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i Video Semantic Segmentation
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Video Semantic Segmentation

* Video Semantic Segmentation
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Optical Flow Estimation
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A Filter Formulation for Computing Real Time Optical Flow
Adarve et al.
https://www.youtube.com/watch?v=_oW1vMdBMuY
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Video Coloring
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Traditional Computer Vision Pipeline
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Convolutional Neural Networks
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* Motivation

— “Convolutional Neural Networks (CNN) are biologically-
iInspired variants of MLPs.”

— “Revolutionized the traditional computer vision pipeline”

— Re-popularized by Krizhevsky et al. in 2012 by producing
state-of-the-art results on the ImageNet dataset (Image
Classification).

— Why was AlexNet successful?

* Large labeled datasets
* GPU Computing
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ConvNets
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Feature maps

Convolutions
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ConvNets
 Convolution
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Center element of the kemnel is placed over the (0% 0)
source pixel. The source pixel is then replaced
with a weighted sum of itself and nearby pixels.

Source pixel (0x 1)

Convolution kernel
(emboss)

Mew pixel value (destination pixel) . o "

https://developer.apple.com/library/ios/documentation/Performance/Conceptual/vimag
e/ConvolutionOperations/ConvolutionOperations.html
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* Convolution Layer
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http://cs231n.github.io/convolutional-networks/

Ahmed Osman 15



4 ConvNets

* Activation function
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* Activation function
— Rectified Linear Unit (ReLU)

* No gradient vanishing problem
* Non linear
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ConvNets
* Fully Connected Layer

UNI
FREIBURG

hidden layer 1 hidden laver 2 hidden laver 3

input laver

S L NN

™ e I, TR T o

XS N,
i,

i S
R R .-._?:'Emr}.u.-.
; = .

5

i 7 "* =
Ay

o B e,
;-s,-’-"-.;;.":-'*-‘*f‘h

o

:55?"'5 et
TS

Ahmed Osman

19



* How to determine the weights?
— Learn them using backpropagation
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Feature maps
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4 ConvNets
£ o Loss Function

— Softmax L = — log efyi
Zj el

a’ for |a| < 4,

1
2
d(|a] — 39), otherwise.

— Huber Ls(a) = {

— L2 L =|f —yill3

21

Ahmed Osman



UNI

FREIBURG

Loss Function

— Softmax L = — log efyi
Zj el

— Huber

— L2

—4 _|3 _12 _11
Green: Huber Blue: L2
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* How to determine the weights?
— Learn them using backpropagation
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* How to determine the weights?
— Learn them using backpropagation
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Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

— Chain Rule dr ~ dy dr’
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Backpropagation

activations
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P

Slides from Stanford University Course CS231N
http://cs231n.stanford.edu/slides/winter1516_lecture4.pdf
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Backpropagation

activations
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“local gradient”
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Slides from Stanford University Course CS231N
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Backpropagation

activations
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Backpropagation

activations
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“local gradient”
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Backpropagation

activations
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Backpropagation

activations

“local gradient”
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Related Work

* Fully Convolutional Network
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* FlowNet

* Depth Map Prediction from a Single Image using a
Multi-Scale Deep Network
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Related Work
* Fully Convolutional Network (FCN)
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Related Work

FlowNet

FlowNetSimple
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Related Work
* Eigen et al. [2014]
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9 1%5{, 384 384 156 l’f S
= <y Y 25 4096
b . : . : 0 ;
11x11 conv 5%5 conv :|3x3 conv |:I 3x3 conv :l 3x3 conv éfull - full i 1=
4 stride 2x2 pool I
2x2 pool :
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________________________________________ .
1
; P = g
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dslpend Fine 1 Fine 2 Fine 3 e G
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Layer input 1 234 5 6 ) 1.234
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Contribution

* 3D CNN end-to-end voxel-wise prediction
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* Same network architecture for all three challenges.

* Introduces an approach for training with limited data.
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Recap: Problem

* Input: Channels x # of Frames x Height x Width
* QOutput: K x # of Frames x Height x Width
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http://barkpost.com/wp-content/uploads/2013/03/oie_5181838bU3HJXJp.gif Segmentation done by http:/segmentit.sourceforge.net/
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Method
* Adapted from C3D

Convila Conv2a Conv3a || Conv3b Convda || Convdb Conv5a || Convsb fce || fc7
64 128 256 256 512 512 512 512 40 4096
Learning Spatiotemporal Features with 3D Convolutional Networks
Du Tran, Lubomir Bourdev, Rob Fergus, Lorenzo Torresani, Manohar Paluri
. L] n -
Main Difference:
Convia ConvZa Conv3a || Conv3b Convda || Convdb Convsa || Convsb foe || fc7
64 128 256 256 512 512 512 512 4096 |4096
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Method
* Adapted from C3D
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Convla Conv2a Conv3a || Convib Convda || Convdb Convsa || Convshb fce || fc7
B4 128 256 256 512 512 512 512 40 4096

Learning Spatiotemporal Features with 3D Convolutional Networks
Du Tran, Lubomir Bourdev, Rob Fergus, Lorenzo Torresani, Manohar Paluri

* Main Difference: Added deconvolution layers
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Deconvolution
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Visualizing and Understanding Convolutional Networks
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Deconvolution
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Layer 3: Top-1
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Deconvolution
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Layer 4: Top-1
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Deconvolution
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Layer 5: Top-1

Visualizing and Understanding Convolutional Networks
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Deconvolution
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Experiments: Video Semantic
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* Dataset:
— GATECH dataset
— Training set: 63 videos
— Test set: 38 sequences
— 8 Classes

Geometric Context from Videos.
Hussain Raza Matthias Grundmann Irfan Essa

Ahmed Osman
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Experiments: Video Semantic
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* Experiment:
— Training:

* Split each video into all possible clips of length 16 frames (i.e.
stride:1).

— Testing:

* Performed on all non-overlapping clips (i.e. stride: 16).

! | g 16 frames I I

Geometric Context from Videos.
Hussain Raza Matthias Grundmann Irfan Essa

Ahmed Osman
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Experiments: Video Semantic
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* Experiment:

—Network details (V2V):
* Loss layer: Softmax

* Weights initialized from C3D. New layers are
randomly initialized.

* Initial learning rate: 10-4, divided by 10 every
30K iterations
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u . | | |
5 Results: Video Semantic Segmentation
i
= Method Train Accuracy (%)
2D-V2V from scratch 55.7
V2V-() from scratch 66.7
Conv3b+Up fine-tune 69.7
Conv4b+Up fine-tune 72.7
Conv5b+Up fine-tune 72.1
V2V fine-tune 76.0
1651125112 p = = = = = = = = = = -
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*
concat
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Experiments: Optical Flow Estimation
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* Training:
— Problem:
* No large dataset with optical flow ground truth.

— Solution?
* Fabricate “semi-truth” from an existing optical flow method.

* Brox’s method was used.

— Dataset:
* (V2V) UCF101 (Partial: test split 1)
* (Fine-tuned V2V) MPI-Sintel
* Network:
— Loss function: Huber loss
— Initial learning rate: 10-8, divided by 10 every 200K
iterations

Ahmed Osman
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i Results: Optical Flow Estimation

5% « Testing:
— MPI-Sintel

Input Va2V Brox Ground truth
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i Results: Optical Flow Estimation

5% « Testing:
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i Results: Optical Flow Estimation

5% « Testing:
— MPI-Sintel

Method | Brox | V2V | finetuned-V2V | FlowFields [!]

EPE 8.89 3.86 8.38 5.81
Method Brox | V2V-Flow
Run-time (hours) | 202.6 2.8
EPS 1.3 91.6
X Slower 70.5 |
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Results: Optical Flow Estimation

* Fine-tuning from C3D does not improve a lot.
* Same Architecture, Different Purpose
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* Optical Flow Estimation

* Video Coloring
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Experiments: Video Coloring

* Dataset:
— UCF101
— Convert color videos to grayscale.
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* Experiment:

— Training:
* Loss function: L2
* Initial learning rate: 10-8, divided by 10 every 200K
iterations
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Network

Average Distance Error (ADE)

2D-V2V

0.1495

V2V

0.1375
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Results: Video Coloring

V2V learns “common sense” colors
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Input V2V Ground Truth
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Results: Video Coloring
* V2V learns “common sense” colors
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Results: Video Coloring

V2V learns “common sense” colors
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Results: Video Coloring

V2V learns “common sense” colors
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Conclusion

>+ ¢ Contributions:
— 3D CNN end-to-end voxel-wise prediction
— “Same” network architecture for all three challenges.

— Ultilizes a well-established method to generate training
data.

\
REIBURG

* Criticisms
— Fine-tuning improved the result in OF, noticeably in
comparison with Brox’s method

— No mention activation function even in C3D
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Thank You
for Listening

Questions?
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Multi-layer Perceptron

* A perceptron is a linear classifier that utilizes a set of
weights to predict an output for a feature vector.

UNI
FREIBURG

inputs  weights
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@ w
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weighted sum step function

https://blog.dbrgn.ch/images/2013/3/26/perceptron.png
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