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Abstract

The key of image and sentence matching is to accurate-
ly measure the visual-semantic similarity between an image
and a sentence. However, most existing methods make use
of only the intra-modality relationship within each modali-
ty or the inter-modality relationship between image regions
and sentence words for the cross-modal matching task. D-
ifferent from them, in this work, we propose a novel Multi-
Modality Cross Attention (MMCA) Network for image and
sentence matching by jointly modeling the intra-modality
and inter-modality relationships of image regions and sen-
tence words in a unified deep model. In the proposed MM-
CA, we design a novel cross-attention mechanism, which is
able to exploit not only the intra-modality relationship with-
in each modality, but also the inter-modality relationship
between image regions and sentence words to complement
and enhance each other for image and sentence matching.
Extensive experimental results on two standard benchmark-
s including Flickr30K and MS-COCO demonstrate that the
proposed model performs favorably against state-of-the-art
image and sentence matching methods.

1. Introduction

Image and sentence matching is one of the fundamen-
tal tasks in the field of vision and language [26, 6, 13].
The goal of such a cross-modal matching task is how to
accurately measure the visual-semantic similarity between
an image and a sentence, and is related to many vision-
language tasks including image-sentence cross-modal re-
trieval [21, 48, 55], visual captioning [1, 5], visual ground-
ing [8, 53] and visual question answering [1, 52, 25, 25].
This task has drawn remarkable attention and has been
widely adopted to various applications [12, 43, 13, 48], e.g.,
finding similar sentences given an image query for image
annotation and caption, and retrieving matched images with
a sentence query for image search. Although significan-
t progress has been achieved in recent years, it is still a
challenging problem because it requires the understanding
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Figure 1. Fine-grained representation for visual and textual el-
ements. Our method can jointly model both intra-modality and
inter-modality relationships in a deep network.

of language semantics, visual contents, and cross-modal re-
lationships and alignments [38].

Due to the huge visual-semantic discrepancy between vi-
sion and language [6, 42], matching images and sentences is
still far from being solved. Recently, various methods have
been proposed for this problem, which can be classified in-
to two categories including one-to-one matching [6, 19, 28,
50, 10] and many-to-many matching [14, 12, 21, 26, 48].
One-to-one matching methods usually extract global repre-
sentations for image and sentence, and then associate them
by exploiting visual-semantic embedding [42]. Most pre-
vious methods embed images and sentences independently
into the same embedding space, and then measure their sim-
ilarities by feature distances in the joint space. Driven by the
success of deep learning, the main stream has been changed
to modality-specific deep feature learning, e.g., learning C-
NN for image and RNN for sentence. For visual-content
understanding, several deep backbone models have been de-
veloped including VGG, ResNet, GoogleNet [11, 34, 37],
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and demonstrated their effectiveness on large vision dataset-
s [3, 20]. In terms of language understanding, several meth-
ods [4, 31, 39] have been proposed towards building a uni-
versal backbone model with large-scale contextualized lan-
guage model pre-training [39, 4], which has improved per-
formances on various tasks to significant levels [31, 41].
For the cross-modality association, the simplest way is to
learn projection functions to map visual and textual data in-
to the same embedding space, such as, canonical correlation
objective [19, 50], structured objective [7, 26, 9, 52, 40].
However, such independent embedding approaches ignore
the fact that the global similarity commonly arises from a
complex aggregation of local similarities between image-
sentence fragments (objects in an image and words in a sen-
tence) [12]. As a result, most of existing methods might
lead to suboptimal features for image-sentence matching.

To deal with the above issues, many-to-many match-
ing methods have been proposed to take the relationship-
s between regions of the image and words of the sen-
tence into consideration [12, 14, 15, 26, 21, 48]. Most
existing methods compare many pairs of image region-
s and sentence words, and aggregate their local similari-
ties [14, 15, 18, 35]. Generally, incorporating the relation-
ships between image regions and sentence words could ben-
efit in capturing the fine-grained cross-modal cues for image
and sentence matching. To achieve this goal, various meth-
ods have been proposed [15, 13, 14, 29, 52, 21, 48, 12],
which can be roughly grouped into two categories includ-
ing inter-modality based methods [14, 21, 12, 26, 13] and
intra-modality based methods [48, 38]. The inter-modality
based methods [18, 12, 26, 21] mainly focus on discovering
possible relationships between image regions and sentence
words, which make great progress in considering the inter-
actions between regions and words. As shown in Figure 1, if
the word ‘man’ shares the inter-modality information with
the corresponding regions in the image, it would be easier
to capture the relevance among these two heterogeneous da-
ta. However, most of existing methods ignore the connec-
tions among vision-vision elements or language-language
elements. The intra-modality based methods stress the
relations within each modality for image regions or sen-
tence words [48], which ignores the inter-modality relation-
s across different modalities. As shown in Figure 1, if the
word ‘man’ has a tight connection with the word ‘surfing’ ,
‘holding’, ‘girl’ in the sentence, it would have a better rep-
resentation to help obtain the global feature for the whole
sentence. Based on the above discussions, to the best of
our knowledge, the inter-modality and intra-modality rela-
tionships are not jointly investigated in a unified framework
for solving the image and sentence matching problem. As
shown in Figure 1, the intra-modality relationship within
each modality and the inter-modality relationship between
image regions and sentence words can complement and en-

hance each other for image and sentence matching.

Motivated by the above discussions, we propose a nov-
el Multi-Modality Cross Attention Network for image and
sentence matching by jointly modeling inter-modality re-
lationship and intra-modality relationship of image regions
and sentence words in a unified deep model. To achieve a
robust cross-modal matching, we design two effective at-
tention modules including self-attention module and cross-
attention module, which play important roles in modeling
the relationships of intra-modality and inter-modality. In
the self-attention module, we employ the bottom-up mod-
el [1] to extract features of salient image regions. Mean-
while we use the word token embeddings as the language
elements. Then we independently feed the image region-
s into the Transformer [39] unit and the word tokens into
BERT model [4] to discover the intra-modality relationship.
Then, we can obtain the global representation by aggregat-
ing these fragments features. In the cross-attention module,
we stack the representations of image regions and sentence
words and then pass them into another Transformer unit fol-
lowed by a 1d-CNN [16] and a pooling operation to fuse
both inter-modality and intra-modality information. Then
based on the updated features for visual and textual data,
we can predict the similarity score of the input image and
sentence.

The major contributions of this work can be summa-
rized as follows. (1) We proposed a novel Multi-Modality
Cross Attention Network for image and sentence matching
by jointly modeling intra-modality relationship and inter-
modality relationship of image regions and sentence word-
s in a unified deep model. (2) To achieve a robust cross-
modal matching, we propose a novel cross-attention mod-
ule, which is able to exploit not only the intra-modality re-
lationship within each modality, but also the inter-modality
relationship between image regions and sentence words to
complement and enhance each other for image and sen-
tence matching. (3) Extensive experimental results on two
standard benchmarks including Flickr30K and MS-COCO
demonstrate that the proposed model performs favorably a-
gainst state-of-the-art image and sentence matching meth-
ods.

2. Related Work

In this section, we discuss related works about image and
sentence matching. Following [12], we roughly divide the
related methods into two categories including one-to-one
matching and many-to-many matching. Furthermore, we

briefly review attention mechanism based methods.
One-to-one Matching. A rich line of early studies extrac-

t global representations for image and sentence, and then
associate them with the hinge-based triplet ranking loss in
which the matched image-sentence pairs have small dis-
tances [18, 19, 28, 50]. In [6], Faghri et al. attempt to use
hard negative mining in the triplet loss function and achieve
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Figure 2. Our proposed Multi-Modality Cross Attention Network, consisting of the self-attention module and the cross-attention module.
The self-attention module is exhibited in the green dashed blocks, while the cross-attention module is shown in the red dashed block. For

more details, please refer to the text.

a significant improvement. In [10] and [28], the generative
objectives are combined with the cross-view feature embed-
ding learning to learn more discriminative representations
for visual and textual data. Meanwhile, Yan et al. [50] as-
sociate features of image and sentence with deep canonical
correlation analysis where the true matched image-sentence
pairs have a high correlation. With a similar objective, K-
lein et al. [19] take use of Fisher Vectors (FV) to obtain a
discriminative sentence representation. Furthermore, Lev et
al. [22] exploit RNN to encode FV leading to better perfor-
mance. However, the above methods ignore the fact that
the global similarity arises from a complex aggregation of
the latent vision-language correspondences at the level of

image regions and sentence words. o
Many-to-many Matching. In the field of vision and lan-

guage, it is more and more popular to consider the fine-
grained alignments between image regions and sentence
words. In [14], it is the first work to perform local similar-
ity learning between fragments of image regions and sen-
tence words with a structured objective. In [12], a selective
multi-modal long short term memory network is proposed
for the instance-aware image and sentence matching. Simi-
larly, in [26], a dual attentional network is proposed to cap-
ture the fine-grained interplay between vision and language
through multiple steps. However, this work takes a multi-
step approach to realize the feature alignment between the
whole image and sentence, which is less interpretable. S-
CAN [21] is proposed by using a stacked cross attention
mechanism to discover all the alignments between salien-
t objects and words. But it fails to consider the relation-
ships within image regions or sentence words. And later,
SAEM [48] resorts to a self-attention mechanism to explore
the relationship within each modality, yet it ignores the rela-
tionship across different modalities. However, few method-
s have been proposed to investigate the inter-modality and

intra-modality relationships jointly in a unified framework

for image and sentence matching.
Attention Based Methods. Attention mechanism has been

developed to simulate the human behavior that humans se-
lectively use part of the data to make a decision. It has been
widely applied to various visual and textual tasks, including
image classification [53], object detection [47], image cap-
tioning [49], sentiment classification [45], neural machine
translation [24, 39], sentence summarization [33], etc. Re-
cently, the attention mechanism has also been applied to the
cross-modality matching task. In [26], the dual attention-
al network is proposed to align different visual regions and
words in sentences by multiple steps. Ba et al. [2] present
a recurrent attention model that can attend to some label
relevant image regions for object recognition. In [21], a s-
tacked cross attention mechanism is adopted to discover the
latent alignments using both image regions and words in a
sentence as context, but ignores the intra-modality relation-
ship. Inspired by the Transformer in machine translation
[39], lots of recent works [52, 38, 48, 9] take use of the
Transformer model to implement the self-attention mecha-
nism. However, they mainly explore the intra-modality re-
lationships. Different from existing methods, the proposed
cross-attention model can discover both the intra-modality
and inter-modality relationships jointly for image and sen-
tence matching in a unified model.

3. Multi-Modality Cross Attention Network

3.1. Overview

As shown in Figure 2, our Multi-Modality Cross At-
tention Network mainly consists of two modules, the self-
attention module and the cross-attention module, demon-
strated in the green dashed blocks and red dash dashed
block in Figure 2, respectively. Given an image and sen-
tence pair, we first feed the image into the bottom-up atten-
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tion model [32] pre-trained on Visual Genome [20] to ex-
tract features for image regions. Meanwhile, we use Word-
Piece tokens of each sentence as the fragments in the textual
modality. Based on these extracted fine-grained representa-
tions for image regions and sentence words, we model the
intra-modality relationship with the Self-Attention Module,
and adopt the Cross-Attention Module to model the inter-
modality and intra-modality relationships for image region-
s and sentence words. By considering both intra-modality
and inter-modality relationships into consideration, the fea-
tures discriminative ability of image and sentence fragments
can be improved. Then the 1d-CNN and pool operation
are used to aggregate these fragment representations, re-
sembling bag of visual words model which has shown suc-
cess in the content based image indexing and retrieval [30]
in early ages. As shown in Figure 2, we get two pairs of
embeddings for the given image-sentence pair (4o, co) and
(i1, ¢1), which are used for image and sentence matching.
In the training stage, we construct the bi-directional triplet
loss with the hard negative mining to optimize the parame-
ters in our model. Details are introduced as follows.

3.2. Instance Candidate Extraction

Image Instance Candidates. Given an image I, we use
the bottom-up attention model [1] pre-trained on Visual
Genome [20] to extract region features. The output is a set
of region features O = {01, 09, ..., 0k}, Where each o; is
defined as the mean-pooled convolutional feature for the ith
region. The pretrained model is fixed during training. And
we add a fully-connect layer to transform the region fea-
tures to fit our task. We denote the transformed feature as
R = {r,re,...,rg}, with ; corresponding to the trans-
formed feature of o;.

Sentence Instance Candidates. Following [4], which has
made great progress in machine translation, we use Word-
Piece tokens of sentence T as the fragments in textual
modality. And the final embedding for every word is the
combination of its’ token embedding, position embedding
and segment embedding, denoted as X = {x1, x2, ...,y }.

These image region features and word embeddings are
further fed into our Multi-Modality Cross Attention Net-
work to fuse both the intra-modality and inter-modality in-
formation.

3.3. Self-Attention Module

In this section, we introduce how to utilize the self-
attention module to model the intra-modality relationship
for image regions and sentence words, respectively. We first
give a glance at the paradigm of the attention function.

An attention module can be described as mapping a
query and a set of key-value pairs to an output. The out-
put of attention function is a weighted sum of the value,
where the weight matrix, or affinity matrix, is determined
by query and its corresponding key. Specifically, for self-
attention mechanism, queries, keys and values are equal.

Transformer

Add & LayerNprm

Add & LayerNprm

Multi-Head
Attention

Value

Query| Key

Figure 3. The Transformer unit with the multi-head sub-layer
and the position wise feed-forward sub-layer. Meanwhile, residual
connections followed by the layer normalization are also applied
around each of the two sub-layers.

Following the philosophy of [39], we apply the Transformer
to implement the attention function. As shown in Figure 3,
the Transformer consists of two sub-layers, the multi-head
self-attention sub-layer, and the position wise feed-forward
sub-layer.

In the multi-head self-attention sub-layer, the attention
is calculated h times, making it to be multi-headed. This
is achieved by projecting the queries (Q), keys (K) and
values (V) with h times by using different learnable lin-
ear projections. To be specific, given a set of fragments
F = {f1; f2;..; fx}, where f; € R'*9 and F € RF¥ds
(indicating the stacked features of image regions or sentence
words), we firstly calculate the query, key and value for the
input: Qp = FW?, Kr = FWiK, Vi = FWY where
W e Rirxde WK ¢ Rdsxdi WV e Rs*dv_the sub-
script ¢ donates for the i-th head. Then we can obtain the
weight matrix or affinity matrix with ‘Scaled Dot-Product
Attention’. Furthermore, the weighted sum of the value is
computed through the following equation:

Attention (Qp,Kp, V) = softmax (QFKIT7> A\
FyINp, VF \/ﬂ F-

After that, we compute the values for all heads and con-
catenate them together with equations:

head; = Attention (FW?,FWZK, FWY) , (2

MultiHead (F) = concat (heady, ..., heady,) W, (3)

where WO ¢ Rldvxdr and h is the number of the heads.
Aiming to further adjust the fragment representation-

s, the position wise feed-forward sub-layer transforms
each fragment separately and identically with two fully-
connected layers. And it can be described as:

FFN (z) = ReLu (W1 + b)) Wy + by, (4)
where + € R4 W, € R¥Xde W, ¢ Rioxdo

by € R'¥d= and by € R*4=_ Furthermore, the residual
connections [11] followed by a layer normalization are also
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applied after each of the two sub-layers to facilitate opti-
mization.

With the above self-attention unit, every image region
or sentence word can attend to the features of other frag-
ments in the same modality. As shown in the top green
dashed block in Figure 2, for image I with the fine-
grained representation R = {rq,ro, ..., 7}, we adapt the
above Transformer unit and produce the features Ry =
{rs1,7s2, -, Tsk } containing region-region relations. Next,
we aggregate the representations of image regions through
a simple but effective average pooling operation:

R
o= D . Tein )

And the /5 normalization is also applied to adjust the ulti-
mate global representation i € R%*! for this image. As
the 7 aggregates the fragment features in R s, the represen-
tation for image I contains the intra-modality relations.

For the textual data modeling, we feed the tokens (X =
{z1,29,...,2n}) of the sentence T into the pre-trained
BERT (Bidirectional Encoder Representations from Trans-
formers) model [4] as shown in the bottom green dashed
block in Figure 2. The BERT consists of multiple Trans-
former units, and its output E = {ey,eq, ..., e, } natural-
ly includes the intra-modality information. Then the 1-dim
convolution neural networks [16] are used to extract the lo-
cal context information. In particularly, three window sizes
(uni-gram, bi-gram and tri-gram) are used to capture the
phrase level information. The convolutional output using
the window size [ for the k-th word is:

pl,k - RSLU (Wlek‘:k-i-l—l + bl?) ) l = 17 273 (6)

where W) is the convolution filter matrix, and b; is the bias.
Next, the max-pooling operation across all word locations is
carried out: ¢, = max {p; 1, ..., Pi,n }- Then we concatenate
q1,q2, q3 and pass it into a fully connected layer followed by
the /5 normalization to get the final sentence embedding cy:

co = LayerNorm (W concat (q1,q2,93) + be) ,  (7)

where W, € R¥34 and b, € R¥!. Similarly, ¢y € R*!
models the intra-modality relationship of textual data.
3.4. Cross-Attention Module

Although the above self-attention module can effective-
ly exploit the intra-modality relationship, the inter-modality
relationship, e,g., the relationship of image regions and sen-
tence words is not explored. In this section, we introduce
how to model both the inter-modality and intra-modality
relationships in a unified model with our Cross-Attention
Module. The detailed introduction are as follows.

As shown in the red dashed block in Figure 2, the cross-
attention module takes the stacked features of image regions
and sentence words Y = (l];t) = {ry;...;rg;€1;...;ent as
the input, where Y € R(+")*d= Then Y is passed into

another Transformer unit. Here, the query, key and value
for the fragments are formed with the following equations:

RWH K
Ky = YWE — (EWK) = (Kg) (8)
Qy = YW = RW¢ - Qr )
Y EW¢® Qr)’
B v (RWY\ (Vg
vy —yw' = (B (V) o

Next, the ‘Scaled Dot-Product Attention’ is carried out
as defined in Eq.(11):

) QyK?T
Attention (Qy, Ky, Vy) = softmax Vy.
v (11)

To keep our derivation simple and easy to be understood,
we get rid of the softmax and scaled function in the above
equation, which does not affect the core idea of our attention
mechanism. And it can be expanded as follows:

QyKy" - Vy = (82) (Kr" Kg')- (¥Z)

_ <QRKRT QRKET> . (VR)
QrKr" QpKgp” Vg

_ <QRKRTVR + QRKETVE>
QrKr' Vi +QrKg'Vg)’

As we know (5*7) = QyK? - Vy, the updated features
up
for visual and textual fragments are:

Rup = {Tupt; i Tupk} = QrKr' Vi + QrKr' Vi,
(13)
Eup = {€upt; i eupr} = QeKp' Vi + QeKr' V.
(14)
This result shows that the output of the multi-head sub-
layer in this Transformer unit synchronously takes the inter-
modality and intra-modality relationships into considera-
tion. Then (1;;“)’) can be send into the followed position
wise feed-forward sub-layer. Finally, we get the output
of the Transformer unit in the cross-attention module, and
write it as: Y. = (%2)

In order to obtain the final representations for the whole
image and sentence, we split Y, into R, = {rei...rex}
and E. = {e.1...¢c,, }, and once again, pass them into an
average pool layer (for image regions R.) or an 1d-CNN
layer followed by a max pool layer (for words in sentence
E.), which is quite similar to the last few operations in
the self-attention module. So we have the final embedding
i, € R™!and ¢; € R¥! for image and sentence.
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3.5. Alignment Objective

Based on the above discussion, we can learn two pairs
of embeddings i.e., (g, ¢o) and (i1, ¢1) for the given image-
sentence pair (I, 7). Since the embeddings are scaled to
have a unit norm, we define the similarity score for image I
and sentence 7" as the weighted sum of two inner products,
ie., S(I,T) = ig - co + (i1 - ¢1), where « is a hyper-
parameter which balances the impact of the self-attention
module and the cross-attention module.

Then our model can be trained with a bi-directional
triplet ranking loss which encourages the similarity scores
of matched images and sentences to be larger than those of
mismatched ones.

L = mazx [O,m—S(I,T)—i-S (LT)}
N (15)
+maz [0,m — §(1,T) + 8 (1,T)] .

where m denotes the margin, (Ig T) denotes the true
matched image-sentence pair, and I, 7" stand for the hard
negatives in a mini-batch, i.e., I = argmazy21S (x,T)
and 7' = argmaz,+7S (I, y). In practice, we only use the
hard negatives in a mini-batch, instead of summing over all
the negative samples, which has proved to be effective for
the retrieval performance as in [6].

4. Experimental Results

To demonstrate the effectiveness of our proposed
method, we carry out extensive experiments on two public
available datasets including MS-COCO [23] and Flickr30K
[51]. Conventionally, we take Recall at K (R@K) as the e-
valuation metric, i.e. the fraction of queries for which the
correct item is retrieved in the closest K points to the query.
Besides, we conduct ablation studies to thoroughly investi-
gate our method.

4.1. Datesets and Protocols

MS-COCO [23] is one of the most popular dataset for
the image and sentence matching task. It contains 123287
images, and each image is annotated with five text descrip-
tions. The average length of captions is 8.7 after a rare word
removal. In [14], the dataset is split into 82783 training im-
ages, 5,000 validation images and 5000 test images. We
follow [6] to add 30504 images that are originally in the
validation set of MS-COCO but have been left out in this
split into the training set.

Flickr30K [51] consists of 31000 images collected from
the Flickr website. And every image contains 5 text descrip-
tions. We take the same split for training, validation and
testing set as in [14]. There are 1000 images for validation
and 1000 images for testing, and the rest for training.

4.2. Implementation Details

The proposed Multi-Modality Cross-Attention Network
is implemented in PyTorch framework [27] with a NVIDIA

GeForce GTX 2080Ti GPU.

In the self-attention module, for the image branch, the
image region feature vector extracted by a bottom-up atten-
tion [1] is 2048-dimensional, and we add a fully-connect
layer to transform it to a d-dimensional vector before feed-
ing them into a Transformer unit with 16 heads. As for the
textual data in the self-attention module, we use the pre-
trained BERT model [4] including 12 self-attention layers,
12 heads, 768 hidden units for each token. For simplici-
ty, the weights of BERT model is fixed during the training
stage. In the 1-dim convolution neural networks, we use 256
filters for each filter size. In the cross-attention module, we
apply a Transformer unit with 16 heads for implementation.

The model is trained for 20 epochs with the Adam op-
timizer [17]. We start training with a learning rate 0.0002
for the first 10 epochs, and then decay the learning rate by
0.1 for the rest epochs. The batch-size is set to 64 for all
experiments. The margins for the hinge triplet loss is set to
0.2, 1.e., m = 0.2. Note that since the size of the training set
for Flickr30k and MS-COCO is different, the actual number
of iterations in each epoch can vary. At last, for evaluation
on the test set, we tackle the over-fitting by choosing the
snapshot of the model based on the validation set.

4.3. Performance Comparison

We compare with several recent state-of-the-art methods
on the Flickr30k [51] and MS-COCO [23] datasets in Ta-
ble 1, Table 2 and Table 3. We can find that our proposed
Multi-Modality Cross Attention Network can achieve much
better performance.

Results on Flickr30K. Table 1 presents the quantitative
results on Flickr30K where our proposed method outper-
forms recent approaches in both image to sentence retrieval
and sentence to image retrieval, achieving 74.2%, 92.8%,
96.4% for R@1, R@5 and R@10 in image to sentence re-
trieval task. And the performance on sentence to image re-
trieval is 54.8%, 81.4%, and 87.85% for R@1, R@5 and
R@10, respectively. Besides, almost all the best meth-
ods are based on Faster R-CNN [32], which shows that
the methods can usually work better if they take the fine-
grained image regions for the global image representation.
Different from previous works which either neglect the in-
teractions between regions and words, or ignore the textual-
textual and visual-visual relationships, our model jointly
models both inter-modality and intra-modality relationships
in a unified deep model.

Results on MS-COCO Table 2 and Table 3 list the ex-
perimental results on MS-COCO (1K testing set and 5K
testing set respectively) compared with previous methods.
It can be seen from Table 2 that our proposed method out-
performs the recent approaches. When measured by R@1,
our model outperforms the best baseline by 3.6% and 3.8%
on the image-to-text task and the text-to-image task, respec-
tively. On the 5K testing set, our proposed method out-
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Table 1. Comparison results of the cross-modal retrieval on the Flickr30K dataset in terms of Recall @K(RQK).

Image-to-Text

Text-to-Image

Table 2.

Method R@I | R@5 | R@I0 | R@I | R@5 | R@10

DVSA (R-CNN, AlexNet) [14] 222 | 48.2 61.4 152 | 37.7 50.5
DSPE(VGG, Fisher vector) [43] 40.3 | 68.9 79.9 29.7 | 60.1 72.1
JGCAR(VGG) [44] 449 | 753 82.7 352 | 62.0 72.4

CMPM (ResNet) [54] 49.6 | 76.8 86.1 373 | 65.7 75.5

DAN (ResNet) [26] 55.0 | 81.8 89.0 394 | 69.2 79.1

VSE++ (ResNet) [6] 529 | 87.2 - 39.6 - 79.5

DPC (ResNet) [55] 55.6 | 819 89.5 39.1 69.2 80.9

SCO (ResNet) [13] 55.5 82.0 89.3 41.1 70.5 80.1

CAMP (Faster R-CNN, ResNet) [46] | 68.1 89.7 95.2 51.5 | 77.1 85.3
SCAN (Faster R-CNN, ResNet) [21] | 67.4 | 90.3 95.8 48.6 | 77.7 85.2
SAEM (Faster R-CNN, ResNet) [48] | 69.1 91.0 95.1 524 | 81.1 88.1
MMCA 74.2 | 92.8 96.4 548 | 814 87.8

Comparison results of the cross-modal retrieval on the MS-COCO 1K testing set in terms of Recall @ K(R@K).
Method Image-to-Text Text-to-Image

R@1 | R@5 | R@10 | R@1 | R@5 | R@10

DVSA (R-CNN, AlexNet) [14] 384 | 69.9 80.5 274 | 60.2 74.8
DSPE(VGG, Fisher vector) [43] 50.1 | 79.7 89.2 39.6 | 75.2 86.9
CMPM (ResNet) [54] 56.1 86.3 92.9 44.6 | 78.8 89.0
JGCAR(VGG) [44] 52.7 | 82.6 90.5 40.2 | 74.8 85.7

VSE++ (ResNet) [6] 64.6 - 95.7 52.0 - 92.0

DPC (ResNet) [55] 65.6 | 89.8 95.5 47.1 79.9 90.0

GXN (ResNet) [10] 68.5 - 97.9 56.6 - 94.5

PVSE (ResNet) [36] 69.2 | 91.6 96.6 55.2 | 86.5 93.7

SCO (ResNet) [13] 69.9 | 929 97.5 56.7 | 87.5 94.8

CMPM (ResNet) [54] 56.1 86.3 92.9 44.6 | 78.8 89.0
CAMP (Faster R-CNN, ResNet) [46] | 72.3 | 94.8 98.3 58.5 | 879 95.0
SCAN (Faster R-CNN, ResNet) [21] | 72.7 | 94.8 98.4 58.8 | 88.4 94.8
SAEM (Faster R-CNN, ResNet) [48] | 71.2 | 94.1 97.7 57.8 | 88.6 94.9
MMCA 74.8 | 95.6 97.7 61.6 | 89.8 95.2

performs recent approaches, achieving 54.0% for R@1 in
the image to sentence retrieval task and 38.7% for R@1
in the sentence to image retrieval task. The superiority of
our model can be attributed to its ability to exploit region-
region, word-word and region-word relationships through
the self-attention module and the cross-attention module a
unified network. Thus we can obtain more suitable embed-
dings for measuring the relevance between visual and tex-
tual data, and get the retrieval task better.

4.4. Ablation Studies and Analysis

First of all, we conduct ablation studies on Flickr30K
and MS-COCO 1K testing set to revisit the effect of the di-
mensionality of the hidden space. The results for the image-
sentence retrieval with varying dimensions are shown in Ta-
ble 4 and Table 5. And it can be seen from the table that the
performance of our model first increases and then decreas-
es, with the increasing of the hidden space dimension. We
get the best result when the dimension of hidden space is
set to 256 on both Flickr30K and MS-COCO datasets. The

result indicates that larger dimensions do not always lead
to better performance. And it may be because that larger
dimensions make the model difficult to train. So it is neces-
sary to choose an appropriate middle-sized dimensionality
for our model.

Secondly, we test the effect of different values of the
hyper-parameter « in equation S (I,T) = i - ¢o +
a (i1 - ¢1). As we can see, « acts as a balancer to control the
impact of the self-attention module and the cross-attention
module for the final matching score. The experimental re-
sults are shown in Table 6. We obtain the best performance
when « is set to 0.2. Essentially, if o equals to zero, the
model only takes the intra-modality relationships into con-
sideration, which leads to drop on the performance. More-
over, a with large values also has a negative impact on the
result, which may be because that the balance of the intra-
modality and inter-modality relationships should be consid-
ered for the image and sentence matching task. When « is
too large, we may loss the essential information for visual
contents and language semantics.
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Table 3. Comparison results of the cross-modal retrieval on the MS-COCO 5K testing set in terms of Recall@K(R @K).

Image-to-Text Text-to-Image
Method R@I | R@5 | R@10 | R@l | R@5 | R@I0
VSE++ (ResNet) [6] 41.3 - 81.2 30.3 - 72.4
DPC (ResNet) [55] 41.2 | 70.5 81.1 253 | 534 66.4
GXN (ResNet) [10] 42.0 - 84.7 31.7 - 74.6
SCO (ResNet) [13] 428 | 72.3 83.0 33.1 | 629 75.5
PVSE (ResNet) [36] 452 | 742 84.4 324 | 63.0 75.0
CAMP (Faster R-CNN, ResNet) [46] | 50.1 | 82.1 89.7 39.0 | 68.9 80.2
SCAN (Faster R-CNN, ResNet) [21] | 504 | 82.2 90.0 38.6 | 69.3 80.4
MMCA 54.0 | 82.5 90.7 | 38.7 | 69.7 80.8

Table 4. The impact of hidden space dimensionality on Flickr30K.

Image-to-Text Text-to-Image

Method

R@1 R@5 R@10 R@1 R@5 R@10
64d 71.4 91.0 95.3 52.5 79.6 87.2
128d 72.6 91.8 96.5 53.5 80.4 86.8
256d 74.2 92.8 96.4 54.8 81.4 87.8
512d 73.6 91.7 95.5 53.9 81.2 88.4

Table 5. The impact of hidden space dimensionality on MS-COCO
1K testing set.

Image-to-Text Text-to-Image

Method | —p T R@5 R@I0 | R@I R@5 R@I0
64d 717 923 956 575 843 922
128d 737 938 97 60.7 90.8 94.7
256d 74.8 95.6 97.7 61.6 89.8 95.2
512d 74.1 94.2 97.5 60.4 88.5 94.3

Table 6. The impact of different values of « on Flick30K.

Image-to-Text Text-to-Image
Method R@I R@5 | R@I0 | R@I R@5 | R@I0
a=01 717 91.6 959 338 312 89.1
a=02 74.2 92.8 96.4 54.8 81.4 87.8
a=04 718 91.9 95.0 50.9 76.6 84.1
a=0.8 67.1 87.0 91.9 485 719 78.3

Furthermore, the qualitative results from image to tex-
t retrieval and the text to image retrieval on Flickr30K are
illustrated in Figure 4 and Figure 5, respectively. For each
image query, we show the top-5 retrieved sentences ranked
by the similarity scores predicted by our approach. The cor-
rect retrieval sentences are marked in green, while the false
ones are in black. It’s clear that even the ‘wrong’ retrieval
results have something similar to the queries, which proves
our method does have extracted the interactions between vi-
sual and textual fragments. Figure 5 illustrates the qualita-
tive results of image retrieval, with only one ground-truth
image for each sentence. The top-4 retrieved images are
sorted from left to right according to their similarity scores.
We mark the true matches with green boxes. Once again,
the top ranked retrieval results are reasonable.
5. Conclusions

In this paper, we propose a novel image and sentence
matching method by jointly modeling both inter-modality
and intra-modality relationships in a unified deep model.
We first extract salient image regions and sentence tokens.
Then we apply the proposed self-attention module and the
cross-attention module to exploit the complex fine-grained
relationships among the fragments. Finally, we update visu-
al and textual features into a common embedding space by
minimizing the hard-negative-based triplet loss. We have

@ A child appear
jacket on the I

Figure 4. Qualitative sentence search results using image query on
Flickr30K. We show the top five retrieval sentences in descending
relevant scores. The sentences in green are the true matches, and
the descriptions in black are the false matches.

A man in a red shirt and blue pants is going into a building while a dog watches him .

Figure 5. Qualitative image search results using sentence query
on Flickr30K. We show the top four retrieval images in descending
relevant scores. The images in green boxes are the true matches,
and those in red boxes are the false matches.

systematically studied the influence of our idea and carried
out experiments.The results demonstrate the effectiveness
of our model by achieving significant performance.
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