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Abstract

The goal of visual grounding is to establish connections be-
tween target objects and textual descriptions. Large Lan-
guage Models (LLMs) have demonstrated strong compre-
hension abilities across a variety of visual tasks. To es-
tablish precise associations between the text and the cor-
responding visual region, we propose a Task-aware Cross-
modal feature Refinement Transformer with LLM:s for visual
grounding, and our model is referred to as TCRT. To en-
able the LLM trained solely on text to understand images,
we introduce an LLM adaptation module that extracts text-
related visual features to bridge the domain discrepancy be-
tween the textual and visual modalities. We feed the text
and visual features into the LLM to obtain task-aware pri-
ors. To enable the priors to guide the feature fusion process,
we further incorporate a cross-modal feature fusion mod-
ule, which allows task-aware embeddings to refine visual
features and facilitate information interaction between the
Referring Expression Comprehension (REC) and Referring
Expression Segmentation (RES) tasks. We have performed
extensive experiments to verify the effectiveness of the main
components and demonstrate the superior performance of
the proposed TCRT over state-of-the-art end-to-end visual
grounding methods on RefCOCO, RefCOCQOg, RefCOCO+
and ReferltGame.

1. Introduction

Visual grounding aims to predict the locations of the ob-
jects specified by textual prompts in images, and is widely
applied in the field of human-computer interaction. This
task typically involves referring expression comprehension
[10, 17, 49, 59] and referring expression segmentation
[22, 38]. The main challenge is to comprehensively un-
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Figure 1. The visualization of the refined visual features from the
cross-modal feature fusion module. In challenging environments,
the introduction of LLMs can facilitate a better association be-
tween visual features and text.

derstand intra-modality information and accurately estab-
lish inter-modality correspondences.

Existing visual grounding methods can be categorized
into two main types: two-stage and end-to-end methods.
The two-stage methods [45] first generate region proposals
[36] that may match the text, and then rank the candidate re-
gions according to their relevance to the text. When the pro-
posals generated in the first stage do not contain the target
object, the second stage will be unable to correct these pro-
posals. On the other hand, end-to-end grounding methods
perform the integration of visual and textual features within
an object detector, producing the box coordinates of the tar-
get object. The end-to-end methods are typically faster than
the two-stage ones. With the advancement of transformer in
the vision domain, TransVG [9, 10] and SeqTR [59] employ
self-attention or cross-attention mechanisms to fuse textual
and visual features. Recently, LLaVA [25] has integrated
visual understanding capabilities into large language mod-



els (LLMs). MiniGPT-2 [4] and OMG-LLaVA [58] apply
LLMs to visual grounding tasks by integrating textual and
visual features. In this work, we make an attempt to adapt
LLM:s to capture the information of target objects and pro-
duce task-aware embeddings for precise grounding results.

More specifically, we propose a task-aware cross-modal
feature refinement transformer with large language models
for visual grounding , which is referred to as TCRT, lever-
aging priors from LLMs to guide the multimodal informa-
tion fusion process and achieve precise alignment between
textual and local visual features (see Figure 1). To enable
the LLM to more effectively process image data and adapt
to visual grounding tasks, we propose an LLM adaptation
module that utilizes conditional normalization to adjust the
statistical characteristics of visual features based on textual
information, while introducing object-text semantic match-
ing regularization to associate local visual features with tex-
tual features. Additionally, to utilize the priors provided by
the adaptation module, we incorporate a task-aware cross-
modal feature fusion module, which continuously refines
visual features during multimodal fusion and enables the
model to exploit the relationship between the REC and RES
tasks. We perform extensive qualitative and quantitative ex-
periments to validate the effectiveness of our model, and
demonstrate its advantages on benchmark datasets. The
main contributions of this work are summarized as follows:

* Different from the state-of-the-art methods that focus
on the application of LLMs in integrating textual and
visual features, we further explore the LLM’s capabil-
ity of learning task-aware embeddings to facilitate vi-
sual grounding.

* We incorporate an LLM adaptation module for visual
grounding, which learns to capture the information of
target objects by modulating the statistical characteris-
tics of visual features conditioned on textual features.

e We further perform task-aware cross-modal feature
fusion, allowing the task-aware embeddings derived
from LLMs to guide the association of textual and vi-
sual information and lead to precise grounding results.

2. Related Work
2.1. Two-stage Visual Grounding

In two-stage methods, a region proposal network [15, 16,
36] is first used to produce a set of candidate regions that
may correspond to the target object mentioned in the tex-
tual description. These candidate regions are then matched
to the textual description, and the predicted result is de-
termined by identifying the region with the highest score.
The maximum-margin ranking loss [30] is widely adopted
for the second stage. Several researches further enhance
the two-stage methods by incorporating context model-
ing [18, 32, 44, 55] and making use of phrase cooccur-
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rences [2, 5, 11]. MAttNet [52] decomposed the expres-
sion into three modules: relationship, location, and sub-
ject to improve the grounding accuracy. To enhance the
model’s capacity for learning detailed alignments between
text and visuals, CM-A-E [27] proposed a method capable
of generating challenging samples for training the model.
Graph learning was incorporated into visual grounding by
SGMN [46] to enable the model to better capture the rela-
tionships between different objects within the same scene.
To increase the recall of target objects, Ref-NMS [6] uti-
lized textual features to direct the non-maximum suppres-
sion. To enhance the model’s cross-modality fusion ca-
pabilities, GroundingDINO [26] integrated grounded pre-
training techniques into detection transformers.

2.2. End-to-end Visual Grounding

End-to-end methods in visual grounding aim to directly pre-
dict the bounding boxes in an image from a text in a single
pass, resulting in faster inference speeds compared to two-
stage methods. As a pioneering work, FAOA [47] concate-
nated image and textual features, and fed the concatenated
features into a prediction layer to achieve target object de-
tection. To reduce the referring ambiguity, ReSC [48] used
a sub-query construction to address limitations in process-
ing complex textual descriptions. TransVG [9, 10] is one of
the pioneering transformer-based visual grounding models
that directly regresses coordinates. To achieve multi-task
learning, RefTR [22] used the transformer architecture to
integrate REC and RES tasks into a single framework. To
address the gap between the visual and textual backbones,
QRNet [49] incorporated textual information into the vi-
sual backbone. Furthermore, VG-LAW [38] actively ex-
tracted text-relevant visual features based on text-adaptive
weights and performed multi-task visual grounding. Ad-
ditionally, PVD [7] introduced a diffusion model into the
visual grounding task.

With the development of LLMs, some Multimodal Large
Language Models [25] (MLLMs) are gradually being ap-
plied to visual grounding tasks. VistaLLM [34] used an
instruction-guided image tokenizer to filter and compress
image embeddings based on task, extracting visual informa-
tion relevant to the current task. To efficiently locate and un-
derstand multiple target regions in complex scenes, Groma
[29] introduced a localized visual tokenization mechanism
that decomposes an image into multiple regions of inter-
est, encoding each region as an independent region token.
To unleash the potential of large language models, Griffon
[53] introduces a foundational language-prompted localiza-
tion dataset with nearly 6 million pretraining samples.

2.3. Large Language Models

With the expansion of training data and a significant in-
crease in model parameters, large language models (LLMs)
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Figure 2. An overview of the proposed method. We first extract textual features F},; using the textual backbone E;.;. These features
are then injected into the visual backbone E;s, which consists of transformer blocks and conditional normalization, to extract text-related
visual features F;s. The object-text semantic matching regularization is employed to associate visual region tokens with textual tokens.
We input the visual features processed by the visual adapter V., along with the text, into LLaMa. We take the last token f;,, output
from LLaMa. fi;.,, is then fed into a query projection layer to generate task-relevant tokens fpou, fseg» and fpnr, which are used to predict
the bounding box, segmentation, and phrase, respectively. A task-aware cross-modal feature fusion module is then employed to integrate
textual, visual, and task features. Finally, task-relevant tokens are each fed to the corresponding prediction heads to produce the final

predictions.

based on the Transformer [42] architecture have developed
rapidly. GPT-3 [3], with its 175 billion parameters, demon-
strates strong performance in few-shot contextual learning.
Following the success of GPT-3, several other LLMs, in-
cluding PaLM [8], OPT [57], BLOOM [21], and LLaMA
[40, 41], have emerged in succession. Mistral [19] intro-
duced a specialized window attention mechanism to bet-
ter handle extended context modeling. In parallel, Mixtral
8x7B utilized sparse MoE layers [14] to scale up parameters
more effectively, enabling it to achieve higher performance
with a reduced number of active parameters.

The main differences between the proposed TCRT and
existing visual grounding methods are summarized as fol-
lows: First, we perform statistical modulation on visual fea-
tures conditioned on textural features to reduce domain dis-
crepancy before integrating them, while the existing meth-
ods [4, 53, 54] only perform dimension adaption. Second,
TCRT leverage the task-aware embeddings derived from
LLM:s to guide cross-modal feature fusion and association
analysis, rather than directly predicting the bounding boxes
of target objects as in previous methods [4, 53, 54].

3. Methodology
3.1. Problem Setting

In this section, we begin by defining multi-task visual
grounding (MTVG), and then proceed to describe the ar-
chitecture of the proposed framework. The goal of MTVG
is to detect or segment a target object based on a textual
description. Formally, given an image I € R3*H#*W and
a corresponding text g, this task is to predict a bounding
box b = {z,y,w,h} that encompasses the object men-
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tioned in the text, as well as a pixel-wise segmentation mask
s € RYHXW that provides a more detailed and precise lo-
calization. A textual backbone F;,; and a visual backbone
E\,;s are used to extract textual and visual features, respec-
tively.

3.2. LLM Adaptation

Pre-trained LLMs possess language understanding capabil-
ities and can handle many complex tasks in natural lan-
guage processing. However, due to the domain discrep-
ancy between textual data and visual data, directly apply-
ing LLMs to grounding tasks may yield suboptimal perfor-
mance. Therefore, we propose an LLM adaptation mod-
ule to perform cross-modal adaptation of image informa-
tion, enabling LLMs to better handle information within vi-
sual data. As shown in Figure 2, we first utilize the text
encoding model FE,,; to extract the textual features of g:
Fiwt = E2i(q), where Fy, represents the textual features,
which include three types of textual features: sentence fea-
ture f2er € R4 individual word features f;,; € RL*4,
and average pooled word feature f2¢%" € R'*4, where d
and L represent the dimension of textual features and the
number of tokens, respectively.

To enable the visual encoder to comprehend textual in-
formation, we designed a text-aware visual encoder F;s.
Specifically, a conditioned normalization is inserted after
each transformer block in the visual encoder. In the con-
ditioned normalization, we fuse the sentence features f;5"
and the average-pooled word features f;77%" into a textual
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Figure 3. Object-text semantic matching regularization. We con-
strain the image features using a mask to isolate the object-specific
features. For matching text-object pairs, we consider them as posi-
tive samples, whereas non-matching pairs are regarded as negative
samples.

Sen mean

where o*¢" and « are learnable parameters that con-
trol the contribution of f£&* and f{£", respectively. ¢(-)
represents the feed-forward network. The scaling v and
shifting 3 parameters are determined using f£ord:y
¢( tc;tnd) + ,ylearn’ 6 — ¢( tc;tnd) + l@learn’ Where ,ylearn
and B'@™™ are learnable parameters. Given the visual fea-
tures F*, which is the output of the i-th layer of transformer
block, we calculate the mean (F}) and standard deviation
o(F}). The visual features F;* are then modulated using the

resulting scaling « and shifting /5 parameters, as follows:
F*

Fy—p( Z)>+[3,

o(Fr)+e

Ff =~ 2

where € is a small constant introduced to avoid division by
zero. We obtain the text-aware visual features F),;; by flat-
tening the feature map F; extracted from the visual back-
bone. The image features and the input embeddings of
LLM:s are typically in different dimensional spaces. We use
a visual adapter V},.,; to map the image features to a di-
mension that matches the LLM input, allowing the LLM to
directly process visual information. V),.,; is a three-layer
MLP. We feed the text and the mapped image features into
the LLM, and take the last token of the LLM output as the
prior embedding fi;,,:

d
fiat'

fllm = (I)(Qa Vproj (Em's (I>

Fuyis

) 3)

where ¢ represents an LLM model, ¢ denotes the original
query text. We pass fj,, through three task-aware linear
layers (Wyow, Wieg, and Wy,) to obtain the task-specific
embeddings fyou, fseg> and fpn,., which are responsible for
predicting the bounding box, segmentation, and phrase, re-
spectively.

The text usually describes a specific object within an im-
age, which occupies only a portion of the image. Most
visual features do not have a direct relationship with the
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text. This makes it challenging to achieve precise seman-
tic alignment between the target object and textual tokens.
Thus, we propose the object-text semantic matching regu-
larization to associate the visual region tokens with the tex-
tual ones. Object-text matching is a binary classification
task, and the model evaluates the multimodal features of an
object-text pair to classify it as either positive (matched) or
negative (unmatched). As shown in Figure 3, if the textual
features and visual features represent the same object, they
are considered a positive sample pair; otherwise, they are
considered a negative sample pair. The ground truth of ob-
ject segmentation is represented by s*. We apply an affine
transformation to sT to obtain s~. s~ represents the inac-
curate segmentation result. We leverage the segmentation
mask of the target object to extract its features. A learnable
token f,qtcn 18 then introduced to determine whether they
are matched:

{fmatchaE;Fv} :Qp([fmatcthtxtvFvis})v
{ E} :9([fmatchuFl]7Fvis®8j)7

where j € {4+, —}. ¢(q) and 6(g, kv) represent multi-head
self-attention and cross-attention, respectively. © denotes
element-wise multiplication. [-] denotes the concatenation
operation. We use the ff#atch as the joint representation of
the object-text pair. A feed-forward network is employed
to predict the two-class probability p? . . that indicates
whether a textual feature matches a local visual feature. The
object-text matching loss is:

“)

£J
fmatch7

Lonatch = IE(I,q) [Z H(yf;,mtch, p{natch)]? (5)

J

where H represents cross-entropy and yﬁnatch is a 2-
dimensional one-hot vector that represents the ground truth
label. We use the visual features of the target object ex-
tracted from the ground truth mask as positive sample,
indicating that these features match the textual descrip-
tion. When performing affine transformation (partial over-
lap may occur), the resulting mask deviates from the target
object, and the extracted features are considered as negative
sample. Object-text matching loss further associates visual
tokens with textual ones by assessing whether they match.

3.3. Task-aware Cross-modal Feature Fusion

When the LLM receives textual and visual information,
it can generate more meaningful semantic representations.
These representations contain the LLM’s understanding of
objects and context, forming prior information that aids
downstream tasks. The task-aware cross-modal feature fu-
sion module, denoted as Vp, is incorporated to guide fea-
ture the fusion process. Specifically, we first employ a bi-
directional multi-head attention module to fuse textual and



visual features. Each modality serves as the query while
the other modality acts as the key and value in the attention
computation. We concatenate the three tokens used for pre-
diction, fyoz, fseg> and fpn,, with the textual features Fi.q
to obtain a task-relevant textual feature F},s5. Then, Fiqsn
and F,;, are fed into the bi-directional multi-head attention
module to fuse the two types of features. This process can
be represented as follows: F°2, = 0(Fiask, Fyis), F120 =

task Vs
O(Fyis, Frask), where F2 represents the textual feature

: th 3 Hp v2t  fv2t o2t
enncheg5 with image featlges, comprising Fmt s Joows Fcq>
and f777. Meanwhile, F} 77 denotes the visual feature en-

riched with textual information.

Target objects are typically located in specific regions.
To enable the model to focus on local visual features, we
input fy;,,, into an MLP to obtain the refinement prompt
fprme, which guides the feature refinement process. We
then assign different weights to image features at different
locations by computing the cosine similarity between the
image feature F'2 and f,.,¢. This process can be formu-
lated as follows:

Ft?v ®

F52v = F’szst + vis (COHVle(F'LfiQ:) @ MLP (fllm))’

M (6)

where ® denotes matrix multiplication and ©® represents
element-wise multiplication. The refinement prompt fp,
is dot-multiplied with the image features at each position in
F!2? to obtain a weight matrix M. The final refined visual
features F’Utz” are obtained under the guidance of the LLM.
The model can control the strength of the feature represen-
tations at different positions in the image by adjusting the
weight matrix M . By assigning lower weights to irrelevant
regions, the model can better focus on the features of the
target regions.

There is a close relationship between the REC task and
the RES task. Both require an understanding and localiza-
tion of the target object or region. REC tasks generally
offer locational information of the target objects, whereas
RES tasks offer precise boundary details. To strengthen
the relationship between the REC and RES tasks, we per-
form cross-task interaction to effectively exchange informa-
tion between the box token f22! and the segmentation token

box
v2t 3 .
«g - The process is as follows:

{Froms Frcq ) = OUSE, F221, FE2D), o
Frow = Froat®(Foeg)s Focg = Frcg + O(Fron);

This design allows the model to exploit the correlation be-
tween the REC and RES tasks. The updated fyoz, fseq, and
fphrase are each fed into their respective prediction heads
to obtain the final bounding box, segmentation, and phrase
predictions.
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3.4. Model Training

Detection loss. For the REC task, the loss for bounding box
regression is calculated using a combination of GIoU loss
and L1 loss. We use b to denote the ground truth bounding
box and b to represent the predicted bounding box. The
following defines the detection loss function:

Edet == IE(I,q) [(I)smooth —I1 (b, l;) + (I)giou (ba B)]a (8)

where @gpnooth —11 and P, denote the smooth L1 loss [15]
and Generalized IoU loss [37], respectively.

Segmentation loss. For the RES task, the segmentation loss
is computed by combining the focal loss with dice loss. The
ground truth mask is denoted as s, while the predicted mask
is 5. The following defines the segmentation loss function:

Eseg = E(I,q) [q)focal (57 §) + Pgice (5; §)]7 9

where P and Pgiee denote the smooth focal loss [24]
and DICE/F-1 loss [31], respectively.

Phrase loss. To enable the model to more accurately cap-
ture the entities within the text, we utilize f,, to predict the
words in the text related to the target object. We fed fy5,
into an MLP to predict a word probability p,,-. Then, we
compute the phrase loss as follows:

£phr = E(I,q) [H(yphrapphr)]» (10)

where ¥, denotes the ground truth label.

By incorporating these training loss functions, the opti-
mization problem of our model can be formulated as fol-
lows:

EtaIcItl’igvis /\malch ‘Cmalch ) (1 1)
min Let “l‘Eseg + /\Phr Lphr )

Eiwt,Evis,Vproj ,Wtask,VF

where task € {box,seg,phr}, and Amach and Aoy are
used to achieve a balance among the training objectives.
Lot and Lo enable the model to perform basic detection
and segmentation tasks. L, enables the model to achieve
a more detailed understanding of the target objects referred
to in the text. Lnaen 1S used to associate visual tokens with
textual ones and only optimizes the textual backbone and
visual backbone. Our LLM adaptation module and task-
aware cross-modal feature fusion module are jointly opti-
mized during the training process.

4. Experiments

In this section, we first describe datasets, evaluation met-
rics, and implementation details. Next, we qualitatively
and quantitatively compare our method with state-of-the-art
methods. We further perform comprehensive experiments
to analyze the main components of TCRT, including con-
ditional normalization, object-text semantic matching regu-
larization, and LLM-guided visual feature refinement.



Methods Visual | Multi- Venue RefCOCO RefCOCOg RefCOCO+ ReferltGame
Backbone | task u val testA testB val test val testA testB test
Two-stage Methods
MAttNet [52] RN101 X CVPRI8 76.65 81.14 6999 | 66.58 6727 | 6533 71.62  56.02 29.04
CM-A-E [27] RNI101 X CVPRI19 7835 8314 7132 | 67.99 68.67 | 68.09 73.65 58.03 -
Ref-NMS [6] RNI101 X AAAI21 80.70  84.00 76.04 | 70.55 70.62 | 68.25 73.68  59.42 -
End-to-end Methods
MCN [28] DN53 v CVPR20 80.08 8229 7498 | 66.46  66.01 67.16 7286  57.31 -
RefTR [22] RN101 v NeurIPS21 | 8223 8559  76.57 | 69.41 69.40 | 71.58 7596  62.16 71.42
SeqTR [59] DNS53 v ECCV22 | 81.23 8500 76.08 | 71.35 71.58 | 68.82 7537 58.78 69.66
VG-LAW [38] ViT-B v CVPR23 86.62 8932 83.16 | 7690 7696 | 7637 81.04 67.50 77.22
PVD [7] Swin-B v AAAI24 8499 88.02 80.03 | 7434 7464 | 7427 79.06 65.11 -
Ferret-7B [50] ViT-L X ICLR24 87.49 9135 8245 | 8393 8476 | 80.78 87.38 73.14 -
Vista-7B [34] ViT-L v CVPR24 88.1 91.5 83.0 86.0 86.4 84.1 90.3 75.8 -
TCRT \ Swin-B \ v - \ 91.07 92.85 86.24 \ 86.81 87.13 \ 85.75 90.76 77.59 \ 79.09

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

Method Visual Multi- Vi RefCOCO RefCOCOg RefCOCO+

ethods Backbone task enue val testA testB val test val testA testB
MCN [28] DNS53 v CVPR20 62.44 64.20 59.71 49.22 49.40 50.62 54.99 44.69
RefTR [22] RN101 v NeurIPS21 70.56 73.49 66.57 58.73 58.51 61.08 64.65 52.73
SeqTR [59] DN53 v ECCV22 67.26 69.79 64.12 55.67 55.64 54.14 58.93 48.19
VG-LAW [38] ViT-B v CVPR23 75.62 77.51 72.89 65.63 66.08 66.63 70.38 58.89
PVD [7] Swin-B v AAAI24 75.07 77.29 70.13 63.22 63.89 64.39 69.15 57.19

Vista-7B [34] ViT-L v CVPR24 74.5 76.0 73.9 69.8 70.9 71.8 74.4 65.6
TCRT ‘ Swin-B ‘ v ‘ - ‘ 77.12 78.12 75.67 ‘ 70.84 72.08 ‘ 72.79 74.96 66.53

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

4.1. Experimental Settings
4.1.1. Datasets

To evaluate the effectiveness of our method, we carry out
experiments on the RefCOCO [51], RefCOCOg [33], Re-
fCOCO+ [51], and ReferItGame [20] datasets. RefCOCO,
RefCOCOg, and RefCOCO+ datasets are derived from MS-
COCO [23]. RefCOCO and RefCOCO+ datasets were par-
titioned into train, validation (val), testA, and testB subsets.
RefCOCOg was partitioned into train, validation (val), and
test subsets. In addition, the ReferltGame dataset, which
was collected from SAIAPR-12 [13], comprises both train
and test subsets.

4.1.2. Evaluation Metrics

For the RSC task, we employ Prec@0.5 as the metric for
evaluation, which is consistent with prior works. If the IoU
of the ground truth box with the predicted box surpasses
0.5, then the predicted box is deemed accurate. For the RES
task, we evaluate performance by calculating MIoU.

4.1.3. Implementation Details

Our visual backbone utilizes a Swin Transformer architec-
ture pre-trained with Mask-RCNN on MSCOCO [23]. The
input image size is set to 448 x 448. For the textual back-
bone, we adopt the TS [35] model and limit the maximum
length of text to 40. For the large language model, we
use Llama3.1-8B [12], which is frozen during the training
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Figure 4. Qualitative comparison with representative methods on
REC task. We also visualize the attention scores of each method.
Blue and green boxes are predicted regions and the ground truth,
respectively.

process. Our model undergoes end-to-end training for 70
epochs. The learning rate begins at 10~%, and then we drop
it down to 10~° after 50 epochs. The optimizer used is
AdamW. A dropout rate of 0.1 is applied. The batch size
is configured to 16. We adopt the same data augmenta-
tion strategies as previous works [47, 48]. We implement
our TCRT using PyTorch and perform the experiments on
NVIDIA A800 GPUs.
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Figure 5. Qualitative comparison with SeqTR on RES task.
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Figure 6. Visualization of features extracted by the visual back-
bone. The second column shows the results of “TCRT w/o CN’,
while the third column shows the results of TCRT. Red and white
boxes are the predicted regions and the ground truth, respectively.

4.2. Comparisons with State-of-the-arts

To evaluate the effectiveness of the proposed TCRT, we per-
form both qualitative and quantitative experiments across
four datasets: RefCOCO, RefCOCOg, RefCOCO+, and
ReferltGame.

4.2.1. REC task

We evaluate our TCRT against existing state-of-the-art
models for the REC task. As shown in Table 1, TCRT
achieves the best performance across these datasets. Specif-
ically, compared to Vista-7B, TCRT shows absolute im-
provements of +2.97, +1.35, and +3.24 percentage points
on RefCOCO; +1.65, +0.46, and +1.79 percentage points
on RefCOCO+; and +0.81 and +0.73 percentage points on
RefCOCOg. We also present qualitative results from three
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Figure 7. Comparison between the TCRT without object-text
matching 10ss (Lmaieh ) and TCRT in terms of Lee -

examples of the RefCOCO testB set for the REC task in
Figure 4. We can see that TCRT performs well even when
an image contains multiple similar objects, such as “second
vase from front”. Furthermore, we visualized the attention
scores within the transformer. We observe that TCRT fo-
cuses better on the target object compared to other methods.

4.2.2. RES task

We evaluate the effectiveness of our TCRT for the RES task
by comparing it with existing state-of-the-art methods. The
comparative results are provided in Table 2. Compared with
Vista-7B, TCRT achieves higher mIoU scores with absolute
improvements of +2.62, +2.12, and +1.77 percentage points
on RefCOCO, +0.99, +0.56, and +0.93 percentage points
on RefCOCO+, +1.04 and +1.18 percentage points on Ref-
COCOg. We also present a comparison for the RES task in
Figure 5.

4.3. Analysis of Main Components

4.3.1. Conditional Normalization

We first conduct an experiment to demonstrate the effective-
ness of conditional normalization (CN). We visualize the
features extracted by the visual backbone on RefCOCOg
test set. As shown in Figure 6, ‘TCRT w/o CN’ has more
dispersed attention, which may lead to inaccurate predic-
tions. Due to the smaller domain discrepancy of TCRT, this
allows the LLM to focus more attention on the target ob-
jects.

4.3.2. Object-text Semantic Matching Regularization

We use the object-text matching 1oss (Liaen ) to associate
the visual tokens with the textual ones. To validate the ef-
fectiveness of Lpych » we compare “TCRT w/0 Ly~ and
TCRT in terms of the detection loss (Lgee ) on RefCOCO
val set. In Figure 7, by plotting the loss curves of the mod-
els during training, we observe that TCRT achieves lower
loss values, which is attributed to its capability to learn
semantic-discriminative visual features. This enables the
LLM to more easily recognize task-relevant visual features.



“the sandwich in the plate of the man in black”

Figure 8. visualization of LLM-guided visual feature refinement.
We visualize the weight matrices M of each layer in the fusion
module to validate the role of the LLM in refining visual features.
Red and white boxes are the predicted regions and the ground
truth, respectively.

0: “lady middle in pink”
1: “woman standing inbetween the two
guys”

: “the old lady in between the players” =

i 3: “guy on left of screen red shirt”
¥ 4: “guy in back left red shirt™
5: “guy in red on left”

: “left guy orange”™
: “guy on the left with the bat”
“orange”

l 9: “baseball batter on the right”
10: “blue shirt”
| 11: “right player”
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Figure 9. Analysis of Visual Feature Distribution.

4.3.3. LLM-guided Visual Feature Refinement

We visualize the weight matrix M in Figure 8 to validate
the effectiveness of visual feature refinement on RefCOCOg
test set. We observe that the attention of the weight matrix
is relatively evenly distributed in the earlier layers. In the
later layers, the attention of the weight matrix is primarily
focused on the target object. This indicates that LLM’s prior
knowledge enhances our model’s ability to locate target ob-
jects by further refining the visual features.

4.3.4. Analysis of Visual Feature Distribution

To validate the effectiveness of our model in aligning vi-
sual and textual features, we extract the visual features after
fusion with textual information and study their distribution
in the spatial domain. Specifically, we label four target ob-
jects in an image and use three different textual descriptions
for each object, resulting in twelve data samples. These
samples are fed into the grounding model, and the visual
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RefCOCO

Method val testA testB
TCRT w/o Vp & Va4  87.62 88.60 84.04
TCRT w/o Vg 88.38 90.24 85.57
TCRT 91.07 92.85 86.24

Table 3. Ablation experiments on RefCOCO to evaluate the pro-
posed LLM adaptation module (V4) and task-aware cross-modal
feature fusion module (V).

features from the fusion module’s output are subjected to
dimensionality reduction and visualization. As shown in
Figure 9, we observe that our method causes the visual fea-
tures describing the same object to cluster together.

4.3.5. Ablation Studies

We validate the design of our proposed TCRT by con-
ducting ablative experiments on major components in the
REC task. The results are presented in Table 3. We ob-
serve that when the LLM adaptation module and task-aware
cross-modal feature fusion module are not used, ‘TCRT
w/o Vi & V4’ achieves accuracy rates of 8§7.62%, 88.60%,
and 84.04% on the RefCOCO dataset. After incorporating
the LLM adaptation module, the accuracy of ‘TCRT w/o
VE’ increases by 0.76, 1.64, and 1.53 absolute percentage
points. When the Vi module is further introduced, TCRT
achieves accuracy rates of 91.07%, 92.85%, and 86.24%.

5. Conclusion

In this paper, we propose a task-aware cross-modal feature
refinement transformer with large language models to facili-
tate visual grounding. To adapt LLMs to the grounding task,
we design an adaptation module that modulates the statisti-
cal characteristics of visual features conditioned on textual
features along with object-text semantic matching regular-
ization. An LLM is employed to integrate the aligned infor-
mation from textual and visual features and produce task-
aware embeddings. We further incorporate a task-aware
cross-modal feature fusion module, allowing the resulting
embeddings to refine visual features and enable informa-
tion interaction between the REC and RES tasks. Compre-
hensive experimental results verify the effectiveness of our
proposed approach both quantitatively and qualitatively.
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