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Video captioning aims at translating from a sequence of video frames into a sequence of words with
the encoder-decoder framework. Hence, it is critical to align these two different sequences. Most existing
methods exploit soft-attention (temporal attention) mechanism to align target words with corresponding
frames, where the relevance of them merely depends on the previously generated words (i.e., language
context). As we know, however, there is an inherent gap between vision and language, and most of the
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Alignment with corresponding frames. In order to address this problem, we first introduce pre-detected visual tags
Visual tags from the video to bridge the gap between vision and language. The reason is that visual tags not only

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

Attention Model (TTA) to exactly align the target words with corresponding frames. The experimental
results show that our proposed method outperforms the state-of-the-art methods on two well known

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

The goal of video captioning is to automatically generate a nat-
ural language sentence that summarizes the content of a video.
The research topic is interesting because not only does it has im-
portant practical applications, such as video title generation, blind
navigation, and content-based video retrieval, but also it connects
Computer Vision with Natural Language Processing which are two
major directions in Artificial Intelligence.

Thanks to the rapid development of deep neural network, the
encoder-decoder neural network has achieved encouraging perfor-
mances for video captioning. Specifically, an encoder convolutional
neural network (CNN) [1,2] encodes video frames into feature vec-
tors and then a decoder recurrent neural network (RNN) [3] de-
codes them into a natural language sentence. With this framework,
the goal of video captioning [4-6] is to directly translate from a se-
quence of frames to a sequence of words. To this end, it is critical
to build the alignment between these two sequences, for the order
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and length of them may different. Inspired by the soft-alignment
approach [7] which learns to align and translate jointly in neu-
ral machine translation (NMT), Yao et al. [4] proposed to incor-
porate this mechanism, namely the temporal attention mechanism
into the encoder-decoder framework and demonstrated its bene-
fits. At time step t, the temporal attention mechanism is capable
of deciding which a subset of frames to attend to, making it pos-
sible for the decoder to generate each target word only based on
its relevant frame, where the relevance is measured by the previ-
ously generated words (i.e., language context). As we know, how-
ever, there is an inherent gap between vision and language, and
most of the words in a caption belong to non-visual words (e.g.
“a”, “is”, and “in”). In this situation, merely with the guidance of
the language context, the temporal attention mechanism often fails
to determine which frames are more relevant to the target words.
In other words, temporal attention-based methods merely build
coarse alignment between target words and corresponding frames,
and thus generate ambiguous descriptions, such as details missing
or recognition error. For instance, in Fig. 1, the key object “bird” is
missing in (a), and the “girl” is wrongly recognized as the “boy” in
(b).

In Fig. 1(a), although the object “bird” occurs in every frame,
it is more apparent in the last two frames. Furthermore, in the
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(a) Details missing

Ground Truth: A lady is playing and calling out for a bird.
Temporal Attention: A man in a black shirt is walking around a room.

(b) Recognition error
IIIIIIIIIIIIIIIIII!'II

Ground Truth: A girl is walking through a store.
Temporal Attention: A boy is running.

Fig. 1. Two unaligned examples generated by the temporal attention-based
method. (a) The key object “bird” is missing. (b) The “girl” is wrongly recognized
as the “boy”.

ground truth of (a), we can clearly see that most of the generated
words belong to non-visual words (i.e., “a”, “is”, “and”, “out”, and
“for”). Similarly, in Fig. 1(b), the object “girl” is not in a good po-
sition in the most frames and the previous word is only “a”. In
above cases, the temporal attention-based method cannot get suf-
ficient visual cues to select more proper snippets and thus failed
to align the target words “bird” and “girl” with the most relevant
frames. In order to mitigate this problem, we consider introduc-
ing some useful visual cues as “bridges” to help the temporal at-
tention mechanism to build exact alignment between target words
and corresponding frames.

To achieve this goal, in this paper we first propose to exploit
detected visual tags in frames as “bridges” between vision and
language. The reason is that these tags are visual words which
not only belong to textual information, but also are capable of
conveying visual information. Then, to exploit these tags to en-
hance the alignment during temporal attention process, we devise
a Textual-Temporal Attention Model (TTA) which extends the con-
ventional temporal attention model via adding another textual at-
tention model. Specifically, first, we adopt a CNN encoder to ex-
tract frame features for a video. Second, in order to get useful vi-
sual tags and inspired by the task of instance segmentation, we
opt for a Region-based CNN (R-CNN) to detect each frame and se-
lect top-n tags representing the most frequent objects in the video.
Finally, we incorporate the proposed Textual-Temporal Attention
Model (TTA) into an LSTM decoder to generate target words. The
textual attention model is first utilized to select the key visual tags
via the language context, because both of them belong to textual
modality. Then, the temporal attention model will determine the
key frames with the help of the language context plus the key vi-
sual tags. Through this manner, the attended frames will be more
relevant to target words. Thereinto, not only do key visual tags of-
fer important visual cues to temporal attention process, but also
capture fine-grained information that may be neglected by frame
features.

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

» Visual tags are introduced to bridge the gap between vision and
language.

o A textual-temporal attention model is devised and incorporated
into the decoder to build the exact alignment between target
words and corresponding frames.

o Extensive experiments on two well-known datasets, i.e.,
MSVD and MSR-VTT, demonstrate that our proposed approach
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achieves remarkable improvements over the state-of-the-art
methods.

The remainder of this paper is organized as follows. In
Section 2, we first review some existing studies. In Section 3, we
introduce the overall framework of our proposed method and elab-
orate each component in the framework. In Section 4, we elaborate
the experimental procedure, quantitative analysis, and qualitative
analysis. In Section 5, we draw our conclusion and make discus-
sions on this work.

2. Related work

In this section, we provide relevant research progress of previ-
ous works in video captioning, the methods exploring the align-
ment between vision and language and the methods exploiting vi-
sual tags.

2.1. Video captioning

To date, the task of video captioning has achieved marked
progress in the community of multi-modalities learning. Previous
works in this task could be classified into three dimensions, that
is, (1) template-based methods, (2) CNN and RNN-based methods
and (3) CNN and Transformer-based methods.

Template-based methods Template-based methods [8,9] first pre-
dicts a set of visual concepts (e.g., objects, relationships, and at-
tributes) by different classification approaches. Then, a pre-defined
sentence template is exploited to form these visual concepts into a
caption based on the basic grammar (e.g., subjects-verbs-objects).
This kind of approach is intuitive and easy to understanding, but
need to cope with the complex data. Moreover, flexible and mean-
ingful captions cannot be generated due to the limitation of pre-
defined templates.

CNN and RNN-based methods The CNN and RNN-based
encoder-decoder framework has been widely used in the task of
video captioning during these years. Generally, the deep convolu-
tional neural network (CNN) is often opted as the encoder, because
it can represent image content with the high-level semantic fea-
ture vector. Since the recurrent neural network (RNN) is able to
effectively model the sequence generation task, it is often used as
the decoder to map a sequence of video frames to a sequence of
words. To be more specific, a pre-trained CNN reads a sequence of
video frames and outputs corresponding frame features, which in
turn are fed into a decoder RNN to generate a caption that sum-
marizes the main content of this video. For instance, Venugopalan
et al.[10] first introduced the encoder-decoder framework for video
captioning. In their work, they used the mean pooling representa-
tion over all frames and fed it into the decoder to generate a de-
scription. To alleviate the vanishing gradient problem, they adopted
the Long Short-Term Memory (LSTM) [11] as the decoder. Com-
pared to previous template-based methods, encoder-decoder neu-
ral network-based methods have made great progress on standard
metrics. However, simply averaging all of the frame features often
results in the confused representation for video content, because
this strategy makes different objects along the temporal sequence
fuse disorderly. In order to exploit the temporal structure under-
lying the video, on one hand, Venugopalan et al.[12] proposed a
model, S2VT, to only use an LSTM to encode and decode frame fea-
tures. Specifically, in the encoding stage, each frame feature was
orderly fed into an LSTM to model the temporal dependencies
among them. In the decoding stage, the last hidden state of the en-
coding stage was fed into every time step of the remaining LSTM
to generate a caption. On the other hand, Yao et al. [4] presented
a TA model which incorporated the temporal attention mechanism
into the encoder-decoder framework to selectively focus on a sub-
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set of frames for generating each word. Since then, these two mod-
els has been two classic baselines for video captioning.

CNN and Transformer-based methods Recently, in the domain of
neural machine translation, a new and effective model, namely
Transformer [13], has been proposed to replace RNN and has
achieved encouraging performances. Inspired by it, Chen et al
[14] has introduced this framework 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 frame and motion
features, respectively. Then, instead of the use of RNN, they at-
tempted to utilize the transformer network for sequential repre-
sentation and devise two types of fusion blocks in decoder layers
for combining different modalities effectively. Similarly, in the task
of dense video captioning which aims at both localizing and de-
scribing all events in a video, Zhou et al. [15] also proposed to use
an end-to-end transformer model for both detecting and describ-
ing events in a video. All in all, the use of the transformer provides
a new research direction for video captioning and thus is worth
deeply exploring in the future.

2.2. Building the alignment between vision and language

In order to generate accurate captions, it is a critical problem
for researchers to build exact alignment between vision and lan-
guage. There are main two directions for addressing this problem.
One is the embedding-based method. The other is the attention-
based method.

Embedding-based alignment This kind of method aims to build
a global alignment by embedding the whole video feature and the
sentence feature of a video into a common latent space. Specifi-
cally, Pan et al. [16] first performed mean-pooling process over all
frame features to get a single video feature. Then, they calculated
term frequency (TF) weights over all encoded words to construct
the integrated sentence feature. Finally, they embedded the video
and the sentence feature into a common space and computed the
distance between them. In the training phase, they minimized this
distance to enhance their alignment. Guo et al. [17] proposed a
similar strategy to enforce the consistency between the sentence
feature and the video feature. The slight difference is that their
sentence feature was produced by mean-pooling strategy as well.
However, the alignment in their work was very coarse, because it
built upon the whole video and sentence.

Attention-based alignment This kind of method is based on
the attention mechanism, which explored how to build the local
alignment between each target word and its corresponding visual
and/or semantic feature in a video. Yao et al. [4] first devised a
temporal attention model for video captioning, where each tar-
get word was generated via the most relevant frames. The rel-
evance was measured by the language context which summa-
rizes all the previously generated words. Tu et al. [18] proposed a
spatial-temporal attention model. Given the language context, the
spatial attention model first attended to the key regions in each
frame, and then focused on the important temporal segments via
the temporal attention model. Hori et al. [19] employed two kinds
of visual features, that is, frame features extracted from a single
frame and motion features extracted from consecutive frames. And
they used a multi-modalities attention model to align different
kinds of visual features with corresponding words, i.e., frame fea-
tures are utilized to predict nouns and verbs are predicted by mo-
tion features. Gao et al. [20] devised an adaptive attention model
that makes the decoder adaptively select the visual information
or the language context information to generate the visual words
or the non-visual words in the caption. Long et al. [21] proposed
a multi-faceted attention network to flexibly attend to the rele-
vant frames, regions, and semantic attributes to generate the target
words. The above attention-based methods all selected key regions
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or key frames only with the help of the language context. How-
ever, most of the words in a caption belong to non-visual words
(e.g., Fig. 1). In this case, these methods cannot receive sufficient
visual cues to focus on proper frames and thus failed to exactly
align target words with corresponding frames. By contrast, we first
introduce some visual tags to bridge the gap between vision and
language. Then, a textual-temporal attention model is devised to
precisely align the key frames with target words with the help of
the language context plus the visual tags.

2.3. Exploiting visual tags

So far, the captioning methods exploiting visual tags can be cat-
egorized into two dimensions based on the roles they play in im-
age or video captioning, that is, main and complementary roles.

Playing the main role You et al. [22] and Pan et al. [23] both
exploited visual tags as main information in image and video cap-
tioning, respectively. In their methods, visual features were only
used to initialize the LSTM. In terms of the use of visual tags, on
one hand, You et al. [22] exploited attention mechanism to selec-
tively focus on the proper visual tags to generate the target words.
On the other hand, Pan et al. [23] devised a transfer unit to control
the impacts of visual tags learned from images and videos.

Playing the complementary role Nian et al. [24] proposed to inte-
grate visual tags into the visual feature to improve the S2VT model
[12]. Aafaq et al. [25] proposed to use an object detector and a 3D-
CNN to detect object and action tags to enrich the visual features.
Hemalatha et al. [26] proposed to classify the videos into different
domains and use the domain-specific semantic tags to enrich the
visual features. Long et al. [21] proposed to introduce visual tags
as the complementary information that aids in generating better
captions. Yuan et al. [27] attempted to respectively utilize object,
action, and global (i.e., object and action) tags to guide the ap-
pearance features, motion features, and generated words for target
words prediction. Though the above methods all introduced visual
tags to enhance captioning, all of them have not considered ex-
ploiting visual tags to bridge the gap between vision and language.

2.4. Summary

Our approach is built upon the attention-based CNN and RNN
framework and aims for enhancing the alignment between target
words and corresponding frames. However, different from those
attention-based methods that merely rely on the language con-
text to build the alignment, we first introduce some visual tags
to bridge the gap between vision and language. Then, a textual-
temporal attention model is devised to precisely align the key
frames with target words with the help of the language context
plus the visual tags. Furthermore, instead of using visual tags as
the conventional main or complementary information for image or
video captioning, we are the first work which makes them play a
new role, i.e., bridge role, in video captioning.

3. Methodology

The overall framework of our proposed method is shown in
Fig. 2. We first introduce the CNN encoder in Section 3.1. Then,
we describe how to get visual tags in Section 3.2 in detail. Finally,
we elaborate the proposed Textual-Temporal Attention Model (TTA)
and how to incorporate it into the LSTM decoder in Section 3.3.

3.1. CNN encoder

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

frame, which represent static objects or scenes (e.g., “boy”, “cat”,
and “sky”). Specifically, a source video is first uniformly sampled
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Fig. 2. The overall framework of our proposed Textual-Temporal Attention Model (TTA). Through TTA, at time step t, a subset of frames clearly containing the object “bowl”

are determined with the guidance of the visual tag “bowl” plus the language context.

as a sequence of video frames F = {f, ..., fi}. Each frame is fed
into a pre-trained 2D CNN encoder and it outputs k frame features
which are denoted as v = {vq, v, ..., v}, in which v; € RY.

3.2. Visual tags

Visual tag vocabulary In our work, visual tags play an important
role for bridging the gap between vision and language. In order to
extract high-level visual tags from video frames, we need to first
prepare a visual tag vocabulary to train the visual tag detector.
Generally, a video captioning model generates a textual sentence
by selecting words from the ground-truth captions on video cap-
tioning datasets. However, there are some objects in video frames
but not in ground-truth captions. Therefore, we will construct
the visual tag vocabulary from two sources, i.e., “in-domain” tags
and “out-domain” tags. The “in-domain” tags are from the paired
ground-truth captions on the MSR-VTT dataset [28] which is a
large-scale video captioning dataset containing 200 K clip-sentence
pairs. Specifically, we use the Stanford Parser to parse captions on
the training set of MSR-VTT. Then, we choose the nsubj (nominal
subject) and dobj (direct object) edges of the Stanford Parser out-
puts to find the subject-verb and verb-object pairs for each cap-
tion. Then, we extract subjects, verbs (ending with ‘-ing’) and ob-
jects as candidate visual words. Please note that we manually re-
move all pronouns from these pairs, because they do not repre-
sent specific entities. Finally, we pick out 2500 most frequent vi-
sual words from those candidates as the “in-domain” tags.

Recently, Visual Genome (VG) dataset [29] has been widely
used in the task of object detection, for it has 108,077 images, and
over 7000 category classes annotated with object bounding boxes.
The previous work of instance segmentation [30] has provided a
list of 3000 most frequent classes on the VG dataset, and we find
this list has covered all the ‘in-domain’ visual tags, which indicates
VG contains the common visual tags on MSR-VTT. Besides, the re-
maining 500 classes are not in the ground truth captions of MSR-
VTT. Hence, we will use all the classes contained in the list as our
visual tag vocabulary which thus consists of 2500 “in-domain” vi-
sual tags and 500 “out-domain” visual tags.

Visual tag detector After constructing the visual tag vocabulary,
we then need an effective visual tag detector to recognize candi-
date objects contained in each frame as many as possible. Recently,
the region-based CNN (R-CNN) has made significant progress in
detection task, especially MaskX R-CNN [30] which aims at cor-
rectly detecting all objects in an image while outputting corre-

sponding tags. Motived by this, we opt for the MaskX R-CNN as
our visual tag detector. The MaskX R-CNN was trained based on the
3000 most frequent classes on VG. As our aforementioned, those
classes consist of 2500 “in-domain” tags and 500 “out-domain”
tags, so we follow their training procedure and use ResNet-101-
FPN as the backbone network to train our visual tag detector. More
details about the training are shown in Section 5 of [30] and its
code page.?

Visual tag extraction Each visual tag is extracted based on its
detected score in each frame and frequency of occurrence in all
of the frames, respectively. To be more specific, given a sequence
of video frames F = {fi,..., fi}, we first feed them one by one
into the pre-trained visual tag detector and it will output a set of
object bounding boxes, object names and their corresponding de-
tected scores in each frame. Next, we set 0.5 as a thresh score to
pick out salient objects in each frame, where the score of each re-
mained object is greater than or equal to this thresh score. After
that, we will get a set of names of salient objects in each frame.
Then, we rank each detected tag based on the number of appear-
ance in all of the frames in descending order. Finally, the top-n
most frequent visual tags are selected for each video. We denoted
them as tag = {tag,,tag,. ..., tagy}. If one of videos do not have
n most frequent objects after above strategies, we pad the tag list
with the unknown word sign, < unk > , to make enough n tags.
Moreover, The n is a hyper-parameter and we will discuss it in
Section 4.5.

Textual embedding In the task of video captioning, we aim to de-
scribe an input video with a textual sentence S = {wq, wy, ..., wn}
which consists of m words. Let W, denote the vocabulary including
d words in the paired video-sentence data. Note that W, has in-
cluded three special token signs, < sos >, < eos >, and < unk >,
to indicate “start of sentence”, “end of sentence”, and “unknown
words”, respectively. When generating the first word, we need a
zeroth word wy (i.e, < sos > ) to indicate “start of sentence”.
For the last word wy,, we denote it as < eos >. This is neces-
sary because the model needs to know when to stop decoding
during inference. For visual tag vocabulary, we denote the visual
tag vocabulary as W, including p (i.e., 3000 in our work) visual
words. Hence, the whole vocabulary including g words is denoted
as Wg = Wy UWp.

2 https://github.com/ronghanghu/seg_every_thing.
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Since both w; and tag; correspond to an entry in the vocabu-
lary W, they can be encoded with one-hot representations (1-of-g
coding, g denotes the number of words in the vocabulary Wg) in
RS space. To reduce parameter size, we project the one-hot repre-
sentations into a low dimensional word vector space with a word
embedding matrix E, where E € R"*8 and w « g. Finally, we can
respectively represent tth word in the sentence S and jth visual
tag in the video as a w-dimensional textual feature, i.e., E[w;] € RY
and E[tag;] e R".

3.3. LSTM with textual-temporal attention model

Our decoder consists of the proposed textual-temporal atten-
tion model and a single LSTM. Moreover, a multilayer perceptron
(MLP) layer is build upon the decoder to predict the probability
distribution of target words.

LSTM decoder The structure of the LSTM is defined as:

it = o Wihe_1 + Uix¢ + by),

fo = o Wrhe_q +Upxe 4 by),

or = 0 (Wohe_1 + Upx; + bo),

g = tanh(Wrhe_y + Ugx; + bg),

G=C10fi+itOg,

hy = o¢ © tanh(cy), (1)

where x; is the input of the LSTM, h; is the output of the LSTM,
and h;_; is the output of the LSTM at the t — 1 time step. ¢; is
the memory state of the LSTM, and c¢;_; is the previous memory
state of the LSTM at the t — 1 time step. o is a sigmoid activation
function and © refers to element-wise multiplication. W, U+, and
b« are the parameters to be learned. For simplicity, we refer to the
operation procedure of an LSTM with the following notation:

he = LSTM(h_1, %¢). (2)

In the initial time, the hidden state hy and memory state ¢y are
computed by:

ho. o = [Who, WeolV.
_ 1 k
% E ;U,', (3)

where W;q and W,y are parameters to be learned.

In the decoding phase, each time the LSTM updates its hidden
state h; based on the previous hidden state h;_; and word feature
E[w;_1], as well as the currently attended visual tag ¢.(E[tag]) and
the attended frame feature :(v):

he = LSTM(h;_1, E[w;_1], @1 (E[tag]), ¥ (v)), (4)

where the currently attended visual tag ¢:(E[tag]) and the at-
tended frame feature 1/¢(v) will be introduced as follows.

Textual-temporal attention model In the previous attention-based
methods [4,5,20], the key frame feature at time step t is selected
merely by the previous hidden state of the LSTM. However, most of
the previously generated words are non-visual words. In this case,
it is difficult to exactly align target words with relevant visual con-
tent.

To enhance their alignment, we first introduce visual tags to
bridge the gap between these two modalities, because the tags ex-
tracted from a video not only belong to textual modality, but also
are able to convey visual information. Next, a textual-temporal at-
tention model (TTA) is devised to exactly align target words with
corresponding frames, which is illustrated in Fig. 3. The proposed
TTA consists of two stages: (1) the textual attention model is to
select the most relevant visual tags according to the language con-
text, and (2) the temporal attention model is to align the target
words with the most relevant frames under the guidance of the
selected visual tags plus the language context.
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o Textual Attention. At each time step t, a key visual tag ¢(E[tag])
is selected via relevant scores o« which measure the relevance
between the target word and every visual tags:

n
¢ (E[tag]) = Y aVE[tag;]. (5)
j=1
Since visual tags and word features are homogeneous features,
the relevance between them can be directly measured by the
language context:

m§” = Ugtanh(Uyhe_1 + UsE[tag;] + 2),
oe](‘) = softmax(mjf)), (6)

where Ug, Up, Us, and z are the parameters to be learned.
Temporal Attention. In the second stage, as frame features and
word features are heterogeneous features, we rely on the se-
lected visual tags to bridge the gap between them. At each time
step t, the relevance between frames and the target word is
measured by ¢(E[tag]) and hy_1:

b = Wytanh(Wihe_; + Wag (E[tag]) +Wyv; +b),
B = softmax(b®), (7)

where Wy, Wy, Wy, Wy, and b are the parameters to be learned.

Once the relevant scores ,31.(” are determined, each time the key
frame is selected:

k
viw) =Y B ;. (8)
i=1

MLP layer The probability distribution of a series of target words
at time step t will be obtained via a single hidden layer:

0 = WLE[w,_1] + Wyh, + Wy (v) + Wi, (E[tag)),
W = softmax(Uytanh(o) + by), (9)

where W«, Uy, and by are the parameters to be learned.
4. Experiments
4.1. Datasets

The microsoft video description corpus (MSVD) MSVD [31] has
1970 video clips. Each video clip is provided with about 41 human
annotated sentences. Following [4], 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-VIT) MSR-VTT [28] consists of 10,000
video clips from 20 general categories. Each video clip is provided
with 20 human annotated sentences. There are 200 K clip-sentence
pairs corresponding to 1.8 M words. We use the official spilt with
6513 videos for training, 497 for validation and 2990 for testing.

4.2. Evaluation metrics

We use four standard metrics to evaluate the quality of gen-
erated sentences, i.e., BLEU [32], METEOR [33], ROUGE-L [34] and
CIDEr [35].

BLEU analyzes the co-occurrences of n-grams between the can-
didate and reference sentences. METEOR can generate an align-
ment according to exact token matching to judge the word corre-
lation between candidate and reference sentences. ROUGE-L uses a
measure based on the Longest Common Subsequence (LCS), which
is a set words shared by two sentences which occur in the same
order. CIDEr exploits human consensus to evaluate video descrip-
tions. We get all the results in this paper according to the Mi-
crosoft COCO evaluation server [36].
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E[tag,]

Fig. 3. Illustration of the proposed textual-temporal attention mechanism (TTA).

E[tag,]

4.3. Implementation details

The whole vocabulary size consists of the words of visual tags
and the words on the video captioning dataset, as well as three
special word signs, < sos >, < eos >, and < unk > . Thus, after
preprocessing, the whole vocabulary size is 14,021 for MSVD and
29,552 for MSR-VTT, respectively.

The dimension of the word embedding is set to 468 for both
datasets, so tth word in the sentence S and jth visual tag in the
video can be represented as a 468-dimensional textual feature, re-
spectively. The hidden layer size of the LSTM is all set to 512.
The number of visual tags is set to 10. For feature extraction, we
first select 28 equally-spaced frames for each video. Then, we ex-
tract frame features from two kinds of CNN encoder, that is, VGG
[37] and ResNet-152 [38] both pre-trained on the Imagenet dataset
[39], where the dimension of frame features is 4096 and 2048, re-
spectively.

Model training In the training phase, we set the mini-batch
size as 64 on MSVD and 128 on MSR-VTT. The learning rate is
2e—5 on MSVD and 2e—4 on MSR-VTT, respectively. Moreover, we
set dropout regularization in the rate of 0.5 in all layers and cip
graients element wise at 5. The maximum training iteration is set
as 60 epochs on the both datasets. We apply Adadelta algorithm
[40] to minimize the negative log-likelihood loss:

m
L(e) = _Zlogp(W[|W<[,v, tag’e)s (10)

t=1

where 6 are parameters of the video captioning model and m is
the length of a sentence. When finishing the training phase, the
minimum loss value on the validation set is used as a metric to
choose the best model for testing.

Inference During inference, the ground truths are not provided,
we would actually need to input the start sign word < sos > to
start decoding and feed the previously generated word to the LSTM
at each time step until the end sign word < eos > 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 pre-
dict the next word. But this is not optimal because the rest of the
sequence hinges on that first 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.

E[tagy] U1
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Table 1

Ablation study results obtained on MSVD, where B-4, M, R-L, and C are short for
BLEU-4, METEOR, ROUGE-L, and CIDEr. All values are reported as percentage (%).
R152 denotes ResNet-152.

MSVD
Method B-4 M R-L C
TA (R152) 47.7 334 70.1 80.8
TA+tagmean (R152) 50.8 33.6 69.6 80.3
(relative improvement%1)*  (6.5%1)  (0.6%1) (-0.71%1)  (-6.2%1)
TTA (R152) 50.6 33.8 704 83.0
(relative improvement%1) (6.1%1) (1.2%1)  (0.43%1) (2.7%1)

*TA+tagmean, and TTA have relatively improvements (%1) over the basis TA.

4.4. Ablation studies

In order to figure out the contribution of each component, we
conduct the following ablation studies on the both datasets. All the
studies take ResNet-152 as the encoder.

« Basis (yao et al. [4]). We use [4] as our basis. In their method,
they exploited the temporal attention mechanism to select the
key frames to generate target words, where the relevance be-
tween two modalities are merely measured by the language
context.

Basis + visual tags (mean-pooling). To verify the effectiveness of
visual tags, we introduce visual tags to bridge the gap between
vision and language. In this study, we perform mean-pooling
strategy over all visual tags and only use the temporal attention
like Basis.

Basis + visual tags (textual-temporal attention). In this study,
according to the proposed textual-temporal attention model,
we first select the key visual tags via the language context, and
then select the key frames via the key visual tags plus the lan-
guage context.

For convenience, we denote three studies as: TA, TA+tagmean,
TTA, respectively. The experimental results are shown in Table 1
and Table 2.

The influence of visual tags From Table 1, on MSVD, we can
see that, although TA+tagmeqn has a little descent on ROUGE-L and
CIDEr, it achieves better scores on other metrics than TA, in par-
ticular with an increase of 6.5% on BLEU-4. From Table 2, on MSR-
VTT, we can see that TA+tagmean outperforms TA on all of the met-
rics. Experimental results validate our claim, that is, visual tags
are effectively capable of bridging the gap between vision and lan-
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Table 2

Ablation study results obtained on MSR-VTT, where B-4, M, R-L, and C are short
for BLEU-4, METEOR, ROUGE-L, and CIDEr. All values are reported as percentage
(%).

MSR-VTT
Method B-4 M R-L C
TA (R152) 38.6 26.3 58.6 42.0
TA+tagmean (R152) 39.4 26.5 59.8 431
(relative improvement%1 )* (2.1%1) (0.76%1)  (2.0%1) (2.6%71)
TTA (R152) 39.6 27.0 60.2 45.7
(relative improvement%1) (2.6%71) (2.7%71) (2.7%71)  (8.8%1)

*TA+tagmean, and TTA have relatively improvements (%1) over the basis TA.

Table 3
Evaluation on different dimensions and initializing methods for word vectors on
MSVD.

Model Initializing ~ Word Dimension B-4 M R C

TTA (R152)  random 256 513 338 706 823
TTA (R152)  random 300 520 340 705 812
TTA (R152)  random 468 506 338 704 83.0
TTA (R152)  random 512 50.1 336 696 821
TTA (R152)  Glove 300 50.6 332 69.7 841
TTA (R152)  Word2Vec 300 518 340 699 826

guage and thus help the temporal attention model to enhance the
alignment between target words and relevant frames.

The influence of textual-temporal attention From Table 1, we can
see that TA+tagmesn got lower scores than TA on ROUGE-L and
CIDEr. Our conjecture is that it is useful to bridge the gap be-
tween target words and relevant frames by introducing visual tags.
However, as visual tags belong to fine-grained information, sim-
ply averaging them may weaken their discrimination. From both
Tables 1 and 2, it is clearly observe that TTA makes a significant
improvements on all of the metrics. This verifies the effectiveness
of proposed textual-temporal attention model. Through this model,
the proper visual tag is able to help the temporal attention model
to exactly align each target word with its relevant frame as far as
possible.

4.5. Evaluation on different hyper-parameters

In this section, we perform three comparative experiments to
discuss sensitivity to hyper-parameters, i.e., (1) the dimension of
word vector and initializing with pre-trained word vector; (2) the
size of beam search; (3) the number of visual tags.

Evaluation on word vector How many dimensions and initializing
with what kind of word vector are both important for video cap-
tion generation. To this end, we first analyze the effect of different
dimensions, i.e. 256, 300, 468, and 512, for randomly initializing
the word vectors. And then rather than randomly initializing, we
will utilize two kinds of pre-trained word vectors, Glove [41] and
Word2Vec [42], for initializing the word vectors. The Glove model
was pre-trained on a corpus of 840 billion words and contains a
vocabulary of 2.2 million words, where each word is represented
by a 300-dimensional vector. For Word2Vec, it was pre-trained on
a part of Google News corpus (about 100 billion words). The model
contains 300-dimensional vectors for 3 million words and phrases.

Tables 3 and 4 show the comparative results with different
word dimensions and initializing methods for word vectors on
MSVD and MSR-VTT, respectively. On MSVD, we observe that it
achieves the best performances when setting the dimension of
word embedding to 300 and leveraging the randomly initializing
method. On MSR-VTT, on the contrary, the proper dimension of
word embedding is 468. According to these experiments, we re-
spectively set the dimension of word embedding as 300 on MSVD
and 468 on MSR-VTT to conduct our following experiments.
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Table 4
Evaluation on different dimensions and initializing methods for word vectors on
MSR-VTT.

Model Initializing ~ Word Dimention  B-4 M R C

TTA (R152)  random 256 39.1 260 59.1 43.0
TTA (R152) random 300 388 258 583 434
TTA (R152)  random 468 396 270 602 457
TTA (R152)  random 512 380 266 593 434
TTA (R152)  Glove 300 39.7 266 592 445
TTA (R152)  Word2Vec 300 40.2 26,5 593 431

Evaluation on the size of beam search The beam search algorithm
is used during the inference time, and different beam sizes also
have different impacts for finally generating captions. In order to
obtain the proper beam sizes, we set the beam size as 3, 4, 5, 6,
and 7 to validate their effects. Table 5 shows the comparative re-
sults on the both datasets. We observe that 6 and 5 are the best
size on MSVD and MSR-VTT, respectively. Thus, we finally choose
that the beam size is equal to 6 and 5 on MSVD and MSR-VTT re-
spectively to conduct the following experiments.

Evaluation on the number of visual tags How many visual tags
to select is also critical for generating captions. To obtain proper
number of visual tags, we select 5, 10, 15, and 20 visual tags of
each video to verify the performance, respectively. Fig. 4 illustrates
the results of MSVD and MSR-VTT with different top-n visual tags.
Each sub-figure shows the scores of different n with the same met-
ric and each color shows the scores of the same n with different
metrics.

Frome Fig. 4, we can observe that the best performances are
achieved on the both datasets when selecting top-10 visual tags in
each video. The reason is that when the number of tags is smaller,
some key objects might be missing. When the number is larger, on
the contrary, some trivial visual tags might be noises when using
them to bridge the gap between vision and language. Hence, we
finally select top-10 visual tags in each video on the both datasets
to conduct the following experiments.

4.6. Comparison with the methods exploring the alignment between
vision and language

In Section 2.2, we have qualitatively compared our proposed
methods with the methods exploring the alignment between vi-
sion and language. Those methods are classified into two dimen-
sions. On one hand, Pan et al. (LSTM-E) [16] and Guo et al. (aL-
STMs) [17] both belong to embedding-based alignment which ex-
plores the alignment between the whole sentence and the whole
video. On the other hand, Tu et al. (STAT) [18], Hori (AF) et al.
[19] Long et al. [21] and Gao et al. [20] build the alignment be-
tween target words and corresponding frames based on the atten-
tion mechanism. In this subsection, we will quantitatively compare
TTA with them. Since LSTM-E and aLSTMs did not report the re-
sults on the MSR-VTT dataset, we only conduct comparison exper-
iments on the MSVD dataset. Note that for fair comparison, we ad-
ditionally used VGG as the encoder for TTA, which used default
hyper-parameters elaborated in Section 4.3.

The comparison results are reported in Table 6. By comparing
TTA with LSTM-E and aLSTMs, we can see that TTA outperforms
them on all of the metrics. Unlike their alignment building upon
the whole sentence and the whole video, our alignment is built
between word-level and frame-level. This further shows that we
should build the alignment between vision and language as exact
as possible.

Moreover, STAT, AF, MFATT, and hLSTMat all merely exploited
the language context to determine key visual or semantic infor-
mation. Compared to STAT and AF, TTA (VGG19) achieved marked
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Table 5
Evaluation on the size of beam search on MSVD and MSR-VTT.
MSVD MSR-VTT
Model Size B-4 M R C B-4 M R C
TTA(R152) 3 460 332 694 785 398 269 599 438
TTA(R152) 4 50.5 34.1 69.8 802 394 27.0 598 448
TTA(R152) 5 520 340 705 812 396 27.0 602 457
TTA(R152) 6 51.7 345 702 818 374 258 584 432
TTA(R152) 7 51.0 345 703 806 395 256 587 436
BLEU4 METEOR BLEU4 METEOR
52.0 517 35.0 345 41.0 40.4 27.5 70
510 50.6 345 34.1 400 39.6 27.0 26.8 .
49.9 34.0 38.9
50.0 335 33.2 39.0 381 26.5 26.1
49.0 i1 33.0 32,6 38.0 I I 26.0
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Fig. 4. Evaluation on the number of visual tags on MSVD and MSR-VTT.

Table 6

Performances of proposed method and the methods exploring the align-
ment between vision and language on MSVD, where V16, V19, G, and C
denote VGG-16, VGG-19, GoogleNet, and C3D. The symbol ‘-” indicates
such metric is unreported.

Method B-4 M R-L c
LSTM-E (V19+C) [16] 453 31.0 - -

aLSTMs (G+C) [17] 449 30.4 - 60.1
STAT (G+C) [18] 51.1 32.7 - 67.5
AF (V16+C) [19] 524 32.0 - 68.8
MFATT [21] (R152+C) 52.0 335 - 72.1
hLSTMat [20] (R152+C) 54.0 33.2 - 713
TTA (V16) 462 324 67.9 70.2
TTA (V19) 484 325 69.4 74.9
TTA(R152) 51.7 345 70.2 81.8

improvements on CIDEr. In terms of METEOR, TTA (VGG19) only a
little lower than STAT but better than AF. However, both of them
use two kinds of features (VGG | GoogleNet + C3D), while we
only use VGG features. Compared to MFATT and hLSTMat, our TTA
(R152) significant outperforms them on METEOR and CIDEr. Note
that MFATT also used visual tags but used them as complemen-
tary information. All in all, experimental results demonstrate the
effectiveness of our proposed methods.

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

In this subsection, we compare our proposed methods with re-
cently published state-of-the-art methods:

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

2) MFATT [21] which jointly leveraged multiple sorts of visual fea-
tures and semantic attributes.

Table 7

Comparison with the State-of-the-art Methods on the MSVD dataset, where
V16, R-152, IRV2, C, IV4, and I denote VGG-16, ResNet-152, Inception-
ResNet-V2, C3D, IncepctionV4 and I3D, respectively. The symbol “-” indi-
cates such metric is unreported.

Method B4 M RL C

Att-TVT [14] (R152+]) (2018) 53.0 347 717 808
MFATT [21] (R152+C) (2018) 520 335 - 72.1
RecNetyeq [43] (1V4) (2018) 523 341 698 803
LG-DenseLSTM [45](V16+C) (2019) 504 329 699 726
GRU-EVEpj sem [25] (IRV2+C) (2019)  47.9 350 715  78.1
TDConvED [44] (R152) (2019) 533 338 - 76.4
SAAT [46] (IRV2+C) (2020) 465 335 694 810
hLSTMat [20] (R152+C) (2020) 540 332 - 713
TTA (R152) 517 345 702 818
TTA (R152+C) 518 355 724 877

3) RecNety,q [43] which proposed a local reconstructor architec-
ture to use the back flow between the encoder and the decoder.

4) GRU-EVEjf(ysem [25] which embedded rich temporal dynamics
in visual features by hierarchically applying Short Fourier Trans-
form to CNN features of the whole video.

5) TDConvED [44]| which aimed to fully employ convolutions in
both encoder and decoder networks.

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

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

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

Results on the MSVD dataset We report the results in Table 7.
For fair comparison, we also additionally use C3D [47] to extract
motion features and then concatenate them with frame features to
input the proposed TTA model. We first compare our method with
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Table 8

Comparison with the State-of-the-art Methods on the MSR-VTT dataset,
where V16, R152, IRV2, C, IV4, I, N, and FR denote VGG-16, ResNet-152,
Inception-ResNet-V2, C3D, IncepctionV4, 13D, NasNet and Faster R-CNN, re-

spectively.The symbol “~" indicates such metric is unreported.
Method B-4 M R-L C
Att-TVT [14] (N+I) (2018) 401 279 596 477
MEFATT [21] (R152+C) (2018) 391 267 - -
RecNetjoq [43] (IV4) (2018) 391 266 593 427

LG-DenseLSTM [45](V16+C) (2019)  37.6 262 - 420
GRU-EVEjf;5em [25] (IRV2+C) (2019) 383 284 607 48.1

TDConvED [44] (R152) (2019) 395 275 - 4238
SAAT [46] (IRV2+C+FR) (2020) 405 282 609 491
hLSTMat [20] (R152+C) (2020) 387 268 - 419
TTA (R152) 396 270 602 457
TTA (R1524C) 414 277 611 467

the methods based on the recently proposed transformer frame-
work. Furthermore, we compare our method with the methods
based on the recurrent neural networks. The comparison results
are as follows:

1) Compared to Att-TVT (R152+I3D), except BLEU-4, our TTA
(R152+C3D) outperforms it on the other metrics. Especially on
CIDEr, TTA has over 8.5% improvement.

2) Compared to RecNety,., (IV4) and TDConvED (R152) which
used a single CNN encoder, except BLEU-4, TTA (R152) outperforms
them on the other metrics. Compared to LG-DenseLSTM (V16+C)
using a shallow CNN with C3D, our TTA (R152) also outperforms
them on all of the metrics. Compared to others using deep CNNs
with C3D, our TTA (R152+C3D) also achieves best performances on
METEOR, ROUGE-L and CIDEr, which indicate the effectiveness of
our proposed method.

Results on the MSR-VTT dataset We report the results in Table 8.
Like MSVD, we also compare our methods with the state-of-the-art
methods in two dimensions, that is, using the transformer frame-
work and the recurrent framework. The comparison results are as
follows:

1) Compared to Att-TVT (N+I3D), TTA (R152+C3D) is only better
than it on BLEU-4 and ROUGE-L. One of possible reasons is that
Att-TVT selected NasNet on this dataset and they explained in the
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paper that NasNet achieves a higher accuracy on the image classi-
fication problem.

2) Compared to these methods using the encoder-decoder
framework, TTA outperforms RecNet,.,, LG-DenseLSTM, hLSTMat
and MFATT on all the metrics. Compared to TDConvED (R152), ex-
cept METEOR, TTA (R152) outperforms it on the other metrics. Es-
pecially on CIDEr, TTA has 6.8% improvement. Moreover, we ob-
serve that TTA both outperforms GRU-EVEjf; s and SAAT on
BLEU-4 and ROUGE-L. Above all, compared to these state-of-the-
art methods, our TTA also achieves superior performances.

4.8. Qualitative analysis

In order to better understand our proposed TTA, Fig. 5 shows
5 examples with detected top-10 visual tags, human-annotated
ground truth captions, and captions generated by two methods, i.e.,
TA and TTA. TA only builds the coarse alignment between target
words and corresponding frames via a temporal attention model.
TTA enhances the alignment between target words and corre-
sponding frames via visual tags and the proposed textual-temporal
attention model. From Fig. 5, we can intuitively see that although
TA can generate logically correct captions to describe videos, some
objects are missing or wrongly recognized. Instead, TTA can give
the decoder more visual cues to focus on the key frames contain-
ing these objects (e.g., “table”, “bird”, and “face”), so it is able to
generate captions more accurate than TA. For example, in the first
video, if only relying on the generated non-visual word “a”, it is
difficult for the decoder to focus on the frames clearly containing
“girl”. In this case, she is wrongly recognized as a boy in the gener-
ated caption by TA. However, if we first give the decoder the visual
cue “girl”, it is able to easily attend to the corresponding frames.
Similarly, in the generated captions for the second to fourth videos
by TA, the key objects “bird”, “table”, and “face” are missing. By
comparison, the generated captions by TTA successfully captures
these objects. Moreover, in the last video, TTA can detailedly de-
pict “ a man in a blue shirt” with the help of the detected tags
“man” and “shirt”. Compared to TA, the alignment of TTA is more
exact and thus it can generate more comprehensive captions.

In Fig. 6, we further visualize the two kinds of attention weights
shift about a test video in Fig. 5. One is the temporal attention shift

Top-10 Visual tags
hat, wheel, light,
head, trouser, glove,
hand, girl,
contemplation, coat

GT: A girl is walking through a store.
TA: A boy is running.

TTA: A girl is walking on the road.

Top-10 Visual tags
hair, shirt, woman,

hand, wall, table, man,

sign, mouse, girl

GT: People gathered for a party.
TA: A group of people are talking.

TTA: A group of people are sitting at a table.

Top-10 Visual tags
bird, wall, door, sign,
shirt, pole, helmet,

head, hand, bicycle

GT: A lady is playing and calling out for a bird.

TA: Aman in a black shirt is walking around a room.

TTA: A person is playing with a bird in a room.

Top-10 Visual tags
nose, face, eye,
mouth, hair, hand,
ear, watchband,
neck, lip

GT: Awoman heavily applies a pale makeup powder
to her face.

TA: Awoman is applying makeup.

TTA: Awoman is applying makeup to her face.

Top-10 Visual tags

sign, water, hair,
woman, man, wave,
shirt, head, face, boat

GT: There is a man swimming on the waves.
TA: A group of people are swimming in the ocean.

TTA: Aman in a blue shirt is swimming in the water.

Fig. 5. Five examples from the test sets of MSVD and MSR-VTT, which also involve detected top-10 visual tags in the videos, human-annotated ground truth captions (GT)

and the captions generated by two methods, i.e., temporal attention (TA) and textual-temporal attention (TTA).
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Visualization for temporal attention

Il-
man

water

TTA: Aman in a blue
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Top-10 Visual tags

sign, water, hair, woman, man,
wave, , head, face, boat

Visualization for textual attention

I..I‘-III_
man

is swimming in the water.

water

GT: There is a man swimming on the waves.

Fig. 6. Visualization of sampled frames, generated and ground truth captions, visual tags and corresponding attentions shift about a test video on the MSR-VTT dataset.

on the sampled frames with respect to each key word in the gener-
ated caption. The other is the textual attention shift on the top-10
visual tags with regard to each key word in the generated caption.
From Fig. 6, we can intuitively see that the both attentions shift
of each key word in the generated caption are much consistent to
the video content and the visual tags. For example, when generat-
ing the word “man”, the temporal attention model mainly focuses
on the second frame, and the textual attention model will give the
visual tag “man” more attention weights.

5. Conclusion and discussion

In this paper, we propose to exploit visual tags to bridge the
gap between vision and language for video captioning. In order
to exactly align the target words with corresponding frames, we
present a textual-temporal attention model (TTA), where the lan-
guage context is first utilized to select the key visual tags, and then
the key frames are selected with the guidance of these key visual
tags plus the language context. Extensive comparison experiments
are conducted on MSVD and MSR-VTT. Experimental results show
that our method achieves the state-of-the-art performances.

Besides, there are also other directions which are worth further
exploring based on this work in the future. For instance, one is to
introduce visual tags and incorporate the proposed TTA into the
newly proposed transformer framework which has achieved state-
of-the-art performance in many multi-modal tasks. Another is to
study and analyze the diversity of the generated captions as done
in Chen et al. [48], for repeated or similar captions are often gen-
erated in the most existing methods.
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