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ABSTRACT

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.

1. Introduction

Automatically describing a video with a natural language sen-
tence has been flourishing, because it connects compute vision and
natural language processing, which are two important applications
in pattern recognition. Video captioning has many practical appli-
cations such as video title automatic generation and content-based
video retrieval.

Recently, the attentive encoder-decoder framework has been
widely used in image or video captioning methods [1-4]. Specif-
ically, in the task of video captioning, a pre-trained CNN model is
used to encode a sequence of frames into a sequence of visual fea-
tures, which are then decoded into a sequence of word states by
an RNN model or its variant LSTM [5]. At each decoding step, the
attention mechanism is utilized to focus on a subset of key visual
features to generate the target word state.

Despite the progress, there are two limitations for the conven-
tional attention mechanism. First, it only exploits unidirectional
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flow from the attended visual feature to the target word sate,
while the reverse flow is ignored. In this case, the attended visual
feature is often not what the decoder really expects and thus is
irrelevant to the target word state. For instance, in Fig. 1(a), al-
though the attention mechanism wrongly recognizes the “cosmetic
brush” as the “microphone”, this inaccurate attention result is still
fed into the decoder that subsequently generates a totally irrele-
vant caption. Second, all of the attended visual features are only
computed by the previously generated word states, while ignoring
the previously attended results. As we see, in Fig. 1(b), the tiny
objects “ping-pong” and “ping-pong bat” are both moving continu-
ally and quickly, so the previous attention results are central to the
current attention process. Generally, when watching a video, our
attentions are always attracted by moving and surprising objects
along the temporal sequence [6,7]. But sometimes we might find
that some important details in the previous snippets are ignored
when the latter events appear, so we will be back to the previ-
ous frames to change our attention parts. This indicates that the
current focus is potentially affected by the future attention results.
Therefore, each attention result is not independent and should be
closely relevant to the others.
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* Ground truth: Awoman is applying makeup.

« Attention: Awoman is singing.

+  HTG+HMG: A woman is applying makeup.
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» Ground truth: A pair of young people play a challenging game of ping pong.

« Attention: Aman in a blue shirt is playing a game of a crowd.

»  HTG+HMG: A group of people are playing a game of ping pong.

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+tHMG generates the informative words of “ping pong”.

According to the above observations, in this paper, we propose
a relation-aware attention model by enhancing the inter-relation
and intra-relation of the conventional attention model for video
captioning. To achieve this goal, we present a novel video cap-
tioning architecture which augments the conventional attentive
encoder-decoder with a linguistics-to-vision heterogeneous graph
(HTG) and a vision-to-vision homogeneous graph (HMG). Specifi-
cally, given a video, a pre-trained CNN model is first used to en-
code a sequence of frames into a sequence of visual features that
are then fed into a bi-LSTM to model the temporal dependencies.
Next, the attention-based LSTM decoder selectively attends to the
key visual feature to generate the word state at each time step. Fi-
nally, the proposed two kinds of graphs are learned to enhance 1)
the inter-relation between each attended visual feature and its cor-
responding word state, and 2) the intra-relation for each attended
visual feature with respect to the others. On one hand, based on
the bi-linear attention mechanism, the HTG is learned to reversely
model the relations of each target word state with respect to every
attended visual feature, thus enhancing the semantic alignment in
between. On the other hand, we build the HMG which considers
each attended visual feature as a homogeneous node. With the
help of graph convolution network, the node representations re-
ceive the message from the neighbor nodes during the process of
relation reasoning. Thus, each attended visual feature is computed
based on not only previously generated words, but also the at-
tention information from the past and future. Through two kinds
of graph learning, the conventional attention mechanism can be
improved to a relation-aware attention mechanism which models
intra- and inter-relation during attention process. By jointly learn-
ing both the relations at the same time, the attention model is ex-
pected to not only attend to proper visual features the decoder re-
ally expects, but also suit the attention habits of human beings.

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

e 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-

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.

2. Related work

In this section, we will first briefly review the previous works
for video captioning. Then, we will introduce the captioning works
focusing on enhancing the relation for attention. Finally, we intro-
duce the use of graph learning in captioning.

2.1. Video captioning

Recently, video captioning has draw extensive attentions in the
community of multi-modal learning. Previous works in this task
could be categorized into three dimensions, that is, (1) template-
based methods, (2) CNN and LSTM-based methods and (3) CNN
and 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-
cepts (e.g., objects, relationships, and attributes) via different clas-
sification approaches. Then, these concepts constitute a caption ac-
cording to a pre-defined sentence template and the basic grammar
(e.g., subjects-verbs-objects). Although this kind of approach is in-
tuitive, it cannot generate flexible and meaningful captions due to
the processing of complex data and the limitation of pre-defined
templates.
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CNN and LSTM-based Methods. Recently, with the rapid de-
velopment of deep learning, the encoder-decoder framework using
CNN and LSTM has been widely used in this task [12,13]. Venu-
gopalan et al. [14] first introduced this framework for video cap-
tioning. In their work, they first exploited a pre-trained CNN model
to extract features from a sequence of frames. Then, they com-
puted a mean pooling representation over all features and fed it
into an LSTM decoder to generate a caption. However, simply av-
eraging all the features often results in the confused representa-
tion of video content. To address this problem, Yao et al. [15] in-
troduced the soft-attention mechanism [16] to focus on the key
visual feature for generating the target word. After that, this atten-
tive encoder-decoder has become a popular framework for video
captioning.

CNN and Transformer-based Methods. Recently, Transformer-
based methods have achieved state-of-the-art performances in var-
ious multi-model tasks [17]. Inspired by it, Chen et al. [18] has in-
troduced this framework [19] for video captioning. In their work,
a sequence of video frames were first fed into both 2-D and 3-
D CNNs which then outputted corresponding appearance and mo-
tion features, respectively. Then, instead of using an LSTM, they
attempted to utilize vanilla Transformer for sequential represen-
tation and devise two types of fusion blocks in decoder layers
for combining different modalities effectively. Furthermore, Pan
et al. [20] first extracted appearance, motion and object features
by the 2-D CNN, 3-D CNN and region-based CNN (R-CNN), respec-
tively. Then, they fed these features into a spatio-temporal graph to
model their correlations. Finally, language decoding is performed
through a Vanilla Transformer. Their works show that the use of
Transformer will be a new direction for video captioning.

2.2. Enhancing the relation for attention

Enhancing the Inter-relation. The conventional attention
mechanism often fails to attend to the relevant visual feature to
generate the target word state. Prior researchers attempted to ad-
dress this problem with various methods which can be classified
into two dimensions. One is to devise complex attention mod-
els. The other is to exploit a memory module to bridge the gap
between attended visual features and target word states. Specif-
ically, on one hand, Hori et al. [21] proposed an attention-based
fusion network to adaptively attend to different kinds of visual in-
formation to generate a caption, that is, nouns are generated based
on appearance features and motion features are utilized to gen-
erate verbs. Yan et al. [22] proposed a spatial-temporal attention
model which exploited both the spatial and temporal structures in
a video, so each target word is generated based on not only the
key frame, but also the key object or region in that frame. Zhao
et al. [23] proposed a co-attention model which is composed of a
visual attention module, a text attention module, and a balancing
gate. During the generation procedure, the visual attention module
is able to adaptively attend to the salient regions in each frame and
the frames that are most correlated with the caption. The text at-
tention module can automatically focus on the most relevant pre-
viously generated words or phrases. Gao et al. [2] devised an adap-
tive attention model that makes the decoder adaptively select the
visual information or the language context information to gener-
ate the visual words or the non-visual words. Long et al. [24] pro-
posed a multi-faceted attention network to flexibly attend to the
relevant frames, regions, and semantic attributes to generate the
target words. Tu et al. [1] proposed a textual-temporal attention
model, where the textual attention model first selects key visual
tags based on language context, because both of them belong to
textual modality. Then, the temporal attention model attends to
the key visual features under the guidance of the visual tags. Ryu
et al. [25] proposed to align frames with the phrases of partially
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decoded caption, thus using the semantic groups as information
unit to caption a video. On the other hand, Wang et al. [26] pro-
posed a multi-modal memory model to learn the long-term visual-
textual dependency and further guide attention process. However,
all of these methods have a common feature that they only utilized
unidirectional flow from vision to linguistics while not considering
the reverse flow. On the contrary, our proposed attentive encoder-
decoder with the HTG can additionally include the reverse flow by
reversely modeling the relations of each target word state with re-
spect to every attended visual feature.

Enhancing the intra-relation. To the best of our knowledge,
previous works in video captioning have not considered modeling
the intra-relations among all of the attention results. But in image
captioning, Qin et al. [27] have built the relations between adja-
cent attention results. In their work, they concatenated the previ-
ous attention result and the current hidden state of the LSTM de-
coder to calculate the current attention result, which is able to em-
bed visual information of the past. Different from their work, we
consider using a homogeneous graph to capture the intra-relations
among all of the attention results, which is able to obtain the at-
tention information from the past and future during the current
attention process. Through this manner, the attention results will
be relevant to the others and the attention process will suit the
attention habits of human beings.

2.3. Graph learning in captioning

Using graph learning to explore the visual relations among the
objects in an image has been widely used in image captioning. For
instance, Wang et al. [28] leveraged a graph neural network to im-
plicitly model the visual relations between objects or regions in
an image. Inspired by the related works in image captioning, the
idea of graphical representation has been attracting attentions in
video captioning. Pan et al. [20] first proposed a spatio-temporal
graph network to exploit object interactions in a video and then
performed the graph convolution network to update the graph rep-
resentation. Zhang et al. [29] captured detailed temporal dynamics
for the salient objects in a video via a bidirectional temporal graph,
and learned discriminative spatio-temporal video representations
by performing object-aware local feature aggregation on object re-
gions. However, all of their methods only 1) exploited graph learn-
ing in the encoder stage and 2) learned the graph based on the ho-
mogeneous visual features. Different from them, our graph learn-
ing 1) is performed in the attention process and 2) learned the
graphs based on not only the homogeneous visual features, but
also the heterogeneous features between linguistic word states and
visual features.

2.4. Summary

Our work aims to devise a relation-aware attention mechanism
by enhancing the intra- and inter-relation for the conventional at-
tention mechanism in video captioning. For enhancing the inter-
relation, different from [1,2,21,24-26], which both used unidirec-
tional flow from attended visual features to target word states,
we additionally include reverse flow by utilizing a heterogeneous
graph to reversely model the inter-relation of each word state with
regard to every attended visual features. In terms of enhancing the
intra-relation, to the best of our knowledge, we are the first work
in video captioning to model the relations among all of the atten-
tion results by using a homogeneous graph.

3. Methodology

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

heterogeneous graph (HTG) and vision-to-vision homogeneous where x; is the input of the LSTM and h; is the output of the LSTM.

graph (HMG), are coupled with the conventional attentive encoder- ¢t is the memory state of the LSTM. o is a sigmoid activation func-

decoder. In this section, we first briefly review the attentive tion and ® refers to element-wise multiplication. W,, U,, and b,

encoder-decoder in Section 3.1 and then elaborate the HTG and are the parameters to be learned. For simplicity, we refer to the op-

HMG in Section 3.2. eration procedure of an LSTM encoder and an LSTM decoder with
the following notations, respectively:

3.1. Attentive encoder-decoder he = LSTME (RS, x). hf — LSTM® (hf_p x,f), )

1

As illustrated in Fig. 2, the attentive encoder-decoder consists of where x; and x; represent different inputs to the LSTM encoder and
a bidirectional LSTM as the encoder and a unidirectional LSTM as LSTM decoder, respectively.
the decoder, which is similar to [30]. Hence, we first breily review

the basic structure of an LSTM, which is defined as: 311 Encoder

i = 0 Wihe_1 + Ux; + b;), A given video is first uniformly sampled as a sequence of video
fe =0 (Wrhe_y + Usxe + by), frames F = {f1, ..., fi}. Then, a pre-trained CNN model is utilized
0r = 0 (W,ohe_1 + UpXe + by), 1 to extract visual features one by one from this sequence, which is
g = tanh(Wyh,_1 + Usx; + by), Q) denoted as v = {vq,v,,...,v;}. Finally, to keep the temporal rela-
G=C10fi+irog, tionships between adjacent visual features, we use a bidirectional
he = or ® tanh(c,), LSTM (BiLSTM) to encode these visual features.
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A BILSTM consists of forward and backward of an LSTM's. First,

>3
the forward of it f reads the input sequence of visual features v =
{vi,v5,...,14} as it is ordered (from vy to v;) and calculates a se-

quence of forward hidden states (71)1 R ﬂ)k). The backward of it

-

f reads the sequence in the reverse order (from v} to vy), result-
<~ <~

ing in a sequence of backward hidden states (h 1,0+, h k). Then,

we obtain an encoded visual feature by concatenating the forward

hidden state h; and the backward one h, ie., hf = [h i h i]. Fi-

nally, a sequence of visual features v = {vq, V5, ..., 1,} are encoded

as ht = {he, h‘z",...,hi}.

3.1.2. Attention-based decoder

Video captioning aims to translate from k encoded visual fea-
tures {h§,hS,... h{} into the word sequence {wy,wy,...,wn} of
length m. The distribution of the output word sequence w.r.t the
input feature sequence is:

m
p(wi. ... wnlhS. .. he) =[] p(welhf). (3)
t=1

where h¢ is the hidden state of the LSTM decoder at the time step
t, which is calculated by the previous hidden state hfﬁl, previously
generated word embedding E[w;_1] and the currently attended vi-

sual feature ¢ (v):
hi = LSTM? ([E[w 1], e ()] B ), (4)

where [,] stands for tensor concatenation. In our work, the at-
tended visual feature ¢;(v) at time step ¢ is calculated via the con-
ventional attention mechanism:

k
o) = aVhe. (5)
i=1

The attention weight Oli(t) reflects the relevance of the i-th encoded
visual feature given the previous hidden state hL which sum-
marizes the information of the previously generated words, and is
computed as:

Oti(t) = softmax(wtanh (Wahﬁt1 + Ugh{ + ba)), (6)

where w, Wy, Uy, and b, are learned parameters.
3.2. The proposed graph learning

In this section, we will elaborate the proposed linguistics-to-
vision heterogeneous graph (HTG) and vision-to-vision homoge-
neous graph (HMG). The architectures of two kinds of graphs are
illustrated in Figs. 3 and 4.

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

The architecture of the HTG is shown in Fig. 3, which mainly
consists of a bilinear attention mechanism (BAT) and an inter-
relation loss. The HTG aims to enhance the inter-relations between
attended visual features and corresponding target word states by
reversely modeling the relations in between. Specifically, given the

. m
attended visual features set ¢ (v) = {(,oj(v)}j:l and the generated

word state (i.e., hidden state of the LSTM decoder) set # = {h;}I.,,
where ¢;(v) € R% and h; € R%, we seek to construct a linguistics-
to-vision heterogeneous graph Gr = {¢(v), H, {,A}. { are a set of
graph edges to learn and they indicate whether each word state
is relevant or not relevant to one of attended visual features. A €
R™*M is the corresponding heterogeneous adjacency weighted ma-
trix which represents the relation weights of each word state with
respect to every attended visual feature. In order to compute A,
we utilize BAT to calculate the accumulative weights of word state
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nodes with respect to attended visual feature nodes, which is for-
mulated as:

e (1)

Aj=—— A W), (7)

T e (Ay)

where ArjeA is a scalar to indicate the relation between h, and
@j(v). W e R%xd s a trainable weighted matrix. The A € R™™ is
normalized by using a softmax at each location. After the hetero-
geneous adjacency weighted matrix is computed, we will obtain
the reversely attended visual features by:

9'(V) =Ap(v), (8)

In this way, different heterogeneous node representation can

adaptively propagate to each other. Once the reversely attended
m

feature ¢’(v) = {(p}(v)} are yielded, the inter-relation loss is
j=1

defined as follows:
m

£r=3"leiw) - @) . (9)
j=1

By minimizing the defined inter-relation loss, we expect each at-
tended visual feature is more relevant to its corresponding target
word state.

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

The architecture of the HMG is shown in Fig. 4. It is built based
on the graph convolution network (GCN) [31] and is utilized to
capture the intra-relations among all of the attention results. To
be more specific, we seek to construct a vision-to-vision homoge-
neous graph Gy = {¢(v), &, B}, where each node ¢;(v) € ¢(v) cor-
responds to an attended visual feature and ¢;(v) eR¥, £ are a
set of graph edges which indicate whether each attended visual
feature is relevant or not relevant to the others. B € R™ ™ is the
corresponding homogeneous adjacency matrix and can be seen as
how much information each attention result obtains from the past
and future attention results. We define the adjacency matrix for
the homogeneous graph as follows:

B = softmax; (¢ ()¢ ()") + 1. (10)

where I; indicates the identity matrix and softmax, indicates we
make softmax operation across the row direction. Finally, We ap-
ply the GCN to update this graph, so the independently attended
visual features ¢ (v) are updated to relatedly attended visual fea-
tures ¢’ (v):

M= By(V), »
¢"(V) = tanh (wg M+ by) © o (we M + by), (11)
where wp e RUdvxdv . e R1xdvxdv e e R%, and be € R% are the
trainable parameters. “*’ indicates the convolutional operation. ‘@’
indicates element-wise product. o indicates the sigmoid non-linear
activate function. Each row of the matrix M represents a node’s
feature vector, which integrates the information of its neighboring
node features. ¢” (v) € R™® indicates the output of the GCN. Fi-
nally, the intra-relevance loss is defined as follows:

Lu=Y"oiw) - o/ ). (12)
j=1

Through minimizing this loss, we encourage current attention pro-
cess to obtain more useful attention information from the past and
future.
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3.3. Training procedure

The training procedure of our proposed method consists of
three stages. The first stage is to train the attentive encoder-
decoder by optimizing the negative log-likelihood:

m
Ly = — Y _log p(we|hf), (13)
t=1

where w; and hf are the target word and the hidden state of the
LSTM decoder at time step t, respectively. m is the total length of
a video caption.

In the second stage, after the attentive encoder-decoder con-
verges, we respectively train each single graph with pre-trained at-
tentive encoder-decoder. One is the attentive encoder-decoder with
the linguistics-to-vision heterogeneous graph (HTG), which objec-
tive function is defined as:

L1 = LniL + ATLT. (14)

Another is the attentive encoder-decoder with the vision-to-vision
homogeneous graph (HMG), which objective function is defined as:

Ly = LniL + AmLiy- (15)

Here, A and Ay, are trade-off parameters to balance the contri-
butions from the each graph and the attentive encoder-decoder,
which are discussed in Section 4.4. In the third stage, these trade-
off parameters are also used to train the attentive encoder-decoder
with the combination of these two graphs, i.e., global graph, which
objective function is defined as:

L =L+ L1+ L. (16)

4. Experiments
4.1. Datasets and evaluation metrics

The Microsoft Video Description Corpus (MSVD). MSVD
[8] has 1970 video clips. Each video clip is provided with about
41 human annotated sentences. Following [15], the dataset can be
divided into a training set of 1200 video clips, a validation set of
100 clips, and a test set consisting of the rest of 670 clips.

MSR Video to Text (MSR-VTT). MSR-VTT [9] consists of 10,000
video clips from 20 general categories. Each video clip is provided
with 20 human annotated sentences. We use the official spilt with
6513 videos for training, 497 for validation and 2990 for testing.

Evaluation Metrics. We use four standard metrics to evaluate
the quality of generated captions, i.e., BLEU-4 [32], METEOR [33],
ROUGE-L [34] and CIDEr [35]. BLEU-4 has used for corpus level
comparisons over which 4-gram matches exist. METEOR can gen-
erate an alignment according to exact token matching to judge
the word correlation between candidate and reference sentences.
ROUGE-L uses a measure based on the Longest Common Subse-
quence (LCS), which is a set words shared by two sentences which
occur in the same order. CIDEr is especially designed for the cap-
tioning task to capture human judgment of consensus. We obtain
all the results in this paper based on the Microsoft COCO evalua-
tion server [36].

4.2. Implementation details

For the ground truths on the both datasets, we remove the
punctuations, split them with blank space and convert all words
into lowercase. The maximum vocabulary size is set to 13,010 on
MSVD and 23,000 on MSR-VTT. Especially, on the both datasets,
we has added four special token signs, i.e., <UNK >, < PAD >,
< START >, and < STOP >, to indicate “unknown words”, “keeping
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Table 1

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

age (%).

BLEU-4 METEOR ROUGE-L  CIDEr

Base 475 333 69.5 771
HTG 49.2 34.2 70.8 834
HMG 49.0 343 70.9 83.8
HTG+HMG  49.2 34.3 71.0 84.0

the length of all sentences the same”, “start of sentence”, and
“end of sentence”, respectively. When generating the first word,
we need a zeroth word wy (i.e., < START >) to indicate “start
of sentence”. For the last word wy,, we denote it as < STOP >.
This is necessary because the model needs to know when to stop
decoding during inference. The maximum length of sentences
is set to 30 on the both datasets. Each word in the sentence is
represented as one-hot vector (1-of-g coding), where g denotes the
number of words in the vocabulary. To reduce parameter size, we
project the one-hot representations into a low dimensional word
vector space with a word embedding matrix E, which size is set
to 512 on the both datasets.

In terms of visual feature extraction, we sample 28 equally-
spaced frames for each video and feed them into a pre-trained
Inception-V4 [37] to extract visual features, so the dimension of
each feature is 1536. The hidden state size of both LSTM encoder
and LSTM decoder are set to 1024 on the both datasets.

Model Training. In the training phase, on the both datasets, we
use Adam optimizer [38] and set the mini-batch size as 64. On
MSVD, in the first stage, we set the learning rate as 2 x 10~4. In
the second and third stages, we set the learning rate as 5 x 1072,
On MSR-VTT, in the first stage, we set the learning rate as 1 x
10—, We set the learning rate as 1 x 107> and 9 x 10~ in the sec-
ond and third stages. Besides, we set dropout regularization in the
rate of 0.4 in all layers and cip graients element wise as 10.0. Since
CIDEr [35] is a consensus-based evaluation metric and especially
designed for captioning task, the highest score of CIDEr on the val-
idation set is used as a metric to choose the best model for testing.

Inference. During inference, the ground truths are not pro-
vided, we need to input the start sign word < START > to start
decoding and feed the previously generated word to the LSTM
decoder at each time step until the end sign word < STOP > is
reached. At each time step, the straightforward option would be
to choose the word with the maximum score after softmax and
use it to predict the next word. But this is not optimal because
the rest of the sequence hinges on previous word. If that choice
isn’t the best, everything that follows is sub-optimal. Therefore, we
use beam search with size 5 to choose the sequence that has the
highest overall score in 5 candidate sequences. Both training and
inference are implemented with PyTorch on an RTX 2080 Ti GPU.

4.3. Ablation studies

In order to verify the effectiveness of the HTG, HMG and the
global graph (HTG+HMG), we set the following comparative exper-
iments: (1) only using an attentive encoder-decoder; (2) the at-
tentive encoder-decoder with the HTG; (3) the attentive encoder-
decoder with the HMG; (4) the attentive encoder-decoder with the
HTG+HMG. For convenience, we respectively denote them as Base,
HTG, HMG, and HTG+HMG hereinafter. The trade-off parameters
for A and Ay defined in Egs. (14) and (15) are set to 0.2 and 0.4
on MSVD; 0.3 and 0.1 on MSR-VTT, which are analysed in the next
section. The experimental results are shown in Tables 1 and 2.

From Tables 1 and 2, on the both datasets, we observe that:
1) each single graph and their combination both significantly im-
prove the Base model for all metrics; 2) similar scores are obtained
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Table 2 Table 4
Ablation studies on MSR-VTT. All values are reported as percentage (%). The Study of Model’s Sensitivity to Video Quality Representing by ResNet-152.
BLEU-4 METEOR ROUGE-L CIDEr R152 MSVD MSR-VTT
Base 38.4 273 59.3 44.5 Method B-4 M R C B-4 M R C
HTG 39.1 27.4 59.6 45.3 Base 452 333 690 747 383 274 591 441
HMG 39.1 274 59.6 45.3 HTG 479 342 697 762 387 277 595 454
HTG-+HMG 39.1 27.5 59.6 45.4 HMG 485 343 699 764 388 277 595 455

Table 3
Study on the Trade-off Parameters Ay and Ay on MSVD and MSR-VTT. All values are
reported as percentage (%).

HTG+HMG 484 347 702 77.7 39.1 278 596 455

Table 5
The Study of Model's Sensitivity to Video Quality Representing by C3D.

MSVD MSR-VTT C3D MSVD MSR-VTT

HTG HMG HTG HMG Method B-4 M R C B-4 M R C
Base 456 321 694 751 394 274 599 457

M CIDEr  Aw CIDEr A1 CIDEr  Aw CIDEr HTG 476 324 699 800 401 277 602 469

0.0 77.14 0.0 77.14 0.0 44.50 0.0 44.50 HMG 475 323 699 811 401 276 602 468

0.01 83.26 0.01 83.29 0.01 4521 0.01 4521 HTG+HMG 47.6 324 699 817 402 277 602 47.0

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 4526 0.2 4523

0.3 83.39 0.3 83.63 0.3 45.27 0.3 45.17 Table 6

0.4 83.36 0.4 83.76 0.4 45.26 0.4 45.17 The Study of model’s Sensitivity to Video Quality Representing by ResNet-152 and

0.5 83.17 0.5 83.52 0.5 4526 0.5 45.19 C3D.

for the single HTG and the single HMG, but the best performances
are achieved when coupling both the HTG and HMG with the Base
model. It shows that: 1) it is effective that we improve the conven-
tional attention mechanism to a relation-aware attention mecha-
nism by learning a linguistics-to-vision heterogeneous graph and
a vision-to-vision homogeneous graph during the attention pro-
cess; 2) although enhancing either inter-relation or intra-relation
is useful for the conventional attention mechanism, the best pro-
posal is to enhance the conventional attention mechanism from
the viewpoint of mutual reinforcement between inter-relation and
intra-relation. The reason is that by jointly learning both relations,
the attend visual features will be more relevant to the target word
states, and the attention mechanism is capable of using the past
and future attention information to guide the current attention
process. This suits the attention habits of human beings.

4.4. Study on the trade-off parameters A and Ay

In this section, we will discuss the effect of Ay and A,;, which
are defined in Eqgs. (14) and (15), respectively. A7 is to balance the
contributions from the proposed HTG and the attentive encoder-
decoder, while Ay, is to balance the contributions from the pro-
posed HMG and the attentive encoder-decoder. We will discuss
these two parameters on MSVD and MSR-VTT, respectively.

For At and Ay, with different values on the both datasets,
we obtain the CIDEr scores in Table 3. From both tables, We ob-
serve that: 1) adding the two kinds of relation losses (A, > 0) did
improve the performances of the conventional attentive encoder-
decoder; 2) as the values of A and Ay, are increasing, the perfor-
mances both decrease, for the whole model will focus too much
on the graph learning part but ignore the supervision signal from
ground truth; 3) the results with different trade-off parameters for
HTG and HMG on the both datasets are very close, which indicates
that the superior performance benefits from the proposed graph
learning strategy, instead of heavily relying on the specific param-
eters. According to Table 3, we find 0.2 and 0.4 to be the perfect
values for Ay and A on MSVD, respectively. On MSR-VTT, we find
0.3 and 0.1 to be the perfect values for At and Ay, respectively.

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

Previous studies validate the effectiveness of the proposed
graph learning strategy, and analyze the proper trade-off param-

R152+C3D MSVD MSR-VTT

Method B-4 M R C B-4 M R C
Base 50.6 341 716 86.7 407 279 60.7 46.7
HTG 516  35.1 728 89.0 407 282 608 476
HMG 513 350 727 90.1 409  28.1 60.8  47.8

HTG+HMG 527 352 728 914 421 284 61.6 489

eters for the two kinds of graphs. To explore the generalization
ability of the HMG and HTG, we further study their sensitivity to
the different video qualities based on the above trade-off parame-
ters, that is, 0.2 and 0.4 for Ay and A,; on MSVD; 0.3 and 0.1 for
Ar and Ay on MSR-VTT. To this end, we change the video qual-
ity by representing the content of each video with different visual
modalities, i.e., only appearance features extracted by ResNet-152
[39], only motion features extracted by C3D [40], and the context
features (appearance+motion).

The experimental results are shown in Tables 4, 5, and 6. We
observe that with different video quality, the each single graph
and global graph all achieve the consistently better results over
the base model. And the best results are achieved by the global
graph. The above observations validate that the proposed method
has a good generalization ability, i.e., 1) it is robust to the impact of
video quality; 2) the trade-off parameters are generic. Besides, we
find that the overall performance of appearance modality and mo-
tion modality is similar, but the best performance is achieved by
using both modalities. This indicates that appearance and motion
features are both important for representing video content. Ap-
pearance features represent frame information such as object and
background scene, while motion features summarize the action in-
formation of consecutive frames, so each modality can supplement
each other and form an omni-representation for video content.

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

Besides video quality, we further explore how sensitive the pro-
posed global graph (HTG+HMG) is to the length of videos. To this
end, we first sample 24, 26, 28, and 30 equally-spaced frames for
each video, respectively. Then, these different length frames are
represented by the concatenation of ResNet-152 and C3D. Fig. 5
illustrates the results of the proposed method on MSVD and MSR-
VTT with different video length. Each sub-figure shows the scores
of different length with the same metric and each color shows
the scores of the same length with different metrics. We can ob-
serve 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](V4C) (2017) 394 25.7 - 40.4
MEATT [24] (R152+C) (2018)  39.1 26.7 - -
CAM-RNN [23] (V) (2019) 37.7 26.7 58.5 383
hLSTMat [2] (R1524C) (2020)  38.7 26.8 - 41.9
STAT [22] (G+C+FR) (2020) 379 26.8 - 44.0
SGN [25](V) (2021) 37.8 27.0 58.3 41.9
TTA [1](R152+C+MR) (2021) 414 27.7 61.1 46.7
M3 [26](V+C)(2018) 38.1 26.6 - -
HTG (V) 37.8 27.0 58.5 42.4
HTG (R152+4C) 40.7 28.2 60.8 47.6

close; 2) the best performances are obtained on the both datasets
when setting length as 28 for each video. This indicates that 1)
HTG+HMG is robust to the different video length; 2) the video
length should be proper, because when the length is shorter, some
temporal information might be missing. When the length is longer,
on the contrary, some redundant information might be noises to
impact the representation of video content.

4.7. Comparison with the methods enhancing the inter-relation for
attention

Since there is no any video captioning work exploring to en-
hance the intra-relation for attention according to our survey, we
will compare our proposed HTG with the video captioning meth-
ods enhancing the inter-relation for attention. In Section 2.2, we
have qualitatively made a comparative discussion between our pro-
posed method and [1,2,21-26]. In this section, we will quantita-
tively compare our proposed HTG with them on MSR-VTT. For a
fair comparison with these methods, we implemented the pro-
posed HTG with encoding features of VGG, ResNet-152, and C3D.
The comparison results are reported in Table 7.

From Table 7, when only using single visual feature (e.g., VGG),
we can observe that the HTG outperforms or is on par with all the
methods on the four metrics. When exploiting multiple features,
our method still achieves best results on METEOR and CIDEr, es-
pecially improving the CIDEr score significantly, in particular with
increases of 17.8% over AF, 13.6% over hLSTMat, and 8.2% over STAT,
respectively. Compared with recent methods TTA additional using
visual tags to enhance visual-textual alignment, our method does
not rely on any external knowledge and also achieves compara-
tive results on BLEU-4 and ROUGE-L. Compared to these meth-
ods, which either devised complex attention models or leveraged a
memory model to guide the attention, our method is mainly based
on the conventional attentive encoder-decoder, and additionally in-
cludes reverse inflow from target word states to attended visual

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)  40.8 269 - 45.1

OA w/ BackTG [29] (R200+MR) (2019) 408 27.3 - 453
HTG (R152) 387 277 595 454
HMG (R152) 388 277 595 455
OA-BTG [29] (R200+MR) (2019) 414 282 - 46.9
STG (R101+1+FR) [20] (2020) 405 283 609 47.1
HTG+HMG (R152+C) 421 284 616 489

features so as to enhance their inter-relation. The experimental re-
sults validate this motivation is intuitive and effective.

4.8. Comparing with the methods exploiting graph learning

Since our proposed HTG and HMG are both based on graph
learning, we compared them with the two recent methods which
exploited graph learning. In Section 2.3, we have qualitatively
made a comparative discussion between our proposed method
and them, i.e., object-aware bidirectional temporal graph (OA-BTG)
[29] and spatial-temporal graph (STG) [20]. In this section, we
will quantitatively compare our proposed graphs with them on
MSR-VTT. Especially, OA-BTG made ablation studies, where one is
object-aware forward temporal graph (OA w/ ForTG) and the other
is object-aware backward temporal graph (OA w/ BackTG). Hence,
we also compare each proposed single graph with them.

The comparison results are reported in Table 8. We can see
that 1) our proposed HTG and HMG are both better than OA w/
ForTG and OA w/ backTG on the three metrics; 2) compared to
the full model of OA-BTG and STG, our proposed HMG+HTG also
achieves highest scores on all the metrics, especially improving
the CIDEr score significantly, in particular with an increase of 4.3%
over OA-BTG and 3.8% over STG, respectively. As our introduced in
Section 2.3, both OA-BTG and STG exploited graph learning in the
encoding stage, while our proposed graph learning is performed to
improve the attention process. As we know, the main challenge of
video captioning is to align the target word states with encoded
visual features due to the intrinsic gap between linguistics and
vision. The experimental results validate that the proposed graph
learning methods can effectively augment the attention model, so
as to improve the quality of generated captions.

4.9. Comparing with other state-of-the-art methods
In this section, we compare our method with some newly

published state-of-the-art methods. Their major approaches can
be 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

13D, respectively. The symbol “-” indicates such metric is unreported.

Method B-4 M R-L C

Att-TVT [18] (R152+I) (2018) 53.0 347 717 808
TDConvED [41] (R152) (2019) 533 338 - 76.4
GRU-EVEj s sem [13] (IRV2+C+YOLO) (2019) 479 350 715 781
LG-DenseLSTM [42](V+C) (2019) 504 329 699 726
RecNet;,.q [43] (IV4) (2019) 52.3 341 69.8 803
SAAT [44] (IRV2+C) (2020) 46.5 335 694 810
BP-LSTMs [45] (R152) (2020) 429 320 683 622
STA-FG [46] (R152+C) (2020) 52.7 345 - -

SHAN [47] (IRV2+1) (2022) 509 35.1 722 913
SMAN [48] (IRV2+C+F) (2022) 500 348 715 847
HTG+HMG (IV4) 492 343 71.0 84.0
HTG+HMG (R152) 484 347 702 777
HTG+HMG (R152+C) 527 352 728 914

method (1) and the CNN and LSTM-based methods (2 - 10). Due
to previous methods using different CNN model to extract vi-
sual features and for a relatively fair comparison, we respectively
leverage several typical CNN models to extract appearance fea-
tures (Inception-V4 and ResNet-152) and motion features (C3D).
The compared methods are as follows:

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

(2) TDConvED [41] which aimed to fully employ convolutions in
both encoder and decoder networks.

(3) GRU-EVEp ¢ sem [13] which embedded rich temporal dy-
namics in visual features by hierarchically applying Short Fourier
Transform to CNN features of the whole video.

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

(5) RecNet;,, [43] which proposed to augmented the conven-
tional attentive encoder-decoder with an LSTM-based local recon-
structor.

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

(7) BP-LSTMs [45] which proposed an architecture comprising
two LSTM layers and a word selection module.

(8) STA-FG [46] which proposed to a hierarchical decoder with
semantic temporal attention and multi-fusion mechanism.

(9) SHAN [47] which proposed a syntax-guided hierarchical at-
tention network to utilize semantic and syntax clues to integrate
visual and sentence-context features for video captioning.

(10) SMAN [48] which proposed a stacked multimodal attention
network to extends the decoder into a multi-layer stacked atten-
tion network, with textual and visual historical information explic-
itly learned.

Results on MSVD. We report the results on MSVD in Table 9.
One one hand, compared to the methods using the single visual
feature (i.e. 2, 5, 7), our HTG+HMG (IV4) achieves the better ME-
TEOR, ROUGE-L and CIDEr scores than RecNet,,.,, especially im-
proving the CIDEr score with 4.6%; the HTG+HMG (R152) outper-
forms TDConvED (R152) and BP-LSTMs (R152) on three and all
of the metrics. Especially compared with BP-LSTMs (R152), the
HTG+HMG (R152) has the increases of 24.9% on CIDEr scores.
On the other hand, compared to the other methods using mul-
tiple kind of visual features, our HTG+HMG (R152+C) also out-
performs them in terms of METEOR, ROUGE-L and CIDEr. Espe-
cially, compared to Att-TVT, GRU-EVEyf; | em, LG-DenseLSTM, SAAT,
and SMAN, the HTG+HMG (R152+C) achieves the improvements of
13.1%, 17.0%, 25.9%, 12.8%, and 7.9% on CIDEr. This superior perfor-
mance mainly benefits by the proposed graphs that can learn the
intra- and inter-relation for the attention model, thus 1) support-
ing proper semantic alignment between target word states and at-
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Table 10

Comparison with the State-of-the-art Methods on MSR-VTT, where V, R152,
IRV2, C, IV4, |, N, YL, and FR denote VGG-16, ResNet-152, Inception-ResNet-
V2, C3D, IncepctionV4, 13D, 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+1) (2018) 40.1 279 596 47.7
TDConvED [41] (R152) (2019) 395 275 - 4238
GRU-EVEjsssem [13] (IRV2+C+YL) (2019) 383 284 607  48.1
LG-DenseLSTM [42](V+C) (2019) 376 262 - 420
RecNetoq [43] (IV4) (2019) 39.1 266 593 427
SAAT [44] (IRV2+C+FR) (2020) 405 282 609 49.1
BP-LSTMs [45] (R152) (2020) 366 270 587 405
STA-FG [46] (R152+C) (2020) 408 274 - -

SHAN [47] (IRV2+1) (2022) 397 283 604 49.0
SMAN [48] (IRV2+C+F) (2022) 386 276 596 450
HTG+HMG (IV4) 39.0 275 59.6 454
HTG+HMG (R152) 39.1 276 596 454
HTG-+HMG (R152+C) 421 284 61.6 489

tended visual features; leveraging the attention information from
the past and future to guide the current attention process. Besides,
Att-TVT is a Transformer-based method which outperforms us on
BELU-4, so incorporating our proposed graph learning with Trans-
former will be a new research direction.

Results on MSR-VTT. We report the results on MSR-VIT in
Table 10. We first compare the HTG+tHMG (IV4) with RecNet;,.q
(Iv4). We can find that HTG+HMG achieves better METEOR,
ROUGE-L and CIDEr scores and is on par with RecNet;,.,; on BLEU-
4, especially improving the CIDEr score with 6.3%. Besides, the
HTG+HMG (R152) outperforms TDConvED (R152) except BLEU-4
and BP-LSTMs (R152) on all metrics. Especially compared with BP-
LSTMs (R152), the HTG+HMG (R152) has the increases of 12.1% on
CIDEr scores. Next, compared to the methods using multiple kinds
of features, on one hand, our HTG+HMG (R152+C) outperforms all
the methods on BLEU-4, METEOR, and ROUGE-L metrics, and is
slight lower than SAAT (48.9 vs. 49.1). On the other hand, com-
pared to the methods using three kinds of features (i.e.,3, 6, 10),
our method also achieves the best scores on most metrics. Besides,
compared to MSVD, this dataset is more challenge, because it in-
cludes large scale video-caption pairs, diverse video content and
captions. Hence, it is beneficial to obtain better results when using
multiple kinds of features extracted from videos.

4.10. Qualitative analysis

Caption generated by different kinds of graphs. We have
quantitatively evaluated the proposed HMG, HTG and HMG+HTG
on two datasets, as shown in Tables 1 and 2. However, these eval-
uations are mainly based on the automatic evaluation metrics, so
we cannot intuitive observe whether the captions generated by
them are good or not. To this end, in Fig. 6, we show the four ex-
amples with videos and captions generated by human-annotated
ground truths, a conventional attentive encoder-decoder (Base) as
well as our proposed methods, i.e., HMG, HTG, HTG+HMG. From
the first video of Fig. 6, we can intuitively see that the caption
generated by the Base can describe the main video content, but
it still lacks a detail, i.e.,“dog’s tail”, which is helpful to generate
a more vivid caption. For the second video, the “cosmetic brush”
is wrongly understood as a “microphone” by the Base, so it gen-
erates a totally irrelevant caption concerning this video. For the
third video, as the Base cannot attend to the correct part which
the decoder really expects, a certain product is wrongly described
as a “video segment”. By contrast, the HMG, HTG, and their com-
bination are able to generate the accurate captions via enhancing
the intra-relation and/or inter-relation for attention. Furthermore,
it is interesting to observe that in the fourth video, the main object
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GT: A monkey pulls a dog’s tail.

Base: A monkey is teasing a dog.

HMG: A monkey is teasing a dog’s tail.

HTG: A monkey is teasing a dog’s tail.
HTG+HMG: A monkey is teasing a dog’s tail.

GT: A girl is talking about a product.

Base: A woman is talking about a video segment.
HMG: A woman is talking about a product.

HTG: A woman is talking about a product.
HTG+HMG: A woman is talking about a product.

GT: A woman is applying makeup.

Base: A woman is singing.

HMG : A woman is applying makeup.
HTG: A woman is applying makeup.
HTG+HMG: A woman is applying makeup.

GT: A pair of young people play a challenging game of
ping pong.
Base: A man in a blue shirt is playing a game of a crowd.
HMG : A man in a blue shirt is playing a game of a crowd
HTG: A man in a blue shirt is playing a game of a crowd.
HTG+HMG: A group of people are playing a game of
ping pong.

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.

GT: A person is playing with a kitten.
HTG+HMG: A person is playing with a table.

- £ o

GT: Two men dressed in shorts play a
badminton match against each other
HTG+HMG: Two people are playing tennis in

a court.

GT: A man and a woman sitting on a bench
talking about a picture .
HTG+HMG: Two men are talking to each other.

GT: A group of horse riders riding the horse

on the race.
HTG+HMG: A group of people are running

on a field.

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.)

“ping-pong” is tiny and moving quickly. Hence, it is not enough to
generate an accurate caption via only enhancing the inter-relation
or intra-relation for attention individually. In this case, it is neces-
sary to enhance both of them for attention. In a word, coupling our
proposed graphs with the attentive encoder-decoder can effectively
improve the quality of generated video captions.

Failure Examples. We also find that in some cases, the pro-
posed method fails to generate detailed or even yield inaccurate
sentence to caption the given videos. Fig. 7 visualize four failure
cases on the test set of MSVD and MSR-VTT dataset. We can ob-
serve that for the 1st video, the tiny but key object “kitten” is
wrongly recognized as “table”; in the 2nd video, the model can-
not recognize that one of person is a “woman” and the talked ob-
ject “picture”; the main event “badminton” match is wrongly de-
scribed as “tennis” match in the 3rd case; in the 4th example,
there are a clutter of horses in a grass field, and these “horses”
are ignored by the proposed method. Our conjecture is that the
proposed model mainly uses the attention model to select key vi-
sual features at frame level rather than object level. As such, al-
though the proposed HTG+HMG can enhance the alignment be-
tween attended visual features and word states, and use past and
future attention results to regularize current attention, it has inad-
equate ability to focus on and describe the fined-grained objects.

Hence, we will explore to incorporate the proposed graph learning
into more fine-grained attention model, such as spatial-temporal,
textual-temporal, and multi-level attention [1,12,23].

5. Conclusion

This paper proposes to improve the conventional attention
mechanism to a relation-aware attention mechanism with two
kinds of graph learning, namely the vision-to-vision homogeneous
graph (HMG) and the linguistics-to-vision heterogeneous graph
(HTG). The HMG aims to capture the intra-relations among all of
the attend visual features. The HTG aims to enhance the inter-
relations between target word states and attended visual features.
Therefore, the proposed relation-aware attention mechanism not
only exploits the attention information from the past and future
to guide the current attention process, but also makes each at-
tended visual feature more relevant to the corresponding target
word state. Experimental results show that our proposed method
not only significantly improves the conventional attentive encoder-
decoder, but also achieves the state-of-the-art results on two well-
known datasets. In the future, we will try to couple both graphs
with fine-grained attention models to focus on the object-level in-
formation, so as to further boost the performance.
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