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VideoBERT

Motivation

m Good performance in computer vision tasks tends to require huge
amounts of labelled data

= Online platforms, such as YouTube, have huge amounts of unlabelled
video data

m Can we get high level representations of videos without the need for
manual annotation?
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VideoBERT

Motivation

m Humans can describe objects and events in a video at a high level
with language
m Natural source of self-supervision
m Use BERT to learn a joint linguistic and visual representation
m p(X;Y), X is a series of visual words and y is a series of spoken words
m Applications: text-to-video prediction, dense video captioning,
long-range forecasting
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VideoBERT

m BERT (bidirectional encoding representations from transformers) gets
representations of words from text by looking to the left and right

m It is pre-trained in an unsupervised manner with a large corpus of text
and fine-tuned for specific tasks

m Pre-training is done in two steps:

Masked language model
Next sentence prediction
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VideoBERT

VideoBERT

m Extend BERT to videos by generating “visual words” with hierarchical
vector quantization
m Can still use pretrained models and existing implementations
= The model focuses on high level semantics and long-range temporal
dynamics
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VideoBERT

Combining Visual and Linguistic Sentences

Figure: VideoBERT token prediction (01000 task)

In VideoBERT, visual and linguistic sentences are combined with a special
token

000b00 0boooO0 0obobod 0oood 0obooo boood ooo

000 DO0DOo 0bo boo 0booo

P. Walters VideoBERT March 9, 2020



VideoBERT

Combining Visual and Linguistic Sentences

m Replace the next sentence prediction task from BERT with a
linguistic-visual alignment task

m Predict whether linguistic sentence is temporally aligned with visual
sentence
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VideoBERT

Dataset

m Instructional videos: spoken words are more likely to refer to the
visual content
m Cooking videos: existing annotated dataset for evaluation
= YouCook II: 2K videos, 176 hours
m Training dataset collected from YouTube

m 312K videos, 23,186 hours
m Text extracted with YouTube's automatic speech recognition toolkit
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