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Abstract

Visual grounding aims to localize target objects
based on natural language descriptions, and the
core challenge lies in the cross-modal gap, which
is partly caused by the significant differences in se-
mantic structure between language and vision. Ex-
isting methods typically rely on holistic sentence-
level semantic representations to modulate visual
features, while overlooking the inherent structure
of textual prompts. In this work, we propose a Syn-
tactic Structure-guided Visual Grounding frame-
work, referred to as SSVG. Specifically, to inject
syntactic priors into unstructured visual representa-
tions, we design a semantic structure-based feature
refinement module to adaptively modulate subject-
centric and contextual visual features. To per-
form cross-modal alignment, we further incorpo-
rate a visual semantic consistency verification mod-
ule, which leverages a subject-aware contrastive
learning strategy to constrain and verify the seman-
tic correspondence between the visual prediction
and subject-level textual representation, thereby en-
hancing the model’s robustness against semanti-
cally similar distractors. Extensive experiments
demonstrate that our approach consistently outper-
forms state-of-the-art methods, and detailed analy-
ses verify the effectiveness of each component.

1 Introduction

Visual grounding focuses on identifying and localizing the
image regions that correspond to a given natural language de-
scription. In the realm of embodied intelligence and robotic
systems, visual grounding plays a pivotal role by allowing
agents to anchor language instructions in visual observations,
thereby enabling precise object localization for downstream
interaction and manipulation. Unlike generic object detec-
tion [Redmon and Farhadi, 2018], visual grounding requires
cross-modal modeling [Radford et al., 2021; Li et al., 2022;
Xue et al., 2025; Wei et al., 2023; Jiang et al., 2024;
Xu et al., 2024] over heterogeneous structures, as linguis-
tic descriptions are inherently hierarchical and compositional,
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Figure 1: Illustration of the main idea behind the proposed SSVG
framework. By parsing textual prompts, we facilitate visual ground-
ing through syntactic structure-guided prediction-and-verification.

whereas visual features are typically encoded as flat aggrega-
tions of image patches, leading to a pronounced cross-modal
gap.

To alleviate the cross-modal gap between language and vi-
sion, TransVG [Deng et al., 2021] feeds textual features and
visual features extracted by two independent encoders into
a transformer encoder for joint fusion. Going a step fur-
ther, QRNet [Ye ef al., 2022] modulates visual features us-
ing the global representation of the entire sentence, enabling
the model to adaptively adjust intermediate visual representa-
tions under linguistic guidance. Meanwhile, VG-LAW [Su et
al., 2023] proposes an active perception modeling paradigm
in which the visual backbone actively learns task-adaptive
representations and dynamically adjusts the feature extrac-
tion process under the guidance of sentence-level semantics.
To enable interaction between the visual and textual back-
bones, SegVG [Kang er al., 2024] designs the triple align-
ment module, which is iteratively embedded into the interme-
diate layers of the backbones, utilizing a self-attention mech-
anism to map vision, text, and query features into a unified
multi-modal space. TCRT [Chen et al., 2025] further lever-
ages task-aware prior embeddings generated by the Large
Language Model (LLM) to guide visual feature refinement
during the cross-modal feature fusion process, while enhanc-
ing information interaction between the Referring Expression
Comprehension (REC) and Segmentation (RES) tasks. Exist-
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ing methods typically treat textual semantics as unstructured
global signals, without explicitly accounting for the mismatch
between the structure of language and the structure-agnostic
nature of visual features, thereby struggling to separate target
objects from contextual distractors.

In contrast to existing methods, which rely on the holistic
semantics of the entire sentence as the modulation signal and
overlook the inherent semantic structure of language, we pro-
pose a Syntactic Structure-guided Visual Grounding (SSVG)
framework that exploits the semantics of textual expressions
by explicitly parsing subject-centric and contextual seman-
tics (as shown in Figure 1), and further leveraging the result-
ing semantic structure to guide visual feature enhancement.
To learn subject-centric visual representations, we design se-
mantic structure-guided feature refinement module, which
leverages the parsed structural relations in the textual descrip-
tion to reorganize flattened visual features into subject-centric
and context-aware representations. This allows the visual fea-
tures to explicitly align with the structural information of the
text. We further propose a visual semantic consistency veri-
fication module to assess the semantic reliability of predicted
visual regions. The module reconstructs subject-related rep-
resentations from the predictions and applies subject-aware
contrastive learning to constrain the proximity between the
reconstructed visual representations and the associated tex-
tual semantics. This design further reinforces the guiding role
of syntactic structure in aligning visual region features. Ex-
tensive experiments on multiple benchmark datasets demon-
strate the effectiveness and robustness of the proposed ap-
proach. The main contributions of this work can be summa-
rized as follows:

* Different from existing methods that typically modulate
visual features using holistic sentence-level representa-
tions, we propose a novel visual grounding framework
that incorporates linguistic syntactic structures into both
prediction and verification processes to significantly im-
prove visual grounding performance.

By parsing the syntactic structure of the textual prompts,
we leverage the resulting dependency relations to mod-
ulate the distribution of visual features, highlighting the
region aligned with the principal subject.

We further perform subject-aware contrastive learning
to constrain and verify the semantic correspondence be-
tween the visual prediction and subject-level textual rep-
resentation, enhancing the model’s discriminability re-
garding semantically similar distractors.

2 Related Work
2.1 Detection-and-Selection Methods

Constrained by the limitations of early object detection tech-
nologies [Girshick, 2015; Ren et al., 2015]—specifically re-
garding key modules such as Non-Maximum Suppression
(NMS) and Region of Interest (Rol)—early mainstream vi-
sual grounding methods predominantly adopted a two-stage
strategy [Wang er al., 2018; Hong et al., 2019a; Yang et
al., 2020a; Yu et al., 2018].The methods first generated a

set of candidate regions and then identified the target re-
gion with the highest confidence by matching visual re-
gions with the corresponding textual descriptions. During
this period, a large number of studies based on the two-
stage paradigm were proposed. However, the inherent limi-
tations of detection-and-selection methods gradually became
evident. First, the need to generate a large number of dense
region proposals in the initial stage introduces substantial
computational overhead, thereby reducing overall efficiency.
Second, the final localization performance is highly depen-
dent on the quality of the candidate regions; once the initial
proposals are suboptimal, subsequent region-text matching is
often unable to compensate for the shortcomings.

2.2  One-step Methods

As detection frameworks continued to evolve [Redmon and
Farhadi, 2018], the research focus gradually shifted from tra-
ditional detection-and-selection paradigms to more compact
single-stage designs [Yang et al, 2019; Luo et al., 2020;
Liao er al., 2020]. With the emergence of single-stage de-
tectors, subsequent visual grounding studies began to adopt
methods that eliminate the need for explicit region proposal
generation. Under this paradigm, linguistic semantics are di-
rectly integrated into the intermediate feature representations
of the detector. The model performs joint reasoning over a set
of predefined dense anchors and directly predicts the target
bounding box with the highest confidence, enabling a more
efficient and unified localization process. As a pioneering
work in this direction, FAOA [Yang et al., 2019] proposed
to fuse visual and textual representations at the feature level
and feed the resulting multimodal features directly into the
prediction module to accomplish target localization and de-
tection. A series of subsequent works have continuously im-
proved the performance of one-step visual grounding meth-
ods on complex descriptions through techniques such as cor-
relation filtering modeling, recursive sub-query construction,
and enhanced reasoning capabilities.

Motivated by the breakthrough success of Transform-
ers [Vaswani ef al., 2017] in both vision and language tasks,
TransVG [Deng et al., 2021] introduced the Transformer ar-
chitecture into the visual grounding task. By leveraging self-
attention mechanisms, it enables deep cross-modal interac-
tions between visual and textual features, and employs a
learnable semantic token to directly regress the target bound-
ing box coordinates. To address the limited degree of inter-
action between the visual backbone and linguistic informa-
tion in TransVG, QRNet [Ye et al., 2022] further proposed
a query-aware dynamic attention mechanism along with a
multi-scale feature fusion strategy. This formulation enables
the model to adaptively modulate intermediate visual repre-
sentations under textual guidance, thereby producing visual
features that are better aligned with semantic constraints. To
alleviate the supervision sparsity problem in visual ground-
ing tasks, SegVG [Kang er al., 2024] converts target bound-
ing boxes that were originally used only for regression into
pixel-level segmentation supervision signals. To fully exploit
linguistic information, SSRVG [Zheng er al., 2025] achieves
a reasoning process that performs coarse localization using
contextual information and then refines the localization with
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Figure 2: Overview of the proposed framework. The model first performs syntactic parsing on the input-text to explicitly extract syntactic
relational structures, which are then leveraged to refine visual features using structured linguistic information. Subsequently, two task tokens
for the REC and RES tasks, together with the refined multimodal features, are fed into a visual-linguistic transformer for feature fusion, and
the target bounding box and segmentation mask are produced by the corresponding prediction heads. After obtaining the predictions, the
framework further introduces a visual semantic consistency verification module, which reconstructs subject-related semantic representations
from the predicted visual regions and uses the representations to verify the semantic consistency between the visual predictions and the input
language, providing additional constraints on the model predictions.

the subject by softly splitting the expression into subject and
context. However, the serial design of SSRVG leads to a sig-
nificant dependency of the subject localization stage on the
output of the context stage.

The proposed work differs from existing methods in the
following aspects: (1) Unlike TransVG [Deng et al., 2021]
and SegVG [Kang er al., 2024], which primarily emphasize
cross-modal feature fusion architectures, we focus on the rep-
resentational mismatch between linguistic descriptions and
structure-agnostic visual representations. (2) In contrast to
methods like QRNet [Ye et al., 2022] and VGLaw [Su et al.,
20231, which treat the entire textual expression as a holis-
tic feature to modulate visual representations, our approach
explicitly decomposes the text into distinct semantic compo-
nents and applies them separately to guide the modulation
of visual features. (3) Different from SSRVG [Zheng et al.,
2025], which also performs syntactic parsing of the text, SS-
RVG uses the context as an auxiliary query for cascade rea-
soning during the decoding stage. In contrast, our SSVG ex-
plicitly restructures the visual feature distribution during the
encoding stage to reduce the interference of the context on
the subject’s features.

3 Method

3.1 Overview

As illustrated in Figure 2, we propose a syntactic structure-
guided visual grounding framework. The framework first
employs an off-the-shelf dependency parser to decompose
the input expression into a principal subject representation
and structured contextual constraints, thereby establishing a
subject-centric semantic prior. Guided by this decomposition,
the Semantic Structure-based Feature Refinement (SSFR)
module adaptively modulates visual features by emphasizing

regions relevant to the subject while suppressing interference
induced by contextual information. The refined representa-
tions are then leveraged to perform deep cross-modal reason-
ing for joint referring expression comprehension and segmen-
tation. Finally, rather than simply accepting the forward pre-
dictions, the framework incorporates a Visual Semantic Con-
sistency Verification (VSCV) module. This module projects
the predicted visual regions back into the semantic space to
measure their affinity with the principal subject. By leverag-
ing subject-aware contrastive learning, it acts as a posterior
constraint to penalize the cross-modal semantic gap, thereby
ensuring robust semantic consistency between the visual pre-
dictions and the intended linguistic subject.

To inject syntactic priors into unstructured visual represen-
tations, we first extract the core triplet structure from the cap-
tion T'. Utilizing a dependency parser, we identify the core
components G = {5, R, O}. Specifically, S corresponds to
the syntactic root or nominal subject (nsubj), while the con-
textual constraints (R, O) are derived from connected head
verbs or prepositional phrases (e.g., dobj, pobj). Based on
the parsed structure, we further construct binary structure
masks MY € {0,1}% for the subject and context com-
ponents (where k € {sub,ctx}). These masks indicate the
token positions associated with each component, serving as
explicit guidance for subsequent semantic structure-aware in-
teraction.

3.2 Semantic Structure-Guided Feature
Refinement

We employ a unified multi-modal encoder to extract joint rep-
resentations. Given an input image I and a referring expres-
sion T', the encoder outputs visual features F,, € RN*D and
linguistic features F; € REXP where F} ; denotes the feature
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vector corresponding to the i-th token. To alleviate the in-
herent misalignment between unstructured visual patches and
structured linguistic logic, we propose the semantic structure-
guided feature refinement module. This module leverages the
explicit structural priors derived in Section 3.1 to functionally
decouple subject-centric components from contextual con-
straints, thereby guiding the visual encoding process.

To initiate the visual feature refinement, we implement a
joint semantic localization mechanism that successively ag-
gregates structural prototypes and identifies relevant visual
regions. Utilizing the binary structure masks MF¥  derived
from the parsing stage (where k € {sub, ctx}), we first obtain
the decoupled prototypes tx, which then serve as structural
bases to generate attention maps My,. Specifically, to exploit
the syntactic dependencies for precise visual grounding, we
project the visual features into distinct semantic subspaces
corresponding to the subject and context components:

L .
— Zi,:l Mlgruct(z) ! Ft,i
Zf:l Mslgruct(i) (1)

Mk =0 ((Fva,k)tz) ’

tx

where MSx ., represents the logical union of relation and ob-
ject tokens, and W, j, denotes the learnable projection matrix
tailored for the specific syntactic component. This formu-
lation ensures that Mgy, highlights regions aligned with the
principal subject, whereas M captures the supporting con-
textual environment. With the semantic roles explicitly local-
ized, we finally employ a semantic structure-aware modula-

tion strategy to rectify the visual feature distribution:
Féeﬁned - E; + - (Mqub O} E)) - 5 : (Mctx O] E})7 (2)

where © represents the Hadamard product. o and 3 are learn-
able scaling factors initialized to control the modulation in-
tensity. In this formulation, the term « - (M, © F},) acts as
a positive reinforcement to boost the subject response, while
the subtraction term § - (Myx © F,) functions as a seman-
tic dampener to mitigate contextual interference. To achieve
holistic multi-granularity perception, we establish a unified
multi-task query generation mechanism that bridges object-
level localization and pixel-level segmentation. We define
learnable task queries Qusk = {Grec, Gres} tO act as distinct
decoding initiators. These queries interact with the linguistic
features F; to encode task-specific semantic priors, generat-
ing the text-conditioned queries Q.

3.3 Visual Semantic Consistency Verification

To generate high-quality candidate regions for subsequent
verification, we first perform a unified cross-modal encod-
ing. We construct a heterogeneous sequence by concatenating
the updated task queries, textual tokens, and flattened visual
patches. This sequence is processed by the visual-linguistic
transformer 7 to facilitate deep multimodal fusion:

Hout = T(C(Q{aslm Ft) Fv) + PpOS)7 (3)

where C(-) denotes the concatenation operator, and Py, de-
notes the learnable positional embeddings. The output se-
quence Hgy is then parsed into task-specific embeddings.

We employ a regression MLP and a specialized segmenta-

tion head to decode the preliminary bounding box b and seg-
mentation mask Mg, directly from the unified representa-
tions.Unlike conventional approaches that blindly accept the
forward predictions, our framework introduces a novel visual
semantic consistency verification mechanism. This module
operates on the premise that a correct prediction should natu-
rally map back to the semantic space of the principal subject.

To explicitly validate the semantic consistency of pre-
dicted regions via inverse reasoning, we construct a hybrid
visual set Viybig by concatenating fine-grained local features

Vioi € RYXD (via Rol Align on l;) with a global scene token
Vglobal (Via pooling on F!). Augmented with distinct learnable
positional embeddings to preserve local geometry, this hy-
brid representation provides corrective supervision to rectify
structural misalignment, ensuring the model’s focus remains
strictly aligned with the principal subject. Subsequently, we
introduce a context-guided visual aggregation mechanism.
Mirroring linguistic dependencies where context constrains
the subject, we utilize the contextual embedding F as a
query to distill a visual proxy Sproxy from Vaypria:

Sproxy — -A(Fctxa lebrida ‘/hybrid)a 4)

where A(Q, K, V) denotes the standard Multi-Head Atten-
tion operation. Fy serves as the query, while Viyprig serves as
both the key and value. This operation aggregates visual cues
strictly corresponding to the linguistic context, providing a
compact representation for the final consistency verification.

We implement this structural verification by employing a
hybrid sequence modeling mechanism. Specifically, we first
filter out the original subject embeddings from the textual se-
quence to isolate the remaining linguistic context Fieg. Sub-
sequently, we inject the extracted visual proxy sproxy into this
context to form the verification input. This process is formu-
lated as:

Fregt = {f € F | / 7é tsub}7
hyer = g(C(Eest; Sproxy))a

where C(+) denotes the concatenation operator, and £ repre-
sents the transformer encoder. This effectively projects the vi-
sual features into the structural semantic space to verify their
compatibility with the surrounding context.

To bridge the inherent domain gap between structured lin-
guistic dependencies and flattened visual tokens, we propose
a structure-aware contrastive Loss. The core motivation is
to enforce that the visual representation derives its validity
strictly from its semantic dependency on the coupled object,
preventing it from functioning as an isolated instance. For-
mally, we minimize the contrastive objective over the data
distribution D:

(&)

exp(‘s(hver,iv Sg(tsub,i ) ) /T)
Z; ’

where ¢ indexes the training sample, s(-,-) denotes cosine
similarity, 7 is the temperature parameter, and sg(-) is the
stop-gradient operation. The latter ensures that textual targets
act as fixed references, allowing gradients to propagate ex-
clusively through the visual pathway, thereby preserving the
aligned semantic space.

Ever - EiN'D - log (6)
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Methods Multi- Vi RefCOCO RefCOCO+ RefCOCOg
cthods task cnue val testA testB val testA testB val test
Detection-and-Selection Methods
MALttNet [Yu et al., 2018] X CVPR138 76.65 81.14 69.99 65.33 71.62 56.02 66.58 67.27
RvG-Tree [Hong et al., 2019b] X TPAMI19 75.06 78.61 69.85 63.51 67.45 56.66 66.95 66.51
NMTree [Liu et al., 2019] X ICCV19 76.41 81.21 70.09 66.46 72.02 57.52 65.87 66.44
One-step Methods
TransVG [Deng et al., 2021] X ICCcv2l 81.02 82.72 78.35 64.82 70.70 56.94 68.67 67.73
QRNet [Ye et al., 2022] X CVPR22 84.01 85.85 82.34 72.94 76.17 63.81 71.89 73.03
VG-LAW [Su et al., 2023] v CVPR23 86.62 89.32 83.16 76.37 81.04 67.50 76.90 76.96
SimVG [Dai et al., 2024] X NeurIPS24 | 87.63 90.22 84.04 78.65 83.36 71.82 80.37 80.51
EEVG [Chen et al., 2024] v ECCV24 88.08 90.33 85.50 77.97 82.44 69.15 79.60 80.24
OneRef [Xiao et al., 2024] v NeurIPS24 | 91.89 94.31 88.58 86.38 90.38 79.47 86.82 87.32
SSRVG [Zheng et al., 2025] X AAAI25 92.73 94.04 90.75 85.12 88.84 78.97 88.30 88.51
SSVG | v | DCAI26 | 93.27 94.57 9094 | 86.74 91.11 79.95 | 88.46 88.93

Table 1: Comparison with existing visual grounding methods on RefCOCO, RefCOCO+, and RefCOCOg for the REC task.

indicates that the model is capable of performing both REC and RES tasks.

Methods Multi- Venue ‘ RefCOCO RefCOCO+ RefCOCOg

i task val testA testB val testA testB val test

RefTR [Li and Sigal, 2021] v NeurIPS21 70.56 73.49 66.57 61.08 64.65 52.73 58.73 58.51
SeqTR [Zhu et al., 2022] v ECCV22 67.26 69.79 64.12 54.14 58.93 48.19 55.67 55.64
VG-LAW [Su et al., 2023] v CVPR23 75.62 77.51 72.89 66.63 70.38 58.89 65.63 66.08
RefFormer [Wang et al., 2024] v NeurIPS24 74.47 77.92 72.30 66.70 72.28 60.43 65.61 66.26
PVD [Cheng et al., 2024] v AAAI24 75.07 77.29 70.13 64.39 69.15 57.19 63.22 63.89
Potamoi [Guan et al., 2025] v T-ITS25 - 76.32 69.77 - 71.18 57.74 - 65.20
EEVG [Chen et al., 2024] v ECCV24 78.23 79.27 76.58 69.04 72.65 62.33 69.15 70.01
OneRef [Xiao et al., 2024] v NeurIPS24 79.83 81.86 76.99 74.68 77.90 69.58 74.06 74.92
SSVG | v | I1ICAI26 | 81.57 8255 7876 | 7556 79.17 69.60 | 75.50 76.04

Multi-task

Table 2: Comparison with existing visual grounding methods on RefCOCO, RefCOCO+, and RefCOCOg for the RES task.

Crucially, the normalization term Z; is designed to filter
semantic collisions and incorporate structural constraints. It
is computed within the sampled mini-batch B as:

Z; = exp(s(hver,i, sg(tsub,i))/T)
+ Z exp(s(hver,i, s&(tsub,j))/T)
FEN(3)

+ 127 - exp(s(hveris s2(fo 4))/7):
where N'(i) = {5 € B\ {i} | id(j) # id(4)} is the set
of negative samples. This strict definition explicitly excludes
in-batch samples sharing the same semantic identity (i.e., to-

ken ID) as 7, thereby preventing false negatives. Furthermore,
tobj,i Tepresents the structural hard negative (the object fea-

@)

ture), and the indicator H?bj ensures this constraint is applied
only when a valid object component exists.

The proposed framework is trained in an end-to-end man-
ner using a unified multi-task objective function. We employ
L1 loss £y [Girshick, 2015] and Generalized IoU (GIoU)
loss Lgu [Rezatofighi et al,, 2019] for box regression.
For mask segmentation, we utilize binary cross-entropy loss
Lioca [Lin et al., 2017] and dice loss Lgic. [Milletari et al.,
2016]. Incorporating the proposed structure-aware consis-
tency verification, the overall optimization formulation is de-
fined as:

®)

where ﬁbox = £L1 + ‘CGIOU and £mask = Efocal + Edice- Aver
serves as a scaling factor specifically introduced to balance

Hbin Lbox + Lmask + )\verﬁvera

the auxiliary verification signal with the primary grounding
objectives. By jointly optimizing these terms, the model
learns to accurately localize and segment the referent while
explicitly verifying semantic consistency through the struc-
tural verification mechanism.

4 Experiment
4.1 Experimental Setup

Implementation Details. All experiments were imple-
mented using the PyTorch framework and conducted on an
NVIDIA A800 GPU cluster for both training and evaluation.
During preprocessing, all input images were uniformly re-
sized to a fixed resolution of (448 x 448). The parameters of
the vision—language encoder were initialized with pretrained
BEiT-3 weights. The model was trained end to end using the
AdamW optimizer for a total of 30 epochs. The initial learn-
ing rate was set to (1.5 x 10~5) and decayed to (1.5 x 107%)
after the 20th epoch. A batch size of 32 was used through-
out training, with a dropout rate of 0.1. The data augmen-
tation strategy followed the settings adopted in prior related
work [Yang et al., 2020b]. Experimental evaluation was car-
ried out on three widely used benchmarks for referring ex-
pression grounding, namely RefCOCO [Yu et al., 2016], Re-
fCOCO+ [Yu et al., 2016], and RefCOCOg [Nagaraja et al.,
2016].

Evaluation Metrics. Model performance was assessed us-
ing commonly adopted evaluation metrics in the field. For
the referring expression comprehension (REC) task, Preci-
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Figure 3: Qualitative comparison of different methods (SimVG, OneRef, and SSVG) on the REC task and RES task. Note that SimVG does
not support the RES task. The comparison illustrates the superior performance of our approach in accurately localizing target regions.
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Figure 4: Validation of the visual semantic consistency verification
module. The semantic similarity between the reconstructed subject
representation and the ground-truth subject embedding decreases
monotonically as the IoU between the perturbed bounding box and
the ground-truth box decreases.

sion@0.5 (Prec@0.5) was employed as the evaluation cri-
terion, where a prediction is considered correct if the Inter-
section over Union (IoU) between the predicted bounding
box and the ground-truth box exceeds 0.5. For the referring
expression segmentation (RES) task, the mean Intersection
over Union (mloU) was used to measure segmentation per-
formance by averaging the IoU between the predicted and
ground-truth masks.

4.2 Comparison with State-of-the-Arts

In this section, we conduct a systematic comparison between
the proposed method and current state-of-the-art (SOTA)
methods on three widely used benchmarks. Table 1 reports
the quantitative comparison results on the REC task across
the evaluated datasets, while Table 2 presents the correspond-
ing quantitative results for the RES task. In addition, Figure
3 provides qualitative comparisons for both REC and RES
tasks, illustrating the visual grounding performance of differ-
ent methods.

According to the results reported in Table 1, our method
consistently outperforms the recent SOTA method SSRVG
across all datasets. On the testA, testB, and val subsets of
RefCOCO, our method achieves improvements of 0.54%,
0.53%, and 0.19%, respectively, over SSRVG. Similarly, on
the testA, testB, and val subsets of RefCOCO+, the perfor-
mance gains are 1.62%, 2.27%, and 0.98%, respectively. On
the val and test subsets of RefCOCOg, our approach also

Ground Truth Box  Subject Attention  Object Attention

f 2 ) .

o |
Blue tray with bread

Figure 5: Visualization of subject-aware and context-aware attention
maps, demonstrating how the model allocates attention to subject-
relevant regions and contextual elements.

yields consistent improvements of 0.16% and 0.42%. In ad-
dition, the proposed method can be seamlessly extended to
the RES task without requiring architectural modifications.
As shown in Table 2, compared with existing SOTA method
OneRef, the proposed method achieves an average improve-
ment of 1.12 percentage points across all evaluated datasets.

From a qualitative analysis perspective, Figure 3 presents
visual comparison results of different methods on both the
REC and RES tasks. Compared with SimVG and OneRef,
our method is able to more accurately focus on target regions
that are semantically consistent with the referring expres-
sions, particularly in scenarios involving complex attribute
descriptions and strong background distractions. Taking the
second-row example in Figure 3 as an illustration, the image
contains a complex background with multiple visually simi-
lar human instances. The corresponding referring expression,
“African man with hat seating by orange man”, involves mul-
tiple attribute constraints as well as relational descriptions.
Under such conditions, competing methods are more likely
to be confused by similar distractor objects, leading to local-
ization shifts or incorrect instance selection. In contrast, our
method can effectively distinguish between multiple similar
instances and leverage both semantic and relational cues to
localize the target instance that precisely matches the refer-
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Image

SSVG w/o SSFR

g

SSVG

The lady is putting chili on the meat ball sandwich

Figure 6: Qualitative ablation study on the RefCOCOg test set.

RefCOCOg

Method val test
SSVG 88.46 88.93
w/o SSFR 87.83 88.43
w/o VSCV 87.39 88.04
w/o SSFR & VSCV  87.27 88.28

Table 3: Quantitative ablation study for the REC task on Ref-
COCOg.

ring expression, demonstrating its strong capability in com-
plex semantic understanding.

S Analysis of Main Components

Can Visual Semantic Consistency Verification Accurately
Reflect Semantic Alignment? To validate the Visual Se-
mantic Consistency Verification (VSCV)module, we conduct
a controlled perturbation experiment by gradually disturbing
the ground-truth bounding box to generate 20 boxes with IoU
decreasing from 1.0 to 0.0. For each perturbed box, we per-
form semantic reconstruction and measure the cosine similar-
ity between the reconstructed subject representation and the
ground-truth subject embedding.- As shown in Figure 4, the
reconstruction similarity decreases monotonically with IoU,
indicating that the reconstruction module provides a reliable
semantic signal that correlates with localization accuracy. We
also conduct a quantitative ablation analysis on the VSCV
module, with the results reported in Table 3. Specifically,
on the RefCOCOg dataset, we adopt Precision@(.5 as the
evaluation metric and compare model performance on the val
and test subsets. When the VSCV module is removed, the
performance on the val set drops from 88.46% to 87.39%,
while the performance on the test set decreases from 88.93%
to 88.04%, showing a consistent and noticeable degradation.
This indicates that by introducing the semantic reconstruc-
tion and verification, the VSCV module provides additional
and reliable semantic supervision, thereby leading to perfor-
mance improvements.

How Does Structure-Guided Feature Refinement Differ-
entiate Subject and Context? To analyze the effectiveness
of the proposed Semantic Structure-Guided Feature Refine-

ment module (SSFR), we visualize the learned subject-aware
attention map Mg, and context-aware attention map M.
The visualizations provide intuitive evidence of how SSFR
differentiates subject-relevant and context-related visual cues
before feature fusion. As illustrated in Figure 5, My, consis-
tently concentrates on regions that are semantically aligned
with the referred subject, even when such regions are not the
most visually salient. In contrast, My primarily activates
on surrounding objects and contextual elements that are visu-
ally prominent but semantically auxiliary to the referring ex-
pression. This complementary behavior indicates that SSFR
successfully decomposes the original visual feature into two
structurally distinct components corresponding to subject and
context. Meanwhile, we also present a qualitative ablation
analysis in Figure 6. It can be observed that the full model
is able to stably and accurately localize the target object even
in the presence of complex backgrounds and challenging re-
ferring expressions. Similarly, we conduct an ablation study
on the SSFR module. As shown in Table 3, removing SSFR
results in a drop in Precision@0.5 on the val / test subsets of
RefCOCOg from 88.46% / 88.93% to 87.83% / 88.43%, re-
spectively, validating the effectiveness of this module. This
indicates that injecting syntactic structural information from
the text into the visual feature modeling process plays a criti-
cal role in improving performance.

6 Conclusion

In this paper, we propose a syntactic structure-guided vi-
sual grounding framework that aims to fully exploit linguis-
tic structural information to enhance cross-modal alignment.
Specifically, SSVG first leverages the syntactic structure of
the input text to perform structured modulation of visual fea-
tures, enhancing target-related visual representations. Build-
ing upon this, we further design a syntactic structure-guided
semantic reconstruction and subject-aware contrastive learn-
ing strategy to explicitly reduce the semantic gap between
target visual representations and the corresponding language
descriptions, strengthening the consistency between visual
and language representations. Extensive experiments validate
the effectiveness of the proposed method in visual grounding
tasks.
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