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ABSTRACT
During TRECVID 2017 our group participated in the video to text
description (VTT) task. We explore and leverage the heterogeneous
data by various con�gurations depending on training-validation
splits to boost video captioning task. Particularly, our framework
builds on the LSTM unit for sentence generation with one a�ention
layer. �e model is optimized with the combination of heteroge-
neous pair-wise examples. Totally, we submi�ed four runs for VTT
task and the performance is signi�cantly improved than baseline.

1 INTRODUCTION
In the task of video captioning, a system is required to automatically
generate a natural language description based on video content.�is
task has a variety of potential real-world applications, such as
assistance to a visually impaired person. �e video captioning task
is challenging since it not only determines which objects are in
the video, but also captures complex interactions of actors and
objects that evolve over time. Speci�cally, an ideal system should
be able to identify the core semantic context (e.g. objects, actions,
places) and express their relationships in a natural language. In
the task of TRECVID 2017 VTT [1], all 1915 videos from TRECVID
2016 VTT is available as the training data for this task, where each
video has two sets of single sentence ground truth description. �e
TRECVID 2017 VTT evaluation set consists of 1880 Vine videos.
All the videos provided for this task are within approximately 6
seconds of duration.

Currently, there exits several video captioning datasets, such as
MSVD [3], MSR-VTT [13], ActivityNet Captions [7], M-VAD [12],
MPII-MD [10], TACos [8, 11], TACos M-L [9] and so on. In compar-
ison, the video data in the TRECVID VTT task has some di�erence
compared with them. As shown in Table 1, not only the number of
the videos in TRECVID 2017 VTT task is much lower than most of
the existing datasets, it also consists of lower number of captions
where each video is described only by two captions. In addition,
the total vocabulary is much less than others, as shown, the vocab-
ulary of TRECVID VTT is 2,534, while for MSR-VTT, MSVD and
MPII-MD, the number comes to 28,528, 13,010 and 24,549. In this
case, it may lead to the phenomenon that some content in the video
to be processed cannot be described, because the task can only
generate captions by using the words that exist in the vocabulary.
Furthermore, the dataset of TRECVID VTT, MSVD, MSR-VTT and
ActivityNet Captions are open domain, the others are either movie
or cooking domain. So we only considered the datasets which are
of the same domain with TRECVID VTT in experiments, and we
didn’t take ActivityNet Captions into experiment because of its

Table 1: Overview of various video caption datasets.

Dataset Domain Videos Captions Vocabulary Duration(s)

TRECVID VTT [1] open 3,795 3,830 2,534 6 6
MSVD [3] open 1,970 80,839 13,010 6 18
MSR-VTT [13] open 10,000 200,000 28,528 6 30
ActivityNet Captions [7] open 19,994 100,000 - -
M-VAD [12] movie 48,986 55,905 18,269 6 7
MPII-MD [10] movie 68,337 68,375 24,549 6 6
TACos [8, 11] cooking 7,206 18,227 - -
TACos M-L [9] cooking 14,105 52,593 - -

number of videos is too large. In our experiment, we set the pro-
posal for only using the data provided in TRECVID VTT as the
baseline. We use various combinations of datasets to explore the
impact of multiple training data, and observe the e�ectiveness of
selection of validation.

�e remaining of the paper is structured as follows. Section 2
brie�y overview the selected video captioning model. �e detailed
of dataset con�guration, results (quantitative and qualitative) and
discussion are shown in Section 3. Section 4 conclude this report.

2 FRAMEWORK
With the rapid development of natural language processing, the
encoder-decoder-based model [4] has been applied for the gener-
ation of video descriptions. In the video captioning task the role
of the encoder is to encode the videos as a set of speci�c size of
the vector in a certain way, and the decoder decode the output of
the encoder into a sequence of words. �e combination of CNN
and RNN as encoder-decoder performs well in video captioning
task. Hence, the model we used is based on the encoder-decoder
framework consisting of CNN [5] and RNN [14].

2.1 Encoder: Convolutional Neural Network
Since the success of the residual neural network at large-scale object
recognition, we used a pretrained ResNet200 [5] model to obtain
2,048 dimensional frame-wise visual features, which were extracted
from the ‘pool5’ layer. We selected 50 equally-spaced frames out
of each video. In this case, every video clip was encoded into a
equally-space representationV = {v1, ...,vn }, where n is 50 frames,
and each vector v is 2,048 dimensions.

2.2 Decoder: Attention-LSTM Network
In the encoder-decoder framework, the decoder network needs to
generate the corresponding output y from the encoder representa-
tion V . In the case of this video to a sequence of natural language



Table 2: Overview of various data con�guration in this work.

Training Data Validation Data Test Data

TRECVID VTT MSR VTT MSVD TRECVID VTT MSR VTT MSVD TRECVID VTT MSR VTT MSVD

Con�guration 1 1,200 - - 100 - - 615 - -
Con�guration 2 1,200 8,000 - 100 1,000 - 615 1,000 -
Con�guration 3 1,200 - 1,200 100 - - 615 - 670
Con�guration 4 1,200 - 1,200 - - 100 615 - 670
Con�guration 5 1,200 - 1,200 100 - 100 615 - 670

representation automatically, similar to the machine translation, Re-
current Neural Network is a more suitable choice as the decoder [2].
In the video caption task, since the a�ention mechanism does be�er
in combining sentences or fragments with di�erent importance to
generate captions, we use a�ention-based long memory networks
in challenge tasks. A basic LSTM [6] unit consists of a single mem-
ory cell, an input activation function, and three gates (input it ,
forget ft and output ot ). it allows incoming signal to alter the state
of the memory cell or block it. ft controls what to be remembered
and what to be forgo�en by the cell and somehow can avoid the gra-
dient from vanishing or exploding when back propagating through
time. Finally, ot allows the state of the memory cell to have an on
other neurons or prevent it. �e LSTM also has two states: memory
state and hidden state. �e memory state ct depends on the pre-
vious memory state ct−1 and the new memory content update c̃t ,
and the hidden state ht equals to the element-wise multiplication
of the ot and the ct . A�ention based LSTM is fed by the input V
extracted from the encoder as follows:

φt (V ) =
n∑
i=1

α
(t )
i vi (1)

α
(t )
i =

exp(e(t )i )∑(t )
j=1 exp(e(t )j )

, s .t ,
i=1∑
n
α
(t )
i = 1 (2)

e
(t )
i = w

T tanh(Waht−1 +Uavi + ba ) (3)

where φt (V ) is computed as the dynamic weighted sum of the
temporal feature vectors for the video input at time t . In addition,
α
(t )
i is the a�ention weights at time t describing the relevance of

the feature vector vi in the input V . When given all the previously
generated words, i.e. y1, ...yt−1 and the feature vector vi of the i-th
temporal feature and returns the unnormalized relevance score e(t )i .
Where w , Wa , Ua and ba are the parameters that are estimated
together with all the other parameters of the LSTM network.

In the challenge, we are mainly concerned about evaluating the
impact of di�erent data training sets on the accuracy of the caption
generation.

3 EXPERIMENT
In the task we submi�ed four run �les, the details and the results
will be discussed in the following parts.

3.1 Implementation Details
In order to verify whether additional data can boost the video
captioning task, we added the MSVD dataset and the MSR-VTT

dataset as the additional data. We did several con�gurations for the
experiment to train the model, details are shown in the Table 2.

In the experiment, Con�guration 1 was set as the baseline for
the whole experiment, which train the model only using the data
provided in the TREVID VTT task. In order to explore the impact
of multiple training data, we set Con�guration 2 and Con�gura-
tion 3 as a contrast. To observe the e�ectiveness of heterogeneous
validation sets, Con�guration 3 to Con�guration 5 perform model
training on di�erent validation, the validation sets of them are of
these three proposals: data only from TRECVID VTT or MSVD, or
the combination of them.

With these con�gurations, we want to verify whether the addi-
tional datasets and the validation crossing datasets will improve the
results and enhance the accuracy of the description. We submi�ed
four of them: Con�guration 1, Con�guration 3, Con�guration 4 and
Con�guration 5 as the Run�le 1 to Run�le 4. Where the numbers
in the table means the number of the videos of each dataset we
used. �e test set here is used to help us con�rm which se�ings
are be�er. When we train the model, we shu�e the videos. In the
experiment, we found that the results of Con�guration 2 is not
as good as others, the video descriptions of the TREVID VTT test
data from this model seem always composed of these words: ‘a’,
‘man’, ‘someone’, ‘is’, ’doing’, ‘something’. We think the reason is
the fact that the amount of data in another dataset MSR-VTT is
too large. So we didn’t submit this run �le. In the Con�guration 3
and Con�guration 4, we used di�erent validation set to validate
the training model. �e purpose is to observe the e�ect of cross
dataset validation on the training model when using the same set
of training sets.

�e additional training details: In the experiment each word
in the sentence was represented as a ‘one-hot’ vector. �e word
embedding dimensionality was set to 468 and the dimension of
hidden layers in a�ention-LSTM was 3,698. We optimized the hy-
perparameters with random search to maximize the log-probability
on the validation set.

3.2 Results and Analysis
In the TRECVID 2017 video to text description task, 13 teams sub-
mi�ed the results for the description generation subtask, a total
of 43 run �les. Results of our description task is presented in Fig-
ure 1, according to the evaluation results. As shown in Figure 1,
according to the of reference set (rf1 to rf5), the Run�le 4 achieves
the competing performances on the four evaluation metrics. In this
case, this points out that the Con�guration 5 in Table 2 seems to be
the best. While the other two con�gurations Con�guration 3 and
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Figure 1: Evaluation results on four metrics provided by the organizer.

GT1: Basketball player jumps over man to score basket

GT2: Basketball player leaps over standing man to dunk ball in basket

Runfile1: a basketball player scores a goal on a basketball field

Runfile2: a man doing a slam dunk in a sports hall

Runfile3: a basketball game is being played

Runfile4: a basketball player is scoring a goal on a basketball court

GT1: Men are playing on a soccer field.

GT2: Soccer player running entire field and making goal

 

Runfile1: soccer player scoring a ball on a soccer field

Runfile2: a soccer player is scoring a goal on a soccer field

Runfile3: people are playing football

Runfile4: a soccer player scoring a goal on a soccer field

Figure 2: Examples of the video caption results.

Con�guration 4 added MSVD dataset as additional data, either the
use of MSVD data or TRECVID VTT data alone as the validation
set, their performances are signi�cantly worse than the use of both
validation sets. �is indicates that the additional data improves the
accuracy of the description only when both datasets are involved
in the training set and the validation set.

We show two examples of video caption results in Figure 2. �e
videos are used for demonstration and three frames are extracted
from each video.

4 CONCLUSION
In this paper we presented our experiments performed in the
TRECVID 2017 video to text description task. With the use of
ResNet features and A�ention-LSTM network, we mainly did sev-
eral groups of experiment on whether the use of additional data
can help to improve the description of videos. �e participation
rewarded us an experience in our researches on video caption task.
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