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Abstract  Video captioning aims to automatically generate the natural language descriptions of a
video, which requires understanding the visual content and describing it with grammatically accurate
sentences. Video captioning has wide applications in video recommendation, vision assistance,
human-robot interaction and many other fields, and has attracted growing attention in the fields
of computer vision and natural language processing. Although remarkable progress has been
made on English video captioning, using other languages such as Chinese to describe a video
remains under-explored. In this paper, we investigate Chinese video captioning. However, the
insufficiency of paired videos and Chinese captions makes it difficult to train a powerful model for
Chinese video captioning. Since there exist many English video captioning methods and training
data, it is a feasible method to perform Chinese video captioning by translating the English
captions via machine translation. However, the difference between Chinese and Western cultures
and the performance of machine translation algorithms will both affect the quality of generated
Chinese captions. To this end., we propose a cross-lingual knowledge distillation method for
Chinese video captioning. Based on a two-branches structure, our method does not only directly
generate Chinese captions according to the video content, but also takes full advantage of the

easily accessible English video captions as the privileged information to guide the generation of
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Chinese video captions. Since the Chinese and English captions are semantically correlated with
respect to the video content, our method learns cross-lingual knowledge from them and utilizes
knowledge distillation to integrate the high-level semantic information in English captions into
Chinese captions generation. Meanwhile, the consistency between the training target and the
captioning target is guaranteed by the end-to-end training strategy, thus effectively improving the
performance of Chinese video captioning. Benefit from the mechanism of knowledge distillation,
our method only utilizes English captions data during the training stage, and after training it can
directly generate Chinese captions from the input video. To verify the universality and flexibility
of our cross-lingual knowledge distillation method, we use four mainstream visual captioning
models for evaluation, covering the CNN-RNN structure, RNN-RNN structure, CNN-CNN
structure and model based on Top-Down attention mechanism. These models are widely used as
the backbone models in a large number of visual captioning methods. Moreover, we extend the
English video captioning dataset MSVD into a cross-lingual video captioning dataset with Chinese
captions, called MSVD-CN. MSVD-CN contains 1970 video clips collected from the Internet and
11758 Chinese captions besides the original 41 English captions per video in MSVD. In order to
reduce the annotation mistakes caused by annotators’ typos or misunderstandings of the video
contents, we propose two automatic inspection methods to perform semantic and syntactic
checks, respectively, on the collected manual annotations in the data collection stage. Extensive
experiments are carried out on the MSVD-CN dataset, via four widely used evaluation metrics for
video captioning including BLEU, METEOR, ROUGE-L, and CIDEr. The results demonstrate
that the superiority of proposed cross-lingual knowledge distillation on Chinese video captioning.
Furthermore, we also report some qualitative experiment results to show the effectiveness of our
method.

Keywords Chinese video captioning; video understanding; knowledge distillation; cross-lingual

video captioning dataset; privileged information
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H @ 2P n TAES .V 2 MSVD-CN $d
C YRR TIINE e

B n 0 2R Bt 395 SRS AR A TR R Y ) 1
co AAERENE R g" (e, WRIER] T ¢, 1370 N

Score(c,; )=
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A squirrel has a yogurt | £ 21 K K B B 1212
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Background

Video captioning is a challenging task that combines
computer vision and natural language processing, which
generating natural language sentences according to a given
video. The video caption generation model not only needs to
have the ability to understand the video content, but also
needs to have sufficient language knowledge to generate
faithful and smooth sentences. While video captioning has
made a great process in recent years, most methods and
datasets mainly focus on English video captioning. When it
comes to video captioning tasks in other languages, it will be
limited by the lack of corresponding data.

In this paper, we focus on Chinese video captioning and
take full advantage of the easily accessible English captions
as the privileged information to guide the generation of
Our method learns cross-lingual

Chinese video captions.

knowledge contained in Chinese and English captions and

utilizes knowledge distillation to enhance the quality of
generated Chinese video captions. Benefit from the mechanism
of knowledge distillation, our method only utilizes English
captions data during the training stage, and after training it
can directly generate Chinese captions from the input video.
Moreover, we build a cross-lingual video captioning dataset
MSVD-CN based on the English video captioning dataset
MSVD by manually adding Chinese captions. In total, MSVD-
CN contains 1970 video clips collected from the Internet and
11758 Chinese captions besides the original 41 English
captions per video in MSVD. The experimental results on
MSVD-CN show that our approach can effectively improve
the performance of Chinese video captioning.
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