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Let computer understand videos

Video Parsing



Let computer manipulate videos

Video Tracking



Let computer create videos

Video Synthesis



Video Parsing

“Not All Pixels are Equal: Difficulty-aware Semantic Segmentation 
via Deep Layer Cascade”, CVPR 2017 (spotlight)



State-of-the-art Method (4 FPS)

Deep Layer Cascade (17 FPS)

Problem

Input Video



Motivation: Not All Pixels are Equal

Image Easy Region Moderate Region Hard Region



Contemporary Model
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Deep Layer Cascade
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• Difficulty-Aware Learning Paradigm

input video stage-1

stage-2 stage-3

• Region Convolution          Real-Time
• End-To-End Trainable Framework



Video Tracking

“Video Object Segmentation with Re-identification”, CVPR 2017 
Workshop (winning entry)



Problem
• Input :Video sequence, ground-truth label of the first frame

• Output : Masks of all instances



Challenge

• Instance Segmentation
• Small objects and fine structures
• Scale & pose-variations 

• Tracking
• Frequent occlusions



• Instance Segmentation
• Small objects and fine structures
• Scale & pose-variations 

• Tracking
• Frequent occlusions

Mask Propagation 
Module

Re-identification 
Module

Short Term

Long Term

Challenge



Video Object Segmentation with Re-identification (VS-ReID)

Iterative InferenceMask Initialization

Proposed Framework
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Video Object Segmentation with Re-identification (VS-ReID)

Iterative InferenceMask Initialization

Mask Propagation Module

Re-identification 
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Mask Propagation Module

Image

Optical Flow

RGB Branch

Flow Branch Prediction

Guided Probability Map
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Mask Propagation Module



Video Object Segmentation with Re-identification (VS-ReID)

Alternating InferenceMask Initialization

Proposed Framework

Input Video 
Sequence
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Re-identification Module
• Detection and re-identification

First Frame Rest Frames

Template Candidate Bounding Boxes

Re-identification

Most Confident 
Candidate
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Results



Video Synthesis

“Video Frame Synthesis using Deep Voxel Flow”, ICCV 2017 (oral)



Video Frame Synthesis

• Problem

Video 
interpolation/
extrapolation



Video Frame Synthesis 

• Challenge
1. Complex motion (camera motion & scene motion)
2. High-res images (1280 * 720)



Voxel Flow



Voxel Flow



Voxel Flow



Deep Voxel Flow 

• Motivation Combining the strength of flow-based 
and NN-based methods  

Max Pooling Deconvolution Volume SamplingConvolution Skip Connection

Input Video Synthesized FrameConvolutional Encoder-Decoder Voxel Flow
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Visualization 

• Advantages

Frame 1

Frame 2

Motion Color Key

(a) 2D Flow + Mask (b) Voxel Flow (c) Multi-scale Voxel Flow

(d) Difference Image (e) Projected Motion Field (f) Projected Selection Mask



Comparisons

• User Study

Booth Dog Kids Park Throw Street Sky Baseball Subway Balloon

EpicFlow Ground Truth Ours
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Results

• UCF-101



Results

• KITTI



We can understand videos



We can manipulate videos



We can create videos



Product Transfer

Google Clips



Thanks!


