Attention
Network (CGA-Net). Given an input image and a referring expression, we leverage
a pre-trained VLM to generate a descriptive caption as a Global Semantic Prior.
The framework comprises a visual stream, a linguistic stream, and our core Dual-
Path Context Injection Module that explicitly integrates global semantics into
local features. Finally, a Semantic Consistency Constraint is applied to enforce
high-level alignment between the visual backbone and the global scene context.

and a Semantic Consistency Constraint (Section 3.5) that enforces high-
level alignment between the visual backbone and the global scene description.

3.2 Base Framework and Feature Extraction

Our CGA-Net is designed as a flexible, model-agnostic module that can be
seamlessly integrated into standard Transformer-based RIS architectures (e.g.,
LAVT [33]). The data flow initiates with the extraction of local visual and lin-
guistic representations from parallel streams.

Visual Stream. Given the input image I € RZ*W*3 e employ a standard
hierarchical visual backbone, such as Swin Transformer [23], to extract multi-
scale visual features. Let V = {V;}}_ | denote the feature maps from the four
stages of the backbone. To facilitate subsequent multi-modal interaction, we
utilize a linear projection layer to map the visual features from the final stage
into a common feature dimension D. We denote the resulting flattened visual
features as F,, € RN**P where N, is the number of visual tokens. These features
encapsulate dense pixel-level information but initially lack explicit awareness of
the specific referring target specified by the sparse query.

Linguistic Stream. Simultaneously, the natural language expression E is
tokenized and processed by a pre-trained text encoder, such as BERT [11]. This
yields a sequence of local linguistic embeddings F; € RY*P, where L is the
sequence length and D matches the channel dimension of the visual stream. F]
captures the specific semantic attributes of the expression (e.g., color, category)
required for basic matching with local visual features.
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Fig. 4. Illustration of the core components in CGA-Net. (a) Global Prior
Generation: We construct a target-aware prompt by embedding the referring expres-
sion into a query template. The frozen VLM then generates a descriptive caption, which
is encoded into the global semantic prior Fe. (b) Dual-Path Context Injection: The
global prior F¢ is injected into both visual and linguistic streams via cross-attention to
bridge the semantic gap.

Integration Point. In conventional baselines [33], the extracted F, and F;
are typically fed directly into a cross-modal decoder to predict the segmentation
mask. In our proposed framework, we intercept these feature streams before the
decoding stage. We utilize F,, and F; as the foundational inputs for our Dual-
Path Context Injection Module (Section 3.4), where they are enriched by
the global semantic prior before being passed to the final decoder.

3.3 Global Semantic Prior Generation

To supplement the sparse linguistic input, we leverage the pre-trained BLIP-
2 [18] as an external knowledge engine to synthesize a comprehensive scene
summary. We keep the VLM parameters frozen to efficiently harness its open-
world recognition capabilities without catastrophic forgetting.

Target- Aware Prompting. A generic image caption often focuses on salient
objects, potentially missing the specific target described by the referring natural
language expression E. To resolve this, we propose a Target-Aware Prompting
Strategy, as illustrated in Fig. 4(a). We construct a following composite prompt
P by embedding the expression F into a query template:

P = “Question: Describe the scene context around the [E]? Answer:” (1)

During inference, the VLM takes the image I and prompt P to generate the
caption C' = VLM{,ozen (I, P). This strategy forces the VLM to act as a semantic
densifier, expanding the local expression with rich, target-relevant details (e.g.,
attributes and background) rather than generic descriptions.
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Prior Encoding. Finally, to align this explicit prior with the RIS feature
space, we encode the generated caption C using the shared text encoder (from
Section 3.2). This yields the global semantic features F, € RY<*P . Sharing the
encoder ensures that the global prior F, and local expression F; reside in a unified
semantic space, facilitating effective interaction in the subsequent module.

3.4 Dual-Path Global Context Injection

We propose the Dual-Path Context Injection Module to effectively integrate the
Global Semantic Prior, simultaneously infusing the structured prior F, into both
the local visual (F,) and linguistic (F;) streams.

Global-to-Visual Injection. To enrich dense visual features F, with high-
level semantics, we aggregate global context from the caption prior F, via cross-
attention, using F,, as the Query and F, as Key and Value:

- F,E' )

F, = Softmax ( 7D F. (2)
where D is the scaling factor. Through this operation, each local visual region
absorbs the most relevant global semantics (e.g., object relationships) defined in
the caption, yielding the enriched representation F,.

Global-to-Linguistic Injection. Simultaneously, to densify the local linguis-
tic embeddings Fj, we inject the global background information. We perform a
symmetric interaction by treating the linguistic features F; as the Query:

- FET

F} = Softmax ( e ) F, (3)
vD

This produces a context-aware linguistic representation ﬁ'l, effectively expanding

the semantic receptive field of the original expression.

Adaptive Semantic Gating. To robustly integrate the global prior while
filtering potential noise from the generated caption, we introduce a learnable
Adaptive Gating Mechanism. We compute a gate coefficient vector g, to
dynamically modulate the injection intensity:

go = (W [Fy; B]+by), g0 = o(Wi[F; ] + by) (4)
where o denotes the Sigmoid function, and [; -] represents concatenation. Finally,
we apply these gates to obtain the context-enriched representations:

Fj=F,+g,0F, F=F+g0k (5)

where ® represents element-wise multiplication. Crucially, these refined features
F} and F} effectively integrate fine-grained local details with holistic scene se-
mantics. Acting as semantically enriched representations, they replace the orig-
inal features to robustly guide the subsequent decoding process.
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3.5 Mask Prediction and Training Objectives

Mask Prediction. Following the dual-path injection, the context-enriched rep-
resentations F; and F}" are fed into the standard segmentation decoder of the
base framework (e.g., LAVT [33]). The decoder performs the final pixel-level
classification to predict the binary segmentation mask M € {0, 1}7*W,

Semantic Consistency Constraint. To enforce the visual backbone’s com-
prehension of the Global Semantic Prior, we introduce a Semantic Consistency
Constraint that aligns the high-level visual summary with the caption.

Formally, we define the visual summary vector vyiopqr by performing global
average pooling on the refined visual features:

1 N'U
Vglobal = Ni Z F:; [Z] (6>

i=1

Correspondingly, let cgopq; denote the global [CLS]| token of the caption features
F,, representing the semantic summary. We maximize their alignment in the
shared semantic space by minimizing the Cosine distance:

A% - C
['cons -1— global global (7)
valobal” : ||CglobalH

This regularization term penalizes the model when the visual features deviate
from the global semantic prior, effectively preventing semantic tunnel vision.

Total Objective. The entire framework is optimized end-to-end. The total ob-
jective is a weighted combination of the standard segmentation loss L., (Binary
Cross-Entropy + Dice) and our global consistency loss:

Ltotal = ‘Cseg + )\£00ns (8)

where A\ controls the relative contribution of the global semantic consistency
constraint, balancing pixel-level supervision and high-level semantic alignment.

4 Experiments

4.1 Experimental Settings

Datasets and Metrics. We evaluate our method on three standard bench-
marks: RefCOCO [15], RefCOCO+ [15], and RefCOCOg [35]. RefCOCO+
is particularly noted for prohibiting absolute spatial terms, forcing reliance on ap-
pearance attributes. RefCOCQOg contains significantly longer and more complex
expressions, serving as a rigorous test for global semantic understanding. Follow-
ing standard protocols [33], we use the UNC partition for RefCOCO /RefCOCO-+



10 C. Yi et al.

Table 1. Comparison with state-of-the-art methods on RefCOCO, Ref-
COCO+, and RefCOCOg. Results are reported in mIoU (%). Ours denotes CGA-
Net integrated into three baselines. Notably, the significant gains on RefCOCOg demon-
strate the effectiveness of our Global Semantic Prior in complex scenarios.

RefCOCO RefCOCO+ RefCOCOg
val  testA testB | wval testA testB | val-u test-u

Method Backbone

I. State-of-the-Art Methods

CRIS [30] Res-101 | 70.47 73.18 66.10 | 62.27 68.08 53.68 | 59.87 60.36
VLT [12] Swin-B 72.96 75.96 69.60 | 63.53 68.43 56.92 | 63.49 66.22
SeqTR [37] Swin-B 71.70 73.31 69.82 | 63.04 66.73 58.97 | 64.69 65.74
VG-LAW |[29] ViT-B 75.05 77.36 71.69 | 66.61 70.30 58.14 | 65.36 65.13
LISA-7B [17] SAM-H | 7490 79.10 72.30 | 65.10 70.80 58.10 | 67.90 70.60

II. Validation on Pizel-level Paradigm
LAVT [33]| (Baseline) | Swin-B 7446 76.89 70.94 | 65.81 70.97 59.23 | 63.34 63.62

LAVT + Ours Swin-B | 76.82 79.15 72.88|68.14 73.22 61.18 | 65.85 66.05
ITI. Validation on Sequence-Generation Paradigm

PolyFormer-B [20] Swin-B 76.94 7849 74.83 | 72.15 75.71 66.73 | 71.15 T71.17
PolyF. + Ours Swin-B | 79.12 80.55 76.78|74.02 77.58 68.35|73.28 73.45
IV. Validation on Implicit Context Paradigm

VATEX |[25] Swin-B 78.16 79.64 75.64 | 70.02 74.41 62.52 | 69.73 70.58
VATEX + Ours Swin-B | 80.58 81.86 77.42|72.65 76.92 64.58 |72.83 73.53

and the UMD partition for RefCOCOg. We adopt the Mean Intersection-
over-Union (mlIoU) as the primary evaluation metric.

Implementation Details. Crucially, to ensure training efficiency, we em-
ploy an offline caching strategy: the global semantic priors (F.) are pre-
computed and cached before training. This strategy avoids repetitive VLM in-
ference, ensuring that incorporating the global prior imposes negligible compu-
tational overhead during the training phase.

4.2 Results

Quantitative Results. Table 1 reports the comparison with state-of-the-art
methods. CGA-Net establishes new state-of-the-art results across all datasets.
(1) Universality: Whether integrated into pixel-based (LAVT), sequence-based
(PolyFormer), or context-aware (VATEX) architectures, our module consistently
yields performance gains. (2) Complex Scenarios: On the challenging Ref-
COCOg (UMD-test), CGA-Net outperforms the strong PolyFormer baseline
by +2.28%. This significant boost confirms that our Global Semantic Prior
effectively resolves the semantic bottleneck in complex scenes.

Qualitative Analysis. Fig. 5 presents visual comparisons. The baseline (LAVT)
often fails on relational queries, resulting in incorrect segmentation, whereas
CGA-Net leverages generated captions to disambiguate targets, demonstrating
the effectiveness of structured semantic guidance.
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Fig. 5. Qualitative results on RefCOCO(+/g) datasets. The generated captions
provide structured cues that help CGA-Net disambiguate targets in complex scenes.

Table 2. Precision analysis (Pr@X) on RefCOCO val. CGA-Net shows superior
boundary quality at high IoU thresholds (Pr@0.9), significantly outperforming baselines
by effectively leveraging the Global Semantic Prior.

Method Pr@o0.5 Pr@o0.7 Pr@o0.9 mloU
LAVT [33] 84.46 75.28 34.30 74.46
ReLA [19] 85.92 77.71 34.99 75.61
VATEX [25] 88.12 82.54 45.11 78.17
CGA-Net (Ours) 89.45 84.10 47.20 80.58

4.3 Ablation Studies

We conduct component-wise ablation studies on the RefCOCO val set using
LAVT-SwinB as the baseline. To ensure fair comparison, all ablation variants
follow the exact same training schedule as the main experiments.

Effectiveness of Core Components. Table 3 quantitatively validates the con-
tribution of our proposed modules. The baseline LAVT achieves 74.46% mlIoU.

1. Impact of Caption Integration.

The Dual-Path Context Injection Module (Row 2) yields the largest
gain. By utilizing captions as a Global Semantic Prior, it supplements
sparse expressions with structured scene descriptions, bridging the infor-
mational gap to distinguish visually similar targets.

2. Benefit of Adaptive Gating. Adding Adaptive Gating (Row 3) fur-
ther improves performance by acting as a semantic filter. It dynamically mod-
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Table 3. Component-wise ablation. Table 4. Impact of Semantic Source.
Analyzing the impact of Dual-Path Injec-  Structured captions outperform implicit

tion, Gating, and Consistency Loss. features.
Row ‘ Dual-Path ~ Gate  Consistency ‘ mloU Source Type mloU
1 - - - 74.46 None - 74.46
2 v - - 7610 Global Vis. Feat. Implicit 75.12
3 v v - 76.45 :
4 v v v 76.82 Obj. Tags Unstruct. 75.95

Caption (Ours) Structured | 76.82

Table 5. Comparison of Prompting Strategies. Target-aware prompting reduces
noise and maximizes gains.

Strategy Template ‘ mloU
Generic “Describe this image.” 75.60
Simple Ref “A photo of [Ref]” 76.15
Target-Aware “Context around [Ref]” 76.82

ulates the prior’s influence, mitigating the impact of caption hallucinations and
ensuring injected context does not mislead local visual alignment.

3. Role of Consistency Loss. Finally, enforcing the Semantic Consis-
tency Constraint (Row 4) achieves the best results. By aligning the visual
global summary with the caption, it forces the encoder to learn language-aware
representations, ensuring global coherence while focusing on local details.

Impact of Semantic Source. As shown in Table 4, we investigate different
forms of semantic priors. Implicit visual features (e.g., CLIP image embeddings)
provide limited gains (4+0.66%) as they remain entangled in the visual feature
space. Unstructured object tags (e.g., a list of detected objects) improve perfor-
mance to 75.95% but fail to capture relational context. In contrast, our Struc-
tured Caption achieves the highest mIoU (76.82%), verifying that the linguistic
structure (relationships and attributes) is key to bridging the informational gap.

Impact of Prompting Strategy. Table 5 compares different prompting tem-
plates used for caption generation. Generic prompts (e.g., “Describe this image”)
often lead to hallucinations or irrelevant descriptions that distract the model.
Conversely, our Target-Aware Prompt (“Context around [Ref]”) effectively
directs the VLM’s attention to the specific region of interest. This acts as a
focused “semantic densifier,” resulting in the best performance.

5 Conclusion

In this paper, we propose CGA-Net to resolve the inherent insufficiency of global
context in Referring Image Segmentation. By leveraging a Global Semantic Prior,
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our Dual-Path Context Injection Module bridges the informational gap between
sparse queries and dense visual scenes. Extensive evaluations confirm that CGA-
Net establishes a new state-of-the-art across RefCOCO benchmarks, effectively
resolving referential ambiguities where traditional internal-alignment methods
fail. Future work will explore end-to-end fine-tuning of the VLM component to
further enhance prior adaptability and generalization capability.
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