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Abstract

In this paper, we aim at summarizing our experiments re-
lated to the video to text description task of TRECVID 2017
[1]. The task consists of two subtasks, i.e., Matching and
Ranking, and Description generation. Our approach for de-
scription generation is based three main phases: the extrac-
tion of the high-level image feature, the aggregation of mul-
tiple image features and the sentence generation based on
a probabilistic language model. For every phase, we tried
several state-of-the-art techniques, and obtain the optimal
combination according to the experiment results. In the
matching and ranking task, we use the generated descrip-
tions as the ground truth and rank the candidate descrip-
tions with the similarity computed by two metrics: BLEU
[9] and METEOR [3].

1. Data Collection

In the TRECVID 2017 VTT task, 1900 video clips are
provided as test data. Thus, We need to collect the train-
ing data and validation data to train model in a supervised
way. When it comes to the video description, there are
two benchmark datasets, i.e., MSVD [4] and MSR-VTT
16 [13], we also add TRECVID 2016[2] VTT data to our
collection. For every standard dataset, we randomly select
10% as evaluation set, and the rest are treated as the train-
ing set. When combining two datasets, for example, MSVD
and TRECVID 2016 VTT, we just merge the corresponding
parts directly.

2. Our Framework

Our system consists of three submodules for one of each
in charge of high-level image feature extraction, video fea-
ture aggregation and sentence generation separately. As the
advance of ConvNet, we use ResNet-152, ResNet-200 and
C3D [11] as our feature extractor. In order to aggregat-
ing clip-level features, we explore three kinds of sequence
model, i.e.: the plain RNN model, hierarchical RNN model

as well as multi-rate RNN model. We also use RNN model
as our probabilistic language model to generate the final de-
scription based on the aggregated video feature.

2.1. Clip-Level Feature Extraction

For every keyframe, we test two main architectures,
ResNet [6] and C3D [11], in our experiments. The ResNet
has been proved to be an excellent network in many vi-
sual tasks, such as large-scale image recognition, object
detection, etc. Besides, C3D shows great potential for ac-
tion recognition by leveraging the temporal information in
videos through 3D convolution. In order to measure the
performance of this two architectures, we built a naive se-
quence to sequence model as our evaluation system which
only constructed by the joint of RNN encoder and RNN de-
coder. And the experiments show that ResNet has more sta-
ble performance than the C3D network. And intuitively, the
deeper of the network, the better of the performance. In our
submissions, we use the ResNet-200 trained by Facebook
AI Research 1 as our basic feature extractor.

2.2. Video Feature Aggregation

Video can be treated as a sequence of keyframes. In-
tegrating this point of view with the advance in sequence
model, we tried to use Recurrent Neural Networks to lever-
age the temporal information between frames. The great
capacity of RNN model in aggregation temporal informa-
tion has been proved in [10], we investigated two advanced
architecture i.e., HRNN [8] and MVRM [14].

Hierarchical Recurrent Neural Encoder The Hierar-
chical Recurrent Neural Encoder (HRNE) [8] investigates
the temporal information trough stacking multi-layer RNN
in different granularities. In the higher layer, the Recurrent
Neural Network has fewer units, thus, it is able to exploit
video temporal structure in a lower sampling rate which
helps in long-range information propagation as well as effi-
ciency.

Multi-rate Visual Recurrent Model In video process-
ing, frame sampling rate should vary in accordance with

1https://github.com/facebook/fb.resnet.torch
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Table 1. The performances on test set
CIDER CIDER-D STAT METEOR

RUN 1 0.239 0.144 0.400 0.159
RUN 2 0.272 0.158 0.402 0.152
RUN 3 0.270 0.158 0.398 0.162
RUN 4 0.161 0.112 0.319 0.160

different motion speed. The fast motion should have a slow
sampling rate to obtain the accurate information easily. The
Multi-rate visual recurrent model (MVRM) [14] obtains the
capability of dealing with motion speed variance trough en-
coding frames of a clip with different intervals.

2.3. Probabilistic Language Model

After grasping the uniform gist of the input video, we
then input the aggregated feature into a language model,
which model the conditional probability through Recurrent
Neural Network whose unit is GRU [5]. For the sake of sim-
plicity, we didn’t apply attention mechanism to our model.
As in many previous works [7] about word dense represen-
tation, we set the word embedding width to be 300.

3. Submitted Runs

We submitted four runs on the Video To Text Descrip-
tion task. The methods are ranked by their performances on
corresponding evaluation set. And the performances on test
set are listed in Table. 1

In RUN 1, the model is trained on MSR VTT 16 only,
and HRNE is used to aggregate frame-level features. It
achieves CINDER [12] of 0.239, and METEOR of 0.159.

In RUN 2, the model is trained on the combined dataset
of MSVD and TRECVIDVTT16. MVRM is applied to ag-
gregate frame-level features. It achieves CINDER of 0.272,
and METEOR of 0.152.

In RUN 3, the model is trained on the combined dataset
of MSR VTT 16 and TRECVID VTT 16. MVRM is applied
to aggregate frame-level features. It achieves CINDER of
0.270, and METEOR of 0.162.

In RUN 4, the model is different from the former ones.
We train an image captioning model using MSCOCO, then
the model is employed to generate caption for every each of
the frame in a video. Finally, we use LexRank to retrieve
the highest ranking sentence as the caption for the video.
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