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Abstract—The goal of cross-modal retrieval is that the user
gives any sample as a query sample, and the system retrieves
and feeds back various modal samples related to the query
sample. At present, the cross-modal retrieval method mainly
focuses on coarse-grained, which is far from being satisfied in
practical application. However, there are many difficulties in
fine-grained retrieval, such as the heterogeneous gap and se-
mantic gap between multi-modal data, the difficulty of similarity
measurement, and the small difference in fine-grained sample
features. To overcome these limitations, we propose a novel multi-
modal fine-grained retrieval method with the LAGC-Attention
module, which can fully extract and fuse feature information
from different modalities and represent them in a common space.
Specifically, we use local and global cross self-attention to extract
the neighboring and global context information for each single
modal data, which greatly enhances the feature representation
capability of each modality (image, text, audio, video), and
especially reduce the gap between different feature distributions.
Finally, Extensive experiments and ablation studies demonstrate
that our method achieves state-of-the-art on the public dataset
PKU FG-XMedia.

Index Terms—Cross-media fine-grained retrieval, Local and
global cross-attention, Heterogeneity gap

I. INTRODUCTION

with the development of society, the way people see and
understand the world has undergone many changes. In the
current era of big data, images, texts, audios and videos
are the main medium for information exchange in people’s
daily life. With the exponential growth of these multimedia
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data, it is necessary to establish efficient and accurate cross-
modal retrieval technology. As shown in Fig. 1, when the user
inputs data of any modal type, the cross-modal fine-grained
retrieval technology can return retrieval results of other modal
types. However, current cross-modal retrieval tasks usually
focus on coarse-grained, which is far from being satisfied
in the needs of practical applications. In contrast, whether
in industry or academia, fine-grained retrieval has greater
application needs and research value. Therefore, fine-grained
retrieval has become an important research direction!

The biggest difficulty in cross-modal fine-grained retrieval
is the difference in data heterogeneity. The data representa-
tions from different modalities are inconsistent and belong
to different feature spaces [1]-[8].Therefore, the mainstream
ideas of existing cross-modal fine-grained retrieval methods
are generally similar. They map different types of input data
into the embedding space of common features, calculating
retrieval results based on the similarity between the features
of the input query and the candidate features in the database
[71-[12].

In the past cross-modal retrieval methods, different neural
networks are generally used to extract features for different
modalities, or only one backbone network is used to extract
feature vectors of different modalities at the same time [7],
[8], [13]. For examples, [11] established strongly supervised
learning between sample images and text by preprocessing the
input information, and performed multi-modal representation
learning for fine-grained cross-modal retrieval. [9] adopted an
attention space training method to learn common representa-
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Fig. 1. Overview of cross-media fine-grained retrieval. From left to right,
when the user inputs an image (or video, audio, text) of a certain category,
he or she will receive the data of other media types.

tions between different models. Specifically, they introduced
local self-attention layers and a similarity stitching method
to understand the content relationship between features. [10],
[12] algorithm model consists of two networks, a private
network, and a public network. The proprietary network
extracts unique features for each modality separately and
obtains an accurate feature representation, whereas the public
network aims to extract common features of four modalities.
[9], [11] focus on the use of modal-specific information, but
it is difficult to extract the connections and commonalities
between different modalities. [10], [12] focus on extracting
the connections and commonalities between modalities, but
the commonalities and connections are only a small part of the
entire information, which results in a large amount of effective
modal-specific information loss.

In response to the above problems, we propose a novel
multi-modal fine-grained retrieval method with the LAGC-
Attention module, which can effectively extract the features
of multi-modal samples and perform cross-modal fine-grained
retrieval. Specifically, we use local and global cross self-
attention to extract the neighboring and global context infor-
mation for each single modal data, which greatly enhances
the feature representation capability of each modality (image,
text, audio, video), and especially reduce the gap between
different feature distributions. By combining modality-specific
features and modality-common features and projecting them
into a common space, clustering and matching are performed
to accomplish cross-modal fine-grained retrieval tasks.

Compared with previous works, the biggest advantage of our
method is that it fully considers the modality-specific feature
extraction process, and significantly utilizes local and global
attention information for feature enhancement and integration.
In this work, we adapt CNN-based Resnet50 as the backbone.
In CNN, the reception field of its convolution kernel is usually

small. Although the residual structure is used for stacking, it
is not efficient in capturing global feature information, and
the lack of fine-grained feature information often directly
affects the retrieval results. Therefore, we adapt the multi-
head attention mechanism, which utilizes (Key, Query, Value)
triples to compute attention matrix with global context infor-
mation. Due to the inherent position information in the CNN
feature extraction process, we do not use additional position
encoding. In the mode-specific feature extraction process, the
LAGC-Attention module first obtains local feature information
through convolution operations, then extracts global feature
information, and finally uses channel attention to correct
feature. During the extraction of modality-common feature,
channel attention is also used to filter and enhance features.
It is worth noting that the above processes are completed
simultaneously. Finally, the model fuses the obtained single-
modal specific feature and multi-modal common feature, and
maps them into the common space.

To summarize, we make the following contributions.

e We propose a novel multi-modal fine-grained retrieval
method with the LAGC-Attention module. It makes full use
of local and global feature information and can be adapted to
cross-modal fine-grained retrieval tasks in different application
scenarios.

e Our newly proposed LAGC-Attention module is a feature-
aggregation architecture that is suitable for any type of data
for fine-grained feature extraction.

e Proved by ablation experiments and comparative exper-
iments, our method achieves the best retrieval results on the
public dataset.

II. RELATED WORKS
A. Cross-modal representation learning

Cross-modal retrieval has received a lot of attention in
the past many years [9]-[12], [14]-[18], but its core idea
remains unchanged. Taking the method based on deep neu-
ral network(DNN) as an example, it makes full use of the
powerful feature extraction ability of DNN to extract effective
representations of samples from different modalities. It maps
the extracted feature vectors into common space, and then
establishes semantic associations of different modalities in
the common space [1]. Among them, the excellent multi
modal representation learning method can extract effective
information from samples of different modalities, so that
the feature vector contains rich semantic information in the
original samples, which can greatly improve the accuracy of
the subsequent retrieval work. For example, [15] adopts a
knowledge-transfer approach to transfer single-modal source-
domain feature representations to multi modal target domains
to jointly learn common representations of multi modal data.
[14] employs sparse and semi-supervised regularization to
learn a joint representation of multi modal data, which not
only reduces the dimension of the original features, but also
incorporates cross modal correlations into the final represen-
tation. It accomplishes cross-modal retrieval tasks on datasets
of up to 5 modality types with great success. [17] proposes a
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Fig. 2. A schematic illustration of our proposed method with LAGC-Attention module for cross-modal retrieval. The letter I stands for Image, and the letter V'
stands for Video, and the letter A stands for Audio, and the letter 7" stands for Text. So the acronym [ F'M stands for Image Feature Map, the acronym [ AF
stands for Image Aggregation Feature, and the acronym LAGC — AM? stands for Local And Global Cross-Attention Map. The rest modal abbreviations
representation is in the same way. Besides, the acronym SF M stands for Shared Feature Map, and the acronym F'C'F stands for Fused Common Feature.

simple yet effective general hashing framework, which can
be applied to all different scenarios while maintaining the
semantic distance between data points. The method first learns
optimal hash codes for both modalities simultaneously to
preserve semantic similarity between data points, and then
learns a hash function to map features to hash codes. Different
from the above methods, our method adopts an end-to-end
structure to efficiently extract modality-specific features with
local and global cross-attention, and correct the final common
feature representation with channel attention.

B. Multi-head Self-attention

With the success of the transformer structure in the field
of Natural Language Processing (NLP) [19], [20], the self-
attention mechanism has also received extensive attention in
the field of Computer Vision (CV) [21]-[28]. First of all,
[21] augment convolutional networks with self-attention by
concatenating convolutional feature maps with a set of feature
maps generated by a novel relative self-attention mechanism.
After the Vision Transformer (ViT) was proposed [22], new
network models based on the self-attention mechanism emerge
in an endless stream. [23] further proposes a hierarchical
Transformer structure, and uses a shifted window to calculate
the attention representation. The shifted windowing scheme
brings greater efficiency by limiting self-attention computa-
tion to non-overlapping local windows while also allowing
for cross-window connection. It successfully applies the ViT
structure to a variety of visual downstream tasks and achieves
excellent results. Our work fully considers the advantages and

disadvantages of CNN and Transformer structures: CNN can
effectively extract local feature information of images, while
the self-attention mechanism in transformer can effectively
extract global feature information of images. Therefore, we
combine their advantages to design local and global cross-
attention, and apply it to cross-modal fine-grained retrieval
task.

III. METHODOLOGY

In this section, we first introduce the whole framework of
our method in Fig. 2, then introduce the LAGC-Attention
module proposed in detail, and finally introduce the loss
function.

A. Framework Overview

In Fig. 2, our method can be divided into two parts, modal
specific feature extraction part, and modal shared feature
extraction part. It is noteworthy that they use a unified back-
bone network. In the modal specific feature extraction part,
we input the data of four modalities into the backbone to
calculate the feature map of each modal(IFM, VFM, AFM,
and TFM). Then the feature map of every modal will be sent to
the LAGC-Attention module respectively. Finally, through the
local and global cross-attention mechanism, the aggregation
feature map will be calculated and received(JAF, VAF, AAF,
and TAF). In the modal shared feature extraction part, we
input the data of four modalities into the backbone to calculate
the shared feature map(SFM), through the Channel Attention
Module(CAM) to calculate the shared feature. Finally, the
shared feature of all modalities and the aggregation feature
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Fig. 3. The architecture of our proposed LAGC-Attention module.

of each modal will be concatenated together through CAM,
and map them into a common space.

For example, we assume that there are a total of n pairs of
quaternary samples consisting of image-video-audio-text data,
setas ¢ = (z!, 2 2, 2T)"  where z! is an image sample,
x) is a video sample, z{* is an audio sample, and ! is a text
sample. They all belong to the i —th category of samples. For
each quaternary sample pair, they share a label y; € R, where
c represents the total number of categories. After the data
samples of all modalities are fed into the backbone, two kinds
of loss functions are adopted for supervision, which are the
cross-entropy loss function and the multi-center loss function.

B. Visual Representation Learning With Attention

We use Resnet50 as the backbone and load its pretrained
weights. Resnet50 is a very common backbone in computer
vision, with excellent feature extraction capability. Fig. 3
shows the structure of our proposed LAGC-Attention module
in detail. It is obvious that our proposed attention module is
more focused on the construction of local and global attention,
which is more conducive to extracting features of fine-grained
data samples. Our attention module will not change the
dimension of the input feature, so it can be expressed as:

y = Aare(x) (D

Suppose we have input feature map x € R°*"**  and the
output feature is y € R°*"** where h, w, c are the height,
width and channel of the feature map. The A, is feature
mapping matrix of the LAGC-Attention module. Taking the
image feature map 2 € R°*"*™ as an example, the keys,
queries, values are encoded via 1 x 1 convolution operation:

Key = Wi(z), Query = Wy(x), Value = W, (x) (2)

The key map will employs twice k x k convolution calcula-
tion to extract local contextual feature information firstly. It is
worth noting that its feature dimension has not changed, and
we defined it as K. After that, K is the concatenation of
query map. By this way, the attention matrix A is calculated
based on the query map and the key map at the same time.
In other words, local contextual attention is added to the

subsequent global self-attention learning process successfully.
It is realized via twice 1 x 1 convolution operation:

A € RUXEXCu)xhxw _ yy7 (1) (3)

A e REXExCn)xhxw meang that A’s each spatial position
contains a k X k x C, vector, that consists of C}, local query-
key relation maps for all heads, where (', is the head number,
and Wy, Wi means the two mapping matrices. Next, the global
attention matrix A' is calculated by normalizing the attention
matrix A with Softmax operation along channel dimension for
each head.

Al =V @ Softmazx(A) 4)

The ® denotes the matrix multiplication operation. Finally,
the K; and A' will be aggregated by the CAM module.
After the values adding operation, the final output y of our
LAGC-Attention module will be calculated. Note that y is
calculated via local and global attention, which is working on
spatial level. So the CAM module will correct the channel
level feature information.
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Fig. 4. The architecture of Channel Attention module.

Channel attention is a common attention mechanism, which
can correct the local and global attention features of fine-
grained data samples [29]. The corrected features can retain
valuable features and eliminate unworthy ones. It is can
be divided into three steps, Maximum Pooling(MP), Global
Average Pooling(GAP), and Excitation operation. Taking the
Al as an example, the equation is as follows:

y = Sigmoid(MP(A') + GAP(A")) ® A! (5)



TABLE I
COMPARISON TO THE STATE-OF-ARTS FOR CROSS-MODAL RETRIEVAL(ONE-TO-ONE) ON PKU FG-XMEDIA DATASET.

Method I-T | I-A | IV | T | T5A | TV | A=l | AT | AV | V=1 | VT | V>A | Average
CMDN [16] 0.099 | 0.009 | 0377 | 0.123 | 0.007 0.078 | 0.017 | 0.008 0.010 | 0.446 | 0.081 0.009 0.105
GSPH [17] 0.140 | 0.098 | 0.413 | 0.179 | 0.024 | 0.109 | 0.129 | 0.024 0.073 0.512 | 0.126 0.086 0.159
JRL [14] 0.160 | 0.085 | 0.435 | 0.190 | 0.028 0.095 | 0.115 | 0.035 0.065 0.517 | 0.126 0.068 0.160
ACMR [18] 0.162 | 0.119 | 0.477 | 0.075 0.015 0.081 0.128 0.028 0.068 0.536 | 0.138 0.111 0.162
MHTN [15] 0.116 | 0.195 | 0.281 | 0.124 | 0.138 0.185 | 0.196 | 0.127 0.290 | 0.306 | 0.182 0.306 0.204
FGCrossNet [11] | 0.210 | 0.526 | 0.606 | 0.255 | 0.181 0.208 | 0.553 | 0.159 0.443 0.629 | 0.195 0.437 0.366
DBFC-Net [12] 0.298 | 0.563 | 0.626 | 0.346 | 0.252 | 0.284 | 0.580 | 0.223 0.462 | 0.669 | 0.286 0.483 0.423
SAFGCM [9] 0.293 | 0.625 | 0.636 | 0.335 | 0.263 0.272 | 0.629 | 0.231 0.495 0.677 | 0.270 0.525 0.437
FGCMR [10] 0.355 | 0.629 | 0.660 | 0.409 | 0.324 | 0.335 | 0.643 | 0.287 0.515 0.706 | 0.335 0.544 0.478
Ours 0.357 | 0.635 | 0.646 | 0.431 | 0.328 | 0.352 | 0.675 | 0.313 | 0.611 | 0.691 | 0.343 | 0.601 0.499
TABLE 1II In formula (7), 2" is the ¢ —th sample vector of m modal.

COMPARISON TO THE STATE-OF-ARTS FOR CROSS-MODAL
RETRIEVAL(ONE-TO-ALL) ON PKU FG-XMEDIA DATASET.

Method I-ALL | T-ALL | A—ALL | V—>ALL | Average
ACMR [18] 0.245 0.039 0.041 0.279 0.151
CMDN [16] 0.321 0.071 0.016 0.229 0.159
JRL [14] 0.344 0.080 0.069 0.275 0.192
GSPH [17] 0.387 0.103 0.075 0.312 0.219
MHTN [15] 0.208 0.142 0.237 0.341 0.232
FGCrossNet [11] 0.549 0.196 0.416 0.485 0412
DBFC-Net [12] 0.602 0.284 0.545 0.461 0.474
SAFGCM [9] 0.618 0.270 0.546 0.497 0.482
FGCMR [10] 0.637 0.333 0.577 0.509 0.514
Ours 0.651 0.342 0.585 0.544 0.531

C. Training Objectives

The role of the loss function is to correctly guide the
network structure parameters for effective learning. It is com-
posed of a supervised learning cross-entropy loss and a multi-

center loss.
(1) The supervised loss function classification constraints
are defined as follows:

1< 1
_ I v v
chs—E;l(mk,yk>+mzll(mk7yk)

N I ©)
1 = A A 1 <& T T
+le(xkvyk) +Nle($k7yk>
A= T =1

In formula (6), [ (xk, yx) is the cross-entropy loss function,
I, T, V and A represent media types for image, text, video,
and audio, respectively. Taking text as an example, N is the
number of samples of text data in the training set, y! denotes
the label of the k — th text data, xf denotes the feature of
k — th text data.

(2) The idea of the multi-center loss function can be
summarized as follows: it first gathers the samples of the same
modality and the same category around the intra-class center
of the modality. Then by narrowing the distance between
the intra-class centers of different modalities and the same
category, the samples of different modalities and the same
category are indirectly gathered together. The equation of
multi-center loss is defined as follows:

LV,AT N

to=7 2 S (ler =<l +n(C)) @
m=1 i=1

¢, is the intra-class center of the sample vector for m modal.
Cy stands for intra-class center of all modalities under y
category. u is the weight parameters. D(-) is the distance
function of intra-class center, whose equation is as follows:

LV,A,T
1

D<Cy):1 > ey -

m2:1

e ®)

In formula (8), the ¢j’ and c¢;'? represent the intraclass
centers of different modalities under the same category. So
the total loss function can be defined as:

Liotar = aLegs + BLyy, &)

IV. EXPERIMENTS

A. Dataset

To verify the effectiveness of the method, we conduct
experiments on the public dataset PKU FG-XMedia. As far
as we know, it is the only cross-modal fine-grained retrieval
dataset [11]. To eliminate the heterogeneity of different modal
data types and improve the performance of the algorithm.
We preprocess the data for the four modalities separately.
For image data, to avoid being interfered with by background
noise, before being input to the network, it will be cropped
according to the pixel coordinates of the target frame, so
only a part containing the target will be intercepted. For
audio data, it is converted to a spectrogram by using Short-
time Fourier Transform. For video data, it uses the method
of frame extraction, and each video extracts 10 frames of
images to represent the video samples. For text data, it
is transformed into a one-dimensional word vector through
word embedding, then spliced into an image-like matrix form
through convolution operation. In this way, the four types
of data can be organized into a four-dimensional matrix and
input to the backbone network. The experiments use the mean
average precision (MAP) score to measure its performance.
The MAP query score is calculated by the average of the
average accuracy of each query sample.



TABLE III
ABLATION STUDY FOR OUR METHOD ON PKU FG-XMEDIA DATASET(ONE-TO-ONE).

Method I-T | A | -V | T | T2A | TV | A=l | A—-T | A—»V | V=1 | V=T | V>A | Average
W/O both 0.235 | 0.537 | 0.618 | 0.322 | 0.221 0.248 | 0.595 | 0.255 0.481 0.678 | 0.311 0.529 0.419
W/O CAM | 0.341 | 0.613 | 0.622 | 0.407 | 0.302 | 0.374 | 0.654 | 0.307 | 0.584 | 0.669 | 0.343 | 0.588 0.483
Ours 0.357 | 0.635 | 0.646 | 0.431 | 0.328 | 0.352 | 0.675 | 0.313 | 0.611 | 0.691 | 0.343 | 0.601 0.499
TABLE IV module without adopting the CAM module. We can observe

ABLATION STUDY FOR OUR METHOD ON PKU FG-XMEDIA
DATASET(ONE-TO-ALL).

Method I—-ALL | T-ALL | A—ALL | V—=ALL | Average
‘W/O both 0.581 0.309 0.517 0.499 0.476
W/O CAM 0.643 0.325 0.564 0.528 0.515
Ours 0.651 0.342 0.585 0.544 0.531

B. Retrieval Tasks

To verify the effectiveness of our method, we compare our
method with state-of-the-art methods on the PKU FG-XMedia
dataset. Retrieving other media data using any modality as
input data can be divided into one-to-one retrieval and one-to-
all retrieval. For example, in a one-to-one retrieval experiment,
if a user submits a picture of Herring Gull, he will get a
sample of the Herring Gull video, which is called Image Re-
trieval Video (I—V). Similarly, the video retrieval image can
be represented as (V—I). Therefore, one-to-one fine-grained
cross-media retrieval includes I—V, I—-T, I-A, V=1, V=T,
V—=A, T—=I, T—=V, T—A, A— I, A=V, A—T. In the one-to-
all retrieval experiment, if the user submits a picture of Herring
Gull, he will get samples of audio, video, and text about
Herring Gull, which is called image retrieval and all remaining
media types (I—all ). Similarly, the other three modalities’
one-to-all retrieval tasks can be expressed as V—All, T—All,
and A—All

C. Implement Details

We use resnet50 as the backbone network. After the data of
the four modalities are preprocessed, the dimension of the data
sample will be fixed at 448 x 448 x 3. The entire program code
is written by Pytorch, and the graphics card is RTX A5000.
During training, we set the batchsize as 16, and the initial
learning rate is set to 0.0001, and AdamW is selected by the
optimizer, and the learning rate schedule is the cosine learning
rate with a warm-up of 1000 steps.

D. Experimental Results and Ablation Analysis

Tables I and II show the experiment results of one-to-one
retrieval and one-to-all retrieval, respectively. It can be seen
that compared with other methods, our method has a obvious
degree of performance improvement. To further demonstrate
the effectiveness of our method, we conduct ablation exper-
iments seriously. As shown in Tables III and IV, We have
conducted detailed experiments on whether to use LAGC-
Attention module, including using CAM module or not. (1)
W/O both means that both modules are not included at the
same time. (2)W/O CAM refers to adding LAGC-Attention

that the retrieval MAP scores from W/O CAM are basically
improved and the final result also reflects the correction effect
of the CAM module on fine-grained features.

V. CONCLUSION

In conclusion, we propose a novel multi-modal fine-grained
retrieval method with LAGC-Attention module. It makes full
use of local and global feature information and can be adapted
to cross-modal fine-grained retrieval tasks in different applica-
tion scenarios. We have done a lot of experiments on the public
dataset PKU FG-XMedia, and our method achieved state-of-
the-art. To further demonstrate the reliability of our method,
we conduct ablation experiments seriously. However, in the
course of the experiment, we also observe some unsolved
problems. For example, MAP scores involving text modal are
generally poor and we will try more datasets in the future to
prove the effectiveness of our method comprehensively!
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