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a b s t r a c t 

Video captioning often uses an attentive encoder-decoder as the baseline model. However, the conven- 

tional attention mechanism still remains two problems. First, the attended visual feature is often irrele- 

vant to the target word state, because the attention process only uses the unidirectional flow from vision 

to linguistics, while lacking the reverse flow. Second, each attention result is independent, because it is 

computed only based on the previous word states while not considering the attention information from 

the past and future. This does not suit the attention habits of human beings. In this paper, we improve 

the conventional attention mechanism to a relation-aware attention mechanism. To this end, we propose 

two kinds of graph learning strategies, namely the linguistics-to-vision heterogeneous graph (HTG) and 

the vision-to-vision homogeneous graph (HMG). The HTG aims to enhance the inter-relation of attention 

by reversely modeling the relation of each word with respect to every attended visual feature, support- 

ing proper semantic alignment in between. The HMG aims to enhance the intra-relation of attention by 

capturing the relations among all of the attended visual features, which can leverage the attention infor- 

mation from the past and future to guide the current attention process. Extensive experiments on two 

public datasets show that our proposed method not only significantly improves the baseline model, but 

also outperforms state-of-the-art methods. 

© 2022 Elsevier Ltd. All rights reserved. 
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. Introduction 

Automatically describing a video with a natural language sen- 

ence has been flourishing, because it connects compute vision and 

atural language processing, which are two important applications 

n pattern recognition. Video captioning has many practical appli- 

ations such as video title automatic generation and content-based 

ideo retrieval. 

Recently, the attentive encoder-decoder framework has been 

idely used in image or video captioning methods [1–4] . Specif- 

cally, in the task of video captioning, a pre-trained CNN model is 

sed to encode a sequence of frames into a sequence of visual fea- 

ures, which are then decoded into a sequence of word states by 

n RNN model or its variant LSTM [5] . At each decoding step, the

ttention mechanism is utilized to focus on a subset of key visual 

eatures to generate the target word state. 

Despite the progress, there are two limitations for the conven- 

ional attention mechanism. First, it only exploits unidirectional 
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ow from the attended visual feature to the target word sate, 

hile the reverse flow is ignored. In this case, the attended visual 

eature is often not what the decoder really expects and thus is 

rrelevant to the target word state. For instance, in Fig. 1 (a), al- 

hough the attention mechanism wrongly recognizes the “cosmetic 

rush” as the “microphone”, this inaccurate attention result is still 

ed into the decoder that subsequently generates a totally irrele- 

ant caption. Second, all of the attended visual features are only 

omputed by the previously generated word states, while ignoring 

he previously attended results. As we see, in Fig. 1 (b), the tiny 

bjects “ping-pong” and “ping-pong bat” are both moving continu- 

lly and quickly, so the previous attention results are central to the 

urrent attention process. Generally, when watching a video, our 

ttentions are always attracted by moving and surprising objects 

long the temporal sequence [6,7] . But sometimes we might find 

hat some important details in the previous snippets are ignored 

hen the latter events appear, so we will be back to the previ- 

us frames to change our attention parts. This indicates that the 

urrent focus is potentially affected by the future attention results. 

herefore, each attention result is not independent and should be 

losely relevant to the others. 

https://doi.org/10.1016/j.patcog.2022.109204
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2022.109204&domain=pdf
mailto:ztyu@hotmail.com
https://doi.org/10.1016/j.patcog.2022.109204
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Fig. 1. Two examples of video captioning. (a) Conventional attention-based method (Attention) generates an irrelevant description. Our HTG+HMG correctly identifies the 

action of “applying makeup”. (b) Attention generates an ambiguous description. Our HTG+HMG generates the informative words of “ping pong”. 
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According to the above observations, in this paper, we propose 

 relation-aware attention model by enhancing the inter-relation 

nd intra-relation of the conventional attention model for video 

aptioning. To achieve this goal, we present a novel video cap- 

ioning architecture which augments the conventional attentive 

ncoder-decoder with a linguistics-to-vision heterogeneous graph 

HTG) and a vision-to-vision homogeneous graph (HMG). Specifi- 

ally, given a video, a pre-trained CNN model is first used to en- 

ode a sequence of frames into a sequence of visual features that 

re then fed into a bi-LSTM to model the temporal dependencies. 

ext, the attention-based LSTM decoder selectively attends to the 

ey visual feature to generate the word state at each time step. Fi- 

ally, the proposed two kinds of graphs are learned to enhance 1) 

he inter-relation between each attended visual feature and its cor- 

esponding word state, and 2) the intra-relation for each attended 

isual feature with respect to the others. On one hand, based on 

he bi-linear attention mechanism, the HTG is learned to reversely 

odel the relations of each target word state with respect to every 

ttended visual feature, thus enhancing the semantic alignment in 

etween. On the other hand, we build the HMG which considers 

ach attended visual feature as a homogeneous node. With the 

elp of graph convolution network, the node representations re- 

eive the message from the neighbor nodes during the process of 

elation reasoning. Thus, each attended visual feature is computed 

ased on not only previously generated words, but also the at- 

ention information from the past and future. Through two kinds 

f graph learning, the conventional attention mechanism can be 

mproved to a relation-aware attention mechanism which models 

ntra- and inter-relation during attention process. By jointly learn- 

ng both the relations at the same time, the attention model is ex- 

ected to not only attend to proper visual features the decoder re- 

lly expects, but also suit the attention habits of human beings. 

To summarize, the contributions of this work lie in three as- 

ects: 

• We improve the conventional attention mechanism to a 

relation-aware attention mechanism which aims to 1) support 

proper semantic alignment between target word states and at- 
2

tended visual features and 2) leverage the attention information 

from the past and future to guide the current attention process. 
• A linguistics-to-vision heterogeneous graph (HTG) is learned to 

enhance the inter-relations between target word states and at- 

tended visual features. Moreover, a vision-to-vision homoge- 

neous graph (HMG) is modeled to capture the intra-relations 

among all of the attended visual features. 
• We incorporate the proposed two kinds of graphs ( i.e. , HTG 

and HMG) and the gobal graph (HTG+HMG) into the attentive 

encoder-decoder framework to conduct extensive experiments 

on two well-known datasets, i.e. , MSVD [8] and MSR-VTT [9] . 

The experimental results indicate that both the intra- and inter- 

relation of the attention mechanism are well enhanced, and sig- 

nificant improvements in video captioning are achieved. 

. Related work 

In this section, we will first briefly review the previous works 

or video captioning. Then, we will introduce the captioning works 

ocusing on enhancing the relation for attention. Finally, we intro- 

uce the use of graph learning in captioning. 

.1. Video captioning 

Recently, video captioning has draw extensive attentions in the 

ommunity of multi-modal learning. Previous works in this task 

ould be categorized into three dimensions, that is, (1) template- 

ased methods, (2) CNN and LSTM-based methods and (3) CNN 

nd Transformer-based methods. 

Template-based Methods. In the template-based methods 

10,11] , a general pipeline is to first predict a number of visual con- 

epts ( e.g. , objects, relationships, and attributes) via different clas- 

ification approaches. Then, these concepts constitute a caption ac- 

ording to a pre-defined sentence template and the basic grammar 

 e.g. , subjects-verbs-objects). Although this kind of approach is in- 

uitive, it cannot generate flexible and meaningful captions due to 

he processing of complex data and the limitation of pre-defined 

emplates. 
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CNN and LSTM-based Methods. Recently, with the rapid de- 

elopment of deep learning, the encoder-decoder framework using 

NN and LSTM has been widely used in this task [12,13] . Venu- 

opalan et al. [14] first introduced this framework for video cap- 

ioning. In their work, they first exploited a pre-trained CNN model 

o extract features from a sequence of frames. Then, they com- 

uted a mean pooling representation over all features and fed it 

nto an LSTM decoder to generate a caption. However, simply av- 

raging all the features often results in the confused representa- 

ion of video content. To address this problem, Yao et al. [15] in- 

roduced the soft-attention mechanism [16] to focus on the key 

isual feature for generating the target word. After that, this atten- 

ive encoder-decoder has become a popular framework for video 

aptioning. 

CNN and Transformer-based Methods. Recently, Transformer- 

ased methods have achieved state-of-the-art performances in var- 

ous multi-model tasks [17] . Inspired by it, Chen et al. [18] has in-

roduced this framework [19] for video captioning. In their work, 

 sequence of video frames were first fed into both 2-D and 3- 

 CNNs which then outputted corresponding appearance and mo- 

ion features, respectively. Then, instead of using an LSTM, they 

ttempted to utilize vanilla Transformer for sequential represen- 

ation and devise two types of fusion blocks in decoder layers 

or combining different modalities effectively. Furthermore, Pan 

t al. [20] first extracted appearance, motion and object features 

y the 2-D CNN, 3-D CNN and region-based CNN (R-CNN), respec- 

ively. Then, they fed these features into a spatio-temporal graph to 

odel their correlations. Finally, language decoding is performed 

hrough a Vanilla Transformer. Their works show that the use of 

ransformer will be a new direction for video captioning. 

.2. Enhancing the relation for attention 

Enhancing the Inter-relation. The conventional attention 

echanism often fails to attend to the relevant visual feature to 

enerate the target word state. Prior researchers attempted to ad- 

ress this problem with various methods which can be classified 

nto two dimensions. One is to devise complex attention mod- 

ls. The other is to exploit a memory module to bridge the gap 

etween attended visual features and target word states. Specif- 

cally, on one hand, Hori et al. [21] proposed an attention-based 

usion network to adaptively attend to different kinds of visual in- 

ormation to generate a caption, that is, nouns are generated based 

n appearance features and motion features are utilized to gen- 

rate verbs. Yan et al. [22] proposed a spatial-temporal attention 

odel which exploited both the spatial and temporal structures in 

 video, so each target word is generated based on not only the 

ey frame, but also the key object or region in that frame. Zhao 

t al. [23] proposed a co-attention model which is composed of a 

isual attention module, a text attention module, and a balancing 

ate. During the generation procedure, the visual attention module 

s able to adaptively attend to the salient regions in each frame and 

he frames that are most correlated with the caption. The text at- 

ention module can automatically focus on the most relevant pre- 

iously generated words or phrases. Gao et al. [2] devised an adap- 

ive attention model that makes the decoder adaptively select the 

isual information or the language context information to gener- 

te the visual words or the non-visual words. Long et al. [24] pro- 

osed a multi-faceted attention network to flexibly attend to the 

elevant frames, regions, and semantic attributes to generate the 

arget words. Tu et al. [1] proposed a textual-temporal attention 

odel, where the textual attention model first selects key visual 

ags based on language context, because both of them belong to 

extual modality. Then, the temporal attention model attends to 

he key visual features under the guidance of the visual tags. Ryu 

t al. [25] proposed to align frames with the phrases of partially 
3 
ecoded caption, thus using the semantic groups as information 

nit to caption a video. On the other hand, Wang et al. [26] pro-

osed a multi-modal memory model to learn the long-term visual- 

extual dependency and further guide attention process. However, 

ll of these methods have a common feature that they only utilized 

nidirectional flow from vision to linguistics while not considering 

he reverse flow. On the contrary, our proposed attentive encoder- 

ecoder with the HTG can additionally include the reverse flow by 

eversely modeling the relations of each target word state with re- 

pect to every attended visual feature. 

Enhancing the intra-relation. To the best of our knowledge, 

revious works in video captioning have not considered modeling 

he intra-relations among all of the attention results. But in image 

aptioning, Qin et al. [27] have built the relations between adja- 

ent attention results. In their work, they concatenated the previ- 

us attention result and the current hidden state of the LSTM de- 

oder to calculate the current attention result, which is able to em- 

ed visual information of the past. Different from their work, we 

onsider using a homogeneous graph to capture the intra-relations 

mong all of the attention results, which is able to obtain the at- 

ention information from the past and future during the current 

ttention process. Through this manner, the attention results will 

e relevant to the others and the attention process will suit the 

ttention habits of human beings. 

.3. Graph learning in captioning 

Using graph learning to explore the visual relations among the 

bjects in an image has been widely used in image captioning. For 

nstance, Wang et al. [28] leveraged a graph neural network to im- 

licitly model the visual relations between objects or regions in 

n image. Inspired by the related works in image captioning, the 

dea of graphical representation has been attracting attentions in 

ideo captioning. Pan et al. [20] first proposed a spatio-temporal 

raph network to exploit object interactions in a video and then 

erformed the graph convolution network to update the graph rep- 

esentation. Zhang et al. [29] captured detailed temporal dynamics 

or the salient objects in a video via a bidirectional temporal graph, 

nd learned discriminative spatio-temporal video representations 

y performing object-aware local feature aggregation on object re- 

ions. However, all of their methods only 1) exploited graph learn- 

ng in the encoder stage and 2) learned the graph based on the ho- 

ogeneous visual features. Different from them, our graph learn- 

ng 1) is performed in the attention process and 2) learned the 

raphs based on not only the homogeneous visual features, but 

lso the heterogeneous features between linguistic word states and 

isual features. 

.4. Summary 

Our work aims to devise a relation-aware attention mechanism 

y enhancing the intra- and inter-relation for the conventional at- 

ention mechanism in video captioning. For enhancing the inter- 

elation, different from [1,2,21,24–26] , which both used unidirec- 

ional flow from attended visual features to target word states, 

e additionally include reverse flow by utilizing a heterogeneous 

raph to reversely model the inter-relation of each word state with 

egard to every attended visual features. In terms of enhancing the 

ntra-relation, to the best of our knowledge, we are the first work 

n video captioning to model the relations among all of the atten- 

ion results by using a homogeneous graph. 

. Methodology 

Our overall captioning framework is shown in Fig. 2 , in which 

he proposed two kinds of graphs, namely linguistics-to-vision 
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Fig. 2. The overall framework of our proposed method. We couple a linguistics-to-vision heterogeneous graph and a vision-to-vision homogeneous graph with an attentive 

encoder-decoder. The details of two graphs are shown in Figs. 3 and 4 , respectively. 

Fig. 3. The architectures of the linguistics-to-vision heterogeneous graph (HTG) and inter-relation loss (better viewed in color), where BAT means the bilinear attention 

mechanism. 

Fig. 4. The architectures of the vision-to-vision homogeneous graph (HMG) and the intra-relation loss (better viewed in color), where GCN means the graph convolution 

network. 
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eterogeneous graph (HTG) and vision-to-vision homogeneous 

raph (HMG), are coupled with the conventional attentive encoder- 

ecoder. In this section, we first briefly review the attentive 

ncoder-decoder in Section 3.1 and then elaborate the HTG and 

MG in Section 3.2 . 

.1. Attentive encoder-decoder 

As illustrated in Fig. 2 , the attentive encoder-decoder consists of 

 bidirectional LSTM as the encoder and a unidirectional LSTM as 

he decoder, which is similar to [30] . Hence, we first breily review 

he basic structure of an LSTM, which is defined as: 

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

(1) 
4 
here x t is the input of the LSTM and h t is the output of the LSTM.

 t is the memory state of the LSTM. σ is a sigmoid activation func- 

ion and � refers to element-wise multiplication. W ∗, U ∗, and b ∗
re the parameters to be learned. For simplicity, we refer to the op- 

ration procedure of an LSTM encoder and an LSTM decoder with 

he following notations, respectively: 

 

e 
i = LST M 

e (h 

e 
i −1 , x i ) , h 

d 
t = LST M 

d (h 

d 
t−1 , x 

′ 
i ) , (2)

here x i and x ′ 
i 

represent different inputs to the LSTM encoder and 

STM decoder, respectively. 

.1.1. Encoder 

A given video is first uniformly sampled as a sequence of video 

rames F = { f 1 , . . . , f k } . Then, a pre-trained CNN model is utilized

o extract visual features one by one from this sequence, which is 

enoted as v = { v 1 , v 2 , . . . , v k } . Finally, to keep the temporal rela-

ionships between adjacent visual features, we use a bidirectional 

 STM (BiL STM) to encode these visual features. 
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A BiLSTM consists of forward and backward of an LSTM’s. First, 

he forward of it 
−→ 

f reads the input sequence of visual features v = 

 v 1 , v 2 , . . . , v k } as it is ordered (from v 1 to v k ) and calculates a se-

uence of forward hidden states 

(−→ 

h 1 , · · · , 
−→ 

h k 

)
. The backward of it 

 −
f reads the sequence in the reverse order (from v k to v 1 ), result- 

ng in a sequence of backward hidden states 

(← −
h 1 , · · · , 

← −
h k 

)
. Then, 

e obtain an encoded visual feature by concatenating the forward 

idden state 
−→ 

h i and the backward one 
← −
h i , i.e. , h e 

i 
= 

[ −→ 

h i , 
← −
h i 

] 
. Fi- 

ally, a sequence of visual features v = { v 1 , v 2 , . . . , v k } are encoded

s h e = { h e 
1 
, h e 

2 
, . . . , h e 

k 
} . 

.1.2. Attention-based decoder 

Video captioning aims to translate from k encoded visual fea- 

ures { h e 
1 
, h e 

2 
, . . . , h e 

k 
} into the word sequence { w 1 , w 2 , . . . , w m 

} of

ength m . The distribution of the output word sequence w.r.t the 

nput feature sequence is: 

p 
(
w 1 , . . . , w m 

| h 

e 
1 , . . . , h 

e 
k 

)
= 

m ∏ 

t=1 

p 
(
w t | h 

d 
t 

)
, (3) 

here h d t is the hidden state of the LSTM decoder at the time step 

, which is calculated by the previous hidden state h d 
t−1 

, previously 

enerated word embedding E[ w t−1 ] and the currently attended vi- 

ual feature ϕ t (v ) : 

 

d 
t = LSTM 

d 
(
[ E[ w t−1 ] , ϕ t (v )] , h 

d 
t−1 

)
, (4) 

here [,] stands for tensor concatenation. In our work, the at- 

ended visual feature ϕ t (v ) at time step t is calculated via the con-

entional attention mechanism: 

 t (v ) = 

k ∑ 

i =1 

α(t) 
i 

h 

e 
i . (5) 

he attention weight α(t) 
i 

reflects the relevance of the i -th encoded 

isual feature given the previous hidden state h d 
t−1 

which sum- 

arizes the information of the previously generated words, and is 

omputed as: 

(t) 
i 

= sof tmax (w tanh 

(
W a h 

d 
t−1 + U a h 

e 
i + b a 

)
) , (6) 

here w , W a , U a , and b a are learned parameters. 

.2. The proposed graph learning 

In this section, we will elaborate the proposed linguistics-to- 

ision heterogeneous graph (HTG) and vision-to-vision homoge- 

eous graph (HMG). The architectures of two kinds of graphs are 

llustrated in Figs. 3 and 4 . 

.2.1. Linguistics-to-vision heterogeneous graph (HTG) 

The architecture of the HTG is shown in Fig. 3 , which mainly 

onsists of a bilinear attention mechanism (BAT) and an inter- 

elation loss. The HTG aims to enhance the inter-relations between 

ttended visual features and corresponding target word states by 

eversely modeling the relations in between. Specifically, given the 

ttended visual features set ϕ(v ) = 

{
ϕ j (v ) 

}m 

j=1 
and the generated 

ord state ( i.e. , hidden state of the LSTM decoder) set H = { h r } m 

r=1 ,

here ϕ j (v ) ∈ R 

d v and h r ∈ R 

d h , we seek to construct a linguistics-

o-vision heterogeneous graph G T = { ϕ(v ) , H, ζ , A } . ζ are a set of

raph edges to learn and they indicate whether each word state 

s relevant or not relevant to one of attended visual features. A ∈ 

 

m ×m is the corresponding heterogeneous adjacency weighted ma- 

rix which represents the relation weights of each word state with 

espect to every attended visual feature. In order to compute A , 

e utilize BAT to calculate the accumulative weights of word state 
5 
odes with respect to attended visual feature nodes, which is for- 

ulated as: 

 r j = 

exp 

(
A 

′ 
r j 

)
∑ 

r j exp 

(
A 

′ 
r j 

) , A 

′ 
r j = h r W ϕ j (v ) T , (7) 

here A r j ∈ A is a scalar to indicate the relation between h r and

 j (v ) . W ∈ R 

d h ×d v is a trainable weighted matrix. The A ∈ R 

m ×m is

ormalized by using a sof tmax at each location. After the hetero- 

eneous adjacency weighted matrix is computed, we will obtain 

he reversely attended visual features by: 

 

′ (V ) = Aϕ(v ) , (8) 

In this way, different heterogeneous node representation can 

daptively propagate to each other. Once the reversely attended 

eature ϕ 

′ (v ) = 

{ 

ϕ 

′ 
j 
(v ) 

} m 

j=1 
are yielded, the inter-relation loss is 

efined as follows: 

 T = 

m ∑ 

j=1 

∥∥ϕ j (v ) − ϕ 

′ 
j (v ) 

∥∥2 

2 
. (9) 

y minimizing the defined inter-relation loss, we expect each at- 

ended visual feature is more relevant to its corresponding target 

ord state. 

.2.2. Vision-to-vision homogeneous graph (HMG) 

The architecture of the HMG is shown in Fig. 4 . It is built based

n the graph convolution network (GCN) [31] and is utilized to 

apture the intra-relations among all of the attention results. To 

e more specific, we seek to construct a vision-to-vision homoge- 

eous graph G M 

= { ϕ(v ) , ξ , B } , where each node ϕ j (v ) ∈ ϕ(v ) cor-

esponds to an attended visual feature and ϕ j (v ) ∈ R 

d v . ξ are a

et of graph edges which indicate whether each attended visual 

eature is relevant or not relevant to the others. B ∈ R 

m ×m is the

orresponding homogeneous adjacency matrix and can be seen as 

ow much information each attention result obtains from the past 

nd future attention results. We define the adjacency matrix for 

he homogeneous graph as follows: 

 = softmax r 
(
ϕ (v ) ϕ (v ) T 

)
+ I d , (10) 

here I d indicates the identity matrix and sof tmax r indicates we 

ake sof tmax operation across the row direction. Finally, We ap- 

ly the GCN to update this graph, so the independently attended 

isual features ϕ(v ) are updated to relatedly attended visual fea- 

ures ϕ 

′′ (v ) : 

M = Bϕ(V ) , 

 

′′ (V ) = tanh 

(
w f ∗ M + b f 

)
� σ ( w c ∗ M + b c ) , 

(11) 

here w f ∈ R 

1 ×d v ×d v , w c ∈ R 

1 ×d v ×d v , b f ∈ R 

d v , and b c ∈ R 

d v are the

rainable parameters. ‘ ∗’ indicates the convolutional operation. ‘ �′ 
ndicates element-wise product. σ indicates the sigmoid non-linear 

ctivate function. Each row of the matrix M represents a node’s 

eature vector, which integrates the information of its neighboring 

ode features. ϕ 

′′ (v ) ∈ R 

m ×d v indicates the output of the GCN. Fi-

ally, the intra-relevance loss is defined as follows: 

 M 

= 

m ∑ 

j=1 

∥∥ϕ j (v ) − ϕ 

′′ 
j (v ) 

∥∥2 

2 
. (12) 

hrough minimizing this loss, we encourage current attention pro- 

ess to obtain more useful attention information from the past and 

uture. 
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Table 1 

Ablation studies on MSVD. All values are reported as percent- 

age (%). 

BLEU-4 METEOR ROUGE-L CIDEr 

Base 47.5 33.3 69.5 77.1 

HTG 49.2 34.2 70.8 83.4 

HMG 49.0 34.3 70.9 83.8 

HTG + HMG 49.2 34.3 71.0 84.0 
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.3. Training procedure 

The training procedure of our proposed method consists of 

hree stages. The first stage is to train the attentive encoder- 

ecoder by optimizing the negative log-likelihood: 

 NLL = −
m ∑ 

t=1 

log p 
(
w t | h 

d 
t 

)
, (13) 

here w t and h d t are the target word and the hidden state of the

STM decoder at time step t , respectively. m is the total length of 

 video caption. 

In the second stage, after the attentive encoder-decoder con- 

erges, we respectively train each single graph with pre-trained at- 

entive encoder-decoder. One is the attentive encoder-decoder with 

he linguistics-to-vision heterogeneous graph (HTG), which objec- 

ive function is defined as: 

 1 = L NLL + λT L T . (14) 

nother is the attentive encoder-decoder with the vision-to-vision 

omogeneous graph (HMG), which objective function is defined as: 

 2 = L NLL + λM 

L M 

. (15) 

ere, λT and λM 

are trade-off parameters to balance the contri- 

utions from the each graph and the attentive encoder-decoder, 

hich are discussed in Section 4.4 . In the third stage, these trade- 

ff parameters are also used to train the attentive encoder-decoder 

ith the combination of these two graphs, i.e., global graph, which 

bjective function is defined as: 

 = L NLL + L 1 + L 2 . (16) 

. Experiments 

.1. Datasets and evaluation metrics 

The Microsoft Video Description Corpus (MSVD). MSVD 

8] has 1970 video clips. Each video clip is provided with about 

1 human annotated sentences. Following [15] , the dataset can be 

ivided into a training set of 1200 video clips, a validation set of 

00 clips, and a test set consisting of the rest of 670 clips. 

MSR Video to Text (MSR-VTT). MSR-VTT [9] consists of 10,0 0 0 

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

ith 20 human annotated sentences. We use the official spilt with 

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

Evaluation Metrics. We use four standard metrics to evaluate 

he quality of generated captions, i.e. , BLEU-4 [32] , METEOR [33] , 

OUGE-L [34] and CIDEr [35] . BLEU-4 has used for corpus level 

omparisons over which 4-gram matches exist. METEOR can gen- 

rate an alignment according to exact token matching to judge 

he word correlation between candidate and reference sentences. 

OUGE-L uses a measure based on the Longest Common Subse- 

uence (LCS), which is a set words shared by two sentences which 

ccur in the same order. CIDEr is especially designed for the cap- 

ioning task to capture human judgment of consensus. We obtain 

ll the results in this paper based on the Microsoft COCO evalua- 

ion server [36] . 

.2. Implementation details 

For the ground truths on the both datasets, we remove the 

unctuations, split them with blank space and convert all words 

nto lowercase. The maximum vocabulary size is set to 13,010 on 

SVD and 23,0 0 0 on MSR-VTT. Especially, on the both datasets, 

e has added four special token signs, i.e. , < UNK > , < PAD > ,

 ST ART > , and < ST OP > , to indicate “unknown words”, “keeping
6

he length of all sentences the same”, “start of sentence”, and 

end of sentence”, respectively. When generating the first word, 

e need a zeroth word w 0 ( i.e. , < ST ART > ) to indicate “start

f sentence”. For the last word w m 

, we denote it as < ST OP > .

his is necessary because the model needs to know when to stop 

ecoding during inference. The maximum length of sentences 

s set to 30 on the both datasets. Each word in the sentence is 

epresented as one-hot vector (1-of- g coding), where g denotes the 

umber of words in the vocabulary. To reduce parameter size, we 

roject the one-hot representations into a low dimensional word 

ector space with a word embedding matrix E, which size is set 

o 512 on the both datasets. 

In terms of visual feature extraction, we sample 28 equally- 

paced frames for each video and feed them into a pre-trained 

nception-V4 [37] to extract visual features, so the dimension of 

ach feature is 1536. The hidden state size of both LSTM encoder 

nd LSTM decoder are set to 1024 on the both datasets. 

Model Training. In the training phase, on the both datasets, we 

se Adam optimizer [38] and set the mini-batch size as 64. On 

SVD, in the first stage, we set the learning rate as 2 × 10 −4 . In

he second and third stages, we set the learning rate as 5 × 10 −5 .

n MSR-VTT, in the first stage, we set the learning rate as 1 ×
0 −4 . We set the learning rate as 1 × 10 −5 and 9 × 10 −6 in the sec-

nd and third stages. Besides, we set dropout regularization in the 

ate of 0.4 in all layers and cip graients element wise as 10.0. Since 

IDEr [35] is a consensus-based evaluation metric and especially 

esigned for captioning task, the highest score of CIDEr on the val- 

dation set is used as a metric to choose the best model for testing. 

Inference. During inference, the ground truths are not pro- 

ided, we need to input the start sign word < ST ART > to start

ecoding and feed the previously generated word to the LSTM 

ecoder at each time step until the end sign word < ST OP > is

eached. At each time step, the straightforward option would be 

o choose the word with the maximum score after sof tmax and 

se it to predict the next word. But this is not optimal because 

he rest of the sequence hinges on previous word. If that choice 

sn’t the best, everything that follows is sub-optimal. Therefore, we 

se beam search with size 5 to choose the sequence that has the 

ighest overall score in 5 candidate sequences. Both training and 

nference are implemented with PyTorch on an RTX 2080 Ti GPU. 

.3. Ablation studies 

In order to verify the effectiveness of the HTG, HMG and the 

lobal graph (HTG+HMG), we set the following comparative exper- 

ments: (1) only using an attentive encoder-decoder; (2) the at- 

entive encoder-decoder with the HTG; (3) the attentive encoder- 

ecoder with the HMG; (4) the attentive encoder-decoder with the 

TG+HMG. For convenience, we respectively denote them as Base, 

TG, HMG, and HTG+HMG hereinafter. The trade-off parameters 

or λT and λM 

defined in Eqs. (14) and (15) are set to 0.2 and 0.4 

n MSVD; 0.3 and 0.1 on MSR-VTT, which are analysed in the next 

ection. The experimental results are shown in Tables 1 and 2 . 

From Tables 1 and 2 , on the both datasets, we observe that: 

) each single graph and their combination both significantly im- 

rove the Base model for all metrics; 2) similar scores are obtained 
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Table 2 

Ablation studies on MSR-VTT. All values are reported as percentage (%). 

BLEU-4 METEOR ROUGE-L CIDEr 

Base 38.4 27.3 59.3 44.5 

HTG 39.1 27.4 59.6 45.3 

HMG 39.1 27.4 59.6 45.3 

HTG + HMG 39.1 27.5 59.6 45.4 

Table 3 

Study on the Trade-off Parameters λT and λM on MSVD and MSR-VTT. All values are 

reported as percentage (%). 

MSVD MSR-VTT 

HTG HMG HTG HMG 

λT CIDEr λM CIDEr λT CIDEr λM CIDEr 

0.0 77.14 0.0 77.14 0.0 44.50 0.0 44.50 

0.01 83.26 0.01 83.29 0.01 45.21 0.01 45.21 

0.1 83.41 0.1 83.26 0.1 45.24 0.1 45.25 

0.2 83.43 0.2 83.56 0.2 45.26 0.2 45.23 

0.3 83.39 0.3 83.63 0.3 45.27 0.3 45.17 

0.4 83.36 0.4 83.76 0.4 45.26 0.4 45.17 

0.5 83.17 0.5 83.52 0.5 45.26 0.5 45.19 
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Table 4 

The Study of Model’s Sensitivity to Video Quality Representing by ResNet-152. 

R152 MSVD MSR-VTT 

Method B-4 M R C B-4 M R C 

Base 45.2 33.3 69.0 74.7 38.3 27.4 59.1 44.1 

HTG 47.9 34.2 69.7 76.2 38.7 27.7 59.5 45.4 

HMG 48.5 34.3 69.9 76.4 38.8 27.7 59.5 45.5 

HTG + HMG 48.4 34.7 70.2 77.7 39.1 27.8 59.6 45.5 

Table 5 

The Study of Model’s Sensitivity to Video Quality Representing by C3D. 

C3D MSVD MSR-VTT 

Method B-4 M R C B-4 M R C 

Base 45.6 32.1 69.4 75.1 39.4 27.4 59.9 45.7 

HTG 47.6 32.4 69.9 80.0 40.1 27.7 60.2 46.9 

HMG 47.5 32.3 69.9 81.1 40.1 27.6 60.2 46.8 

HTG + HMG 47.6 32.4 69.9 81.7 40.2 27.7 60.2 47.0 

Table 6 

The Study of model’s Sensitivity to Video Quality Representing by ResNet-152 and 

C3D. 

R152 + C3D MSVD MSR-VTT 

Method B-4 M R C B-4 M R C 

Base 50.6 34.1 71.6 86.7 40.7 27.9 60.7 46.7 

HTG 51.6 35.1 72.8 89.0 40.7 28.2 60.8 47.6 

HMG 51.3 35.0 72.7 90.1 40.9 28.1 60.8 47.8 

HTG + HMG 52.7 35.2 72.8 91.4 42.1 28.4 61.6 48.9 
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or the single HTG and the single HMG, but the best performances 

re achieved when coupling both the HTG and HMG with the Base 

odel. It shows that: 1) it is effective that we improve the conven- 

ional attention mechanism to a relation-aware attention mecha- 

ism by learning a linguistics-to-vision heterogeneous graph and 

 vision-to-vision homogeneous graph during the attention pro- 

ess; 2) although enhancing either inter-relation or intra-relation 

s useful for the conventional attention mechanism, the best pro- 

osal is to enhance the conventional attention mechanism from 

he viewpoint of mutual reinforcement between inter-relation and 

ntra-relation. The reason is that by jointly learning both relations, 

he attend visual features will be more relevant to the target word 

tates, and the attention mechanism is capable of using the past 

nd future attention information to guide the current attention 

rocess. This suits the attention habits of human beings. 

.4. Study on the trade-off parameters λT and λM 

In this section, we will discuss the effect of λT and λM 

, which 

re defined in Eqs. (14) and (15) , respectively. λT is to balance the 

ontributions from the proposed HTG and the attentive encoder- 

ecoder, while λM 

is to balance the contributions from the pro- 

osed HMG and the attentive encoder-decoder. We will discuss 

hese two parameters on MSVD and MSR-VTT, respectively. 

For λT and λM 

, with different values on the both datasets, 

e obtain the CIDEr scores in Table 3 . From both tables, We ob-

erve that: 1) adding the two kinds of relation losses ( λ∗ > 0 ) did

mprove the performances of the conventional attentive encoder- 

ecoder; 2) as the values of λT and λM 

are increasing, the perfor- 

ances both decrease, for the whole model will focus too much 

n the graph learning part but ignore the supervision signal from 

round truth; 3) the results with different trade-off parameters for 

TG and HMG on the both datasets are very close, which indicates 

hat the superior performance benefits from the proposed graph 

earning strategy, instead of heavily relying on the specific param- 

ters. According to Table 3 , we find 0.2 and 0.4 to be the perfect

alues for λT and λM 

on MSVD, respectively. On MSR-VTT, we find 

.3 and 0.1 to be the perfect values for λT and λM 

, respectively. 

.5. The study of model’s sensitivity to video quality 

Previous studies validate the effectiveness of the proposed 

raph learning strategy, and analyze the proper trade-off param- 
7 
ters for the two kinds of graphs. To explore the generalization 

bility of the HMG and HTG, we further study their sensitivity to 

he different video qualities based on the above trade-off parame- 

ers, that is, 0.2 and 0.4 for λT and λM 

on MSVD; 0.3 and 0.1 for 

T and λM 

on MSR-VTT. To this end, we change the video qual- 

ty by representing the content of each video with different visual 

odalities, i.e., only appearance features extracted by ResNet-152 

39] , only motion features extracted by C3D [40] , and the context 

eatures (appearance+motion). 

The experimental results are shown in Tables 4 , 5 , and 6 . We

bserve that with different video quality, the each single graph 

nd global graph all achieve the consistently better results over 

he base model. And the best results are achieved by the global 

raph. The above observations validate that the proposed method 

as a good generalization ability, i.e., 1) it is robust to the impact of 

ideo quality; 2) the trade-off parameters are generic. Besides, we 

nd that the overall performance of appearance modality and mo- 

ion modality is similar, but the best performance is achieved by 

sing both modalities. This indicates that appearance and motion 

eatures are both important for representing video content. Ap- 

earance features represent frame information such as object and 

ackground scene, while motion features summarize the action in- 

ormation of consecutive frames, so each modality can supplement 

ach other and form an omni-representation for video content. 

.6. The study of model’s sensitivity to video length 

Besides video quality, we further explore how sensitive the pro- 

osed global graph (HTG+HMG) is to the length of videos. To this 

nd, we first sample 24, 26, 28, and 30 equally-spaced frames for 

ach video, respectively. Then, these different length frames are 

epresented by the concatenation of ResNet-152 and C3D. Fig. 5 

llustrates the results of the proposed method on MSVD and MSR- 

TT with different video length. Each sub-figure shows the scores 

f different length with the same metric and each color shows 

he scores of the same length with different metrics. We can ob- 

erve that 1) the overall performance with different video length is 
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Fig. 5. The Study of model’s sensitivity to different video length on MSVD and MSR-VTT, i.e. , 24, 26, 28, and 30. The video features are extracted from ResNet-152 and C3D. 

Table 7 

Comparison with the State-of-the-art Methods Enhancing the Inter-relation 

for Attention on MSR-VTT, where V, G, R152, FR, MR and C denote VGG, 

GoogleNet, ResNet-152, Faster R-CNN, Mask R-CNN, and C3D, respectively. The 

symbol “-” indicates such metric is unreported. 

Method BLEU-4 METEOR ROUGE CIDEr 

AF [21] (V + C) (2017) 39.4 25.7 - 40.4 

MFATT [24] (R152 + C) (2018) 39.1 26.7 - - 

CAM-RNN [23] (V) (2019) 37.7 26.7 58.5 38.3 

hLSTMat [2] (R152 + C) (2020) 38.7 26.8 - 41.9 

STAT [22] (G + C+FR) (2020) 37.9 26.8 - 44.0 

SGN [25] (V) (2021) 37.8 27.0 58.3 41.9 

TTA [1] (R152 + C+MR) (2021) 41.4 27.7 61.1 46.7 

M 

3 [26] (V+C)(2018) 38.1 26.6 - - 

HTG (V) 37.8 27.0 58.5 42.4 

HTG (R152 + C) 40.7 28.2 60.8 47.6 
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Table 8 

Comparison with the Methods Exploiting Graph Learning on MSR-VTT, where 

R101, R152, R200, FR, MR, I and C denote ResNet-101, ResNet-152, ResNet- 

200, Faster R-CNN, Mask R-CNN, I3D and C3D, respectively. B-4, M, R-L and C 

are short for BLEU-4, METEOR, ROUGE-L and CIDEr. The symbol “-” indicates 

such metric is unreported. 

Method B-4 M R-L C 

OA w/ ForTG [29] (R200 + MR) (2019) 40.8 26.9 - 45.1 

OA w/ BackTG [29] (R200 + MR) (2019) 40.8 27.3 - 45.3 

HTG (R152) 38.7 27.7 59.5 45.4 

HMG (R152) 38.8 27.7 59.5 45.5 

OA-BTG [29] (R200 + MR) (2019) 41.4 28.2 - 46.9 

STG (R101 + I+FR) [20] (2020) 40.5 28.3 60.9 47.1 

HTG + HMG (R152+C) 42.1 28.4 61.6 48.9 
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lose; 2) the best performances are obtained on the both datasets 

hen setting length as 28 for each video. This indicates that 1) 

TG+HMG is robust to the different video length; 2) the video 

ength should be proper, because when the length is shorter, some 

emporal information might be missing. When the length is longer, 

n the contrary, some redundant information might be noises to 

mpact the representation of video content. 

.7. Comparison with the methods enhancing the inter-relation for 

ttention 

Since there is no any video captioning work exploring to en- 

ance the intra-relation for attention according to our survey, we 

ill compare our proposed HTG with the video captioning meth- 

ds enhancing the inter-relation for attention. In Section 2.2 , we 

ave qualitatively made a comparative discussion between our pro- 

osed method and [1,2,21–26] . In this section, we will quantita- 

ively compare our proposed HTG with them on MSR-VTT. For a 

air comparison with these methods, we implemented the pro- 

osed HTG with encoding features of VGG, ResNet-152, and C3D. 

he comparison results are reported in Table 7 . 

From Table 7 , when only using single visual feature (e.g., VGG), 

e can observe that the HTG outperforms or is on par with all the 

ethods on the four metrics. When exploiting multiple features, 

ur method still achieves best results on METEOR and CIDEr, es- 

ecially improving the CIDEr score significantly, in particular with 

ncreases of 17.8% over AF, 13.6% over hLSTMat, and 8.2% over STAT, 

espectively. Compared with recent methods TTA additional using 

isual tags to enhance visual-textual alignment, our method does 

ot rely on any external knowledge and also achieves compara- 

ive results on BLEU-4 and ROUGE-L. Compared to these meth- 

ds, which either devised complex attention models or leveraged a 

emory model to guide the attention, our method is mainly based 

n the conventional attentive encoder-decoder, and additionally in- 

ludes reverse inflow from target word states to attended visual 
8

eatures so as to enhance their inter-relation. The experimental re- 

ults validate this motivation is intuitive and effective. 

.8. Comparing with the methods exploiting graph learning 

Since our proposed HTG and HMG are both based on graph 

earning, we compared them with the two recent methods which 

xploited graph learning. In Section 2.3 , we have qualitatively 

ade a comparative discussion between our proposed method 

nd them, i.e. , object-aware bidirectional temporal graph (OA-BTG) 

29] and spatial-temporal graph (STG) [20] . In this section, we 

ill quantitatively compare our proposed graphs with them on 

SR-VTT. Especially, OA-BTG made ablation studies, where one is 

bject-aware forward temporal graph (OA w/ ForTG) and the other 

s object-aware backward temporal graph (OA w/ BackTG). Hence, 

e also compare each proposed single graph with them. 

The comparison results are reported in Table 8 . We can see 

hat 1) our proposed HTG and HMG are both better than OA w/ 

orTG and OA w/ backTG on the three metrics; 2) compared to 

he full model of OA-BTG and STG, our proposed HMG+HTG also 

chieves highest scores on all the metrics, especially improving 

he CIDEr score significantly, in particular with an increase of 4.3% 

ver OA-BTG and 3.8% over STG, respectively. As our introduced in 

ection 2.3 , both OA-BTG and STG exploited graph learning in the 

ncoding stage, while our proposed graph learning is performed to 

mprove the attention process. As we know, the main challenge of 

ideo captioning is to align the target word states with encoded 

isual features due to the intrinsic gap between linguistics and 

ision. The experimental results validate that the proposed graph 

earning methods can effectively augment the attention model, so 

s to improve the quality of generated captions. 

.9. Comparing with other state-of-the-art methods 

In this section, we compare our method with some newly 

ublished state-of-the-art methods. Their major approaches can 

e grouped to two categories: the CNN and Transformer-based 
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Table 9 

Comparison with the State-of-the-art Methods on MSVD, where V, R-152, IRV2, C, 

IV4, and I denote VGG, ResNet-152, Inception-ResNet-V2, C3D, IncepctionV4 and 

I3D, respectively. The symbol “-” indicates such metric is unreported. 

Method B-4 M R-L C 

Att-TVT [18] (R152 + I) (2018) 53.0 34.7 71.7 80.8 

TDConvED [41] (R152) (2019) 53.3 33.8 - 76.4 

GRU-EVE h f t+ sem [13] (IRV2+C+YOLO) (2019) 47.9 35.0 71.5 78.1 

LG-DenseLSTM [42] (V + C) (2019) 50.4 32.9 69.9 72.6 

RecNet local [43] (IV4) (2019) 52.3 34.1 69.8 80.3 

SAAT [44] (IRV2 + C) (2020) 46.5 33.5 69.4 81.0 

BP-LSTMs [45] (R152) (2020) 42.9 32.0 68.3 62.2 

STA-FG [46] (R152 + C) (2020) 52.7 34.5 - - 

SHAN [47] (IRV2 + I) (2022) 50.9 35.1 72.2 91.3 

SMAN [48] (IRV2 + C+F) (2022) 50.0 34.8 71.5 84.7 

HTG + HMG (IV4) 49.2 34.3 71.0 84.0 

HTG + HMG (R152) 48.4 34.7 70.2 77.7 

HTG + HMG (R152+C) 52.7 35.2 72.8 91.4 
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Table 10 

Comparison with the State-of-the-art Methods on MSR-VTT, where V, R152, 

IRV2, C, IV4, I, N, YL, and FR denote VGG-16, ResNet-152, Inception-ResNet- 

V2, C3D, IncepctionV4, I3D, NasNet, YOLO and Faster R-CNN, respectively. The 

symbol “-” indicates such metric is unreported. 

Method B-4 M R-L C 

Att-TVT [18] (N + I) (2018) 40.1 27.9 59.6 47.7 

TDConvED [41] (R152) (2019) 39.5 27.5 - 42.8 

GRU-EVE h f t+ sem [13] (IRV2+C+YL) (2019) 38.3 28.4 60.7 48.1 

LG-DenseLSTM [42] (V + C) (2019) 37.6 26.2 - 42.0 

RecNet local [43] (IV4) (2019) 39.1 26.6 59.3 42.7 

SAAT [44] (IRV2 + C+FR) (2020) 40.5 28.2 60.9 49.1 

BP-LSTMs [45] (R152) (2020) 36.6 27.0 58.7 40.5 

STA-FG [46] (R152 + C) (2020) 40.8 27.4 - - 

SHAN [47] (IRV2 + I) (2022) 39.7 28.3 60.4 49.0 

SMAN [48] (IRV2 + C+F) (2022) 38.6 27.6 59.6 45.0 

HTG + HMG (IV4) 39.0 27.5 59.6 45.4 

HTG + HMG (R152) 39.1 27.6 59.6 45.4 

HTG + HMG (R152+C) 42.1 28.4 61.6 48.9 
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ethod (1) and the CNN and LSTM-based methods (2 - 10). Due 

o previous methods using different CNN model to extract vi- 

ual features and for a relatively fair comparison, we respectively 

everage several typical CNN models to extract appearance fea- 

ures (Inception-V4 and ResNet-152) and motion features (C3D). 

he compared methods are as follows: 

(1) Att-TVT [18] which proposed to use the transformer for 

ideo captioning. 

(2) TDConvED [41] which aimed to fully employ convolutions in 

oth encoder and decoder networks. 

(3) GRU-EVE h f t+ sem 

[13] which embedded rich temporal dy- 

amics in visual features by hierarchically applying Short Fourier 

ransform to CNN features of the whole video. 

(4) LG-DenseLSTM [42] which proposed a dense LSTM for video 

aptioning. 

(5) RecNet local [43] which proposed to augmented the conven- 

ional attentive encoder-decoder with an LSTM-based local recon- 

tructor. 

(6) SAAT [44] which proposed a syntax-aware action targeting 

odule. 

(7) BP-LSTMs [45] which proposed an architecture comprising 

wo LSTM layers and a word selection module. 

(8) STA-FG [46] which proposed to a hierarchical decoder with 

emantic temporal attention and multi-fusion mechanism. 

(9) SHAN [47] which proposed a syntax-guided hierarchical at- 

ention network to utilize semantic and syntax clues to integrate 

isual and sentence-context features for video captioning. 

(10) SMAN [48] which proposed a stacked multimodal attention 

etwork to extends the decoder into a multi-layer stacked atten- 

ion network, with textual and visual historical information explic- 

tly learned. 

Results on MSVD. We report the results on MSVD in Table 9 . 

ne one hand, compared to the methods using the single visual 

eature ( i.e. 2, 5, 7), our HTG+HMG (IV4) achieves the better ME- 

EOR, ROUGE-L and CIDEr scores than RecNet local , especially im- 

roving the CIDEr score with 4.6%; the HTG+HMG (R152) outper- 

orms TDConvED (R152) and BP-LSTMs (R152) on three and all 

f the metrics. Especially compared with BP-LSTMs (R152), the 

TG+HMG (R152) has the increases of 24.9% on CIDEr scores. 

n the other hand, compared to the other methods using mul- 

iple kind of visual features, our HTG+HMG (R152+C) also out- 

erforms them in terms of METEOR, ROUGE-L and CIDEr. Espe- 

ially, compared to Att-TVT, GRU-EVE h f t+ sem 

, LG-DenseLSTM, SAAT, 

nd SMAN, the HTG+HMG (R152+C) achieves the improvements of 

3.1%, 17.0%, 25.9%, 12.8%, and 7.9% on CIDEr. This superior perfor- 

ance mainly benefits by the proposed graphs that can learn the 

ntra- and inter-relation for the attention model, thus 1) support- 

ng proper semantic alignment between target word states and at- 
9 
ended visual features; leveraging the attention information from 

he past and future to guide the current attention process. Besides, 

tt-TVT is a Transformer-based method which outperforms us on 

ELU-4, so incorporating our proposed graph learning with Trans- 

ormer will be a new research direction. 

Results on MSR-VTT. We report the results on MSR-VTT in 

able 10 . We first compare the HTG+HMG (IV4) with RecNet local 

IV4). We can find that HTG+HMG achieves better METEOR, 

OUGE-L and CIDEr scores and is on par with RecNet local on BLEU- 

, especially improving the CIDEr score with 6.3%. Besides, the 

TG+HMG (R152) outperforms TDConvED (R152) except BLEU-4 

nd BP-LSTMs (R152) on all metrics. Especially compared with BP- 

STMs (R152), the HTG+HMG (R152) has the increases of 12.1% on 

IDEr scores. Next, compared to the methods using multiple kinds 

f features, on one hand, our HTG+HMG (R152+C) outperforms all 

he methods on BLEU-4, METEOR, and ROUGE-L metrics, and is 

light lower than SAAT (48.9 vs. 49.1). On the other hand, com- 

ared to the methods using three kinds of features ( i.e. ,3, 6, 10),

ur method also achieves the best scores on most metrics. Besides, 

ompared to MSVD, this dataset is more challenge, because it in- 

ludes large scale video-caption pairs, diverse video content and 

aptions. Hence, it is beneficial to obtain better results when using 

ultiple kinds of features extracted from videos. 

.10. Qualitative analysis 

Caption generated by different kinds of graphs. We have 

uantitatively evaluated the proposed HMG, HTG and HMG+HTG 

n two datasets, as shown in Tables 1 and 2 . However, these eval-

ations are mainly based on the automatic evaluation metrics, so 

e cannot intuitive observe whether the captions generated by 

hem are good or not. To this end, in Fig. 6 , we show the four ex-

mples with videos and captions generated by human-annotated 

round truths, a conventional attentive encoder-decoder (Base) as 

ell as our proposed methods, i.e. , HMG, HTG, HTG+HMG. From 

he first video of Fig. 6 , we can intuitively see that the caption

enerated by the Base can describe the main video content, but 

t still lacks a detail, i.e. ,“dog’s tail”, which is helpful to generate 

 more vivid caption. For the second video, the “cosmetic brush”

s wrongly understood as a “microphone” by the Base, so it gen- 

rates a totally irrelevant caption concerning this video. For the 

hird video, as the Base cannot attend to the correct part which 

he decoder really expects, a certain product is wrongly described 

s a “video segment”. By contrast, the HMG, HTG, and their com- 

ination are able to generate the accurate captions via enhancing 

he intra-relation and/or inter-relation for attention. Furthermore, 

t is interesting to observe that in the fourth video, the main object 
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Fig. 6. Four examples from the test sets of MSVD and MSR-VTT, which involve human-annotated ground truth captions (GT) and the captions generated by the conventional 

attentive encoder-decoder (Base), HMG, HTG, HTG+HMG, respectively. 

Fig. 7. Four failure examples obtained from HTG+HMG on the test set of MSVD and MSR-VTT. GT refers to ground truth. The red words in the captions generated by 

HTG+HMG indicate that it fails to describe the corresponding details in the ground truth. (For interpretation of the references to colour in this figure legend, the reader is 

referred to the web version of this article.) 
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ping-pong” is tiny and moving quickly. Hence, it is not enough to 

enerate an accurate caption via only enhancing the inter-relation 

r intra-relation for attention individually. In this case, it is neces- 

ary to enhance both of them for attention. In a word, coupling our 

roposed graphs with the attentive encoder-decoder can effectively 

mprove the quality of generated video captions. 

Failure Examples. We also find that in some cases, the pro- 

osed method fails to generate detailed or even yield inaccurate 

entence to caption the given videos. Fig. 7 visualize four failure 

ases on the test set of MSVD and MSR-VTT dataset. We can ob- 

erve that for the 1st video, the tiny but key object “kitten” is 

rongly recognized as “table”; in the 2nd video, the model can- 

ot recognize that one of person is a “woman” and the talked ob- 

ect “picture”; the main event “badminton” match is wrongly de- 

cribed as “tennis” match in the 3rd case; in the 4th example, 

here are a clutter of horses in a grass field, and these “horses”

re ignored by the proposed method. Our conjecture is that the 

roposed model mainly uses the attention model to select key vi- 

ual features at frame level rather than object level. As such, al- 

hough the proposed HTG+HMG can enhance the alignment be- 

ween attended visual features and word states, and use past and 

uture attention results to regularize current attention, it has inad- 

quate ability to focus on and describe the fined-grained objects. 
10 
ence, we will explore to incorporate the proposed graph learning 

nto more fine-grained attention model, such as spatial-temporal, 

extual-temporal, and multi-level attention [1,12,23] . 

. Conclusion 

This paper proposes to improve the conventional attention 

echanism to a relation-aware attention mechanism with two 

inds of graph learning, namely the vision-to-vision homogeneous 

raph (HMG) and the linguistics-to-vision heterogeneous graph 

HTG). The HMG aims to capture the intra-relations among all of 

he attend visual features. The HTG aims to enhance the inter- 

elations between target word states and attended visual features. 

herefore, the proposed relation-aware attention mechanism not 

nly exploits the attention information from the past and future 

o guide the current attention process, but also makes each at- 

ended visual feature more relevant to the corresponding target 

ord state. Experimental results show that our proposed method 

ot only significantly improves the conventional attentive encoder- 

ecoder, but also achieves the state-of-the-art results on two well- 

nown datasets. In the future, we will try to couple both graphs 

ith fine-grained attention models to focus on the object-level in- 

ormation, so as to further boost the performance. 
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