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Abstract
The key of image and sentence matching is to accurately 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 modality or the inter-modality relationship between image regions
and sentence words for the cross-modal matching task. Different from them, in this work, we propose a novel MultiModality Cross Attention (MMCA) Network for image and
sentence matching by jointly modeling the intra-modality
and inter-modality relationships of image regions and sentence words in a unified deep model. In the proposed MMCA, we design a novel cross-attention mechanism, which is
able to exploit not only the intra-modality relationship within 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 benchmarks 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 fundamental 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 visionlanguage tasks including image-sentence cross-modal retrieval [21, 48, 55], visual captioning [1, 5], visual grounding [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 significant progress has been achieved in recent years, it is still a
challenging problem because it requires the understanding
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A man is surﬁng while holding a girl, and a dog on its own board.

Figure 1. Fine-grained representation for visual and textual elements. Our method can jointly model both intra-modality and
inter-modality relationships in a deep network.

of language semantics, visual contents, and cross-modal relationships and alignments [38].
Due to the huge visual-semantic discrepancy between vision 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 into 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 representations for image and sentence, and then associate them
by exploiting visual-semantic embedding [42]. Most previous methods embed images and sentences independently
into the same embedding space, and then measure their similarities 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 CNN for image and RNN for sentence. For visual-content
understanding, several deep backbone models have been developed including VGG, ResNet, GoogleNet [11, 34, 37],
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and demonstrated their effectiveness on large vision datasets [3, 20]. In terms of language understanding, several methods [4, 31, 39] have been proposed towards building a universal backbone model with large-scale contextualized language model pre-training [39, 4], which has improved performances 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 into 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 imagesentence fragments (objects in an image and words in a sentence) [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 matching methods have been proposed to take the relationships between regions of the image and words of the sentence into consideration [12, 14, 15, 26, 21, 48]. Most
existing methods compare many pairs of image regions and sentence words, and aggregate their local similarities [14, 15, 18, 35]. Generally, incorporating the relationships between image regions and sentence words could benefit in capturing the fine-grained cross-modal cues for image
and sentence matching. To achieve this goal, various methods have been proposed [15, 13, 14, 29, 52, 21, 48, 12],
which can be roughly grouped into two categories including 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 interactions 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 data. However, most of existing methods ignore the connections among vision-vision elements or language-language
elements. The intra-modality based methods stress the
relations within each modality for image regions or sentence words [48], which ignores the inter-modality relations 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 representation 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 relationships 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 novel Multi-Modality Cross Attention Network for image and
sentence matching by jointly modeling inter-modality relationship 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 attention modules including self-attention module and crossattention 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 model [1] to extract features of salient image regions. Meanwhile we use the word token embeddings as the language
elements. Then we independently feed the image regions 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 aggregating 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 followed 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 summarized as follows. (1) We proposed a novel Multi-Modality
Cross Attention Network for image and sentence matching
by jointly modeling intra-modality relationship and intermodality relationship of image regions and sentence words in a unified deep model. (2) To achieve a robust crossmodal matching, we propose a novel cross-attention module, which is able to exploit not only the intra-modality relationship within 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. (3) Extensive experimental results on two
standard benchmarks including Flickr30K and MS-COCO
demonstrate that the proposed model performs favorably against state-of-the-art image and sentence matching methods.

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 extract 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 distances [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 embedding learning to learn more discriminative representations
for visual and textual data. Meanwhile, Yan et al. [50] associate 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, Klein 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 performance. 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.
Many-to-many Matching. In the field of vision and language, it is more and more popular to consider the finegrained alignments between image regions and sentence
words. In [14], it is the first work to perform local similarity learning between fragments of image regions and sentence 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. Similarly, in [26], a dual attentional network is proposed to capture the fine-grained interplay between vision and language
through multiple steps. However, this work takes a multistep approach to realize the feature alignment between the
whole image and sentence, which is less interpretable. SCAN [21] is proposed by using a stacked cross attention
mechanism to discover all the alignments between salient objects and words. But it fails to consider the relationships 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 relationship across different modalities. However, few methods 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 selectively 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 captioning [49], sentiment classification [45], neural machine
translation [24, 39], sentence summarization [33], etc. Recently, the attention mechanism has also been applied to the
cross-modality matching task. In [26], the dual attentional 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 stacked 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 relationship. 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 mechanism. However, they mainly explore the intra-modality relationships. Different from existing methods, the proposed
cross-attention model can discover both the intra-modality
and inter-modality relationships jointly for image and sentence matching in a unified model.

3. Multi-Modality Cross Attention Network
3.1. Overview
As shown in Figure 2, our Multi-Modality Cross Attention Network mainly consists of two modules, the selfattention module and the cross-attention module, demonstrated in the green dashed blocks and red dash dashed
block in Figure 2, respectively. Given an image and sentence 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 extract features for image regions. Meanwhile, we use WordPiece tokens of each sentence as the fragments in the textual
modality. Based on these extracted fine-grained representations 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 intermodality and intra-modality relationships for image regions and sentence words. By considering both intra-modality
and inter-modality relationships into consideration, the features discriminative ability of image and sentence fragments
can be improved. Then the 1d-CNN and pool operation
are used to aggregate these fragment representations, resembling bag of visual words model which has shown success 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 (i0 , c0 ) and
(i1 , c1 ), 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 parameters 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 = {o1 , o2 , ..., ok }, where each oi 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 features to fit our task. We denote the transformed feature as
R = {r1 , r2 , ..., rk }, with ri corresponding to the transformed feature of oi .
Sentence Instance Candidates. Following [4], which has
made great progress in machine translation, we use WordPiece 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 , ..., xn }.
These image region features and word embeddings are
further fed into our Multi-Modality Cross Attention Network to fuse both the intra-modality and inter-modality information.

3.3. Self-Attention Module
In this section, we introduce how to utilize the selfattention 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 output 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 selfattention mechanism, queries, keys and values are equal.

Transformer
Add & LayerNprm
Feed Forward

Add & LayerNprm
Multi-Head
Attention

Query Key

Value

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 linear projections. To be specific, given a set of fragments
F = {f1 ; f2 ; ...; fk }, where fi ∈ R1×df and F ∈ Rk×df
(indicating the stacked features of image regions or sentence
words), we firstly calculate the query, key and value for the
K
V
input: QF = FWQ
i , KF = FWi , VF = FWi , where
Q
df ×dk
K
df ×dk
V
df ×dv
Wi ∈ R
, Wi ∈ R
, Wi ∈ R
, the subscript i 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:


QF KTF
√
Attention (QF , KF , VF ) = sof tmax
VF .
dk
(1)
After that, we compute the values for all heads and concatenate them together with equations:


K
V
, (2)
headi = Attention FWQ
i , FWi , FWi
M ultiHead (F) = concat (head1 , ..., headh ) WO , (3)
where WO ∈ Rhdv ×dk , and h is the number of the heads.
Aiming to further adjust the fragment representations, the position wise feed-forward sub-layer transforms
each fragment separately and identically with two fullyconnected layers. And it can be described as:
F F N (x) = ReLu (xW1 + b1 ) W2 + b2 ,

(4)

where x ∈ R1×dx , W1 ∈ Rdx ×dx , W2 ∈ Rdx ×dx ,
b1 ∈ R1×dx and b2 ∈ R1×dx . 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 optimization.
With the above self-attention unit, every image region
or sentence word can attend to the features of other fragments in the same modality. As shown in the top green
dashed block in Figure 2, for image I with the finegrained representation R = {r1 , r2 , ..., rk }, we adapt the
above Transformer unit and produce the features Rs =
{rs1 , rs2 , ..., rsk } containing region-region relations. Next,
we aggregate the representations of image regions through
a simple but effective average pooling operation:
1 Xk
rsi .
(5)
i0 =
i=1
k
And the ℓ2 normalization is also applied to adjust the ultimate global representation i0 ∈ Rd×1 for this image. As
the i0 aggregates the fragment features in Rs , the representation for image I contains the intra-modality relations.
For the textual data modeling, we feed the tokens (X =
{x1 , x2 , ..., xn }) of the sentence T into the pre-trained
BERT (Bidirectional Encoder Representations from Transformers) model [4] as shown in the bottom green dashed
block in Figure 2. The BERT consists of multiple Transformer units, and its output E = {e1 , e2 , ..., en } naturally includes the intra-modality information. Then the 1-dim
convolution neural networks [16] are used to extract the local 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 l for the k-th word is:
pl,k = ReLU (Wl ek:k+l−1 + bl , ) ,

l = 1, 2, 3

(6)

where Wl is the convolution filter matrix, and bl is the bias.
Next, the max-pooling operation across all word locations is
carried out: ql = max {pl,1 , ..., pl,n }. Then we concatenate
q1 , q2 , q3 and pass it into a fully connected layer followed by
the ℓ2 normalization to get the final sentence embedding c0 :
c0 = LayerN orm (We concat (q1 , q2 , q3 ) + be ) ,

(7)

where We ∈ Rd×3d and be ∈ Rd×1 . Similarly, c0 ∈ Rd×1
models the intra-modality relationship of textual data.

3.4. Cross-Attention Module
Although the above self-attention module can effectively exploit the intra-modality relationship, the inter-modality
relationship, e,g., the relationship of image regions and sentence 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 crossattention module takes the stacked
 features of image regions
and sentence words Y = R
E = {r1 ; ...; rk ; e1 ; ...; en } as
the input, where Y ∈ R(k+n)×dx . Then Y is passed into

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



RWK
EWK



QY = YW =



RWQ
EWQ





RWV
EWV



KY = YW

K

Q

V

VY = YW =

=



=



=




KR
,
KE

(8)


QR
,
QE

(9)


VR
.
VE

(10)

Next, the ‘Scaled Dot-Product Attention’ is carried out
as defined in Eq.(11):
Attention (QY , KY , VY ) = sof tmax



QY KTY
√
d



VY .

(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:



VR
Q Y KY · VY =
KR
KE ·
VE

 

T
T
VR
Q R KR
Q R KE
=
·
Q E KR T Q E KE T
VE


T
T
Q R KR VR + Q R KE VE
.
=
Q E KE T V E + Q E KR T VR
(12)

T
up
=
Q
K
·
V
,
the
updated
features
As we know R
Y
Y
Y
Eup
for visual and textual fragments are:
T



QR
QE

T

T





Rup = {rup1 ; ...; rupk } = QR KR T VR + QR KE T VE ,
(13)
T
T
Eup = {eup1 ; ...; eupk } = QE KE VE + QE KR VR .
(14)
This result shows that the output of the multi-head sublayer in this Transformer unit synchronously takes the intermodality and intra-modality
relationships into considera
up
can
be
send
into the followed position
tion. Then R
Eup
wise feed-forward sub-layer. Finally, we get the output
of the Transformer unit
 in the cross-attention module, and
c
write it as: Yc = R
Ec .
In order to obtain the final representations for the whole
image and sentence, we split Yc into Rc = {rc1 ...rck }
and Ec = {ec1 ...ecn }, and once again, pass them into an
average pool layer (for image regions Rc ) or an 1d-CNN
layer followed by a max pool layer (for words in sentence
Ec ), which is quite similar to the last few operations in
the self-attention module. So we have the final embedding
i1 ∈ Rd×1 and c1 ∈ Rd×1 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., (i0 , c0 ) and (i1 , c1 ) for the given imagesentence pair (I, T ). Since the embeddings are scaled to
have a unit norm, we define the similarity score for image I
and sentence T as the weighted sum of two inner products,
i.e., S (I, T ) = i0 · c0 + α (i1 · c1 ), where α is a hyperparameter 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. h

i
L = max 0, m − S (I, T ) + S I, T̂
h

i
(15)
ˆT ,
+max 0, m − S (I, T ) + S I,
where m denotes the margin, (I, T ) denotes the true
ˆ T̂ stand for the hard
matched image-sentence pair, and I,
negatives in a mini-batch, i.e., Iˆ = argmaxx6=I S (x, T )
and T̂ = argmaxy6=T S (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 evaluation 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 investigate 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 descriptions. The average length of captions is 8.7 after a rare word
removal. In [14], the dataset is split into 82783 training images, 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 descriptions. 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 attention [1] is 2048-dimensional, and we add a fully-connect
layer to transform it to a d-dimensional vector before feeding them into a Transformer unit with 16 heads. As for the
textual data in the self-attention module, we use the pretrained BERT model [4] including 12 self-attention layers,
12 heads, 768 hidden units for each token. For simplicity, 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 optimizer [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, i.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 Table 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 outperforms 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 retrieval task. And the performance on sentence to image retrieval is 54.8%, 81.4%, and 87.85% for R@1, R@5 and
R@10, respectively. Besides, almost all the best methods are based on Faster R-CNN [32], which shows that
the methods can usually work better if they take the finegrained image regions for the global image representation.
Different from previous works which either neglect the interactions between regions and words, or ignore the textualtextual 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 experimental 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 outperforms 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, respectively. 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(R@K).

Method
DVSA (R-CNN, AlexNet) [14]
DSPE(VGG, Fisher vector) [43]
JGCAR(VGG) [44]
CMPM (ResNet) [54]
DAN (ResNet) [26]
VSE++ (ResNet) [6]
DPC (ResNet) [55]
SCO (ResNet) [13]
CAMP (Faster R-CNN, ResNet) [46]
SCAN (Faster R-CNN, ResNet) [21]
SAEM (Faster R-CNN, ResNet) [48]
MMCA

Image-to-Text
R@1 R@5 R@10
22.2
48.2
61.4
40.3
68.9
79.9
44.9
75.3
82.7
49.6
76.8
86.1
55.0
81.8
89.0
52.9
87.2
55.6
81.9
89.5
55.5
82.0
89.3
68.1
89.7
95.2
67.4
90.3
95.8
69.1
91.0
95.1
74.2
92.8
96.4

Text-to-Image
R@1 R@5 R@10
15.2
37.7
50.5
29.7
60.1
72.1
35.2
62.0
72.4
37.3
65.7
75.5
39.4
69.2
79.1
39.6
79.5
39.1
69.2
80.9
41.1
70.5
80.1
51.5
77.1
85.3
48.6
77.7
85.2
52.4
81.1
88.1
54.8
81.4
87.8

Table 2. Comparison results of the cross-modal retrieval on the MS-COCO 1K testing set in terms of Recall@K(R@K).

Method
DVSA (R-CNN, AlexNet) [14]
DSPE(VGG, Fisher vector) [43]
CMPM (ResNet) [54]
JGCAR(VGG) [44]
VSE++ (ResNet) [6]
DPC (ResNet) [55]
GXN (ResNet) [10]
PVSE (ResNet) [36]
SCO (ResNet) [13]
CMPM (ResNet) [54]
CAMP (Faster R-CNN, ResNet) [46]
SCAN (Faster R-CNN, ResNet) [21]
SAEM (Faster R-CNN, ResNet) [48]
MMCA

Image-to-Text
R@1 R@5 R@10
38.4
69.9
80.5
50.1
79.7
89.2
56.1
86.3
92.9
52.7
82.6
90.5
64.6
95.7
65.6
89.8
95.5
68.5
97.9
69.2
91.6
96.6
69.9
92.9
97.5
56.1
86.3
92.9
72.3
94.8
98.3
72.7
94.8
98.4
71.2
94.1
97.7
74.8
95.6
97.7

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 regionregion, 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 embeddings for measuring the relevance between visual and textual 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 dimensionality of the hidden space. The results for the imagesentence retrieval with varying dimensions are shown in Table 4 and Table 5. And it can be seen from the table that the
performance of our model first increases and then decreases, 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

Text-to-Image
R@1 R@5 R@10
27.4
60.2
74.8
39.6
75.2
86.9
44.6
78.8
89.0
40.2
74.8
85.7
52.0
92.0
47.1
79.9
90.0
56.6
94.5
55.2
86.5
93.7
56.7
87.5
94.8
44.6
78.8
89.0
58.5
87.9
95.0
58.8
88.4
94.8
57.8
88.6
94.9
61.6
89.8
95.2

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 necessary to choose an appropriate middle-sized dimensionality
for our model.
Secondly, we test the effect of different values of the
hyper-parameter α in equation S (I, T ) = i0 · c0 +
α (i1 · c1 ). As we can see, α 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 results are shown in Table 6. We obtain the best performance
when α is set to 0.2. Essentially, if α equals to zero, the
model only takes the intra-modality relationships into consideration, which leads to drop on the performance. Moreover, α with large values also has a negative impact on the
result, which may be because that the balance of the intramodality and inter-modality relationships should be considered for the image and sentence matching task. When α 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).

Method
VSE++ (ResNet) [6]
DPC (ResNet) [55]
GXN (ResNet) [10]
SCO (ResNet) [13]
PVSE (ResNet) [36]
CAMP (Faster R-CNN, ResNet) [46]
SCAN (Faster R-CNN, ResNet) [21]
MMCA

Image-to-Text
R@1 R@5 R@10
41.3
81.2
41.2
70.5
81.1
42.0
84.7
42.8
72.3
83.0
45.2
74.2
84.4
50.1
82.1
89.7
50.4
82.2
90.0
54.0
82.5
90.7

Text-to-Image
R@1 R@5 R@10
30.3
72.4
25.3
53.4
66.4
31.7
74.6
33.1
62.9
75.5
32.4
63.0
75.0
39.0
68.9
80.2
38.6
69.3
80.4
38.7
69.7
80.8

Table 4. The impact of hidden space dimensionality on Flickr30K.
Method
64d
128d
256d
512d

R@1
71.4
72.6
74.2
73.6

Image-to-Text
R@5
R@10
91.0
95.3
91.8
96.5
92.8
96.4
91.7
95.5

R@1
52.5
53.5
54.8
53.9

Text-to-Image
R@5
R@10
79.6
87.2
80.4
86.8
81.4
87.8
81.2
88.4

①A man wears an orange hat and glasses .
②A man with gauges and glasses is
wearing a Blitz hat .
③Two men wearing hats .
④A man in an orange hat starring at something .
⑤The man with pierced ears is wearing glasses
and an orange hat .

①A group of people standing on the lawn
in front of a building .
②Many people in blue jeans stand in front
of a white church .
③Individuals are building a house .
④People are walking on the front grounds of
a large building .
⑤People standing outside of a building .

Table 5. The impact of hidden space dimensionality on MS-COCO
1K testing set.
Method
64d
128d
256d
512d

R@1
71.7
73.7
74.8
74.1

Image-to-Text
R@5
R@10
92.3
95.6
93.8
97
95.6
97.7
94.2
97.5

R@1
57.5
60.7
61.6
60.4

Text-to-Image
R@5
R@10
84.3
92.2
90.8
94.7
89.8
95.2
88.5
94.3

Table 6. The impact of different values of α on Flick30K.
Method
α
α
α
α

=
=
=
=

0.1
0.2
0.4
0.8

R@1
71.7
74.2
71.8
67.1

Image-to-Text
R@5
R@10
91.6
95.9
92.8
96.4
91.9
95.0
87.0
91.9

R@1
53.8
54.8
50.9
48.5

Text-to-Image
R@5
R@10
81.2
89.1
81.4
87.8
76.6
84.1
71.9
78.3

Furthermore, the qualitative results from image to text 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 correct 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 visual and textual fragments. Figure 5 illustrates the qualitative 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.

①A little boy is playing in the water with a beautiful
sunset and mountains in the background .
②A young boy plays in the water with the
mountains in the background .
③A small child in water with a splash encircling him
while the white clouds ﬂoat over the mountains .
④ A child appears to be in a canoe wearing a life
jacket on the lake , clear blue water and blue sky .
⑤A lone man standing a rock shore looking downward
at a inland body of water with a blue ocean or other
large body of water behind him extending into
the horizon of a blue sky .

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 .

Two men sitting on the roof of a house while another one stands on a ladder .

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.

5. Conclusions
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