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a b s t r a c t 

Video captioning aims at translating from a sequence of video frames into a sequence of words with 

the encoder-decoder framework. Hence, it is critical to align these two different sequences. Most existing 

methods exploit soft-attention (temporal attention) mechanism to align target words with corresponding 

frames, where the relevance of them merely depends on the previously generated words (i.e., language 

context). As we know, however, there is an inherent gap between vision and language, and most of the 

words in a caption belong to non-visual words (e.g. “a”, “is”, and “in”). Hence, merely with the guidance 

of the language context, existing temporal attention-based methods cannot exactly align target words 

with corresponding frames. In order to address this problem, we first introduce pre-detected visual tags 

from the video to bridge the gap between vision and language. The reason is that visual tags not only 

belong to textual modality, but also can convey visual information. Then, we present a Textual-Temporal 

Attention Model (TTA) to exactly align the target words with corresponding frames. The experimental 

results show that our proposed method outperforms the state-of-the-art methods on two well known 

datasets, i.e., MSVD and MSR-VTT. 1 

© 2020 Elsevier Ltd. All rights reserved. 
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. Introduction 

The goal of video captioning is to automatically generate a nat- 

ral language sentence that summarizes the content of a video. 

he research topic is interesting because not only does it has im- 

ortant practical applications, such as video title generation, blind 

avigation, and content-based video retrieval, but also it connects 

omputer Vision with Natural Language Processing which are two 

ajor directions in Artificial Intelligence. 

Thanks to the rapid development of deep neural network, the 

ncoder-decoder neural network has achieved encouraging perfor- 

ances for video captioning. Specifically, an encoder convolutional 

eural network (CNN) [1,2] encodes video frames into feature vec- 

ors and then a decoder recurrent neural network (RNN) [3] de- 

odes them into a natural language sentence. With this framework, 

he goal of video captioning [4–6] is to directly translate from a se- 

uence of frames to a sequence of words. To this end, it is critical 

o build the alignment between these two sequences, for the order 
∗ Corresponding author. 

E-mail address: ztyu@hotmail.com (Z. Yu). 
1 Our code is available at https://github.com/tuyunbin/Enhancing-the- 

lignment- between- Target- Words- and- Corresponding- Frames- for- Video- Captioning 
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nd length of them may different. Inspired by the soft-alignment 

pproach [7] which learns to align and translate jointly in neu- 

al machine translation (NMT), Yao et al. [4] proposed to incor- 

orate this mechanism, namely the temporal attention mechanism 

nto the encoder-decoder framework and demonstrated its bene- 

ts. At time step t , the temporal attention mechanism is capable 

f deciding which a subset of frames to attend to, making it pos- 

ible for the decoder to generate each target word only based on 

ts relevant frame, where the relevance is measured by the previ- 

usly generated words (i.e., language context). As we know, how- 

ver, there is an inherent gap between vision and language, and 

ost of the words in a caption belong to non-visual words (e.g. 

a”, “is”, and “in”). In this situation, merely with the guidance of 

he language context, the temporal attention mechanism often fails 

o determine which frames are more relevant to the target words. 

n other words, temporal attention-based methods merely build 

oarse alignment between target words and corresponding frames, 

nd thus generate ambiguous descriptions, such as details missing 

r recognition error. For instance, in Fig. 1 , the key object “bird” is 

issing in (a), and the “girl” is wrongly recognized as the “boy” in 

b). 

In Fig. 1 (a), although the object “bird” occurs in every frame, 

t is more apparent in the last two frames. Furthermore, in the 

https://doi.org/10.1016/j.patcog.2020.107702
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2020.107702&domain=pdf
mailto:ztyu@hotmail.com
https://github.com/tuyunbin/Enhancing-the-Alignment-between-Target-Words-and-Corresponding-Frames-for-Video-Captioning
https://doi.org/10.1016/j.patcog.2020.107702
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Fig. 1. Two unaligned examples generated by the temporal attention-based 

method. (a) The key object “bird” is missing. (b) The “girl” is wrongly recognized 

as the “boy”. 
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round truth of (a), we can clearly see that most of the generated 

ords belong to non-visual words (i.e., “a”, “is”, “and”, “out”, and 

for”). Similarly, in Fig. 1 (b), the object “girl” is not in a good po-

ition in the most frames and the previous word is only “a”. In 

bove cases, the temporal attention-based method cannot get suf- 

cient visual cues to select more proper snippets and thus failed 

o align the target words “bird” and “girl” with the most relevant 

rames. In order to mitigate this problem, we consider introduc- 

ng some useful visual cues as “bridges” to help the temporal at- 

ention mechanism to build exact alignment between target words 

nd corresponding frames. 

To achieve this goal, in this paper we first propose to exploit 

etected visual tags in frames as “bridges” between vision and 

anguage. The reason is that these tags are visual words which 

ot only belong to textual information, but also are capable of 

onveying visual information. Then, to exploit these tags to en- 

ance the alignment during temporal attention process, we devise 

 Textual-Temporal Attention Model (TTA) which extends the con- 

entional temporal attention model via adding another textual at- 

ention model. Specifically, first, we adopt a CNN encoder to ex- 

ract frame features for a video. Second, in order to get useful vi- 

ual tags and inspired by the task of instance segmentation, we 

pt for a Region-based CNN (R-CNN) to detect each frame and se- 

ect top-n tags representing the most frequent objects in the video. 

inally, we incorporate the proposed Textual-Temporal Attention 

odel (TTA) into an LSTM decoder to generate target words. The 

extual attention model is first utilized to select the key visual tags 

ia the language context, because both of them belong to textual 

odality. Then, the temporal attention model will determine the 

ey frames with the help of the language context plus the key vi- 

ual tags. Through this manner, the attended frames will be more 

elevant to target words. Thereinto, not only do key visual tags of- 

er important visual cues to temporal attention process, but also 

apture fine-grained information that may be neglected by frame 

eatures. 

In summary, our contributions of this work are as follows: 

• Visual tags are introduced to bridge the gap between vision and 

language. 
• A textual-temporal attention model is devised and incorporated 

into the decoder to build the exact alignment between target 

words and corresponding frames. 
• Extensive experiments on two well-known datasets, i.e., 

MSVD and MSR-VTT, demonstrate that our proposed approach 
2 
achieves remarkable improvements over the state-of-the-art 

methods. 

The remainder of this paper is organized as follows. In 

ection 2 , we first review some existing studies. In Section 3 , we

ntroduce the overall framework of our proposed method and elab- 

rate each component in the framework. In Section 4 , we elaborate 

he experimental procedure, quantitative analysis, and qualitative 

nalysis. In Section 5 , we draw our conclusion and make discus- 

ions on this work. 

. Related work 

In this section, we provide relevant research progress of previ- 

us works in video captioning, the methods exploring the align- 

ent between vision and language and the methods exploiting vi- 

ual tags. 

.1. Video captioning 

To date, the task of video captioning has achieved marked 

rogress in the community of multi-modalities learning. Previous 

orks in this task could be classified into three dimensions, that 

s, (1) template-based methods, (2) CNN and RNN-based methods 

nd (3) CNN and Transformer-based methods. 

Template-based methods Template-based methods [8,9] first pre- 

icts a set of visual concepts (e.g., objects, relationships, and at- 

ributes) by different classification approaches. Then, a pre-defined 

entence template is exploited to form these visual concepts into a 

aption based on the basic grammar (e.g., subjects-verbs-objects). 

his kind of approach is intuitive and easy to understanding, but 

eed to cope with the complex data. Moreover, flexible and mean- 

ngful captions cannot be generated due to the limitation of pre- 

efined templates. 

CNN and RNN-based methods The CNN and RNN-based 

ncoder-decoder framework has been widely used in the task of 

ideo captioning during these years. Generally, the deep convolu- 

ional neural network (CNN) is often opted as the encoder, because 

t can represent image content with the high-level semantic fea- 

ure vector. Since the recurrent neural network (RNN) is able to 

ffectively model the sequence generation task, it is often used as 

he decoder to map a sequence of video frames to a sequence of 

ords. To be more specific, a pre-trained CNN reads a sequence of 

ideo frames and outputs corresponding frame features, which in 

urn are fed into a decoder RNN to generate a caption that sum- 

arizes the main content of this video. For instance, Venugopalan 

t al. [10] first introduced the encoder-decoder framework for video 

aptioning. In their work, they used the mean pooling representa- 

ion over all frames and fed it into the decoder to generate a de- 

cription. To alleviate the vanishing gradient problem, they adopted 

he Long Short-Term Memory (LSTM) [11] as the decoder. Com- 

ared to previous template-based methods, encoder-decoder neu- 

al network-based methods have made great progress on standard 

etrics. However, simply averaging all of the frame features often 

esults in the confused representation for video content, because 

his strategy makes different objects along the temporal sequence 

use disorderly. In order to exploit the temporal structure under- 

ying the video, on one hand, Venugopalan et al. [12] proposed a 

odel, S2VT, to only use an LSTM to encode and decode frame fea- 

ures. Specifically, in the encoding stage, each frame feature was 

rderly fed into an LSTM to model the temporal dependencies 

mong them. In the decoding stage, the last hidden state of the en- 

oding stage was fed into every time step of the remaining LSTM 

o generate a caption. On the other hand, Yao et al. [4] presented 

 TA model which incorporated the temporal attention mechanism 

nto the encoder-decoder framework to selectively focus on a sub- 
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et of frames for generating each word. Since then, these two mod- 

ls has been two classic baselines for video captioning. 

CNN and Transformer-based methods Recently, in the domain of 

eural machine translation, a new and effective model, namely 

ransformer [13] , has been proposed to replace RNN and has 

chieved encouraging performances. Inspired by it, Chen et al. 

14] has introduced this framework for video captioning. In their 

ork, a sequence of video frames were first fed into both 2-D and 

-D CNNs which then outputted corresponding frame and motion 

eatures, respectively. Then, instead of the use of RNN, they at- 

empted to utilize the transformer network for sequential repre- 

entation and devise two types of fusion blocks in decoder layers 

or combining different modalities effectively. Similarly, in the task 

f dense video captioning which aims at both localizing and de- 

cribing all events in a video, Zhou et al. [15] also proposed to use

n end-to-end transformer model for both detecting and describ- 

ng events in a video. All in all, the use of the transformer provides

 new research direction for video captioning and thus is worth 

eeply exploring in the future. 

.2. Building the alignment between vision and language 

In order to generate accurate captions, it is a critical problem 

or researchers to build exact alignment between vision and lan- 

uage. There are main two directions for addressing this problem. 

ne is the embedding-based method. The other is the attention- 

ased method. 

Embedding-based alignment This kind of method aims to build 

 global alignment by embedding the whole video feature and the 

entence feature of a video into a common latent space. Specifi- 

ally, Pan et al. [16] first performed mean-pooling process over all 

rame features to get a single video feature. Then, they calculated 

erm frequency (TF) weights over all encoded words to construct 

he integrated sentence feature. Finally, they embedded the video 

nd the sentence feature into a common space and computed the 

istance between them. In the training phase, they minimized this 

istance to enhance their alignment. Guo et al. [17] proposed a 

imilar strategy to enforce the consistency between the sentence 

eature and the video feature. The slight difference is that their 

entence feature was produced by mean-pooling strategy as well. 

owever, the alignment in their work was very coarse, because it 

uilt upon the whole video and sentence. 

Attention-based alignment This kind of method is based on 

he attention mechanism, which explored how to build the local 

lignment between each target word and its corresponding visual 

nd/or semantic feature in a video. Yao et al. [4] first devised a 

emporal attention model for video captioning, where each tar- 

et word was generated via the most relevant frames. The rel- 

vance was measured by the language context which summa- 

izes all the previously generated words. Tu et al. [18] proposed a 

patial-temporal attention model. Given the language context, the 

patial attention model first attended to the key regions in each 

rame, and then focused on the important temporal segments via 

he temporal attention model. Hori et al. [19] employed two kinds 

f visual features, that is, frame features extracted from a single 

rame and motion features extracted from consecutive frames. And 

hey used a multi-modalities attention model to align different 

inds of visual features with corresponding words, i.e., frame fea- 

ures are utilized to predict nouns and verbs are predicted by mo- 

ion features. Gao et al. [20] devised an adaptive attention model 

hat makes the decoder adaptively select the visual information 

r the language context information to generate the visual words 

r the non-visual words in the caption. Long et al. [21] proposed 

 multi-faceted attention network to flexibly attend to the rele- 

ant frames, regions, and semantic attributes to generate the target 

ords. The above attention-based methods all selected key regions 
3 
r key frames only with the help of the language context. How- 

ver, most of the words in a caption belong to non-visual words 

e.g., Fig. 1 ). In this case, these methods cannot receive sufficient 

isual cues to focus on proper frames and thus failed to exactly 

lign target words with corresponding frames. By contrast, we first 

ntroduce some visual tags to bridge the gap between vision and 

anguage. Then, a textual-temporal attention model is devised to 

recisely align the key frames with target words with the help of 

he language context plus the visual tags. 

.3. Exploiting visual tags 

So far, the captioning methods exploiting visual tags can be cat- 

gorized into two dimensions based on the roles they play in im- 

ge or video captioning, that is, main and complementary roles. 

Playing the main role You et al. [22] and Pan et al. [23] both

xploited visual tags as main information in image and video cap- 

ioning, respectively. In their methods, visual features were only 

sed to initialize the LSTM. In terms of the use of visual tags, on 

ne hand, You et al. [22] exploited attention mechanism to selec- 

ively focus on the proper visual tags to generate the target words. 

n the other hand, Pan et al. [23] devised a transfer unit to control 

he impacts of visual tags learned from images and videos. 

Playing the complementary role Nian et al. [24] proposed to inte- 

rate visual tags into the visual feature to improve the S2VT model 

12] . Aafaq et al. [25] proposed to use an object detector and a 3D-

NN to detect object and action tags to enrich the visual features. 

emalatha et al. [26] proposed to classify the videos into different 

omains and use the domain-specific semantic tags to enrich the 

isual features. Long et al. [21] proposed to introduce visual tags 

s the complementary information that aids in generating better 

aptions. Yuan et al. [27] attempted to respectively utilize object, 

ction, and global (i.e., object and action) tags to guide the ap- 

earance features, motion features, and generated words for target 

ords prediction. Though the above methods all introduced visual 

ags to enhance captioning, all of them have not considered ex- 

loiting visual tags to bridge the gap between vision and language. 

.4. Summary 

Our approach is built upon the attention-based CNN and RNN 

ramework and aims for enhancing the alignment between target 

ords and corresponding frames. However, different from those 

ttention-based methods that merely rely on the language con- 

ext to build the alignment, we first introduce some visual tags 

o bridge the gap between vision and language. Then, a textual- 

emporal attention model is devised to precisely align the key 

rames with target words with the help of the language context 

lus the visual tags. Furthermore, instead of using visual tags as 

he conventional main or complementary information for image or 

ideo captioning, we are the first work which makes them play a 

ew role, i.e., bridge role, in video captioning. 

. Methodology 

The overall framework of our proposed method is shown in 

ig. 2 . We first introduce the CNN encoder in Section 3.1 . Then,

e describe how to get visual tags in Section 3.2 in detail. Finally, 

e elaborate the proposed Textual-Temporal Attention Model (TTA) 

nd how to incorporate it into the LSTM decoder in Section 3.3 . 

.1. CNN encoder 

In this paper, we utilize frame features extracted from a single 

rame, which represent static objects or scenes (e.g., “boy”, “cat”, 

nd “sky”). Specifically, a source video is first uniformly sampled 
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Fig. 2. The overall framework of our proposed Textual-Temporal Attention Model (TTA). Through TTA, at time step t , a subset of frames clearly containing the object “bowl”

are determined with the guidance of the visual tag “bowl” plus the language context. 
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2 https://github.com/ronghanghu/seg _ every _ thing . 
s a sequence of video frames F = { f 1 , . . . , f k } . Each frame is fed

nto a pre-trained 2D CNN encoder and it outputs k frame features 

hich are denoted as v = { v 1 , v 2 , . . . , v k } , in which v i ∈ R 

a . 

.2. Visual tags 

Visual tag vocabulary In our work, visual tags play an important 

ole for bridging the gap between vision and language. In order to 

xtract high-level visual tags from video frames, we need to first 

repare a visual tag vocabulary to train the visual tag detector. 

enerally, a video captioning model generates a textual sentence 

y selecting words from the ground-truth captions on video cap- 

ioning datasets. However, there are some objects in video frames 

ut not in ground-truth captions. Therefore, we will construct 

he visual tag vocabulary from two sources, i.e., “in-domain” tags 

nd “out-domain” tags. The “in-domain” tags are from the paired 

round-truth captions on the MSR-VTT dataset [28] which is a 

arge-scale video captioning dataset containing 200 K clip-sentence 

airs. Specifically, we use the Stanford Parser to parse captions on 

he training set of MSR-VTT. Then, we choose the nsubj (nominal 

ubject) and dobj (direct object) edges of the Stanford Parser out- 

uts to find the subject-verb and verb-object pairs for each cap- 

ion. Then, we extract subjects, verbs (ending with ‘-ing’) and ob- 

ects as candidate visual words. Please note that we manually re- 

ove all pronouns from these pairs, because they do not repre- 

ent specific entities. Finally, we pick out 2500 most frequent vi- 

ual words from those candidates as the “in-domain” tags. 

Recently, Visual Genome (VG) dataset [29] has been widely 

sed in the task of object detection, for it has 108,077 images, and 

ver 70 0 0 category classes annotated with object bounding boxes. 

he previous work of instance segmentation [30] has provided a 

ist of 30 0 0 most frequent classes on the VG dataset, and we find

his list has covered all the ‘in-domain’ visual tags, which indicates 

G contains the common visual tags on MSR-VTT. Besides, the re- 

aining 500 classes are not in the ground truth captions of MSR- 

TT. Hence, we will use all the classes contained in the list as our 

isual tag vocabulary which thus consists of 2500 “in-domain” vi- 

ual tags and 500 “out-domain” visual tags. 

Visual tag detector After constructing the visual tag vocabulary, 

e then need an effective visual tag detector to recognize candi- 

ate objects contained in each frame as many as possible. Recently, 

he region-based CNN (R-CNN) has made significant progress in 

etection task, especially Mask X R-CNN [30] which aims at cor- 

ectly detecting all objects in an image while outputting corre- 
4 
ponding tags. Motived by this, we opt for the Mask X R-CNN as 

ur visual tag detector. The Mask X R-CNN was trained based on the 

0 0 0 most frequent classes on VG. As our aforementioned, those 

lasses consist of 2500 “in-domain” tags and 500 “out-domain”

ags, so we follow their training procedure and use ResNet-101- 

PN as the backbone network to train our visual tag detector. More 

etails about the training are shown in Section 5 of [30] and its 

ode page. 2 

Visual tag extraction Each visual tag is extracted based on its 

etected score in each frame and frequency of occurrence in all 

f the frames, respectively. To be more specific, given a sequence 

f video frames F = { f 1 , . . . , f k } , we first feed them one by one

nto the pre-trained visual tag detector and it will output a set of 

bject bounding boxes, object names and their corresponding de- 

ected scores in each frame. Next, we set 0.5 as a thresh score to 

ick out salient objects in each frame, where the score of each re- 

ained object is greater than or equal to this thresh score. After 

hat, we will get a set of names of salient objects in each frame. 

hen, we rank each detected tag based on the number of appear- 

nce in all of the frames in descending order. Finally, the top-n 

ost frequent visual tags are selected for each video. We denoted 

hem as t ag = { t ag 1 , t ag 2 , . . . , t ag n } . If one of videos do not have

 most frequent objects after above strategies, we pad the tag list 

ith the unknown word sign, < unk > , to make enough n tags. 

oreover, The n is a hyper-parameter and we will discuss it in 

ection 4.5 . 

Textual embedding In the task of video captioning, we aim to de- 

cribe an input video with a textual sentence S = { w 1 , w 2 , . . . , w m 

}
hich consists of m words. Let W d denote the vocabulary including 

 words in the paired video-sentence data. Note that W d has in- 

luded three special token signs, < sos > , < eos > , and < unk > ,

o indicate “start of sentence”, “end of sentence”, and “unknown 

ords”, respectively. When generating the first word, we need a 

eroth word w 0 (i.e., < sos > ) to indicate “start of sentence”. 

or the last word w m 

, we denote it as < eos > . This is neces-

ary because the model needs to know when to stop decoding 

uring inference. For visual tag vocabulary, we denote the visual 

ag vocabulary as W p including p (i.e., 30 0 0 in our work) visual

ords. Hence, the whole vocabulary including g words is denoted 

s W g = W ∪ W p . 

https://github.com/ronghanghu/seg_every_thing
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Since both w t and tag j correspond to an entry in the vocabu- 

ary W g , they can be encoded with one-hot representations (1-of- g 

oding, g denotes the number of words in the vocabulary W g ) in 

 

g space. To reduce parameter size, we project the one-hot repre- 

entations into a low dimensional word vector space with a word 

mbedding matrix E , where E ∈ R 

w ×g and w � g . Finally, we can

espectively represent t th word in the sentence S and j th visual 

ag in the video as a w -dimensional textual feature, i.e., E[ w t ] ∈ R 

w 

nd E[ tag j ] ∈ R 

w . 

.3. LSTM with textual-temporal attention model 

Our decoder consists of the proposed textual-temporal atten- 

ion model and a single LSTM. Moreover, a multilayer perceptron 

MLP) layer is build upon the decoder to predict the probability 

istribution of target words. 

LSTM decoder The structure of the LSTM is defined as: 

i t = σ (W i h t−1 + U i x t + b i ) , 

f t = σ (W f h t−1 + U f x t + b f ) , 

 t = σ (W o h t−1 + U o x t + b o ) , 

g t = tanh (W f h t−1 + U f x t + b g ) , 

c t = c t−1 � f t + i t � g t , 

 t = o t � tanh (c t ) , (1) 

here x t is the input of the LSTM, h t is the output of the LSTM,

nd h t−1 is the output of the LSTM at the t − 1 time step. c t is

he memory state of the LSTM, and c t−1 is the previous memory 

tate of the LSTM at the t − 1 time step. σ is a sigmoid activation

unction and � refers to element-wise multiplication. W 

∗ , U 

∗ , and 

 

∗ are the parameters to be learned. For simplicity, we refer to the 

peration procedure of an LSTM with the following notation: 

 t = LST M(h t−1 , x t ) . (2) 

n the initial time, the hidden state h 0 and memory state c 0 are 

omputed by: 

 0 , c 0 = [ W h 0 , W c0 ] ̄V , 

V̄ = 

1 

n 

k ∑ 

i 

v i , (3) 

here W h 0 and W c 0 are parameters to be learned. 

In the decoding phase, each time the LSTM updates its hidden 

tate h t based on the previous hidden state h t−1 and word feature 

[ w t−1 ] , as well as the currently attended visual tag ϕt ( E [ tag ]) and

he attended frame feature ψ t ( v ): 

 t = LST M(h t−1 , E[ w t−1 ] , ϕ t (E[ tag]) , ψ t (v )) , (4)

here the currently attended visual tag ϕt ( E [ tag ]) and the at-

ended frame feature ψ t ( v ) will be introduced as follows. 

Textual-temporal attention model In the previous attention-based 

ethods [4,5,20] , the key frame feature at time step t is selected 

erely by the previous hidden state of the LSTM. However, most of 

he previously generated words are non-visual words. In this case, 

t is difficult to exactly align target words with relevant visual con- 

ent. 

To enhance their alignment, we first introduce visual tags to 

ridge the gap between these two modalities, because the tags ex- 

racted from a video not only belong to textual modality, but also 

re able to convey visual information. Next, a textual-temporal at- 

ention model (TTA) is devised to exactly align target words with 

orresponding frames, which is illustrated in Fig. 3 . The proposed 

TA consists of two stages: (1) the textual attention model is to 

elect the most relevant visual tags according to the language con- 

ext, and (2) the temporal attention model is to align the target 

ords with the most relevant frames under the guidance of the 

elected visual tags plus the language context. 
5 
• Textual Attention. At each time step t , a key visual tag ϕt ( E [ tag ])

is selected via relevant scores α which measure the relevance 

between the target word and every visual tags: 

ϕ t (E[ tag]) = 

n ∑ 

j=1 

α(t) 
j 

E[ tag j ] . (5) 

Since visual tags and word features are homogeneous features, 

the relevance between them can be directly measured by the 

language context: 

m 

(t) 
j 

= U a t anh (U h h t−1 + U s E[ t ag j ] + z) , 

α(t) 
j 

= sof tmax (m 

(t) 
j 

) , (6) 

where U a , U h , U s , and z are the parameters to be learned. 
• Temporal Attention. In the second stage, as frame features and 

word features are heterogeneous features, we rely on the se- 

lected visual tags to bridge the gap between them. At each time 

step t , the relevance between frames and the target word is 

measured by ϕt ( E [ tag ]) and h t−1 : 

b (t) 
i 

= W b tanh (W h h t−1 + W a ϕ t (E[ tag]) + W v v i + b) , 

β(t) 
i 

= sof tmax (b (t) 
i 

) , (7) 

where W b , W h , W a , W v , and b are the parameters to be learned.

Once the relevant scores β(t) 
i 

are determined, each time the key 

frame is selected: 

ψ t (v ) = 

k ∑ 

i =1 

β(t) 
i 

v i . (8) 

MLP layer The probability distribution of a series of target words 

t time step t will be obtained via a single hidden layer: 

o = W e E[ w t−1 ] + W y h t + W v ψ t (v ) + W s ϕ t (E[ tag]) , 

ˆ 
 t = sof tmax (U y tanh (o) + b y ) , (9) 

here W 

∗ , U y , and b y are the parameters to be learned. 

. Experiments 

.1. Datasets 

The microsoft video description corpus (MSVD) MSVD [31] has 

970 video clips. Each video clip is provided with about 41 human 

nnotated sentences. Following [4] , the dataset can be divided into 

 training set of 1200 video clips, a validation set of 100 clips, and 

 test set consisting of the rest of 670 clips. 

MSR video to text (MSR-VTT) MSR-VTT [28] consists of 10,0 0 0 

ideo clips from 20 general categories. Each video clip is provided 

ith 20 human annotated sentences. There are 200 K clip-sentence 

airs corresponding to 1.8 M words. We use the official spilt with 

513 videos for training, 497 for validation and 2990 for testing. 

.2. Evaluation metrics 

We use four standard metrics to evaluate the quality of gen- 

rated sentences, i.e., BLEU [32] , METEOR [33] , ROUGE-L [34] and 

IDEr [35] . 

BLEU analyzes the co-occurrences of n-grams between the can- 

idate and reference sentences. METEOR can generate an align- 

ent according to exact token matching to judge the word corre- 

ation between candidate and reference sentences. ROUGE-L uses a 

easure based on the Longest Common Subsequence (LCS), which 

s a set words shared by two sentences which occur in the same 

rder. CIDEr exploits human consensus to evaluate video descrip- 

ions. We get all the results in this paper according to the Mi- 

rosoft COCO evaluation server [36] . 
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Fig. 3. Illustration of the proposed textual-temporal attention mechanism (TTA). 
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Table 1 

Ablation study results obtained on MSVD, where B-4, M, R-L, and C are short for 

BLEU-4, METEOR, ROUGE-L, and CIDEr. All values are reported as percentage (%). 

R152 denotes ResNet-152. 

MSVD 

Method B-4 M R-L C 

TA (R152) 47.7 33.4 70.1 80.8 

TA+tag mean (R152) 50.8 33.6 69.6 80.3 

(relative improvement% ↑ ) ∗ (6.5% ↑ ) (0.6% ↑ ) (-0.71% ↑ ) (-6.2% ↑ ) 
TTA (R152) 50.6 33.8 70.4 83.0 

(relative improvement% ↑ ) (6.1% ↑ ) (1.2% ↑ ) (0.43% ↑ ) (2.7% ↑ ) 
∗TA+tag mean , and TTA have relatively improvements (% ↑ ) over the basis TA. 
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.3. Implementation details 

The whole vocabulary size consists of the words of visual tags 

nd the words on the video captioning dataset, as well as three 

pecial word signs, < sos > , < eos > , and < unk > . Thus, after

reprocessing, the whole vocabulary size is 14,021 for MSVD and 

9,552 for MSR-VTT, respectively. 

The dimension of the word embedding is set to 468 for both 

atasets, so t th word in the sentence S and j th visual tag in the

ideo can be represented as a 468-dimensional textual feature, re- 

pectively. The hidden layer size of the LSTM is all set to 512. 

he number of visual tags is set to 10. For feature extraction, we 

rst select 28 equally-spaced frames for each video. Then, we ex- 

ract frame features from two kinds of CNN encoder, that is, VGG 

37] and ResNet-152 [38] both pre-trained on the Imagenet dataset 

39] , where the dimension of frame features is 4096 and 2048, re- 

pectively. 

Model training In the training phase, we set the mini-batch 

ize as 64 on MSVD and 128 on MSR-VTT. The learning rate is 

e −5 on MSVD and 2e −4 on MSR-VTT, respectively. Moreover, we 

et dropout regularization in the rate of 0.5 in all layers and cip 

raients element wise at 5. The maximum training iteration is set 

s 60 epochs on the both datasets. We apply Adadelta algorithm 

40] to minimize the negative log-likelihood loss: 

 (θ ) = −
m ∑ 

t=1 

logp(w t | w <t , v , tag, θ ) , (10) 

here θ are parameters of the video captioning model and m is 

he length of a sentence. When finishing the training phase, the 

inimum loss value on the validation set is used as a metric to 

hoose the best model for testing. 

Inference During inference, the ground truths are not provided, 

e would actually need to input the start sign word < sos > to 

tart decoding and feed the previously generated word to the LSTM 

t each time step until the end sign word < eos > is reached.

t each time step, the straightforward option would be to choose 

he word with the maximum score after softmax and use it to pre- 

ict the next word. But this is not optimal because the rest of the 

equence hinges on that first word. If that choice isn’t the best, 

verything that follows is sub-optimal. Therefore, we use beam 

earch with size 5 to choose the sequence that has the highest 

verall score in 5 candidate sequences. 
6 
.4. Ablation studies 

In order to figure out the contribution of each component, we 

onduct the following ablation studies on the both datasets. All the 

tudies take ResNet-152 as the encoder. 

• Basis (yao et al. [4] ). We use [4] as our basis. In their method,

they exploited the temporal attention mechanism to select the 

key frames to generate target words, where the relevance be- 

tween two modalities are merely measured by the language 

context. 
• Basis + visual tags (mean-pooling). To verify the effectiveness of 

visual tags, we introduce visual tags to bridge the gap between 

vision and language. In this study, we perform mean-pooling 

strategy over all visual tags and only use the temporal attention 

like Basis. 
• Basis + visual tags (textual-temporal attention). In this study, 

according to the proposed textual-temporal attention model, 

we first select the key visual tags via the language context, and 

then select the key frames via the key visual tags plus the lan- 

guage context. 

For convenience, we denote three studies as: TA, TA+tag mean , 

TA, respectively. The experimental results are shown in Table 1 

nd Table 2 . 

The influence of visual tags From Table 1 , on MSVD, we can 

ee that, although TA+tag mean has a little descent on ROUGE-L and 

IDEr, it achieves better scores on other metrics than TA, in par- 

icular with an increase of 6.5% on BLEU-4. From Table 2 , on MSR-

TT, we can see that TA+tag mean outperforms TA on all of the met- 

ics. Experimental results validate our claim, that is, visual tags 

re effectively capable of bridging the gap between vision and lan- 
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Table 2 

Ablation study results obtained on MSR-VTT, where B-4, M, R-L, and C are short 

for BLEU-4, METEOR, ROUGE-L, and CIDEr. All values are reported as percentage 

(%). 

MSR-VTT 

Method B-4 M R-L C 

TA (R152) 38.6 26.3 58.6 42.0 

TA+tag mean (R152) 39.4 26.5 59.8 43.1 

(relative improvement% ↑ ) ∗ (2.1% ↑ ) (0.76% ↑ ) (2.0% ↑ ) (2.6% ↑ ) 
TTA (R152) 39.6 27.0 60.2 45.7 

(relative improvement% ↑ ) (2.6% ↑ ) (2.7% ↑ ) (2.7% ↑ ) (8.8% ↑ ) 
∗TA+tag mean , and TTA have relatively improvements (% ↑ ) over the basis TA. 

Table 3 

Evaluation on different dimensions and initializing methods for word vectors on 

MSVD. 

Model Initializing Word Dimension B-4 M R C 

TTA (R152) random 256 51.3 33.8 70.6 82.3 

TTA (R152) random 300 52.0 34.0 70.5 81.2 

TTA (R152) random 468 50.6 33.8 70.4 83.0 

TTA (R152) random 512 50.1 33.6 69.6 82.1 

TTA (R152) Glove 300 50.6 33.2 69.7 84.1 

TTA (R152) Word2Vec 300 51.8 34.0 69.9 82.6 
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Table 4 

Evaluation on different dimensions and initializing methods for word vectors on 

MSR-VTT. 

Model Initializing Word Dimention B-4 M R C 

TTA (R152) random 256 39.1 26.0 59.1 43.0 

TTA (R152) random 300 38.8 25.8 58.3 43.4 

TTA (R152) random 468 39.6 27.0 60.2 45.7 

TTA (R152) random 512 38.0 26.6 59.3 43.4 

TTA (R152) Glove 300 39.7 26.6 59.2 44.5 

TTA (R152) Word2Vec 300 40.2 26.5 59.3 43.1 
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uage and thus help the temporal attention model to enhance the 

lignment between target words and relevant frames. 

The influence of textual-temporal attention From Table 1 , we can 

ee that TA+tag mean got lower scores than TA on ROUGE-L and 

IDEr. Our conjecture is that it is useful to bridge the gap be- 

ween target words and relevant frames by introducing visual tags. 

owever, as visual tags belong to fine-grained information, sim- 

ly averaging them may weaken their discrimination. From both 

ables 1 and 2 , it is clearly observe that TTA makes a significant

mprovements on all of the metrics. This verifies the effectiveness 

f proposed textual-temporal attention model. Through this model, 

he proper visual tag is able to help the temporal attention model 

o exactly align each target word with its relevant frame as far as 

ossible. 

.5. Evaluation on different hyper-parameters 

In this section, we perform three comparative experiments to 

iscuss sensitivity to hyper-parameters, i.e., (1) the dimension of 

ord vector and initializing with pre-trained word vector; (2) the 

ize of beam search; (3) the number of visual tags. 

Evaluation on word vector How many dimensions and initializing 

ith what kind of word vector are both important for video cap- 

ion generation. To this end, we first analyze the effect of different 

imensions, i.e. 256, 300, 468, and 512, for randomly initializing 

he word vectors. And then rather than randomly initializing, we 

ill utilize two kinds of pre-trained word vectors, Glove [41] and 

ord2Vec [42] , for initializing the word vectors. The Glove model 

as pre-trained on a corpus of 840 billion words and contains a 

ocabulary of 2.2 million words, where each word is represented 

y a 300-dimensional vector. For Word2Vec, it was pre-trained on 

 part of Google News corpus (about 100 billion words). The model 

ontains 300-dimensional vectors for 3 million words and phrases. 

Tables 3 and 4 show the comparative results with different 

ord dimensions and initializing methods for word vectors on 

SVD and MSR-VTT, respectively. On MSVD, we observe that it 

chieves the best performances when setting the dimension of 

ord embedding to 300 and leveraging the randomly initializing 

ethod. On MSR-VTT, on the contrary, the proper dimension of 

ord embedding is 468. According to these experiments, we re- 

pectively set the dimension of word embedding as 300 on MSVD 

nd 468 on MSR-VTT to conduct our following experiments. 
7 
Evaluation on the size of beam search The beam search algorithm 

s used during the inference time, and different beam sizes also 

ave different impacts for finally generating captions. In order to 

btain the proper beam sizes, we set the beam size as 3, 4, 5, 6,

nd 7 to validate their effects. Table 5 shows the comparative re- 

ults on the both datasets. We observe that 6 and 5 are the best 

ize on MSVD and MSR-VTT, respectively. Thus, we finally choose 

hat the beam size is equal to 6 and 5 on MSVD and MSR-VTT re-

pectively to conduct the following experiments. 

Evaluation on the number of visual tags How many visual tags 

o select is also critical for generating captions. To obtain proper 

umber of visual tags, we select 5, 10, 15, and 20 visual tags of 

ach video to verify the performance, respectively. Fig. 4 illustrates 

he results of MSVD and MSR-VTT with different top- n visual tags. 

ach sub-figure shows the scores of different n with the same met- 

ic and each color shows the scores of the same n with different 

etrics. 

Frome Fig. 4 , we can observe that the best performances are 

chieved on the both datasets when selecting top-10 visual tags in 

ach video. The reason is that when the number of tags is smaller, 

ome key objects might be missing. When the number is larger, on 

he contrary, some trivial visual tags might be noises when using 

hem to bridge the gap between vision and language. Hence, we 

nally select top-10 visual tags in each video on the both datasets 

o conduct the following experiments. 

.6. Comparison with the methods exploring the alignment between 

ision and language 

In Section 2.2 , we have qualitatively compared our proposed 

ethods with the methods exploring the alignment between vi- 

ion and language. Those methods are classified into two dimen- 

ions. On one hand, Pan et al. (LSTM-E) [16] and Guo et al. (aL- 

TMs) [17] both belong to embedding-based alignment which ex- 

lores the alignment between the whole sentence and the whole 

ideo. On the other hand, Tu et al. (STAT) [18] , Hori (AF) et al.

19] Long et al. [21] and Gao et al. [20] build the alignment be-

ween target words and corresponding frames based on the atten- 

ion mechanism. In this subsection, we will quantitatively compare 

TA with them. Since LSTM-E and aLSTMs did not report the re- 

ults on the MSR-VTT dataset, we only conduct comparison exper- 

ments on the MSVD dataset. Note that for fair comparison, we ad- 

itionally used VGG as the encoder for TTA, which used default 

yper-parameters elaborated in Section 4.3 . 

The comparison results are reported in Table 6 . By comparing 

TA with LSTM-E and aLSTMs, we can see that TTA outperforms 

hem on all of the metrics. Unlike their alignment building upon 

he whole sentence and the whole video, our alignment is built 

etween word-level and frame-level. This further shows that we 

hould build the alignment between vision and language as exact 

s possible. 

Moreover, STAT, AF, MFATT, and hLSTMat all merely exploited 

he language context to determine key visual or semantic infor- 

ation. Compared to STAT and AF, TTA (VGG19) achieved marked 
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Table 5 

Evaluation on the size of beam search on MSVD and MSR-VTT. 

MSVD MSR-VTT 

Model Size B-4 M R C B-4 M R C 

TTA(R152) 3 46.0 33.2 69.4 78.5 39.8 26.9 59.9 43.8 

TTA(R152) 4 50.5 34.1 69.8 80.2 39.4 27.0 59.8 44.8 

TTA(R152) 5 52.0 34.0 70.5 81.2 39.6 27.0 60.2 45.7 

TTA(R152) 6 51.7 34.5 70.2 81.8 37.4 25.8 58.4 43.2 

TTA(R152) 7 51.0 34.5 70.3 80.6 39.5 25.6 58.7 43.6 

Fig. 4. Evaluation on the number of visual tags on MSVD and MSR-VTT. 

Table 6 

Performances of proposed method and the methods exploring the align- 

ment between vision and language on MSVD, where V16, V19, G, and C 

denote VGG-16, VGG-19, GoogleNet, and C3D. The symbol ‘–” indicates 

such metric is unreported. 

Method B-4 M R-L C 

LSTM-E (V19 + C) [16] 45.3 31.0 – –

aLSTMs (G + C) [17] 44.9 30.4 – 60.1 

STAT (G + C) [18] 51.1 32.7 – 67.5 

AF (V16 + C) [19] 52.4 32.0 – 68.8 

MFATT [21] (R152 + C) 52.0 33.5 – 72.1 

hLSTMat [20] (R152 + C) 54.0 33.2 – 71.3 

TTA (V16) 46.2 32.4 67.9 70.2 

TTA (V19) 48.4 32.5 69.4 74.9 

TTA(R152) 51.7 34.5 70.2 81.8 
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Table 7 

Comparison with the State-of-the-art Methods on the MSVD dataset, where 

V16, R-152, IRV2, C, IV4, and I denote VGG-16, ResNet-152, Inception- 

ResNet-V2, C3D, IncepctionV4 and I3D, respectively. The symbol “–” indi- 

cates such metric is unreported. 

Method B-4 M R-L C 

Att-TVT [14] (R152 + I) (2018) 53.0 34.7 71.7 80.8 

MFATT [21] (R152 + C) (2018) 52.0 33.5 – 72.1 

RecNet local [43] (IV4) (2018) 52.3 34.1 69.8 80.3 

LG-DenseLSTM [45] (V16 + C) (2019) 50.4 32.9 69.9 72.6 

GRU-EVE h f t+ sem [25] (IRV2+C) (2019) 47.9 35.0 71.5 78.1 

TDConvED [44] (R152) (2019) 53.3 33.8 – 76.4 

SAAT [46] (IRV2 + C) (2020) 46.5 33.5 69.4 81.0 

hLSTMat [20] (R152 + C) (2020) 54.0 33.2 – 71.3 

TTA (R152) 51.7 34.5 70.2 81.8 

TTA (R152 + C) 51.8 35.5 72.4 87.7 

F

m

i

mprovements on CIDEr. In terms of METEOR, TTA (VGG19) only a 

ittle lower than STAT but better than AF. However, both of them 

se two kinds of features (VGG / GoogleNet + C3D), while we 

nly use VGG features. Compared to MFATT and hLSTMat, our TTA 

R152) significant outperforms them on METEOR and CIDEr. Note 

hat MFATT also used visual tags but used them as complemen- 

ary information. All in all, experimental results demonstrate the 

ffectiveness of our proposed methods. 

.7. Comparison with the state-of-the-art methods 

In this subsection, we compare our proposed methods with re- 

ently published state-of-the-art methods: 

1) Att-TVT [14] which proposed to use Transformer for video cap- 

tioning. 

2) MFATT [21] which jointly leveraged multiple sorts of visual fea- 

tures and semantic attributes. 
8 
3) RecNet local [43] which proposed a local reconstructor architec- 

ture to use the back flow between the encoder and the decoder. 

4) GRU-EVE h f t+ sem 

[25] which embedded rich temporal dynamics 

in visual features by hierarchically applying Short Fourier Trans- 

form to CNN features of the whole video. 

5) TDConvED [44] which aimed to fully employ convolutions in 

both encoder and decoder networks. 

6) LG-DenseLSTM [45] which proposed a dense LSTM for video 

captioning. 

7) hLSTMat [20] which proposed a hierarchical LSTM with adap- 

tive attention. 

8) SAAT [46] which proposed a syntax-aware action targeting 

(SAAT) module. 

Results on the MSVD dataset We report the results in Table 7 . 

or fair comparison, we also additionally use C3D [47] to extract 

otion features and then concatenate them with frame features to 

nput the proposed TTA model. We first compare our method with 



Y. Tu, C. Zhou, J. Guo et al. Pattern Recognition 111 (2021) 107702 

Table 8 

Comparison with the State-of-the-art Methods on the MSR-VTT dataset, 

where V16, R152, IRV2, C, IV4, I, N, and FR denote VGG-16, ResNet-152, 

Inception-ResNet-V2, C3D, IncepctionV4, I3D, NasNet and Faster R-CNN, re- 

spectively.The symbol “–” indicates such metric is unreported. 

Method B-4 M R-L C 

Att-TVT [14] (N + I) (2018) 40.1 27.9 59.6 47.7 

MFATT [21] (R152 + C) (2018) 39.1 26.7 – –

RecNet local [43] (IV4) (2018) 39.1 26.6 59.3 42.7 

LG-DenseLSTM [45] (V16 + C) (2019) 37.6 26.2 – 42.0 

GRU-EVE h f t+ sem [25] (IRV2+C) (2019) 38.3 28.4 60.7 48.1 

TDConvED [44] (R152) (2019) 39.5 27.5 – 42.8 

SAAT [46] (IRV2 + C+FR) (2020) 40.5 28.2 60.9 49.1 

hLSTMat [20] (R152 + C) (2020) 38.7 26.8 – 41.9 

TTA (R152) 39.6 27.0 60.2 45.7 

TTA (R152 + C) 41.4 27.7 61.1 46.7 
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he methods based on the recently proposed transformer frame- 

ork. Furthermore, we compare our method with the methods 

ased on the recurrent neural networks. The comparison results 

re as follows: 

1) Compared to Att-TVT (R152+I3D), except BLEU-4, our TTA 

R152+C3D) outperforms it on the other metrics. Especially on 

IDEr, TTA has over 8.5% improvement. 

2) Compared to RecNet local (IV4) and TDConvED (R152) which 

sed a single CNN encoder, except BLEU-4, TTA (R152) outperforms 

hem on the other metrics. Compared to LG-DenseLSTM (V16+C) 

sing a shallow CNN with C3D, our TTA (R152) also outperforms 

hem on all of the metrics. Compared to others using deep CNNs 

ith C3D, our TTA (R152+C3D) also achieves best performances on 

ETEOR, ROUGE-L and CIDEr, which indicate the effectiveness of 

ur proposed method. 

Results on the MSR-VTT dataset We report the results in Table 8 . 

ike MSVD, we also compare our methods with the state-of-the-art 

ethods in two dimensions, that is, using the transformer frame- 

ork and the recurrent framework. The comparison results are as 

ollows: 

1) Compared to Att-TVT (N+I3D), TTA (R152+C3D) is only better 

han it on BLEU-4 and ROUGE-L. One of possible reasons is that 

tt-TVT selected NasNet on this dataset and they explained in the 
ig. 5. Five examples from the test sets of MSVD and MSR-VTT, which also involve detec

nd the captions generated by two methods, i.e., temporal attention (TA) and textual-tem

9 
aper that NasNet achieves a higher accuracy on the image classi- 

cation problem. 

2) Compared to these methods using the encoder-decoder 

ramework, TTA outperforms RecNet local , LG-DenseL STM, hL STMat 

nd MFATT on all the metrics. Compared to TDConvED (R152), ex- 

ept METEOR, TTA (R152) outperforms it on the other metrics. Es- 

ecially on CIDEr, TTA has 6.8% improvement. Moreover, we ob- 

erve that TTA both outperforms GRU-EVE h f t+ sem 

and SAAT on 

LEU-4 and ROUGE-L. Above all, compared to these state-of-the- 

rt methods, our TTA also achieves superior performances. 

.8. Qualitative analysis 

In order to better understand our proposed TTA, Fig. 5 shows 

 examples with detected top-10 visual tags, human-annotated 

round truth captions, and captions generated by two methods, i.e., 

A and TTA. TA only builds the coarse alignment between target 

ords and corresponding frames via a temporal attention model. 

TA enhances the alignment between target words and corre- 

ponding frames via visual tags and the proposed textual-temporal 

ttention model. From Fig. 5 , we can intuitively see that although 

A can generate logically correct captions to describe videos, some 

bjects are missing or wrongly recognized. Instead, TTA can give 

he decoder more visual cues to focus on the key frames contain- 

ng these objects (e.g., “table”, “bird”, and “face”), so it is able to 

enerate captions more accurate than TA. For example, in the first 

ideo, if only relying on the generated non-visual word “a”, it is 

ifficult for the decoder to focus on the frames clearly containing 

girl”. In this case, she is wrongly recognized as a boy in the gener- 

ted caption by TA. However, if we first give the decoder the visual 

ue “girl”, it is able to easily attend to the corresponding frames. 

imilarly, in the generated captions for the second to fourth videos 

y TA, the key objects “bird”, “table”, and “face” are missing. By 

omparison, the generated captions by TTA successfully captures 

hese objects. Moreover, in the last video, TTA can detailedly de- 

ict “ a man in a blue shirt” with the help of the detected tags 

man” and “shirt”. Compared to TA, the alignment of TTA is more 

xact and thus it can generate more comprehensive captions. 

In Fig. 6 , we further visualize the two kinds of attention weights 

hift about a test video in Fig. 5 . One is the temporal attention shift
ted top-10 visual tags in the videos, human-annotated ground truth captions (GT) 

poral attention (TTA). 
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Fig. 6. Visualization of sampled frames, generated and ground truth captions, visual tags and corresponding attentions shift about a test video on the MSR-VTT dataset. 
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n the sampled frames with respect to each key word in the gener- 

ted caption. The other is the textual attention shift on the top-10 

isual tags with regard to each key word in the generated caption. 

rom Fig. 6 , we can intuitively see that the both attentions shift 

f each key word in the generated caption are much consistent to 

he video content and the visual tags. For example, when generat- 

ng the word “man”, the temporal attention model mainly focuses 

n the second frame, and the textual attention model will give the 

isual tag “man” more attention weights. 

. Conclusion and discussion 

In this paper, we propose to exploit visual tags to bridge the 

ap between vision and language for video captioning. In order 

o exactly align the target words with corresponding frames, we 

resent a textual-temporal attention model (TTA), where the lan- 

uage context is first utilized to select the key visual tags, and then 

he key frames are selected with the guidance of these key visual 

ags plus the language context. Extensive comparison experiments 

re conducted on MSVD and MSR-VTT. Experimental results show 

hat our method achieves the state-of-the-art performances. 

Besides, there are also other directions which are worth further 

xploring based on this work in the future. For instance, one is to 

ntroduce visual tags and incorporate the proposed TTA into the 

ewly proposed transformer framework which has achieved state- 

f-the-art performance in many multi-modal tasks. Another is to 

tudy and analyze the diversity of the generated captions as done 

n Chen et al. [48] , for repeated or similar captions are often gen-

rated in the most existing methods. 
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