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Abstract

Referring Visual Grounding (RVG) tasks revolve around
utilizing vision-language interactions to incorporate object
information from language expressions, thereby enabling
targeted object detection or segmentation within images.
Transformer-based methods have enabled effective interac-
tion through attention mechanisms, achieving notable per-
formance in RVG tasks. However, existing strategies for
RVG, which involve direct interaction between visual and
linguistic features, face three key challenges: (i) tendency
to focus on a single target, (ii) insufficient control over lin-
guistic noise, and (iii) high computational cost. To address
these challenges, we propose a Region-aware Anchoring
Mechanism (RaAM) that mediates vision-language interac-
tions. In RaAM, region-aware anchors engage in alternat-
ing interactions with vision and language modalities, act-
ing as indicators for object presence across different re-
gions within the image. RaAM (i) directs attention to multi-
ple target regions for better localization, (ii) reduces cross-
modal redundancy by using anchors as buffers, and (iii)
lowers time complexity. In addition, we design region and
pixel level loss functions to enhance object presence assess-
ment and edge precision. We evaluate our RaAM-RVG on
four benchmark datasets and integrate RaAM into various
models by replacing their interaction design. Results show
that RaAM outperforms state-of-the-art methods with lower
computational cost.

1. Introduction
Referring Expression Comprehension (REC) [51, 56, 62]
aims to detect objects within an image that correspond
to a given natural language expression, while Referring
Expression Segmentation (RES) [54–56] requires precise
segmentation of these identified objects. Object localiza-
tion based on language expressions relies on aligning vi-
sion and language modalities. To address more complex
real-world needs, recent work has extended RES to cre-
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Figure 1. Comparison of the existing architecture (a) for RVG
tasks with the proposed RaAM (b).

ate a new dataset, gRefCOCO, and established a bench-
mark termed Generalized Referring Expression Segmenta-
tion (GRES) [23]. The GRES benchmark introduces sce-
narios where a single sample may contain multiple target
objects or none. Since these tasks involve identifying in-
stances with specific attributes from language expressions,
we refer to them collectively as Referring Visual Grounding
(RVG). The core of RVG lies in leveraging vision-language
interactions to integrate object attributes and relationships
from language expressions into the visual context, enabling
instance localization within images. Additionally, preserv-
ing fine-grained details in visual features during interactions
is crucial for ensuring accurate boundary delineation.

Transformer-based methods have effectively facili-
tated vision-language interactions through various atten-
tion mechanisms, achieving advanced results across RVG
tasks [13, 26, 50]. Most existing studies use Direct In-
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Figure 2. Comparison of existing interaction mechanisms with RaAM in design and complexity: (a) self-attention-like, (b) cross-attention-
like, and (c) our RaAM. In (a) and (b), when N = 0, methods do not incorporate additional learnable tokens during interaction.

teraction strategies, where information flows directly be-
tween vision and language modalities, as shown in Fig. 1(a)
[18, 33, 36, 48, 54, 58]. Recent studies have introduced
additional learnable tokens to facilitate multimodal com-
prehension but still relies on direct interaction strategies
[23, 39], including the recently emerging Multimodal Large
Language Models (MLLMs) [20, 23]. The existing interac-
tion mechanisms can be categorized into the two strategies
illustrated in Fig. 2(a)(b). In Fig. 2(a), methods concatenate
linguistic tokens, learnable tokens (optional), and visual
tokens into a unified sequence for self-attention [43, 59].
Fig. 2(b) incorporates unimodal prompts first, followed
by cross-attention for cross-modal interaction [14, 19, 42].
These methods progressively focus on target object loca-
tions during multimodal feature learning, facilitating object
perception.

However, the direct interaction strategies face three chal-
lenges: (i) Tendency to focus on a single target: These
strategies often prioritize the most prominent target, mak-
ing it difficult to handle multi-object or no-object scenar-
ios. (ii) Insufficient control over linguistic noise: Ex-
cessive incorporation of linguistic information may intro-
duce cross-modal redundancy, potentially degrading fine-
grained visual representations. (iii) High computational
cost: As real-world demands for language comprehension
grow, the growing length of linguistic feature representa-
tions increases computational demands, posing challenges
for efficient deployment.

To address these challenges, we propose an efficient
Region-aware Anchoring Mechanism (RaAM) for RVG,
as shown in Fig. 1(b). In RaAM, we introduce learn-
able region-aware anchors to alternately interact with vision
and language modalities, where these anchors serve as in-
dicators of object presence across various regions within
the visual environment. RaAM offers three key advan-
tages: (i) Enhanced complex object localization: Region-
aware anchors act as explicit object indicators, guiding at-
tention to target presence across regions, thereby improv-
ing both multi-object localization and no-object discrim-
ination. (ii) Reduced cross-modal redundancy: Anchors
buffer linguistic noise from visual features. The Language-

to-Vision (L2V) gate further enhances high-frequency de-
tails and suppresses low-frequency noise, improving bound-
ary precision. (iii) Efficient vision-language interaction:
As shown in Fig. 2, unlike existing interaction mecha-
nisms ((a) and (b)), RaAM introduces a region-aware an-
choring mechanism (illustrated in (c)) that iteratively alter-
nates between linguistic and visual anchor learning. Com-
pared to (a) self-attention, RaAM reduces time complex-
ity to a linear scale; and relative to (b) cross-attention,
RaAM achieves further time complexity reduction due to
the greater number of visual feature tokens, where M ≫
T > N . We develop RaAM-RVG, an RVG model that
incorporates RaAM, where vision-language interaction is
termed the Region-aware Anchoring Network. Under an-
chor guidance, RaAM-RVG models visual scenes using lin-
guistic cues, ultimately integrating anchors carrying target
location information with visual features. This approach
effectively guides predictions through explicit region mod-
eling while reducing computational overhead.

To enhance edge detail discernment and target quantity
estimation, we design loss functions. At the region level,
we introduce a loss term Lr to improve the model’s assess-
ment of object presence within each region, refining region-
aware anchors’ accuracy in indicating object existence. At
the pixel level, we define the loss term Lseg

p and Ldet
p . Lseg

p

increases the weight of ambiguous boundary areas, enhanc-
ing edge precision in complex scenes.

In summary, our contributions are three-folded:

• We propose RaAM-RVG, incorporating our novel inter-
action mechanism, RaAM, which uses region-aware an-
chors to guide vision-language interactions. RaAM di-
rects object presence recognition across regions, buffer-
ing linguistic noise and reducing time complexity.

• We design loss functions at both the region and pixel lev-
els to improve the accuracy of target presence detection
and enhance focus on boundary areas.

• Experimental results show RaAM-RVG surpasses state-
of-the-art methods across tasks with lower computational
cost. The performance gains when integrating RaAM into
other models further confirm its broad applicability.
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Figure 3. An illustration of RaAM-RVG. (a) Initially, the input image and language expression undergo embedding layers to obtain the
visual feature V0 and linguistic feature L, which are then utilized for the subsequent region-aware anchoring interactions. In addition, we
randomly initialize a learnable region-aware anchor P0. Subsequently, Region-aware Anchoring Network facilitates interactions between
the anchors and linguistic features, as well as visual features. This process yields anchoring fusion features and visual features Fi, [Vi], i ∈
{1, . . . ,K} at various stages. These features are then passed to the hierarchical layer fusion block to derive the fused features [Fscale],
which consists of [F 1

scale, . . . , F
K
scale]. Finally, [Fscale] and the final region-aware anchor PK are integrated for region-aware prediction.

(b) illustrates the process of the Region-aware Anchoring Network at each stage, alternating between Linguistic Anchor Learning and
Visual Anchor Learning. An L2V gate is introduced to assist in regulating the inter-modal information flow.

2. Related Works

Referring Visual Grounding. The Referring Visual
Grounding task comprises Referring Expression Com-
prehension (REC), Referring Expression Segmentation
(RES) and Generalized Referring Expression Segmentation
(GRES). The goals of REC and RES are to locate the spe-
cific object mentioned in a given language expression in an
image and to output the corresponding bounding box or seg-
mentation mask. Early REC approaches [13, 26, 50] often
followed a two-stage paradigm. Subsequently, one-stage
methods [22, 29, 52] were applied to REC. In recent years,
Transformer-based methods TransVG [7] and TRAR [61]
have demonstrated promising performance in REC. On the
other hand, RES methods typically employ sophisticated at-
tention mechanisms [9, 12] to facilitate the fusion of visual
and linguistic information. LAVT [54] and SLViT [33] have
incorporated multi-scale architecture designs. Recent stud-
ies [49, 62] treat REC and RES as unified point prediction
problems, while others [21, 25, 29, 40] propose a multi-task
collaborative learning framework to unify REC and RES.
To extend RES to more complex real-world scenarios, the
GRES task and gRefCOCO dataset [23] have been intro-
duced. GRES research builds on advancements made in tra-
ditional RES. For instance, ReLA [23] employed a weight
matrix to aggregate masks generated by standard mask clas-
sification models, achieving competitive results on the gRe-
fCOCO dataset. Additionally, the success of large lan-
guage models has driven new advancements in RVG [4, 47],

broadening the potential of GRES in diverse applications.
Vision Language Model. Early vision language mod-
els like CLIP aligned images and text, enabling zero-
shot classification [35] . Leveraging the Transformer’s
strength in both domains, researchers have explored it as
a unified vision-language framework [3, 28, 41]. Re-
cently, Transformer-based methods for visual grounding
have emerged [21, 33, 40], including EEVG [2], which de-
signs a efficient framework for multi-task grounding with
reduced computational cost. Multimodal Large Language
Models (MLLMs) provide a universal interface for vari-
ous tasks, with models aligning image-text features before
fine-tuning through instruction [6, 24, 63]. Research like
BuboGPT [60] and Shikra [1] highlights MLLMs’ capabili-
ties in fine-grained image understanding and open-world vi-
sual grounding. Recent studies have incorporated learnable
tokens to facilitate multimodal comprehension, some en-
hancing unimodal knowledge learning and others introduc-
ing additional priors during interaction [14, 43, 59]. The key
distinction of RaAM lies in its anchoring designs, which act
as cross-modal intermediaries during feature learning and
provide explicit region-level object existence guidance.

3. Method

3.1. Overview

The proposed RaAM employs learnable region-aware an-
chors to guide vision-language interactions, where these an-
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chors act as indicators of object presence across various re-
gions in the visual environment. These anchors alternately
interact with linguistic and visual features, progressively
learning object presence within each region and guiding the
refinement of visual feature representations. By incorpo-
rating RaAM for vision-language interaction, we construct
the RVG model RaAM-RVG. This model regulates multi-
modal information flow through RaAM, effectively reduc-
ing cross-modal redundancy while preserving essential vi-
sual details. The illustration is shown in Fig. 3.

Given an image and the reference language expression,
our model generates the bounding box or the segmentation
mask for specified objects. The input image undergo the vi-
sion embedding layer to obtain V0 ∈ RCv0×H0×W0 , where
H0 and W0 are height and width of the feature, and Cv0 rep-
resents the number of channels. The input language expres-
sion is processed through the language embedding layer to
obtain L ∈ RT×Cl , where T is the length of the feature, Cl

represents the number of channels. These embedding layers
are implemented using pretrained vision and language mod-
els. Subsequently, V0, L and initialized region-aware an-
chors P0 (Sec. 3.2) are sent to the Region-aware Anchoring
Network, which employs a hierarchical architecture with K
stages. The anchors interact alternately with linguistic fea-
tures (Sec. 3.3) and visual features (Sec. 3.4) to obtain opti-
mal region-aware anchor PK , anchoring fusion features Fi

and visual features [Vi], i ∈ {1, . . . ,K}. Finally, region-
aware anchors are integrated with features from each stage
for comprehensive processing and prediction (Sec. 3.5).

3.2. Region-aware Anchor Generation
We randomly initialize a trainable tensor Pi ∈ RN×Cl

as the region-aware anchor for i-th stage, where N is the
length of each anchor, corresponding to N regions within
the image. To flexibly incorporate cross-modal interaction
at shallow layers and reinforce the cross-modal consistency
in deeper layers, we embed the initialized region-aware an-
chor only in the first J stages (including the initialization
before the Region-aware Anchoring Network). The region-
aware anchor for stages J to K is derived from the feedback
of the preceding stage.

3.3. Linguistic Anchor Learning

Linguistic Interaction. At i-th stage of the Region-aware
Anchoring Network, we employ a cross-attention to help
the region-aware anchor Pi−1 learn linguistic knowledge
from linguistic feature L. The steps to obtain the activation
AttLi ∈ RN×T are as follows:

AttLi =
ωp1(Pi) ωl1(L)

⊤
√
Cl

, (1)

where ωp1, ωl1 are projection functions, and ωp1, ωl1 is im-
plemented as a 1 × 1 convolution. Both ωp1 and ωl1 yield

channels of size Cl. We employ the activation AttLi to acti-
vate the anchor. The process of obtaining PL

i ∈ RN×Cl is
defined as:

PL
i = Norm(Pi−1 + Softmax(AttLi ) ωl2(L)), (2)

where ωl2 indicates the projection function same as ωl1, and
Norm(·) denotes layer normalization.
Language to Vision Gate Regulation. To regulate the
transfer of linguistic knowledge to the vision modality, we
introduce a computationally efficient gate unit, referred to
as Language to Vision (L2V). The core function of L2V
gate is to restrict the flow of linguistic noise. L2V gate
learns weight mappings from PL

i , dynamically rescaling
each element in an adaptive manner. The formulation for
obtaining P cross

i ∈ RN×Cvi is defined as:

P cross
i = Linear(γ(PL

i )⊙ PL
i + Pi−1), (3)

where ⊙ is element-wise matrix multiplication operation,
Linear(·) represents a linear transformation that adjusts the
number of channels to Cvi , γ(·) is a two-layer perception
consisting of sequential 1x1 convolution, ReLU activation,
another 1x1 convolution, and Tanh activation.

3.4. Visual Anchor Learning
Given that P cross

i encapsulates knowledge from the lan-
guage modality, we engage in Visual Anchor Learning
on the region-aware anchors and visual features to attain
deeply fused multimodal representations. Except for the
first stage, F 1

i is obtained from the anchoring fusion feature
Fi−1 of the preceding stage via pretrained vision model lay-
ers Visioni(·) of the current stage. In this process, [Vi] =
Visioni(Fi−1), [Vi] denotes the visual features output by
all layers within the current stage, and F 1

i ∈ RCvi
×Hi×Wi

is the final layer’s output. Features [Vi] are subsequently
used for Hierarchical Layer Fusion, as detailed in Sec. 3.5.
Visual Interaction. We employ a bidirectional cross-
attention mechanism to model the global relationship be-
tween the anchor P cross

i and visual feature F 1
i . The steps

to obtain the activation Atti ∈ RN×HiWi are as follows:

AttVi =
ωp2(P

cross
i ) Flatten(ωv1(F

1
i ))√

Cvi

, (4)

where ωp2 indicates the projection function same as ωp1,
ωv1 indicates the projection function defined as a 1 × 1 con-
volution and an instance normalization, and Flatten(·) de-
notes the operation of flattening the two spatial dimensions
into a single dimension along the rows. Both ωp2 and ωv1

yield channels of size Cvi . We employ the activation AttVi
to activate visual features and region-aware anchors, facili-
tating bidirectional promotion of visual knowledge and ob-
ject presence awareness. The process of obtaining anchor-
ing fusion feature Fi ∈ RCvi

×Hi×Wi and PV
i ∈ RN×Cvi is
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Method Backbone
Multi- RefCOCO RefCOCO+ G-Ref
task val test A test B val test A test B val(U) test(U)

MAttNet [57] MRCNN-Res101 ✓ 76.65 81.14 69.99 65.33 71.62 56.02 66.58 67.27
NMTree [16] MRCNN-Res101 ✗ 76.41 81.21 70.09 66.46 72.02 57.52 65.87 66.44
LBYL [15] DarkNet53 ✗ 79.67 82.91 74.15 68.64 73.38 59.49 - -
MCN [29] DarkNet53 ✓ 80.08 82.29 74.98 67.16 72.86 57.31 66.46 66.01
TransVG [7] ResNet101 ✗ 81.02 82.72 78.35 64.82 70.70 56.94 68.67 67.73
TRAR [61] DarkNet53 ✗ - 81.40 78.60 - 69.10 56.10 68.90 68.30
SeqTR [62] DarkNet53 ✓ 81.23 85.00 76.08 68.82 75.37 58.78 71.35 71.58
PVD [5] DarkNet53 ✓ 82.51 86.19 76.81 69.48 76.83 59.68 68.40 69.57
PVD [5] Swin-B ✓ 84.52 87.64 79.63 73.89 78.41 64.25 73.81 74.13
VG-LAW [40] ViT-B ✓ 86.62 89.32 83.16 76.37 81.04 67.50 76.90 76.96
EEVG [2] ViT-B ✓ 88.08 90.33 85.50 77.97 82.44 69.15 79.60 80.24
UniTAB [53] Res101 ✓ 88.59 91.06 83.75 80.97 85.36 71.55 84.58 84.70
PolyFormer [25] Swin-B ✓ 90.38 92.89 87.16 84.98 89.77 77.97 85.83 85.91

RaAM-RVG Swin-B ✓ 91.07 93.13 88.34 85.02 89.79 78.69 86.31 87.26
RaAM-RVG ViT-B ✓ 91.45 93.42 88.71 84.78 89.23 79.24 86.78 87.71

Table 1. Comparison with state-of-the-art methods for REC in terms of Precision@0.5 on three benchmark datasets. U: The UMD partition.

outlined by the following equations:

PV
i = α1(Softmax(AttVi )Flatten(ωv2(Vi))

⊤), (5)

F 2
i = Unflatten(ωp3(P

cross
i ))⊤Softmax(AttVi ), (6)

Fi = Norm(F 1
i + α2F

2
i ), (7)

where Unflatten(·) indicates the opposite operation of
Flatten(·), α1 and α2 represent learnable coefficients. ωv2

and ωp3 indicate projection functions same as ωv1 and ωp2,
respectively.

Propagation of Linguistic Knowledge. The region-aware
anchor, interacting with visual features, combines with the
P cross
i and is propagated to the next stage. The region-

aware anchor Pi ∈ RN×Cvi for the next stage is obtained
by the following:

Pi = Norm(P cross
i + ωp4(P

cross
i )), (8)

where Norm(·) represents a normalization layer, ωp4 indi-
cates the function same as ωp3.

3.5. Knowledge Integration and Prediction
Hierarchical Layer Fusion. To integrate visual features
from different layers without incurring additional computa-
tional costs, we design a straightforward cross-level fusion
operation. In our method, the vision backbone is divided
into K stages, with the i-th stage comprising Qi layers. The
computation of the fused feature F i

scale for the i-th stage is
detailed as the following:

F i
scale =

1

2
(Fi +

1

Qi

Qi∑
j=1

Vi,j), (9)

where Vi,j denotes the intermediate feature from [Vi], ob-
tained at the j-th layer within the i-th stage.
Region-aware Prediction. We partition the fused fea-
tures [Fscale] into N regional features and split the anchors
into corresponding N anchor representations, denoted as
Xi

n = Split[F i
scale] and Pn = Split[PK ], where n denotes

the n-th region. Within each region, the region-aware an-
chor interacts with each regional feature through element-
wise multiplication, yielding the final regional feature Rn

for prediction. The process is formulated as the following:

Rn = Concat[Pn ⊙X2
n, . . . , Pn ⊙XK

n ]. (10)

The feature from first stage contains an excess of low-level
information, which can negatively impact prediction out-
comes; therefore, they are excluded from use. We employ
separate MLP prediction heads for each region to predict
object presence, producing δnNon. When δnNon is ‘0’ for
every region, the model determines that no object match-
ing the language expression. The regional features Rn are
concatenated to form R, which is then processed by MLP
prediction heads to output the detection results B and seg-
mentation results M . This section focuses on vision back-
bones such as ViT [11], where the visual feature dimensions
remain consistent across all stages. Implementation details
for more backbones can be found in the Appendix.

3.6. Multi-task Training
Our method is tailored for RVG, including REC, RES, and
GRES. Following previous work [2, 25, 40], we employ a
multi-task joint training approach for REC and RES tasks.
We design loss functions at both the region and pixel levels
to enhance performance across these tasks.
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Method Backbone
Multi- RefCOCO RefCOCO+ G-Ref
task val test A test B val test A test B val(U) test(U)

MAttNet [57] MRCNN-Res101 ✗ 56.51 62.37 51.70 46.67 52.39 40.08 47.64 48.61
NMTree [16] MRCNN-Res101 ✗ 56.59 63.02 52.06 47.40 53.01 41.56 46.59 47.88
MCN [29] DarkNet53 ✓ 62.44 64.20 59.71 50.62 54.99 44.69 49.22 49.40
CRIS [44] CLIP-ResNet50 ✗ 69.52 72.72 64.70 61.39 67.10 52.48 59.87 60.36
SeqTR [62] DarkNet53 ✓ 67.26 69.79 64.12 54.14 58.93 48.19 55.67 55.64
PVD [5] DarkNet53 ✓ 68.87 70.53 65.83 54.98 60.12 50.23 57.81 57.17
LAVT [54] Swin-B ✗ 74.46 76.89 70.94 65.81 70.97 59.23 63.34 63.62
PVD [5] Swin-B ✓ 74.82 77.11 69.52 63.38 68.60 56.92 63.13 63.62
VG-LAW [40] ViT-B ✓ 75.62 77.51 72.89 66.63 70.38 59.89 65.53 66.08
SLViT [33] SegNext-B ✗ 74.02 76.91 70.62 64.07 69.28 56.14 62.75 63.57
PolyFormer [25] Swin-B ✓ 75.96 78.29 73.25 69.33 74.56 61.87 69.20 70.19
P-RIS [39] ViT-B ✗ 76.36 80.37 72.29 67.06 73.58 58.96 64.79 67.16 s
EEVG [2]) ViT-B ✓ 78.23 79.27 76.58 69.04 72.65 62.33 69.15 70.01

RaAM-RVG Swin-B ✓ 79.03 80.98 77.30 69.51 75.24 62.77 70.95 71.86
RaAM-RVG ViT-B ✓ 79.35 81.22 77.81 69.54 75.69 63.02 71.30 72.09

Table 2. Comparison with state-of-the-art methods for RES in terms of overall IoU on three benchmark datasets. U: The UMD partition.

Region Level. At the region level, to optimize the represen-
tation of target presence within region-aware anchors and
enable the model to accurately determine target existence,
we employ the following loss function to constrain δNon:

Lr =

N∑
n=1

Lce(δ
n
Non , δ

n,gt
Non), (11)

where Lce(·) denotes the cross-entropy loss.

Pixel Level. At the pixel level, to enhance the accuracy of
object boundary discrimination, we increase the loss weight
for uncertain regions along object edges. Specifically, we
perform dilation and erosion operations on the ground truth
label Mgt to obtain the boundary region E, defined as E =
dilate(Mgt) − erode(Mgt). Here, dilate(·) expands and
erode(·) contracts the object’s boundaries. A weight β is
then assigned to the edge region where Ei = 1. The loss
function for the segmentation mask is defined as:

Lseg
p = Lfocal(M,Mgt) +W ⊙ Ldice(M,Mgt), (12)

where W i = βEi + (1 − Ei), Lfocal and Ldice are focal
loss [38] and dice loss [31]. The loss function employed for
the detection task is defined as follows:

Ldet
p = Lsmooth−L1(B,Bgt) + Lgiou(B,Bgt), (13)

where Lsmooth−L1
and Lgiou are the smooth L1 loss and

GIoU loss [37].

Training Loss. Our joint training loss for REC and RES is
defined as follows:

LJoint = λ1Lr + λ2Ldet
p + λ3Lseg

p . (14)

Methods Val TestA TestB
cIoU gIoU cIoU gIoU cIoU gIoU

MattNet [57] 47.51 48.24 58.66 59.30 45.33 46.14
LTS [17] 52.30 52.70 61.87 62.64 49.96 50.42
VLT [9] 52.51 52.00 62.19 63.20 50.52 50.88
CRIS [44] 55.34 56.27 63.82 63.42 51.04 51.79
LAVT [54] 57.64 58.40 65.32 65.90 55.04 55.83
CGFormer [34] 62.28 63.01 68.15 70.13 60.18 61.09
ReLA [23] 64.20 65.50 70.78 70.89 60.97 61.05

RaAM-RVG 67.35 70.02 72.98 73.86 64.34 65.77

Table 3. Performance comparison of different methods on GRES
task in terms of cIoU and gIoU.

The training loss for GRES is defined as follows:

LGRES = λ4Lr + λ5Lseg
p , (15)

where λ1, λ2, λ3, λ4 and λ5 are hyperparameters.

4. Experiments
4.1. Dataset and Evaluation
We perform experiments on four widely used benchmark
datasets for RVG. The datasets for REC and RES include
RefCOCO [56], RefCOCO+ [56], G-Ref [30, 32]. They
have 19,994, 19,992, and 26,711 images respectively, con-
taining 50,000, 49,856, and 54,822 references and 142,209,
141,564, and 104,560 reference expressions. For GRES
task, we use the gRefCOCO [23], which consists of 278,232
expressions, including 80,022 multi-object and 32,202 no-
target samples.

Following existing works [2, 23, 62], we use different
evaluation metrics for tasks. For REC, we use Precision at
Intersection over Union threshold of 0.5 (Precision@0.5) as
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Figure 4. Qualitative results. Each row presents visualizations of feature maps and predicted masks obtained from different methods for
the same input. The Direct Interaction method is obtained by replacing the interaction design in RaAM-RVG with that of LAVT [54].

the evaluation metric, measuring how often the predicted
bounding box overlaps with the ground truth by at least
50%. For RES, the evaluation metric is Object Intersection
over Union (oIoU), which quantifies the overlap between
the predicted segmentation mask and the ground truth mask.
For GRES, we employ Conditional Intersection over Union
(cIoU) and Generalized Intersection over Union (gIoU) to
assess the quality of the predicted segmentation, capturing
standard overlap and more nuanced spatial alignment be-
tween predicted and ground truth regions.

4.2. Implementation Details
We use Vision Transformer-Base [11] and BERT [8, 46]
as the default vision and language backbones for RaAM,
enabling feature extraction in both the embedding layer
and Region-aware Anchoring Network. In RaAM, we set
K = 4 and J = 2, dividing the vision backbone into four
stages, with region-aware anchor initialized in the first two
stages. We set the default values for key hyperparameters
as follows: β = 1.2, N = 16. Additional hyperparameter
settings and experiments are detailed in the Appendix.

We use the AdamW optimizer with a weight decay of
0.05. The initial learning rate is 2e-5, scheduled with poly-
nomial decay (power 0.9). Models are trained for 60 epochs
with a batch size of 16. Each reference typically includes
2-3 sentences, and one referring expression per object is
randomly selected per epoch. Training is conducted on 2
Nvidia RTX A6000 GPUs.

4.3. Comparison with the State-of-the-Arts
We compare the performance of our proposed RaAM
with state-of-the-art (SOTA) methods on four widely-used
benchmarks. The tables highlight the best scores in bold,
facilitating a straightforward comparison.
REC and RES. Following prior research, REC and RES
are treated as multi-task visual grounding tasks [2]. We
conduct joint training for these two tasks and evaluate the

Method Extra Training Data cIoU gIoU

RaAM-RVG ✗ 67.35 70.02

LAVT [54] ✗ 57.64 58.40
w/ RaAM ✗ 61.45 62.87

PolyFormer [25] ✗ 59.35 61.84
w/ RaAM ✗ 63.79 64.47

HyperSeg [45] ✓ 62.75 64.48
w/ RaAM ✓ 66.68 68.75

GSVA [47] ✓ 66.38 70.04
w/ RaAM ✓ 68.02 71.53

Table 4. The experiments for the applicability on GRES.

effectiveness of RaAM using the RefCOCO, RefCOCO+,
and G-Ref datasets. As shown in Tab. 1 and Tab. 2, RaAM
achieves superior performance across all datasets.
GRES. The performance comparison for the GRES task is
presented in Tab. 3. RaAM demonstrates strong capability
in handling more complex scenarios, achieving SOTA per-
formance across all test sets. Additional results and analy-
ses are provided in the Appendix.

4.4. Applicability Verification
To validate the applicability of our RaAM, we compared it
with advanced models: the expert models LAVT [54] and
PolyFormer [25] for RVG, and MLLMs HyperSeg [45] and
GSVA [47], which use extra training data. For LAVT and
PolyFormer, we replaced their cross-modal interaction de-
signs with RaAM and retrained them. For HyperSeg and
GSVA, we incorporated RaAM into their vision encoders
and fine-tuned them on the gRefCOCO dataset. Evaluation
on the gRefCOCO Val set (Tab. 4) shows that RaAM sig-
nificantly improves performance, demonstrating its strong
applicability. In the GRES task, including multi-object and
no-object scenes, MLLMs excel due to their powerful com-
prehension and large training datasets. Our RaAM offers
two key advantages: efficiency and broad applicability. It
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cIoU gIoU

(a) Effectiveness of interaction design

Direct Interaction 64.77 67.62

RaAM 67.35 70.02

(b) Ablation on design choices of flow control

α1 α2 Linear L2V

✓ 63.87 66.46

✓ ✓ 64.51 67.25

✓ ✓ 64.94 67.48

✓ ✓ ✓ 65.74 68.45

✓ ✓ ✓ 67.35 70.02

(c) Stages for anchor generation

Stage0 Stage1 Stage2 Stage3

✓ 66.38 68.85

✓ ✓ 67.35 70.02
✓ ✓ ✓ 64.58 66.82

✓ ✓ ✓ ✓ 60.22 63.07

(d) Ablation on loss function selection

Lr Lseg
p

65.09 67.63

✓ 65.94 68.70

✓ ✓ 67.35 70.02

Table 5. Ablation studies on the gRefCOCO Val set on GRES.

performs well with smaller datasets, and can further en-
hance the performance of pre-trained MLLMs on RVG.

4.5. Ablation Studies
Effectiveness of the architecture of RaAM. We conducted
an ablation study on the gRefCOCO Val set using the GRES
task as an example. To validate the effectiveness of the pro-
posed interaction mechanism RaAM, we compare the two
architectures shown in Fig. 1. In Tab. 5(a), Direct Interac-
tion refers to a variant where the vision-language interaction
design in RaAM-RVG is replaced with the interaction mech-
anism from LAVT [54]. The results show the advantages of
the proposed Region-aware Anchoring Interaction strategy.
Ablation on design choices of flow control. We con-
ducted an ablation study on the design of flow control in
the Region-aware Anchoring Network. The outcomes are
presented in Tab. 5(b). α1 and α2 represent the learnable co-
efficients within Visual Anchor Learning. Linear denotes
the straightforward linear transformation operation to trans-
mit the anchor to vision modality. L2V flexibly regulating
the flow of information from language to vision modalities.
Upon examination of Tab. 5(b), it is evident that each com-
ponent for flow control contributes to the performance. Ad-
ditionally, Tab. 6 shows that L2V significantly improves the
metrics at various thresholds, especially at Pr@0.9. This
improvement highlights its ability to enhance boundary dis-
crimination by controlling cross-modal redundancy.

Methods Pr@0.9 Pr@0.8 Pr@0.7 cIoU gIoU

CGFormer 22.43 56.57 68.93 62.28 63.01

ReLA 23.56 57.01 69.15 64.20 65.50

RaAM-RVG (w/o L2V) 25.86 57.52 70.22 65.74 68.45

RaAM-RVG 27.43 58.97 71.24 67.35 70.02

Table 6. Comparison of precision results on GRES.

Stages for anchor generation. We explore the number of
stages J for anchor generation. As shown in Tab. 5(c), the
accuracy exhibits a slight increase with the augmentation of
anchor generation stages, reaching a peak beyond which a
notable decline is observed, particularly after surpassing 2
stages. We adopt J = 2 as the default configuration.
Ablation on loss function selection. As shown in Tab. 5(d),
the combination of Lr and Lseg

p losses yields the best per-
formance. Therefore, both loss functions are adopted.

4.6. Visualization Analysis
In Fig. 4, we exemplify the segmentation results and fea-
ture maps derived from pairs of RES / GRES inputs. In the
first example, comparing the feature maps, (c) demonstrates
focused attention on the target “cupcake,” whereas (a) also
attends to irrelevant background regions. While the Direct
Interaction method accurately identifies the correct “cup-
cake,” its segmentation output lacks the lower part of the
object compared to RaAM’s result, indicating that RaAM
more effectively captures visual details and accurately de-
lineates object boundaries. In the second example, the Di-
rect Interaction method fails to focus on the correct target
in the feature map (e), resulting in incomplete segmenta-
tion. In contrast, RaAM successfully attends to two key re-
gions within the image and produces correct segmentation
outputs, highlighting its superior multi-object localization
capability over the Direct Interaction strategy.

5. Conclusion
In this work, we present RaAM-RVG, incorporating our
novel interaction mechanism, RaAM, which leverages
region-aware anchors for guiding vision-language interac-
tions. RaAM effectively directs object presence recognition
across regions, reduces cross-modal redundancy, and lowers
time complexity. Additionally, we introduce loss functions
at region and pixel levels to enhance accuracy. Comprehen-
sive experiments show that RaAM-RVG outperforms state-
of-the-art methods across RVG tasks with lower cost. The
observed performance gains when integrating RaAM into
other models further confirm its broad applicability.
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