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Abstract. Visual grounding (VG) aims to precisely localize the object
in input images based on its natural language descriptions. Most recently
proposed methods address this task using Transformer-based architec-
tures that can inject textual information into visual features. However,
according to the image tokenization procedure, a large number of vi-
sual tokens will be located in text-irrelevant background areas. These
tokens can introduce noise into the attention calculation, thus reduc-
ing the significance of foreground object tokens and ultimately affect-
ing the effectiveness of these methods. To this end, we propose a novel
Token Blurring (ToB) module, which dynamically merges image tokens
based on the pair-wise visual similarity between them and their tex-
tual relevance with input expressions. By reducing the number of text-
irrelevant background tokens and preserving the density of text-referred
ones, ToB can improve both model effectiveness and efficiency in solving
VG tasks. Extensive experiments on RefCOCO, RefCOCO+, and Re-
fCOCOg datasets show that Transformer-based models equipped with
our ToB module yield better results while reducing computational over-
head compared to various existing VG methods. Our code is available at
[https://github.com/Mr-Bigworth /ToB]|
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1 Introduction

Visual Grounding (VG) [45] aims to localize a target object in an input image,
which is described by a given textual query. It has become a fundamental task
in many multi-modal reasoning applications, such as visual question answering,
automatic driving, and human-machine dialogue [23}[28,/49,57.(65].

Most of existing VG methods [5,/11},/40,/64] are typically constructed based
on the Transformer architecture [42], which excels in modeling visual-linguistic
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cross-modal interactions. In general, these methods consider the VG task as a
bounding box regression problem and tackle it through a dual-branch framework:
the visual and linguistic features are first encoded by two separate Transformer
encoder branches and then fed into a shared Transformer decoder, in which
they are fused with each other to predict the target bounding box. However,
this parallel encoding strategy prevents the visual feature extraction process
from interacting with the textual information of input expressions. As a result,
the visual encoder cannot distinguish the text-referred foreground regions from
text-irrelevant background areas, thus limiting its representative ability when
processing VG tasks.

To tackle this issue, a
series of recent VG ap-
proaches have begun to ex-
plore the language-guided vi- ' :
sual encoder structures. They oy ' Bl e
attempt to inject the tex- : ' bl the background regions Mgty 3
tual information into visual
features through language-
derived feature modulation
parameters , Cross-
attention mechanisms
58|, multi-modal adaptation
weights [56], and so on. These
operations allow the visual

Human vision

merge the background tokens

Fig.1: Inspired by human vision, our ToB mod-
ule highlights foreground targets by blurring (merg-
ing) visually similar and text-irrelevant tokens in the

encoder to dynamically ad- background to achieve better detection performance.
just the attention scores of its

intermediate layers, so as to implicitly highlight the text-referred object regions
and suppress those irrelevant to the input expressions. However, a major problem
with these methods is that they only seek more effective representations for im-
age tokens while ignoring the influence of their numbers. Specifically, the image
tokens of these methods are obtained by evenly dividing the whole image into
non-overlapping patches of equal size. In this way, there will be a large amount
of tokens located in text-irrelevant background areas, especially when the tar-
get object has a relatively small size. Although suppressed by the text injection
operations mentioned above, these background tokens will still produce small
attention scores via the softmax function, which may introduce some noise into
the overall attention calculation, thus reducing the significance of foreground
object tokens and ultimately affecting the effectiveness of current VG methods.
In addition, simultaneously processing all the image tokens often leads to a large
computational overhead, due to the quadratic complexity of Transformer-based
architectures.

In this paper, we propose a novel Token Blurring (ToB) module to allevi-
ate the above problems in solving VG tasks. Inspired by human vision that can
blur the surrounding background to focus more on the target object of interest,
our ToB module also attempts to “blur” the background regions of input images
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by gradually merging the text-irrelevant tokens, while maximally preserving the
density of text-referred foreground tokens, as illustrated in Figure[]l To achieve
this, ToB employs a language-guided token merging strategy. Specifically, it first
computes a text-aware weight for each image token based on its visual-linguistic
correlations with the input textual query. These weights are then combined with
pair-wise visual similarities to identify r token pairs that have the most simi-
lar visual features and the lowest textual relevance. Finally, each pair of tokens
is merged into a new “blurred” token, their text-aware weights and visual fea-
tures are mixed accordingly and then cooperate with each other to generate
the embedding of this merged token. Unlike traditional token merging/selection
methods [15,[30,/59] that rely solely on visual similarity, ToB incorporates the
textual relevance as additional guidance information, which leads to a more ac-
curate token merging process for handling multi-modal VG tasks. In this way, as
shown in Figure[I] ToB explicitly reduces the number of background tokens with
lower textual relevance, thus mitigating their potential negative effects on the
calculation of attention scores. In contrast, the visual details of the text-referred
target object are maintained by ToB, which can help to enhance the final detec-
tion accuracy. Furthermore, ToB also allows the Transformer block to process
fewer image tokens, thus decreasing its computational overhead and improving
the model’s efficiency. The main contributions of this work are as follows:

— We propose a new Token Blurring (ToB) module, which dynamically merges
image tokens based on the pair-wise visual similarity between them and their
textual relevance with input texts. By reducing the number of text-irrelevant
background tokens and preserving the density of text-referred ones, ToB can
improve both model effectiveness and efficiency in solving VG tasks.

— We construct a Transformer-based model based on the proposed ToB mod-
ule. By adopting DINOv2-B/BERT-B as the visual/linguistic encoder, this
model achieves competitive results with recently proposed benchmarks.

— We conduct extensive experiments on three widely-used VG datasets, Ref-
COCO, RefCOCO+ and RefCOCOg, which validate the effectiveness of ToB
and the language-guided token merging strategy. Moreover, the experimental
results also show that ToB can be easily integrated into other Transformer-
based VG models, leading to better performance.

2 Related Work

Visual Grounding. Inheriting the general object detection framework, existing
VG methods can be divided into two-stage methods [29,/51,|61,|63] and one-
stage methods [8}27,|54}[55]. Two-stage methods match the language feature
to the vision content at the region level, thus requiring the vision encoder to
first generate a set of region proposals. One-stage methods densely perform
multi-modal feature fusion at all spatial locations, waiving the requirements
of region proposals, and predict the location of referred objects directly. With
the success of Transformer in detection and vision-language tasks, a series of
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Transformer-based methods have been proposed. TransVG [11] incorporates
DETR encoder [5] to extract visual features and proposes a multi-modal reason-
ing module. MMCA [56] adaptively adjusts the visual encoder’s weights based
on multi-modal features to enhance visual representation extraction. SegVG [19)
transfers the bounding box annotation into segmentation signals to exploit the
pixel-level details of the target regions. SimVG [10] decouples multi-modal fusion
from grounding tasks using pre-trained multimodal backbones, object tokens,
and weight-balanced distillation to achieve both speed and accuracy. OneRef [47|
presents a unified modality-shared, single-tower Transformer architecture em-
ploying Mask Referring Modeling (MRefM) to dynamically mask irrelevant re-
gions, thus facilitating minimalist yet effective grounding and segmentation. At-
tBalance [20] dynamically imposes and balances constraints of the attention
to optimize the behavior of visual features within language-relevant regions.
TCRT |7] integrates large language model priors and cross-modal feature re-
finement to guide attention more precisely and suppress non-target background
information. Recent ExpVG [21] systematically explores the paradigm and data
designs for VG in multi-modal large language models (e.g., LLaVA series). How-
ever, the improvements in these methods primarily stem from language-guided
attention modules that emphasize foreground regions, which often overlook the
equally crucial aspect of suppressing background interference by reducing text-
irrelevant tokens explicitly.

Token Merging. Token merging can be broadly divided into two categories:
diversity-based and task-relevant strategy. Diversity-based approaches aim to
reduce visual redundancy by pruning or merging similar tokens based on vi-
sual similarity. Token pruning techniques such as EViT and Adaptive Token
Sampling remove low-importance tokens using attention scores or gating mech-
anisms |141241|26]/44]. In contrast, token merging methods like ToMe and Token
Pooling combine similar tokens through bipartite matching or clustering [31/4136].
Recent methods such as ToE [18] and ToFu [22| further refine these ideas by
dynamically adjusting merging strategies or jointly applying pruning and merg-
ing. However, these methods primarily focus on visual similarity and overlook
task-specific semantics. This makes them suboptimal for multimodal tasks such
as visual grounding, where maintaining fine-grained visual-textual alignment is
crucial. On the other hand, a growing line of work introduces task-aware token
selection. LAPS [15] uses linguistic supervision to retain text-relevant tokens
while merging the rest, but at the cost of discarding visually rich details essen-
tial for precise localization. MustDrop [30] applies a staged process of merging
and pruning, guided by textual relevance, yet decouples visual-textual interac-
tion across stages. FitPrune [59] minimizes representation drift during pruning
but still relies on attention scores and lacks direct language integration in the
merging process. Different from these works, our method introduces a language-
guided token merging strategy that simultaneously incorporates both textual
relevance and visual similarity into the merging process, dynamically merging
background visual tokens according to a joint visual-textual similarity metric,
enabling more precise localization in visual grounding tasks.
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Fig. 2: Overview of our proposed framework. The figure illustrates (a) the overall
framework of our method, which includes (b) the process for generating text-aware
weight and (c) the proposed Token-Blurring strategy. In (c), we demonstrate the Token-
Blurring process using an example with » = 2 and a = 0.3.

3 Methodology

Given an image and a related textual expression, the main goal of the VG task
is to accurately detect the text-referred target object in this image. To this
end, existing VG models are mostly established following an “encoder-decoder”
paradigm. Specifically, the input image and expression are first tokenized and
then separately passed through a visual encoder and a linguistic encoder to
obtain their corresponding features F,, € RN > and F; € RN X% These two
encoders are often implemented using the Transformer architecture. N, and N,
represent the number of image and language tokens, respectively, while d,, and d;
denote their feature dimensions. After that, F,, and Fj are fed into a multi-modal
decoder, in which a regression token [REG] is learned to aggregate the target-
object-related information from F, and Fj. Finally, a regression head takes the
resulting [REG] token as input to predict the bounding box coordinates of the
text-referred object.

3.1 The Token Blurring Module

Let F,; € RNviXdv be the output features of the i-th Transformer layer in the
visual encoder. Our ToB module aims to merge multiple pairs of tokens that are
visually similar but irrelevant to the input expression, so as to explicitly reduce
the number of background tokens in F) ; and thereby suppress their negative
impact on target object detection. To achieve this, as illustrated in Figure 2]
ToB first uniformly divides F, ; into two non-overlapping subsets FA Ffl- €

v,1
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RWv.i/2)%dv  corresponding to tokens at odd and even indexes, respectively:
A 1 3 (Ny,i—1) B _ g2 s Ny,
Fv,i :{fv,iv vy ’f'u,i }7 Fv,i_{fv,i’ v, """ s g }’ (1)

where sz denotes the j-th token embedding in F,, ;. By performing a one-to-one
matching between these two subsets, we can obtain a total of (N, ;/2) X (N, ;/2)
token pairs, from which ToB identifies those pairs located in background areas
according to criteria of high visual similarity and low textual relevance:
(1) Two image tokens with high visual similarity generally imply that they are
belonging to the same or similar objects, and thus most of the information
contained in their features is repetitive and redundant. Hence, merging them into
a single “blurred” token will not result in a significant loss of critical information
for image representation. (2) The tokens with low textual relevance typically
indicate that they bear weak semantic association with the target object and
are highly likely to be located in the background regions. Therefore, the tokens
selected by this visual-textual joint criterion can be effectively distinguished from
those object-related foreground ones.

Joint Criterion Score Calculation. Specifically, ToB calculates the visual simi-
larity between the tokens within F,f}i and Ffi subsets as follows:

Si = ]:Cosine(qup Ffi)7 (2>
where Fcosine(*, -) denotes the pair-wise cosine similarity function.

As for the textual relevance, ToB generates a text-aware weight for each
token in F), ; as follows (see Figure (b)):

Wi = Fsigmoid (Favepool (Fui Poi(FiPLi)T)))- 3)

Here, Fsigmoid(-) is the sigmoid function and Favgpool(-) represents the average-
pooling operation along the text length dimension. P,; € Rdvxde and P e
R%*de are two linear projectors for the i-th Transformer layer that are learned
to map F,; and F; into a d.-dimensional common space, respectively, so that
their feature dimensions can be aligned. As a result, each element in W; €
RNe.iX1 indicates the average correlation strength between the corresponding
image token and all language tokens. As shown in Figure c), by adopting the
same splitting strategy in Eq. , W; can also be divided into two subsets WiA,
WE € RWei/2x1 They are used to calculate the textual relevance of a token
pair from FvA’i and Ffi through the following geometric mean operation:

Ty = | WAWE)T. (4)

Next, by introducing a positive parameter a to balance the relative im-
portance of S; and T;, we linearly combine them and obtains a score matrix
M; € RWv.i/2)x(Nv,i/2) for identifying background token pairs as follows:

Mi = (1 - Oé)Si + 04(1 - Tl) (5)
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According to this definition, an entry in M; with a higher value often means that
its related two tokens have a higher visual similarity and are more likely to be
both located in text-irrelevant background regions, so they should have a higher
priority to be merged in the subsequent steps. Based on this score matrix, ToB

performs a bipartite matching operation between qui and FfZ Specifically, for
each token ff ™ in Fv“}i, we search for the highest score in its corresponding row
of M; so as to find its paired token ff " in Ffi, thereby eventually generating
N,.i/2 candidate token pairs.

Token Merging. ToB ranks these token pairs in descending order according to
their scores, and selects the top r ones for the following token merging operations:

B,n Am
foi + ZmeEp foi

B,n
}—Mcrgc(fru’i ) = |En| +1 ) (6)
B,n Am
n W Y e Wi
Frterge(w] ") = — (7)

B +1

Here, E* refers to a set recoding the indexes of tokens fA’m in the selected r

v,
token pairs from F;}i that are associated with ffi’" from FP;. |E}'| denotes the

total number of elements in E7'. In Eq. (@), all the tokens f;f ™ indexed by E" are
merged with their paired token ff 2" to update its feature and eventually generate

a “blurred” token. After this merging process, we remove qu ™ from F A and

0,07
rearrange F;}i and Ffi into updated visual features F), ; € RWVoi=m)%dv gecording
to their original indexes. The same operations are also applied to w? ™ and wf .
which are the text-aware weights of f:? 7 and ff 2", respectively, resulting in an
updated weight matrix W/ € R(WNv.i=m)x1 (see Eq. @) In this way, the proposed
ToB module explicitly reduces the number of text-irrelevant background tokens,
while maximally preserves those related to the target object.

Finally, ToB further enhances the visual features F) ; by emphasizing its

text-referred areas via W
ﬁ‘%i = Fé,i © Wilv (8)

where ® denotes the Hadamard product. Fv,i is then fed to the (i 4 1)-th Trans-
former layer as input.

3.2 Transformer-Based Model with ToB

As shown in Figure 2] for addressing VG tasks, we build a Transformer-based
model by integrating the proposed ToB module. We adopt DINOv2-B [38] and
BERT-B [13| as the visual and linguistic encoder, respectively. To avoid the
potential misalignment between shallow visual features and textual representa-
tions, we only insert ToB modules into the last 6 Transformer layers of the visual
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encoder. To fully exploit multi-level information of input images, we concatenate
the outputs from the last k£ visual encoder layers to form the visual features F,,
which are then combined with linguistic features F; and passed through a multi-
modal decoder to generate the final prediction results. This multi-level feature
fusion strategy enables the model to leverage both low-level spatial details and
high-level semantic information, thus enhancing its ability to accurately localize
objects in complex scenes. As for the decoder, we employ a multi-stage cas-
cade architecture similar to that used in [50|. It consists of L stages, where the
learnable regression token [REG] iteratively aggregates useful information from
F, and F; in each stage. Finally, based on the representations of [REG], a re-
gression head predicts the bounding box coordinates Bz = (&4, 9s, Wi, ﬁl) of the
text-referred object for each decoder stage. With these predictions, we define the
following loss function for optimizing our Transformer-based model:

L
L= Z ALll:Ll bu b Agiouﬁgiou(bia b)]a (9)
i=1

where Lr1(-,-) and Lgioy (-, -) represent the smooth L1 loss |16] and the GIoU
loss [39], respectively. Ar1 and Agio, balance the relative importance of these
losses. b = (z,y,w,h) represents the ground-truth bounding box. During the
inference phase, we utilize by, output by the last decoder stage as the prediction
result for the testing data.

4 Experiments

4.1 Experimental Setting

Datasets. To evaluate the effectiveness of our proposed Token Blurring mod-
ule, we conduct extensive experiments and a series of ablation studies on three
widely-used visual grounding datasets, including RefCOCO [62], RefCOCO+
[62], RefCOCOg [35]. Their detailed descriptions are presented as follows:

RefCOCO |[62] includes 19,994 images with 50,000 referred objects, where
each image may contain multiple instances from the same object categories.
There are 142,210 referring expressions in total, so each instance may get more
than one text description. Following the standard setup, the image samples in
RefCOCO are officially split into train/validation/testA /testB subsets that have
120,624/10,834/5,657 /5,095 expressions, respectively.

RefCOCO-+ [62] consists of 19,992 images with 49,856 referred objects and
141,564 referring expressions. The usage of location-related words (e.g., “left” or
“right”) is strictly disallowed in the expressions from this dataset. RefCOCO+
is also officially split into train, validation, testA and testB sets with 120,191,
10,758, 5,726 and 4,889 expressions, respectively.

RefCOCOg [35] has 95,010 long expressions collected on Amazon Mechan-
ical Turk for 49,856 referred objects in 25,799 images. Among them, 85,474
expression-referent pairs are selected for model training, and the remaining 9,536
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expressions are separated following two different strategies, namely RefCOCOg-
google [35] (val-g) and RefCOCOg-umd [37] (val-u and test-u). We conduct
experiments on these two partitions to make comprehensive comparisons.

Implementation Details. Besides our transformer-based model, the proposed
ToB module can be easily integrated into other VG approaches in a plug-and-
play manner. Therefore, we also verify the generalization ability of ToB by in-
serting it into CLIP-VG [48|, SimVG |10] and OneRef [47] with different encoder
architectures. For a fair comparison, we follow the standard preprocessing pro-
tocols. The input images are resized to the resolution of 224 x 224, 518 x 518,
640 x 640 and 384 x 384 for CLIP-VG, Baseline (i.e., our transformer-based
model without ToB modules), SImVG and OneRef as well as their correspond-
ing enhanced models with ToB, respectively. In addition, we also keep the same
maximum expression length used in CLIP-VG, SimVG and OneRef, truncating
expressions that exceed the limit. Whereas for Baseline and Baseline+ToB mod-
els, the maximum token length is set to 40. The special [CLS] and [SEP] tokens
are appended to the beginning and end of each expression before it is input into
the linguistic encoder.

Training Details. Our designed transformer-based model (i.e., Baseline+ToB) is
trained by using the AdamW optimizer [32] with a batch size of 32 and a weight
decay of 10~%. Similar to |31], we initialize the visual and linguistic encoders with
the pre-trained DINOv2-B and BERT-B models, respectively. Both encoders are
optimized with an initial learning rate of 107°. As for our cascade decoder, we
randomly initialize its parameters by the Xavier |17] scheme and set its initial
learning rate to 10~*. We train our model for 90 epochs and decrease the learning
rate by a factor of 10 after 60 epochs and keep the original training strategy for
other methods. For CLIP-VG+ToB, SimVG-+ToB and OneRef+ToB, we directly
integrate the ToB modules into CLIP-VG, SimVG and OneRef, respectively,
while maintaining their architectures and initializations. For a fair comparison,
we utilize the same training strategy as the original methods. In addition, we also
adopt the data augmentation strategy used in the previous works [11}53}[54.(58|
during the training phase. The common space dimension value d. is set to d. =
256. For the loss function defined in Eq. @D, the hyperparameters are as \p; =
5, Agiow = 2 and the number of decoder stages L is set to L = 6.

Evaluation Metric. The standard ACC@0.5 protocol [53]/54,58| is used to evalu-
ate the performance of different competing methods for solving VG tasks. Specif-
ically, given an image-expression pair as input, the prediction is considered to
be correct only if the IoU value between it and the corresponding ground-truth
bounding box is greater than 0.5.

4.2 Main Results

Comparison with State-of-the-art Methods. Table [l compares the results of our
method and state-of-the-art VG approaches on RefCOCO, RefCOCO+, and Re-
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Table 1: Performance comparison with state-of-the-art methods on the RefCOCO,
RefCOCO+ and RefCOCOg datasets. The performance of three main benchmarks and
their corresponding ToB-enhanced models are shaded in red and blue , respectively.

Methods RefCOCO RefCOCO+ RefCOCOg
cthods val testA testB| val testA testB|val-g val-u test-u

Visual Linguistic
Encoder Encoder

Pretrained on close-set detection and natural language processing tasks:

ResNet-101 BERT-B |81.02 82.72 78.35 |64.82 70.70 56.94|67.02 68.67 67.73
ResNet-101 BERT-B |84.67 86.74 80.21 |72.79 77.98 64.61| - 74.16 72.85
ResNet-101 BERT-B |84.77 87.24 80.49 |74.19 78.93 65.17|72.98 76.04 74.18
ResNet-101 BERT-B |84.76 87.34 80.86 | 73.18 78.67 64.13|72.53 74.91 73.87
ResNet-101 BERT-B |86.84 89.46 83.07 |77.18 82.63 67.59|76.01 78.35 77.42
ResNet-101 BERT-B |85.30 88.13 81.50 | 75.14 80.25 66.34|74.08 77.35 75.61

AttBalance

TransVG-++ ViT-B BERT-B |86.28 88.37 80.97 | 75.39 80.45 66.28|73.86 76.18 76.30
ViT-B BERT-B |86.06 88.56 82.87 |75.74 80.32 66.69| - 75.61 76.28
Swin-S BERT-B |84.01 85.85 82.34 |72.94 76.17 63.81|71.89 73.03 72.52
Swin-B BERT-B |84.99 88.02 80.03 | 74.27 79.06 65.11|74.34 74.64 71.41

datasets with generative vision-language models:

CLIP-L Vicuna-7B | 87.49 91.35 82.45 |80.78 87.38 73.14| - 83.93 84.76
CLIP-L Vicuna-7B | 87.40 91.70 81.50 |80.30 86.90 71.10|88.00 81.30 81.40

DINOv2-L Vicuna-7B | 89.35 92.09 86.26 |83.90 88.91 78.05 86.37 87.01

Multi-experts | Vicuna-7B |92.55 94.50 88.81 [87.70 92.05 82.94| -  89.28 89.70
Qwen-VL-7B ViT-bigG Qwen-7B |89.36 92.26 85.34 |83.12 88.25 77.21| -  85.58 85.48
Qwen2.5-VL-7B FE-ViT Qwen2.5-7B|90.00 92.50 85.40 | 84.20 89.10 76.90| -  87.20 87.20
InternVL3-8B @ InternViT-300M|Qwen2.5-7B| 92.50 94.60 88.00 |88.20 92.50 81.80| -  89.60 90.00
Pretrained on large-scale vision / vision-language tasks through self-supervised learning:
CLIP-VG CLIP-B CLIP-B |84.29 87.76 78.43 |69.55 77.33 57.62|72.64 73.18 72.54
CLIP-VG + ToB (Ours) CLIP-B CLIP-B | 86.03 88.47 80.50 | 75.23 82.11 65.36|75.14 78.45 77.88
Performance Improvement A - - +1.74 +0.71 +2.07|+5.68 +4.78 +7.74(4-2.50 +5.27 +5.34
D-MDETR CLIP-B CLIP-B  [85.97 88.82 80.12 |74.83 81.70 63.44|72.21 74.14 74.49
RefFormer @ CLIP-B CLIP-B |86.52 90.24 81.42 |76.58 83.69 67.38| -  77.80 77.60
TransVG nj DINOv2-B BERT-B |85.31 87.80 81.03 |74.57 80.22 65.31|73.76 74.22 75.02
MaPPER DINOv2-B BERT-B |86.03 88.90 81.19 |74.92 81.12 65.68|74.60 76.32 75.81
Baseline (Ours) DINOv2-B BERT-B |85.55 87.04 80.57 |75.99 80.30 66.54|74.97 76.67 76.05
Baseline + ToB (Ours) DINOv2-B BERT-B |87.73 89.66 83.91 |78.73 83.37 68.81|76.89 80.39 80.36
Performance Improvement A - ‘ - +2.18 +2.62 +3.34|+2.74 +3.07 +2.27|+1.92 +3.74 +4.31
SimVG BEiT-3 BEiT-3 |87.63 90.22 84.04 | 78.65 83.36 71.82|78.81 80.37 80.51
SimVG + ToB BEIiT-3 BEiT-3 |88.95 91.47 84.87 [80.02 85.45 73.11|80.03 82.23 81.79
Performance Improvement A - ‘ - +1.32 +1.25 +0.83 |+1.37 +-2.09 +1.29(+1.22 +1.86 +1.28
OneRef BEIiT-3 BEiT-3 |88.75 90.95 85.34 [80.43 86.46 74.26| - 83.68 83.52
OneRef + ToB BEiT-3 BEiT-3 |89.51 91.45 86.01 [81.76 87.53 76.05| - 84.21 84.64
Performance Improvement A - ‘ - +0.76 +0.50 +0.67 |+1.33 +1.07 +1.79| - 0.53 +1.12
Pretrained on visual grounding tasks with multiple/extra datasets:
RefFormer CLIP-B CLIP-B |88.82 92.52 84.87 |80.91 86.64 73.35| -  82.29 83.15
HiVG |46 CLIP-B CLIP-B  |90.56 92.55 87.23 |83.08 89.21 76.68| -  84.52 85.62
EEVG E ViT-B BERT-B |90.47 92.73 87.72 |81.79 87.80 74.94| - 85.19 84.72
SimVG (28K) |10 BEiT-3 BEiT-3 |90.98 92.68 87.94 |84.17 88.58 78.53| - 85.90 86.23
SimVG (28K) + ToB BEIiT-3 BEiT-3 |91.20 93.11 87.43 |84.67 89.31 78.89| - 86.85 86.77
Performance Improvement A - ‘ - +0.22 +0.43 -0.51 |+0.50 +-0.73 +0.36| -  +0.95 4+0.54

fCOCOg. From these results, we get the following observations: (1) Without pre-
training on extra datasets, our Baseline+ToB model outperforms most compet-
ing methods. Its improvements over MaPPER using the same DINOv2-B/BERT-
B encoders range from 0.76% (89.66% vs. 88.90% on RefCOCO testA set) to
4.55% (80.36% vs. 75.81% on RefCOCOg test-u set). By inserting ToB modules
into SimVG(28K), which is pre-trained on a combined dataset of 28K samples,
SimVG(28K)+ToB model achieves comparable results to various large vision-
language models. Specifically, it consistently outperforms Ferret-7B, Groma-7B,
and Qwen-VL-7B across all datasets, and is competitive with Qwen2.5-VL-7B
on most cases. These results demonstrate the effectiveness of our proposed ToB
module. (2) Compared to the original CLIP-VG, Baseline, SimVG, and OneRef,
the corresponding ToB-enhanced models generally exhibit much better perfor-
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Table 2: Effectiveness and efficiency comparison with other token merging methods.

RefCOCOg

val-u test-u

Baseline 76.67 76.05 20.80
Baseline + ToMe| 76.41 (-0.26) 75.25 (-0.80) |22.09
Baseline + ToE | 75.13 (-1.54)  74.89 (-1.16) [22.93
Baseline + ToB [80.39 (+3.72) 80.36 (+4.31)[21.57

Methods fps

ToMe

ToB

a piece of luggage with a
piece of black clothing mouthwash giraffe on the left
folded on top of it

a man wearing a tie and clock on wall showing
glasses 12:21

Fig. 3: Visualizations of token merging results in the last visual encoder layer, which
are obtained by iterating ToMe and our ToB modules. The ground-truth bounding
boxes and prediction results are shown in green and red colors, respectively.

mance. Especially for CLIP-VG, ToB brings improvement by at least 0.71%
(88.47% vs. 87.76% on RefCOCO testA set) and up to 7.74% (65.36% vs. 57.62%
on RefCOCO+ testB set). This suggests that the VG performance can be im-
proved by merging text-irrelevant tokens as in ToB, and also verifies the gener-
alization ability of ToB across different model architectures.

Comparison with Ezisting Token Merging Methods. We further compare our ToB
method with existing token merging strategies under the same token reduction
rate, including ToMe [4] and ToE . As shown in Table [2| integrating ToMe
and ToE improves the model efficiency compared to Baseline, increasing the in-
ference speed from 20.8 fps to 22.09 fps and 22.93 fps, respectively. However,
both of them suffer from a performance degradation. It is mainly because se-
lecting tokens solely based on visual similarity can not accurately localize the
background tokens that are irrelevant to the input expression, so some critical
object-related tokens will be merged and such information loss may decrease
the final detection accuracy. In contrast, by introducing text relevance as an
additional guidance information, Baseline+ToB achieves superior performance,
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Table 3: Effectiveness comparison with other token pruning methods.

Methods RefCOCO RefCOCO+ RefCOCOg

Baseline 85.55 75.99 76.67
Baseline + LAPS  84.45 (-1.10)  73.54 (-2.45)  75.79 (-0.88)
Baseline + FitPrune 78.55 (-7.00) 61.78 (-14.21)  68.35 (-8.32)
Baseline + ToB 87.73 (+2.18) 78.73 (+2.74) 80.39 (+3.72)

80.39% on val-u split and 80.36% on test-u split, surpassing Baseline by 3.72%
and 4.31%, respectively. These results highlight the advantage of incorporating
text relevance in token merging process and the importance of correctly identi-
fying background tokens for VG tasks. In addition, by reducing the number of
image tokens, ToB also increases the inference speed of Baseline to 21.57 fps.
This further demonstrates that our ToB module can effectively reduce the com-
putational overhead.

To better understand the impact of different token merging strategies on VG
performance, we visualize the merged token maps and detection results achieved
by Baseline+ToMe and Baseline+ToB in Figure |3} As can be seen, since ToMe
cannot identify background tokens, it merges a lot of tokens within the target ar-
eas (see green boxes), thus losing the details information of the target object. By
contrast, the merged tokens of ToB are generally located in the text-irrelevant
areas, while the target-related foreground tokens are mostly preserved. For the
query “giraffe on the left”, ToB produces finer token groupings around target
giraffe, yielding precise left-right disambiguation, whereas ToMe merges both
giraffes into a single coarse region. Overall, these visualization results confirm
that ToB’s language-guided merging strategy enables better preservation of se-
mantically relevant tokens and successful suppression of text-irrelevant features,
resulting in more accurate and efficient grounding results.

Comparison with Existing Token Pruning Methods. Table [3] also presents the
results of our Baseline model equipped with two representative token pruning
methods, including LAPS |15] and FitPrune [59]. Experiments are conducted on
the validation sets of the three datasets. It is worth noting that since FitPrune
is originally designed for the LLaVA architecture, we alter its implementation
to apply it to the encoder-decoder architecture. From the results, it can be seen
that both LAPS and FitPrune dramatically degrade the VG performance of
Baseline, ranging from -0.88% to -2.45% for LAPS and from -7.00% to -14.21%
for FitPrune. It is primarily because these two methods will drop or fuse some
foreground tokens for model efficiency, thereby losing object details that are
valuable for VG tasks. In contrast, our ToB module maximally preserves the
density of text-referred foreground tokens, thus leading to superior performance.

4.3 Ablation Studies

Effect of Fusion Layer Number. As mentioned in previous section, we concate-
nate the outputs from the last k layers of the visual encoder to fully exploit the
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Table 4: Ablation study on the number of fusion layers k.

Fusion layer k ‘ 1 2 3 4 5

RefCOCOg (val-u) [79.71 80.27 80.39 80.25 79.66
RefCOCOg (test-u)|79.69 80.14 80.36 80.04 79.25

Table 5: Ablation study on the number of blurring tokens r.

Blurring Tokens 7 | 0 4 16 32 64 96 128

RefCOCOg (val-u) |78.91 79.45 80.05 80.17 80.39 79.93 79.26
RefCOCOg (test-u)|79.12 79.61 79.78 79.64 80.36 79.87 78.84

fps ‘20.55 20.64 20.88 21.09 21.57 21.76 22.05

multi-level information of input images. In this subsection, we investigate the
effect of the number of layers used in this multi-level feature fusion strategy,
by comparing the model performance with different values of k. As shown in
Table [dl our model achieves the best results when k = 3, outperforming those
at k = 1. This indicates that some valuable information may be lost due to the
excessive token merging process in the deep layers, which can be compensated
by the multi-level feature fusion process. While when k exceeds 3, there are still
large number of background tokens contained in the visual features, which can
introduce noise that negatively influences the model performance. These findings
demonstrate that appropriately adopting multi-level features can alleviate the
issue of ToB and further promote its effectiveness. Therefore, we set k = 3 for
our transformer-based model.

Effect of Blurring Token Number. To investigate the impact of token reduction
on performance and efficiency, we conduct an ablation study by varying the
number of merged tokens r in our ToB module. As shown in Table[5] increasing r
from 0 to 64 consistently improves both grounding accuracy and inference speed.
Specifically, performance rises from 78.91% to 80.39% on the val-u split and from
79.12% to 80.36% on the test-u split, with a corresponding fps gain from 20.55 to
21.57. This suggests that moderate token merging effectively reduces redundancy
while preserving or even enhancing critical visual-textual information. However,
further increasing r beyond 64 leads to marginal or negative gains. At r = 96,
performance slightly drops on both splits, and at r = 128, the accuracy degrades
more noticeably to 79.26% (val-u) and 78.84% (test-u), despite achieving the
highest speed (22.05 fps). These results indicate that excessive merging may
lead to the loss of fine-grained features essential for precise localization. Based
on these analyzes, we choose r = 64 in our model for the best trade-off between
model performance and efficiency.
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Table 6: Detailed efficiency analysis with different implementation strategies.

Methods o |RefCOCOR| by b [ Memory (GB)| fps
val-u test-u

Baseline | - |76.67 76.05| 11831 |  19.97  |20.80

Baseline + ToB| 64 [80.39 80.36| 113.85 1921 [21.57

Baseline + ToB| 128 (79.26 78.84| 107.96 18.18  |22.05

Baseline + ToB| 192 |78.91 78.77| 99.42 16.87  |23.96

ToMe + ToB | 96 |[77.53 77.07| 76.84 | 1478  [28.71

Table 7: Fine-grained evaluation results on RefCOCOg.

Accuracy @ IoU Scale-wise Acc. @0.5
Method RefCOCOE| qp5 @0.6 @0.7 @0.8 @0.9|ACC, ACC,, ACC,
Baseline (Ours) val-u 76.67 72.59 66.47 54.34 24.83| 60.59 74.11 85.49

Baseline + ToB (r = 64) val-u 80.39 77.25 72.81 65.22 47.49| 67.27 78.47 88.43
Baseline + ToB (r = 192)| val-u  |78.91 77.13 72.43 64.41 46.10| 67.48 77.33 86.05

Baseline (Ours) test-u  |76.05 70.55 61.33 49.81 26.92| 65.32 73.79 83.22
Baseline + ToB (r = 64) test-u  |80.36 78.01 73.24 66.82 48.38| 72.03 79.21 85.08
Baseline + ToB (r = 192)| test-u |78.77 76.96 72.55 65.07 46.54| 71.64 77.40 83.65

Efficiency Improvement Analysis. Table [6] reports a detailed efficiency analysis
under different token merging strategies, in terms of computational overhead
(GFLOPs), memory usage (GB), and inference speed (fps). We can observe a
trade-off between enhancing model performance and improving its efficiency.
Blurring more tokens in the last six layers of the visual encoder yields greater
efficiency gains but decreases the grounding accuracy. More specifically, DINOv2-
B takes images with a resolution of 518 x 518 as input, and divides them into
14 x 14-sized patches, producing 1369 tokens per layer. When the blurring token
number r in each ToB module increases from 64 to 192, the amount of tokens
remaining in the final visual encoder layer plummets from 1369 — 6 x 64 = 985 to
1369 — 6 x 192 = 217, thus resulting in a more significant efficiency improvement
over the Baseline model (FLOPs decrease from 118.31 G to 99.42 G, memory
usage reduces from 19.97 GB to 16.87 GB, and fps increases from 20.80 to 23.96).
Although r = 192 leads to a performance degradation compared to r = 64, the
Baseline+ToB under different settings still consistently outperforms Baseline by
at least 2.24% (78.91% vs. 76.67%) and 2.72% (78.77% vs. 76.05%) on the two
splits, respectively, also surpassing TransVG and MaPPER employing the same
encoders (see Table. These results demonstrate the effectiveness and efficiency
of our proposed ToB module. Moreover, we design a ToMe+ToB configuration by
integrating ToMe into Baseline+ToB to further compress tokens in the first six
visual encoder layers, enabling aggressive token reduction across all twelve layers.
By setting r = 96, ToMe+ToB achieves both higher accuracy than Baseline and
the best model efficiency (76.84 GFLOPs, 14.78 GB memory, and 28.71 fps)
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among all test variants. This indicates that our ToB module is compatible with
other token compression strategies and can serve as a strong, complementary
module for efficient visual grounding.

Fine-grained Grounding Performance. To better assess the effect of ToB on
localization precision, Table [7] presents the grounding accuracy achieved un-
der stricter IoU thresholds and across different object scales. Compared to the
Baseline model, ToB consistently brings improvements across all IoU thresh-
olds. When r = 64, the performance on the val-u split increases from 76.67%
to 80.39% at 0.5 IoU, and such gains become even more pronounced at higher
thresholds (e.g., from 54.34% to 65.22% at 0.8 IoU and from 24.83% to 47.49%
at 0.9 IoU). Similar trends can also be observed on the test-u split and under the
r = 192 setting, suggesting that suppressing text-irrelevant background tokens
helps the model maintain more accurate visual-textual alignment.

Regarding the scale-wise evaluation, the target objects are divided into three
groups, namely small (< 128 x 128 pixels), medium (128 x 128-256 x 256 pix-
els), and large (> 256 x 256 pixels), based on their bounding-box area. Notably,
ToB yields substantial improvements, particularly on small objects where back-
ground clutter tends to dominate the overall token distribution. All the results
mentioned above confirm that our ToB can preserve the fine-grained spatial
information required for high-precision bounding box regression.

5 Conclusion

In this paper, we propose Token Blurring (ToB), a novel language-guided to-
ken merging module to improve the effectiveness and efficiency of solving visual
grounding tasks. Unlike previous approaches that either enhance attention on
foreground objects or reduce token redundancy solely based on visual similar-
ity, ToB jointly considers visual similarity and textual relevance to selectively
blur redundant and text-irrelevant background tokens. When integrated into
a transformer-based framework, extensive experiments demonstrate that ToB
enables more accurate localization by explicitly suppressing distractive text-
irrelevant background features while preserving critical visual-linguistic corre-
lation information.
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