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Abstract

The objective of referring expression comprehension (REC)
is to accurately identify the object in an image described
by a given expression. Existing REC methods, including
transformer-based and graph-based approaches among oth-
ers, have shown robust performance in REC tasks. In this
study, we present a groundbreaking framework named Diffu-
sionREC for REC task. This framework reimagines the REC
task as a text-guided bounding box denoising diffusion pro-
cess, through which noisy bounding boxes are refined and
distilled to pinpoint the target box. Throughout the training
process, the bounding box of the target object diffuses from
its ground-truth position towards a random distribution. Si-
multaneously, a filtering-based object decoder is introduced
to reverse this diffusion of noise, conditional on the provided
expression, the result from previous denoised step and the in-
teraction between the expression and the image. At the infer-
ence stage, we begin by randomly generating a collection of
boxes. Subsequently, the filtering-based object decoder is it-
eratively employed to refine and prune these bounding boxes,
taking into account aforementioned conditions. Extensive ex-
periments on five datasets show that DiffusionREC not only
effectively addresses the limitations of existing REC methods
but also surpasses them, delivering superior performance.

Introduction
Artificial intelligence technologies are extensively utilized
in real-world applications (Li et al. 2024a,b; Yang, Che,
and Leung 2025; Jia-Mu Sun and Gao 2024). Among these
applications, joint vision-language representation learning
has emerged as a dynamic research area within computer
vision, offering numerous applications such as referring
expression comprehension (REC) (Hamilton et al. 2024;
Zhang, Luo, and Lei 2024), referring expression genera-
tion (REG) (Sun et al. 2023a), referring expression seg-
mentation (RES) (Liang et al. 2022), visual question an-
swering (Dancette et al. 2023), image captioning (Luo et al.
2023), tracking (Tianyang Xu and Wu 2023) and scene un-
derstanding (Peng et al. 2023).

In these facets, REC plays a pivotal and integrative role
in the joint visual-textual interpretation of a target object
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Figure 1: The operation of DiffusionREC involves a for-
ward and backward process. In the forward phase, bounding
boxes are progressively added to the image until they com-
pletely encompass it. During the backward phase, the ex-
pression, vision-language features from our visual-linguistic
transformer encoder, and previous results are combined and
fed into the adaptive condition module for fine-tuning. This
refined condition then steers the decoder to effectively ad-
just the positions of bounding boxes and eliminate irrelevant
bounding boxes.

identified by an accompanying expression. REC aims to pre-
cisely locate the object described by the expression. For ex-
ample, when provided with the expression “man in blue on
the leftmost side,” the goal of REC is to accurately localize
the said “man in blue”, ensuring that his position is consis-
tent with the textual description in the associated image or
video (Fang et al. 2024b,a).

Although recent state-of-the-art REC methods have
shown improvements in performance, they still face two no-
table issues. Firstly, some of them (i.e. transformer-based
REC methods) depend on a set of predetermined learnable
queries. These approaches often face challenges in achieving
convergence because they require attention on a specific re-
gion throughout the entire image. Furthermore, these meth-
ods are sub-optimal when dealing with small-sized target
objects. Secondly, the remainder (i.e., two-stage REC meth-
ods) rely on the performance of the detector. If the detector
fails to accurately identify the location of the object, these
methods cannot correctly localize the intended object. Re-
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cently, some scholars (Chen et al. 2023) introduced a new
framework called DiffusionDet for object detection, which
formulates object detection as a denoising diffusion process
from noisy boxes to object boxes. Considering the paral-
lels between object detection and REC, it is logical to pose
the following question: Is it possible to develop an effective
diffusion-based framework for REC that would resolve the
aforementioned challenges?

Inspired by the work presented in (Chen et al. 2023), as
illustrated in Fig 1, we introduce an innovative framework
named DiffusionREC. Our approach begins with the deploy-
ment of a unique visual-linguistic transformer encoder, uti-
lizing prompt learning to integrate the given image and tex-
tual expression. Subsequently, We generate a random set
of noisy bounding boxes and input them into a filtering-
based object decoder for iterative decoding. This process is
conditioned on the expression, the vision-language features
from our visual-linguistic transformer encoder, and the out-
put from the previous denoising step. In other words, with
each step of decoding, the conditional input is dynamically
adjusted based on the previous output from the decoder. The
process culminates in identifying the decoded bounding box
that corresponds to the ground-truth box, which is then des-
ignated as the definitive prediction.

Historically, some visual-linguistic transformer en-
coders (Ye et al. 2022) have focused on emphasizing ob-
jects in images during visual feature embedding while of-
ten overlooking the importance of specific words during text
feature embedding. Recognizing that not all words in an ex-
pression are equally important—particularly nouns and re-
lational terms—we propose a novel visual-linguistic trans-
former encoder to extract key information from both image
and expression. This approach enhances vision-language
features extraction, leading to improved the performances
of REC methods.

Diffusion models have recorded remarkable achievements
across a variety of generative tasks and are beginning to be
utilized in perceptual tasks, such as image segmentation and
object detection. Yet, as far as we are aware, there has been
no successful application of this model in REC. Our Dif-
fusionREC goes beyond merely eliminating the constraints
imposed by detectors or a fixed set of learnable queries,
it also demonstrates exceptional flexibility. Experimental
results on RefCOCO, RefCOCO+, RefCOCOg, Flickr30K
and RefClef datasets demonstrate that our DiffusionREC
outperforms existing approaches, achieving state-of-the-art
(SoTA) performances.

In summary, there are three contributions in this paper.

• To the best of our knowledge, we are the first to apply
diffusion models to REC tasks. Using a filtering-based
object decoder that processes the expression and previ-
ous decoding results, we efficiently refine and remove
noisy bounding boxes during the reverse diffusion pro-
cess. This greatly enhances the model’s accuracy in iden-
tifying the target object described in the expression.

• We introduce a novel visual-linguistic transformer en-
coder that focuses on the critical informational compo-
nents embedded within the visual tokens of the image

and the text tokens of the expression.
• We validate our assertions through extensive evaluations

across five datasets, illustrating that our DiffusionREC
showcases exceptional performances.

Related Works
Referring Expression Comprehension (REC)
In this subsection, we briefly review the recent developments
in various REC methods, categorizing them into one-stage
and two-stage approaches.

One-stage REC methods: The pioneering work by Mao
et al. (Mao et al. 2016) was the first work to focus on
REC. Their method, an one-stage approach, utilizes CNN
and LSTM to extract feature maps and text features from
the image and expression, respectively. These features are
then concatenated and input into an object detection model
for region searching. Building upon this framework, sub-
sequent works introduced various modules aimed at better
aligning the expression and image. Recently, the transformer
architecture has been applied to the REC task. Transformer-
based REC methods (Deng et al. 2021; Ye et al. 2022;
Kamath et al. 2021; Wang et al. 2022; Liu et al. 2023;
Yang et al. 2023; Miao et al. 2024), particularly those em-
ploying one-stage designs, have achieved superior perfor-
mance. However, in contrast to traditional one-stage meth-
ods, transformer-based methods rely on significantly higher
memory usage and computational costs due to the self-
attention mechanism. Furthermore, transformer-based ap-
proaches require large-scale datasets for effective model pre-
training.

Two-stage REC methods: Diverging from one-stage
methods, two-stage REC methods use a step-by-step pro-
cess. Among two-stage REC methods, graph-based ap-
proaches (Yang, Li, and Yu 2019, 2020; Jing et al. 2020;
Wang et al. 2019; Yang, Li, and Yu 2021; Wang et al.
2023a,b; Ke et al. 2024) consistently demonstrate superior
performance as they consider not only the relationship be-
tween objects and expressions but also the relationships
among objects themselves.

The methods mentioned above locate the object described
by the expression based either on a set of predetermined
learnable queries or the bounding box determined by the de-
tector. When utilizing learnable queries, these approaches
often encounter challenges in achieving convergence as they
necessitate focusing on a specific region across the entire
image. Additionally, these methods are less effective when
handling small-sized target objects. On the other hand, when
relying on bounding boxes determined by the detector, these
methods fail to accurately localize the intended object if
the detector does not precisely identify the object’s loca-
tion. Different from existing REC method, in this paper, we
present a groundbreaking framework, called DiffusionREC
for REC. In this method, we replace the learnable queries
or detected bounding boxes with a set of random bound-
ing boxes. Then, The generated bounding boxes are then in-
crementally denoised and refined by our filtering-based ob-
ject decoder, which is adaptively conditioned on the expres-
sion, the results from previous denoised step and generated
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vision-language features from our vision-language encoder.
So, compared to existing REC methods, our DiffusionREC
not only operates independently of detector performance but
also achieves higher efficiency than methods using learnable
queries for prediction.

Diffusion Model in Discriminative Tasks
Diffusion models (Ho, Jain, and Abbeel 2020; Song and Er-
mon 2019; Song, Meng, and Ermon 2021) are a class of deep
generative models that have been widely applied in com-
puter vision (Yuan et al. 2024; Song et al. 2024; Gu et al.
2022; Avrahami, Lischinski, and Fried 2022), natural lan-
guage processing (Gong et al. 2023; He et al. 2023; Reid,
Hellendoorn, and Neubig 2023; Li et al. 2022), audio pro-
cessing(Popov et al. 2021), and more. Additional applica-
tions of diffusion models can be found in recent surveys.

While diffusion models have achieved remarkable success
in generative tasks, their potential in discriminative tasks is
still emerging. Recent work has begun exploring diffusion
models for segmentation (Baranchuk et al. 2022) and object
detection (Chen et al. 2023), but their application to Refer-
ring Expression Comprehension (REC) remains largely un-
explored. Despite advances in related fields like segmenta-
tion and object detection, progress in REC has been compar-
atively limited, with previous attempts to adapt generative
diffusion models proving unsuccessful.

In this paper, we propose a novel diffusion-based ap-
proach for REC. Although our method shares some sim-
ilarities with DiffusionDet, it incorporates several funda-
mental distinctions. DiffusionDet directly applies a diffusion
model to object detection and utilizes a set prediction loss
for bounding box denoising. In contrast, our approach incor-
porates an adaptive conditioning strategy to refine bounding
box denoising at each step. To the best of our knowledge,
this is the first work to employ a diffusion model for REC,
highlighting its novelty and potential for improving compre-
hension in this domain.

Method
Fig 3 illustrates our REC framework, encompassing both the
training and sampling processes. The denoising network for
the proposed DiffusionREC consists primarily of two com-
ponents: (1) an adaptive vision-text conditioning mechanism
that conditions the noisy bounding box on the embedded vi-
sual features of object proposals from the previous denoising
step, the embedded text features of the expression, and the
vision-language features of the entire image and expression,
and (2) a filtering-based object decoder that uses the inter-
acted features to remove bounding boxes that do not cover
the target object and adjust the bounding boxes that partially
cover the target object during each denoising step. The Dif-
fusionREC framework is elaborated as follows.

Diffusion Models
Diffusion models are a type of latent variable model, which
utilize both a forward and a corresponding reverse diffu-
sion process. Given an initial sample x0 ∼ q (x0), the for-
ward process generates a Markov chain of latent variables

Figure 2: The process involves extracting visual features
from objects and textual features from expressions. In con-
trast to existing visual-linguistic transformer encoder, our
encoder incorporates a vision-guided text prompting learn-
ing module to selectively choose text features that convey
crucial information during feature embedding.

x1, ..., xT by iteratively adding small amounts of Gaussian
noise to the sample:

q (xt|xt−1) = N
(
xt;

√
1− βtxt−1, βtI

)
, (1)

where {βt ∈ (0, 1)}Tt=1 represents the variance schedule
that controls the step size of the noise. After T steps, xT

approximates an isotropic Gaussian distribution. When βt is
sufficiently small, the reverse process q (xt−1|xt) can be ap-
proximated by a Gaussian distribution, which can be learned
using a parametric model:

pθ (xt−1|xt) = N (xt−1;µθ (xt, t) ,Σθ (xt, t)) , (2)

where µθ and Σθ are trainable parameterized models. When
conditioned on x0, q (xt−1|xt, x0) has a closed-form solu-
tion. The corresponding objective function can be simplified
to:

pθ (xt−1|xt) = N (xt−1;µθ (xt, t) ,Σθ (xt, t)) , (3)

where t ∈ {1, ..., T} denotes the time index of each de-
noising step, ε ∼ N (0, I) represents Gaussian noise, εθ is
the function for predicting noise from xt, αt = 1 − βt and
ᾱt =

∏t
i=1αi.

Vision-Guided Text Prompting Learning Module
Given an image-expression pair (I, r), the image I and ex-
pression r are first fed into the visual encoder and text en-
coder for embedding, respectively. The resulting embed-
ded visual and text tokens are denoted as [v1, v2, ..., vNv ]
and [q1, q2, ..., qNr ], respectively. Subsequently, these em-
bedded visual and text tokens are respectively passed into
the vision learned prompt module and our vision-guided text
prompting learning module (VTPL) to identify and attend
to tokens that carry important information. For the vision-
learned prompt module, we follow the methodology de-
scribed in (Rezaei et al. 2024; Zhou et al. 2023) to select
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Figure 3: DiffusionREC uses a filtering-based object decoder (FOD) and a reverse process to refine bounding boxes. It treats
boxes that partially cover or miss the target object as noise. In each reverse step, DiffusionREC corrects these inaccurate boxes
and discards those covering only the background, ensuring only accurate boxes remain. FOD represents the filtering-based
object decoder. VLI and VLF represents the vision-language interaction module and vision-language filtering module, respec-
tively. DHs represents the detection heads. Nt > N

′

t . V-L Transformer Encoder represents the visual-linguistic transformer
encoder. V-L features represents vision-language features.

K visual tokens that contain key information. In our VTPL
approach, guided by the selected K visual tokens, each text
token is paired with these visual tokens to compute a rele-
vance score for the text token. Specifically, for the i-th text
token, the corresponding score is calculated as follows.

[vl1 , vl2 , ..., vlK ] = TVLP ([v1, v2, ..., vNv ]) ,

βij = Wβ

[
tanh

(
Wrqi +Wℓvlj

)]
,

αi =

∑K
j=1 βij

K
,

(4)

where Wβ , Wr and Wℓ are trainable parameter matri-
ces. TVLP represents the text-guided vision learned prompt
module and αi is the relevance score between the i-th
text token and K selected visual token. Then, we sort the
scores {α1, α2, ..., αNr

} in descending order and select the
text tokens with the top R scores for further processing.
The text tokens that have been selected are represented as
eR = [qn1 , qn2 , ..., qnR

]. Finally, these selected text to-
kens [qn1 , qn2 , ..., qnR

] are combined with the processed vi-
sual tokens [vl1 , vl2 , ..., vlK ] and inputted into the visual-
linguistic transformer (e.g, Swin-Transformer, etc) for in-
teraction. The output of the visual-linguistic transformer is
denoted as y. The framework of our visual-linguistic trans-
former encoder is illustrated in Fig 2.

Forward and Reverse Processes for DiffusionREC
Forward Process. The framework of diffusionREC is
showed in Fig 3. In our scenario, the data sample con-
sists of N normalized ground truth bounding boxes, de-
noted as z0. Specifically, z0 represents the concatenation
of N normalized ground truth bounding boxes (i.e., bGT ),
where

(
z0 ∈ RN×4

)
. In the t-th (t > 0) forward step,

the noisy bounding boxes zt are generated by introduc-
ing noise to zt−1 following the distribution q (zt|zt−1) =

N
(
zt,

√
1− βtzt−1, βtI

)
, where {βt ∈ (0, 1)}Tt=1 are the

noise schedule. After completing T iterative steps, zT is ap-
propriately fine-tuned to ensure comprehensive coverage of
the entire image.
Reverse Process. The reverse process involves generated
the bounding boxes can precisely locate the target object
through iterative refining and removing of the noisy bound-
ing boxes from zT ∼ N (0, I). Let the text features of the
expression and the vision-language features from the visual-
linguistic transformer serve as the condition c = [eR, y, vp],
where vp are the visual features of bounding boxes from pre-
vious denoised step. The reverse process can be modeled
as a Markov chain with its joint distribution formulated as
pθ (z0:T |c) := p (zT )

∏T
t=1pθ (zt−1|zt, c). Here, zt−1 is

sampled from pθ (z0:T |c) := p (zT )
∏T

t=1pθ (zt−1|zt, c).
pθ is our filtering-based object decoder that θ are the param-
eters. Note that c is an adaptive condition because the vision-
language features from the our vision-language encoder and
the number of bounding boxes change at each reverse step.
The details of our filtering-based object decoder are shown
below.

Filtering-based Object Decoder
Our filtering-based object decoder design takes inspiration
from sparse-RCNN (Sun et al. 2023b). During each denois-
ing step, the filtering-based object decoder not only refines
the bounding boxes remaining in current step but also fil-
ters out the ones that do not accurately locate the objects in
the image. Assuming that there are only Nt bounding boxes
remaining in the t-th denoising step, we proceed as follows.

First, we employ ROI pooling to extract the visual fea-
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tures
[
f t
1, f

t
2, ..., f

t
Nt

]
of these Nt bounding boxes in the im-

age.
Then, guided by the text features of the expression, we

construct multi-modal features by integrating R selective
text tokens with the visual features. Specifically, we compute
R scores between the i-th visual feature and the R selective
text tokens to capture their relationship. The computation
details between the i-th visual feature and the j-th selective
text token are as follows:

α̂t
ij = Wα

[
tanh

(
Wff

t
Ni

+WRqnj

)]
,

αt
ij =

α̂t
ij∑R

k=1α̂
t
ik

,
(5)

where Wα, Wf and WR are trainable parameter matrices.
These computed scores {αt

ik}
R

k=1, R selective text tokens
and the i-th visual feature are combined to form the i-th
multi-modal feature mt

i, where.

cti =
∑R

k=1 α
t
ikqnk

,

mt
i = Wfc

[
fi, c

t
i

]
.

(6)

Here, Wfc is a trainable parameter matrix. If Nt is smaller
than the threshold Tr, the Nt multi-modal features {mt

i}
Nt

i=1
are directly utilized for corresponding bounding boxes re-
finement by 8 detection heads with each head having 6
stages, following the setup of sparse R-CNN. Otherwise,
We employ our newly introduced vision-language filtering
module to mitigate the negative impact of multi-modal fea-
tures that have low relevance to the vision-language fea-
ture from our vision-linguistic transformer encoder. Specif-
ically, we compute the relationship scores between the
vision-language feature y and the Nt multi-modal features
{mt

i}
Nt

i=1. The score between mt
i and y is computed as

γt
i = Wγ

[
tanh

(
Wmmt

i +Wyy
)]

, (7)

where Wγ , Wm and Wy are trainable matrices. To filter-
ing out the multi-modal features (bounding boxes) unrelated
to the vision-language feature, we sort the scores {γt

i}
Nt

i=1 in
descending order and filter out the multi-modal features with

scores lower than
ξ
∑Nt

i=1γ
t
i

Nt
. The remaining multi-modal

features are then used for corresponding bounding boxes re-
finement by using the detection heads.

Training and Inference
Training. Due to the variation in the number of predicted
bounding boxes at each denoised step, the condition in our
DiffusionREC model can undergo changes during training.
As a result, we are unable to directly compute the loss as
we would in a standard diffusion model. Suppose that there
are NT bounding boxes remaining after T denosing steps.
The multi-modal features of these bounding boxes are rep-
resented as

[
mT

1 ,m
T
2 , ...,m

T
NT

]
. To compute the loss, we

first calculate the similarity scores between the NT multi-
modal features and entire expression q. Then, we combine
the bounding box of the multi-modal feature with the high-
est score and the ground truth bounding box to construct the

smooth L1 loss, SmoothL1(·, ·). Therefore, the loss for our
DiffusionREC is defined as follows:

ηi =

〈
WTm

T
Ni

||WTmT
Ni

||
,

Wqq

||Wqq||

〉
,

πj = argmax
j

{ηj |1 ≤ j ≤ NT },

Lreg = SmoothL1(bπj , bGT ),

L = Lreg + λ
ηπj∑NT

i=1ηi
,

(8)

where WT and Wq are trainable parameter matrices. bπj
is

the bounding box of the πj-th multi-modal feature and λ is
the hyperparameter.
Inference. To begin, we randomly generate N bounding
boxes that can fully cover the image. Subsequently, these
bounding boxes undergo a gradual denoising process guided
by the expression, vision-language features from our visual-
linguistic transformer encoder, and the visual features of
bounding boxes from the previous denoised step. After T
denoising steps, the predicted bounding box is determined
by selecting the one with the highest score, based on the
similarity between the multi-modal features and the text fea-
tures of the expression. If the Intersection-over-Union (IoU)
value between the predicted bounding box and the ground-
truth bounding box is larger than 0.5 , we consider the test
sample to be predicted correctly.

Experimental Results
In this section, we provide extensive evaluation re-
sults for our proposed method on five challenging REC
benchmarks: RefCOCO (Kazemzadeh et al. 2014), Ref-
COCO+ (Kazemzadeh et al. 2014), RefCOCOg (Mao et al.
2016), Flickr30K entities (Plummer et al. 2015) and Ref-
Clef (Kazemzadeh et al. 2014). RefCOCO and RefCOCO+
have expressions with average lengths of 3.61 and 3.65
words, respectively. On the other hand, RefCOCOg contains
longer expressions, with averages of 8.4. Furthermore, the
proportion of short expressions (i.e., containing only one or
two noun chunks) in RefCOCO, RefCOCO+, RefCOCOg,
and Ref-reasoning is 85.26%, 87.73%, 46.77%, and 19.68%,
respectively. Due to limited space, we provide detailed infor-
mation about these datasets in the supplementary materials.

Implementation Details
In this study, we adopt the same approach as described
in (Deng et al. 2021) for embedding the image and ex-
pression. We set the number of randomly generated bound-
ing boxes, denoted as N , to 1,000. Furthermore, during the
training phase, we set the number of epochs, batch size,
λ and learning rate to 50, 8, 0.5 and 10−4, respectively.
The denoised strategy we use is Denoising Diffusion Prob-
abilistic Models (DDPM) (Ho, Jain, and Abbeel 2020) with
T=1,000 diffusion steps, and a square-root noise schedule.
During evaluation, we found that the method performs best
when the number of preserved bounding boxes is less than
3% of N (Thr = 0.03N ). After T steps of denoising,
around 30 bounding boxes are preserved.
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Methods Pre-train Dataset RefCOCO RefCOCO+ RefCOCOg Flickr30k Refclef
val testA testB val testA testB val test test test

M-DGT (Chen and Li 2022) None 85.37 83.01 85.24 70.02 72.26 68.92 79.21 79.06 79.97 -
QRNet (Ye et al. 2022) COCO 84.01 85.85 82.34 72.94 76.17 63.81 73.03 72.52 81.95 74.61

TransVG++ (Deng et al. 2023) COCO 86.28 88.37 80.97 75.39 80.45 66.28 76.18 76.30 81.49 74.70
MDETR (Kamath et al. 2021) COCO, VG, F30K 86.57 89.58 81.41 79.52 84.09 70.62 81.64 80.89 83.80 -
OFA-base (Wang et al. 2022) VG 88.48 90.67 83.30 81.39 87.15 74.29 82.29 82.31 - -
VG-LAW (Su et al. 2023b) COCO 86.62 89.32 83.16 76.37 81.04 67.50 76.90 76.96 - 77.22
SMCIM (Miao et al. 2024) COCO 85.10 88.23 80.08 74.44 879.48 65.21 77.25 75.78 - 75.18
LGR-NET (Lu et al. 2024) COCO 85.63 88.24 82.69 75.32 80.60 68.30 76.82 77.03 81.97 74.64
Refcrowd (Qiu et al. 2022) None - 84.50 - - 75.02 - - - - -
CLIPREC (Ke et al. 2024) MIMI - 84.63 84.51 - 76.82 63.07 - 76.83 - -

CyCo (Wang, Deng, and Jia 2024) ImageNet 89.47 91.87 85.33 80.40 87.07 69.87 81.31 81.04 - -
LADS (Su et al. 2023a) None 87.80 91.23 84.03 79.65 84.86 71.97 82.67 81.96 - 78.82
DiffusionREC w/ DDIM COCO 88.07 90.85 87.03 83.35 87.33 72.58 83.35 83.52 85.95 77.64

DiffusionREC COCO 89.35 91.54 87.28 83.04 87.81 72.79 83.94 83.50 86.67 78.14

Table 1: The comparison between our method and existing approaches on the RefCOCO, RefCOCO+, RefCOCOg, Flickr30K,
RefClef, and Ref-Reasoning datasets. Compared transformer-based methods are pretrained on various datasets, including
COCO (Pont-Tuset and Van Gool 2015), visual genome (Krishna et al. 2017), Flickr30K entities (Plummer et al. 2015), and
MIMIC-CXR (Johnson et al. 2019). The best and second-best results are indicated in bold and underline, respectively. VG,
F30K, and MIMI represent visual genome, Flickr30K entities, and MIMIC-CXR, respectively.

Evaluation Results

We present the evaluation results of our DiffusionREC as
well as other compared methods on the RefCOCO, Ref-
COCO+, RefCOCOg, Flickr30K and Refclef datasets. The
detailed results can be found in Table 1.

The results in Table 1 clearly demonstrate that our method
outperforms both transformer-based and non-transformer-
based approaches in most cases. This performance superi-
ority is particularly evident in the testB set of RefCOCO
(which comprises more incomparable short expressions)
and the test set of Flickr30K entities. In these scenarios,
our method consistently outperforms SMICM, LGR-NET,
CLIPREC and CyCo in most cases, which are transformer-
based methods released in 2024. Furthermore, our approach
exhibits significantly superior performance compared to
two unified architectures for multiple visual-linguistic tasks:
OFA-base and MDETR. Our method achieves a perfor-
mance improvement of 0.86% over OFA-base and 2.97%
over MDETR, respectively. Notably, our proposed method
even surpasses OFA-Base by 1.46% on the challenging test
set of RefCOCOg, which consists of more complex expres-
sions. Despite slightly lower performance on the testB set
of RefCOCO+, our model does not require pre-training on
a large-scale dataset and is more compact than OFA-Base.
This makes our approach a competitive alternative to both
OFA-Base and MDETR. To improve efficiency, we replaced
DDPM with DDIM and reduced the denoising steps to 50,
we can see that our method with DDIM performs similarly
to DDPM but has a much faster inference time (1.13s vs.
22.6s).

Among the methods compared, M-DGT (Chen and Li
2022) and Refcrowd (Qiu et al. 2022) share similarities with
our approach. M-DGT focuses on candidate-object pruning
as a post-processing refinement, specifically targeting the lo-
cal graph layout after each message-passing step. Refcrowd
utilizes subject and attribute labels of expressions to pro-

gressively locate objects within the feature map of images.
However, it is important to note that Refcrowd focuses pri-
marily on identifying the ‘person’ within an image, whereas
M-DGT utilizes learnable queries for prediction. In contrast,
our DiffusionREC method adopts a different strategy. We
aim to overcome the negative impact of the detector and
learnable queries in REC by directly processing randomly
generated bounding boxes. This allows our method to better
match relevant objects compared to M-DGT, as evidenced
by the results in Table 1. These findings further highlight the
effectiveness of our proposed method.

Ablation Studies
In this subsection, we conduct various ablation studies to
analyze the effectiveness of different components within the
proposed method. Due to space limitations, additional abla-
tion studies are provided in the supplementary materials.

DiffusionREC with and without VLF. We start by eval-
uating the performance of our method by comparing the in-
clusion and exclusion of the vision-language filtering (VLF)
module. The results are displayed in Table 2. It is evident
from the table that the performance of Diffusion without
the VLF module is noticeably inferior to that with the VLF
module.

DiffusionREC model using different bounding boxes
initialization strategies. Building upon the DiffusionREC
without the VLF module, we examine and compare the
performance of DiffusionREC under different strategies for
bounding box initialization. In one strategy, multiple bound-
ing boxes (N ) encompassing the entire image are generated
and utilized for denoising. In the alternative strategy, only a
single bounding box covering the entire image is employed.
The findings showcased in Table 3 indicate that, on average,
DiffusionREC achieves a performance improvement of ap-
proximately 6.61% when employing N bounding boxes for
initialization, in contrast to using only one bounding box.
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Figure 4: The visualizations of DiffusionREC at the 500th, 1,000th, 1,500th, and 2,000th denoised steps. The first and second
rows illustrate successful predictions by DiffusionREC, showcasing corrected cases. The third row illustrates a failure case.

Methods RefCOCO RefCOCO+ RefCOCOg
testA testB testA testB test

DiffusionREC w/o VLF 87.68 84.02 83.85 69.58 79.78
DiffusionREC w/ VLF 91.54 87.28 87.81 72.79 83.50

Table 2: Evaluation results of our DiffusionREC with and
without VLF on RefCOCO, RefCOCO+, and RefCOCOg.

Methods RefCOCO RefCOCO+ RefCOCOg
testA testB testA testB test

DiffusionREC w/ single bbx 83.37 80.03 82.72 65.18 77.81
DiffusionREC w/ N bbxes 91.54 87.28 87.81 72.79 83.50

Table 3: Evaluation results of our DiffusionREC model us-
ing different bounding box initialization strategies on Ref-
COCO, RefCOCO+, and RefCOCOg datasets.

DiffusionREC with varying initial bounding box set-
tings. Next, assessing the performance of our method using
different initial bounding box settings. The results in Table 4
indicate that when N is set to 100, 500, 1,000, and 1,500, the
performance of DiffusionREC is slightly lower compared to
when N is set to 1,000 in most cases.

Based on the outcomes of the aforementioned experi-
ments, it becomes evident that the performance gains are not
achieved by setting an excessive or insufficient number of
bounding boxes during the initialization step. In the case of
using too many bounding boxes, inaccuracies in their place-
ment introduce substantial noise. Conversely, an insufficient
number of bounding boxes fails to capture crucial informa-
tion of the image effectively.

N RefCOCO RefCOCO+ RefCOCOg
100 500 1000 1500 testA testB testA testB test
✓ 88.63 85.39 85.14 70.84 80.38

✓ 90.33 87.12 87.92 71.93 83.54
✓ 91.54 87.28 87.81 72.79 83.50

✓ 88.08 85.64 86.65 71.85 82.41

Table 4: The ablation results of DiffusionREC with varying
initial bounding box settings N .

Visualization
In addition to the quantitative results, we also provide visual
representations of the proposed method in Fig 4. The first
and second rows depict the results of two scenarios of Dif-
fusionREC at 500, 1,000, 1,500, and 2,000 denoised steps,
while the third row showcases an error case. In the first row
and second row, it can be observed that at the 500th denoised
step, some of the bounding boxes that were only locating the
background of the image have been removed. Meanwhile,
the remaining bounding boxes have been refined to partially
identify the target objects. As we progress to the 1,000th
denoised step, more bounding boxes are further refined and
accurately locate the target object. However, in the 1,500th
and 2,000th steps, excessive fine-tuning leads to a shift in
some bounding boxes. In the third row, despite the gradual
refinement and movement of some bounding boxes towards
the target object as the number of steps increases, they are
unable to precisely locate the target object due to its sim-
ilarity to neighboring objects.The aforementioned analyses
shows that DiffusionREC effectively removes background-
only bounding boxes and accurately locates the target object
described by the expression during the denoising process.

Conclusion
In this paper, we present a groundbreaking framework, Dif-
fusionREC, to address challenges in current REC methods,
especially related to detector accuracy and learnable queries.
Instead of discarding inaccurate bounding boxes, we treat
them as noisy boxes. Through iterative denoising, we in-
troduce a filtering-based detector that removes inaccurate
boxes and refines the remaining ones. Additionally, we pro-
pose a novel visual-linguistic transformer encoder for en-
hanced integration of image and text features. Experiment
results show that DiffusionREC performs better than current
transformer-based REC methods on five datasets in most
cases. With these notable advantages, DiffusionREC proves
to be a powerful framework for the REC task.
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