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2017 IEEE Conference on * | was able to attend the WICV workshop
Computer Vision and Pattermn and present my work on CaloGAN from
Recognition HEP! |

Premiere annual Computer
Vision event

\Vain conference + workshops +
tutorials format

~4000 attendees




/83 accepted papers

The Computer Vision Foundation

All oral presentations available on Youlube flg

CVPR 2017 Best Paper Awards

© Densely Connected Convolutional Networks by Gao Huang, Zhuang Liu,
L aurens van der Maaten, & Kilian Q. Weinberger

~ Learning from Simulated and Unsupervised Images through Adversarial
Training by Ashish shrivastava, Tomas Fister, Oncel Tuzel, Joshua susskind,

VWenda Wang, & Russel VWebo


https://www.youtube.com/channel/UC0n76gicaarsN_Y9YShWwhw/videos
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~art of my own very biased reading list

> LCNN: Lookup-Based Convolutional Neural Network Dy
Hessam Bagherinezhad, Mohammad Rastegari, Al Farnad

- Borrowing Treasures From the Wealthy: Deep Transfer

Learning Through Selective Joint Fine-Tuning by \Weifeng

Ge, Yizhou Yu - Crossing Nets: Combining GANs and VAEs With a Shared

Latent Space for Hand Pose Estimation by Chengde Vvan,

The More You Know: Using Knowledge Graphs for Image Thomas Probst, Luc Van Goal, Angela Yao

Classification by Kenneth Marino, Ruslan Salaknutdinoy,

Abhinav Gupta Disentangled Representation Learning GAN for Pose-

| iti Luan Tran, X Yin, X iNng L
Convolutional Neural Network Architecture for Geometric Invariant Face Recognition by Luan ran, Xi ¥in, Xiaoming L

Matching by Ignacio Rocco, Rela Arandjelovic, Josef Sivic . Xception: Deep Learning With Depthwise Separable

uti - is Chollet
- PointNet: Deep Learning on Point Sets for 3D Convolutions by Frangois Cnole

Classification and Segmentation by Charles R, QI, Hao Su,

<aichun Mo, Leonidas . Gubas - Active Convolution: Learning the Shape of Convolution for

Image Classification by Yunho Jeon, Junmo Kim

Learning by Association — A Versatile Semi-Supervised

Training Method for Neural Networks by Philio Haeusser,
Alexander Mordvintsev, Daniel Cremers

Stacked Generative Adversarial Networks Dy Xun Huang,
Yixuan L, Omid Poursaeed, John Hopcroft, Serge Belongie

Missing Modalities Imputation via Cascaded Residual

Autoencoder by Luan Tran, Xaoming Liu, Jayu Zhou, Bong
Jin

Dilated Residual Networks Dy Fisher Yu, Viadien Koltun,
Thomas Funkhouser

Temporal Attention-Gated Model for Robust Sequence

Classification by VWenjie Pal, Tadas Baltrusaitis, David M.J.
Tax, Louis-Philiope Morency

Generative Attribute Controller With Conditional Filtered

Generative Adversarial Networks by Takuhiro Kaneko, Kaoru
Hrramatsu, Kunio Kashino



Interesting lrends

e Aftention is for more than just question answering
e Application specific architecture tweaks and loss formulations
e Parameter efficiency

e Solving specific problems versus developing good overall methods

e Multi task



Densely Connected Convolutional
Networks (DenseNets)
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DenselNet

gpVt

Similar ideas:
* Highway Nets
* ResNets
* [nception networks

e Deeply Supervised Networks (DSN)




Deep Convolutional Neural Network




ResNet

He. Z/hang, Ren. Sun (CVPR 2015)

[dentity



http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/He_Deep_Residual_Learning_CVPR_2016_paper.pdf

DenselNet




DenselNet




DenselNet

kK = growth rate
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—eatures

e cach layer adds small number k of feature maps to the collective
knowledge

* [ransition blocks separate dense blocks of different feature map
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Advantages

e alleviate vanish gradient problem
e strengthen feature propagation

e encourage feature reuse

e maintains low complexity features
e reduce number of parameters

e ensure max info flow

* each layer has direct access to gradient from loss



mplementations

. Our Caffe Implementation.

. Our memory-efficient Caffe Implementation.

Our memory-efficient PyTorch Implementation.

PyTorch Implementation by Andreas Veit.

PyTorch Implementation by Brandon Amos.

MXNet Implementation by Nicatio.

MXNet Implementation (supporting ImageNet) by Xiong Lin.
Tensorflow Implementation by Yixuan Li.

© N O O~ OO

Tensorflow Implementation by Laurent Mazare.

©

. Tensorflow Implementation (with BC structure) by lllarion Khlestov.

—
o

. Lasagne Implementation by Jan Schllter.

—h
—

. Keras Implementation by tdeboissiere.

-
N

. Keras Implementation by Roberto de Moura Estevao Filho.

-
w

. Keras Implementation (with BC structure) by Somshubra Majumdar.
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B

. Chainer Implementation by Toshinori Hanya.

-
(&)

. Chainer Implementation by Yasunori Kudo.


https://github.com/liuzhuang13/DenseNet
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Applications In A&

Classification with Calo Images

Classification with Calo Images

* e* vsy performance

4.0

—— DenseNet

LAGAN-Style Discriminator
—— FCN on Shower Shapes
—— FCN on Unraveled Pixels
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Ee’

~7% improvement
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— \ . features built on
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(9.96 0.97 0.98 0.99 1.00

~50% improvement compared
to shower shapes

N ACAT 2017 proceedings!




Borrowing Treasures ~rom the Wealthy:
Deep ITranster Learning I'hrough
Selective Joint Fine-Tuning

(a) Source and Target Domain (b) Search k£ Nearest Neighbors (c) Deep Convolutional (d) Joint Optimization in
Training Data in Shallow Feature Space Neural Networks Different Label Spaces
. . o "
Source Training Samples Lmea: classifier Sea Snake
in Shallow Feature Spaces
Black Grouse
m - Chameleon
—_— .
W w A 4 Dog
uillm - Barn Spider
\ J
J N Source Domain Loss Minimization
r )
- Linear classifier Fire Lily
- Clematis
- Rose
> .
B Artichoke
1 Bee Balm
Target Training Samples Convolutional layers shared by the \ /
Target Domain Data in Shallow Feature Spaces source and target learning tasks Target Domain Loss Minimization

Figure 1. Pipeline of the proposed selective joint fine-tuning. From left to right: (a) Datasets in the source domain and the target domain. (b)
Select nearest neighbors of each target domain training sample in the source domain via a low-level feature space. (c) Deep convolutional
neural network initialized with weights pre-trained on ImageNet or Places. (d) Jointly optimize the source and target cost functions in their
own label spaces.
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Thé More You Know: Using Knowledge
@ Graphs for Image Classification u

 structured prior knowledge as
knowledge graphs

e a step towards bringing symbolic
reasoning iNnto computer vision

e graph pruning

* |earmning node activation to predict
what's In an image
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https://arxiv.org/pdf/1612.04844.pdf

Conclusions

* | highly recommend attending CVPR and other ML conferences
(especially to students!)

t's hard to be up to date with all of the latest tricks
* [t's not as hard to identity and follow main trends

* Clever thinking can help us draw inspiration from these papers to
oring breakthrough ideas to our field



