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Video-language pre-training

• Jointly learns video and language representations

• Down stream task

• Text-to-video retrieval

• Video question answering



Motivation

• Recent methods

• Data-hungry: massive model parameters, uncurated raw inputs

• Massive pre-training data and long pre-training time

• Remove visual redundancy

• Temporal, sparsely sampled video is sufficient

• Spatial, a frame is actually worth around 30 objects



Method – Architecture



Method - Architecture

• Input: paired video 𝑉 and sentence 𝑇

• Video Encoder, 𝑟𝑛 𝑛=0
𝑁 = 𝐸𝑉( 𝑜𝑛 + 𝑙𝑛 + 𝐏𝑚 𝑙=0

𝐿 )

• Pooled RoI, Regions detected by Faster RCNN.  𝑜𝑛 𝑛=0
𝑁

• [CLS] token 𝑜0 to represent the whole video.

• Location vector with FC, 𝑙𝑛 = 𝑥1, 𝑦1, 𝑥2, 𝑦2,𝑤, ℎ,𝑤 ∗ ℎ 𝑛=0
𝑁

• Learned temporal position embeddings, P

• Language Encoder, 𝑡𝑙 𝑙=0
𝐿 = 𝐸𝐿( 𝑤𝑙 𝑙=0

𝐿 )

• 𝑇 is tokenized into word tokens 𝑤𝑙 𝑙=0
𝐿

• [CLS] token 𝑤0 to represent the whole sentence.



Method - Reduce Visual Redundancy

• Temporal, ClipBERT

• Pre-training, single frame is sampled for each video.

• Finetuning, dense sampling. (8 frames)

• Spatial

• Extract 30 region features per frame.

• Sorted Selection. Top-k detection confidence.



Method - Objective

• Video-sentence alignment

• Contrastive learning with [CLS] in batch



Method - Objective

• Region-Word Alignment
𝐕𝐢𝐝𝐞𝐨𝒊

𝑟1 𝑟2 𝑟𝑁

𝑎1,𝐿

𝑎1,3

𝑎1,2

𝑎1,1

𝑎1 𝑎2 𝑎𝑁 𝑆𝑖,𝑗

• n-th region, j-th sentence

• i-th video and j-th sentence

• n-th region, l-th word



Method - Objective

• Region-Word Alignment

• Final contrastive loss

𝐕𝐢𝐝𝐞𝐨𝟏 𝐕𝐢𝐝𝐞𝐨𝟐 𝐕𝐢𝐝𝐞𝐨𝑩

𝑟1 𝑟2 𝑟𝑁

𝑆0,0

𝑆1,1

𝑆𝐵,𝐵



Experiments

• Pre-training Datasets

• WebVid2.5M, video-language pairs

• Google Conceptual Captions, 3.3M image-language pairs

• Downstream Tasks

• Text-to-Video Retrieval, Video Question Answering

• Implementation Details

• V100 GPUs, batch size of 128 per GPU

• 50 epochs



Complexity Analysis



Downstream task



Downstream task




