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- MLP, SOM, RBEF, ... :
- RBM, DBN, DBM, ... = = =S
7224 AHY (CNN) . =D
- PO SEETRSEN I — {% 3
- Convolution + pooling —— m’, N N
=2t MEE (RNN) Q %
XA Holef Hal g olAl ] o
- Recurrent connection (memory) UOD Lﬁ ;CT)U wox W Q=
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SH G A Al ImageNet (ILSVRC)

*ImageNet Large Scale Visual Recognition Challenge
( )
- 1000 object categories
- Training set: 1,281,167 images
- Validation set: 50,000 images
- Test set: 100,000 images

T
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http://www.image-net.org/

ILSVRC Image Samples
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ILSVRC Z1}

Research

Revolution of Depth

152 layers |

11.7

\
{ 22 layers ’ ‘ 19 layers ‘
N 6.7 7.3

| 8layers shallow

299 3.57 l
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ILSVRC16  ILSVRC'15 ILSVRC'14  ILSVRC'14 ILSVRC'13 ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet+Inception ResNet GoogleNet VGG AlexNet

I

ImageNet Classification top-5 error (%)
%ICCV1 T

[
R

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015.

(slide from Kaiming He’s recent presentation)
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- Taigman, et al, “DeepFace: Closing the Gap to Human-Level Performance in Face
Verification”, 2014

- 97.25% on LFW (Labeled Faces in the Wild)

- Fan, et al, “Learning Deep Face Representation”, 2014
- 97.30% on LFW

- Sun, et al, “Deep Learning Face Representation from Predicting 10,000 Classes”,
2014

-99.15 on LFW

- Shroff, et al, “FaceNet: A Unified Embedding for Face Recognition and Clustering”,
2015

- 99.63% on LFW
- 95.12% on YouTube Face DB

Hy esoua
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DeepFace [Taigman2014]

= Feature extraction by CNN
- Train a CNN-based face recognizer
- Represent the input face image by the output of (N-1)™" layer

\ |
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=l Vel
z|l X |2
7 / \ !
i) / o |
VA
wf/ [
e |/ |
/ A
C1: M2: C3: L4: L5: L6: F7: F8:
Calista_Flockhart_0002.jpg Frontalization: 32x11x11x3 32x3x3x32 16x9x9x32 16x9x9x16 16x7x7x16  16x5x5x16 4096d 4030d

Detection & Localization @152X152x3 @142x142 @71x71 @63x63 @55x55 @25x25 @21x21

Figure 2. Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution filtering on the rectified input, followed by three
locally-connected layers and two fully-connected layers. Colors illustrate outputs for each layer. The net includes more than 120 million parameters, where
more than 95% come from the local and fully connected layers.
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Dahua-Facelmage® 0.9978 + 0.0007 DeeplD2+*° 0.9947 + 0.0012
AuthenMetric®® 0.9977 + 0.0009 ColorReco’® 0.9940 + 0.0022
Baidu® 0.9977 + 0.0006 Faceall”! 0.9940 + 0.0010
THU CV-Al Lab® 0.9973 + 0.0008 DeeplD2% 0.9915 + 0.0013
Samtech Facequest®®]  0.9971 + 0.0018 MMDFR67 0.9902 + 0.0019
Daream’® 0.9968 + 0.0009 Uni-Ubi® 0.9900 + 0.0032
Easen Electron®! 0.9968 + 0.0009 XYZ Robot®’ 0.9895 + 0.0020
Tencent-Bestimage®| 0.9965 + 0.0025 JustMeTalk 0.9887 + 0.0016
FaceNet62 0.9963 + 0.0009 GaussianFace*’ 0.9852 + 0.0066
PingAn Tech® 0.9960 + 0.0031 Asaphus’’ 0.9815 + 0.0039
Facevisa’ 0.9955 + 0.0014 betaface.com®® 0.9808 + 0.0016
DeeplD3% 0.0953 +0.0010 ||POS€¥shapet+expression| , oa17 . 0060
augmentation75
Face++% 0.9950 + 0.0036 DeeplD46 0.9745 + 0.0026
CW-DNA-1"° 0.9950 + 0.0022 DeepFace-ensemble4l | 0.9735 + 0.0025

Source: http://vis-www.cs.umass.edu/lfw/results.html
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MZAY 71AH HY (Neural Machine Translation)

=Encoder?} decoderz=
- Encoder: Y EH &% -> HlH
- Decoder: #HlH > =8 FZ%F (CHE 210))

Awesome sauce

(0000 [0,00] [00.00]
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F2HY

Google

Google Translation

HH| o|O| %] s8¢ L= - HE7|
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PEIIAH:HE

M E 0 9F 37,500,00071 (0.692=)

LH T google translate  google translator  google translation korean to english
google translation and english  korean to english translation
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F2H

= Google Neural Machine Translation (GNMT)
- Word embedding + Deep Bidirectional LSTM + attention model

¥, —-h:,rz—-lb e — 2 g

Encoder LSTMs
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F2HY Y5

= Performance of Google Neural Machine Translation (GNMT)

neural (GNMT)

4 —

phrase-based (PBMT)

Translation quality
(%]

English  English  English  Spanish  French  Chinese

> > > > > >

Spanish  French Chinese English  English  English

Translation model
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=Hermann, et.al, “Teaching Machines to Read and Comprehend,” 2015.

by ent423 ,ent261 correspondent updated 9:49 pmet ,thu
march 19,2015 (ent261) aent114 was killedin a parachute
accidentinent45 ,ent85 ,nearent312 ,aent119 official told
ent261on wednesday .he was identified thursday as
special warfare operator 3rd .dtemw? ;
ent265 . ent23 distinguished himself consistently
throughout his career .he was the epitome of the quiet
professionalinallfacets of his life ,and he leaves an

inspiring legacy of naturaltenacity andfocused

by ent270 ,ent223 updated 9:35 amet ,monmarch2 ,2015
(el.-famlllal for fall at its fashion show in
ent231on sunday ,dedicating its collectionto " mamma™
with nary a pairof " mom jeans "insight .ent164 andent21,
who are behindthe ent196 brand ,sent models down the
runway indecidedly feminine dresses and skirts adorned
with roses ,lace and even embroidered doodles by the
designers 'own nieces and nephews .many of the looks

featured saccharine needlework phrases like " ilove you,,

ent119 identifies deceased sailor as X ,who leaves behind

awife

X dedicated their fall fashion show to moms

ﬂhﬂ%mﬂm
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Generative Adversarial Networks (GANS)

=|. Goodfellow, et.al, “Generative Adversarial Nets,” 2014.

min max V(D. ) = Berpyy, (@) 108 D(2)] + Eanyp, () [log(1 — D(G(2)))]

Realworld ——= Sample
images

Real

Discriminator .

Fake

Generator Sample

Latent random variable
OQO
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Generative Adversarial Networks (GANS)

=|. Goodfellow, et.al, “Generative Adversarial Nets,” 2014.

Figure 3: Generated bedrooms after five epochs of training. There appears to be evidence of visual
under-fitting via repeated noise textures across multiple samples such as the base boards of some of
the beds.

ﬂbﬂ%mﬂm
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Generative Adversarial Networks (GANS)

= I[mage-to-Image translation [Isolal6]

Input Ground truth
Labels to Street Scene 2

Figure 7: Isola et al.‘ (2016) created a concept they called image to image translation,
encompassing many kinds of transformations of an image: converting a satellite photo

into a map, coverting a sketch into a photorealistic image, etc. Because many of these

conversion processes have multiple correct outputs for each input, it is necessary to
5 . » . I = ~

use generative modeling to train the model correctly. In particular, Isola et al. (2016)

use a GAN. Image to image translation provides many examples of how a creative
&r algorithm designer can find several unanticipated uses for generative models. In the
[ ="~ . .
woons cLogs, future, presumably many more such creative uses will be found.




Hi. I'm Cortana.
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Skype Translator

= Speech recognition + machine translation + speech generation

Skype Translator (MS)

-

T
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*Memory Networks [Weston15]
-PAH MREE A= EY

=Neural Turing machines [Graves14]

External Input

e N

External Output

------ S

Controller

SN

Read Heads

Write Heads

I

1

Figure 1: Neural Turing Machine Architecture. During each update cycle, the controller
network receives inputs from an external environment and emits outputs in response. It also
reads to and writes from a memory matrix via a set of parallel read and write heads. The dashed
line indicates the division between the NTM circuit and the outside world.
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=PathNet: Ct5 2= ?[¢t StLte| A A8 [Fernandol17]
: 1 : : = ”E

1 e
o - ok
§ Pong | eoiabt ok e N S O
()] p— i : &% Alien ' |
©2 Lo 8e7 steps 16e7 steps

Figure 1: A population of randomly initialized pathways (purple lines in Box 1) are evolved whilst learning task A, Pong. At
the end of training, the best pathway is fixed (dark red lines in Box 5) and a new population of paths are generated (
tr E" in Box 5) for task B. This population is then trained on Alien and the optimal pathway that is evolved on Alien is
— % subsequently fixed at the end of training, shown as dark blue lines in Box 9.
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= Leading groups
- Hinton, LeCun, Bengio, Ng, Schmidhuber, ...

2 7| & Y
- Conferences, arXiv

QEAA

ﬂbﬂ%mﬂm
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arXiv Open e-Print Library

the Simons Foundation

A&Tﬂlf?% Cornell University We gratefully acknowledge support from
g}gi)fq Library and member institutions

- .
= Repository of electronic- =
Search or Al D All papers
.
p re p rl n tS Open access to 1.236.051 e-prints in Physics. Mathematics. Computer Science. Quantitative Biology. Quantitative Finance and Statistics

Subject search and browse: | Physics v || Search || Form Interface || Catchup
- - 22 Feb 2017 DONATE to arXiv
- S u b m ISS I O n rate > — 8 OOO 10 Feb 2017 Attention Submitters: our TeX processing system has been updated
- y 11 Jan 2017: The annual update from the arXiv team is now available
10 Jan 2017: New members join arxiv Scientific Advisory Board
02 Jan 2017: The 1991-2016 submission rate statistics are now available

p ap e rS p e r l I l O nth See cumulative "What's New” pages. Read robots beware before attempting any automated download

Physics

(Hep | Advanced scarch)

Astrophysics (astre-ph new, recent. find)

includes: Astrophysics of Galaxies: Cosmology and Nongalactic Astrophysics; Earth and Planetary Astrophysics; High Energy Astrophysical Phenomena; Instrumentation and Methods for
Astrophysics; Solar and Stellar Astrophysics

Condensed Matter (cond-mat new, recent, find)

includes: Disordered Systems and Neural Networks; Materials Science; Mesoscale and Nanoscale Physics; Other Condensed Matter; Quantum Gases; Soft Condensed Matter; Statistical
Mechanics; Strongly Correlated Electrons; Superconductivity

General Relativity and Quantum Cosmology (gr-ge new, recent, find)

High Energy Physics - Experiment (hep-ex new. recent, find)

High Energy Physics - Lattice (hep-lat new, recent, find)

High Energy Physics - Phenomenology (hep-ph new, recent, find)

High Energy Physics - Theary (hep-th new, recent, find)

Mathematical Physics (math-ph new. recent. find)

Nonlinear Sciences (nlin new, recent, find)

includes: Adaptation and Self-Organizing Systems: Cellular Automata and Latlice Gases; Chaotic Dynamics: Exacily Solvable and Integrable Systems: Pattern Formation and Solitons
Nuclear Experiment (nucl-ex new, recent, find)

Nuclear Theory (nuel-th new. recent. find)

Physics (physics new, recent, find)

includes: Accelerator Physics; Atmospheric and Oceanic Physics; Atomic Physics; Atomic and Moalecular Clusters; Biological Physics; Chemical Physics; Classical Physics; Computational
Physics: Data Analysis, Statistics and Probability; Fluid Dynamics; General Physics; Geophysics; History and Philosophy of Physics; Instrumentation and Detectors: Medical Physics;
Optics; Physics Education; Physics and Society; Plasma Physics; Popular Physics: Space Physics

« Quantum Physics (quant-ph new, recent, find)

Mathematics

« Mathematics (math new, recent, find)
includes (see detailed description): Algebraic Geometry: Algebraic Topology: Analysis of PDEs; Category Theory: Classical Analysis and ODEs: Combinatorics; Commutative Algebra;
Complex Variables; Differential Geometry: Dynamical Systems; Functional Analysis; General Mathematics; General Topology: Geometric Topology: Group Theory: History and Overview;
Information Theory; K-Theory and Homology; Logic; Mathematical Physics; Metric Geometry; Number Theory; Numerical Analysis; Operatar Algebras; Optimization and Control;
Probability; Quantum Algebra; Representation Theory: Rings and Algebras; Spectral Theory; Statistics Theory: Symplectic Geometry

Computer Science

« Computing Research Repository (CoRR new, recent, find)
includes (see detailed description): Artificial Intelligence; Computation and Language: Computational Complexity; Computational Engineering, Finance, and Science; Computational
Geometry; Computer Science and Game Theory: Computer Vision and Pattern Recognition; Computers and Society: Cryptography and Security: Data Structures and Algorithms:
Databases; Digital Libraries; Discrete Mathematics; Distributed, Parallel, and Cluster Computing: Emerging Technologies; Formal Languages and Automata Theory: General Literature;
Graphics; Hardware Architecture; Human-Computer Interaction; Information Retrieval: Information Theory: Learning; Logic in Computer Science; Mathematical Software; Multiagent
Systems: Multimedia; Networking and Internet Architecture; Neural and Evolutionary Computing; Numerical Analysis; Operating Systems: Other Computer Science; Performance;
Programming Languages; Robotics; Social and Information Networks; Software Engineering; Sound; Symbolic Computation; Systems and Control

Quantitative Biology

« Quantitative Biology (g-bio new, recent, find)
includes (see detailed description): Biomolecules; Cell Behavior; Genomics; Molecular Networks; Neurons and Cognition; Other Quantitative Biology; Populations and Evolution:
Quantitative Methods: Subcellular Processes; Tissues and Organs

Quantitative Finance

+ Quantitative Finance (g-fin new, recent, find)
includes (see detailed description): Computational Finance; Economics; General Finance; Mathematical Finance; Portfolio Management; Pricing of Securities; Risk Management;

tatistical Finance; Trading and Market Microstructure

S8y
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Fe Hed 0F4A

= Caffe (http://caffe.berkeleyvision.org)
- BVLC (Berkeley Vision and Learning Center)
- CNN, Vision, C++

= TensorFlow (http://www.tensorflow.org)
- Google
- CNN, RNN, Multi-GPU, Cloud, Tensor-board

= Torch (http://torch.ch)
- NYU, Facebook, DeepMind, Twitter
- Fast

= Theano (http://deeplearning.net/software/theano)
- The Theano Development Team
- Fast

T
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- Google, Amazon, Facebook, Baidu, Tesla, Microsoft, ...
-ATZ + GOl + AFE Ql=Zg}

-CHEt - 7| 7t
- Toronto Univ. NYU, Montreal Univ., Stanford, ...
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