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.\ LL Google 87 Anaconda

https://www.anaconda.com/products/individual
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Anaconda Installers

Windows 58 MacOS & Linux O

64-Bit Graphical Installer (466 MB) 64-Bit Graphical Installer (442 MB) 64-Bit (x86) Installer (522 MB)
32-Bit Graphical Installer (423 MB) 64-Bit Command Line Installer (430 MB)

64-Bit (Power8 and Power9) Installer (276
MB)

64-Bit Graphical Installer (413 MB) 64-Bit Graphical Installer (637 MB)
64-Bit (x86) Installer (477 MB)
32-Bit Graphical Installer (356 MB) 64-Bit Command Line Installer (409 MB)

64-Bit (Power8 and Power9) Installer (295
MB)
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conda i1nstall tensorflow
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conda i1nstall tensorflow
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[1] %tensorflow version

[> Currently selected TF version: 2.X
Avallable versions:
* 1.X
* 2.X
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[3] %cd '|/content/drive/My Drive/Colab Notebooks'

[> /content/drive/My Drive/Colab Notebooks
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@ Frangois Chollet & v
@fchollet

Just like people tend to overestimate the
scope & intelligence of contemporary Al,
they tend to underestimate how much
you can achieve with these simple &
narrow systems, when sufficiently
scaled and widely deployed.
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The current wave of advances 1n artificial
intelligcence doesn’ t actually bring us intelligence
but instead a critical component of intelligence:
prediction. 99

—Agrawal-Gans-Goldfarb, "Prediction Machines”
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255
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255
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255
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255

O 0 O
0O 0 O 25
O 0O 0 25 0 0
2 0 22 1 94 148
0 28 0 131 243 255 245 130 2 39 18
1 29 4 211 255 249 255 251 136 0 37
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0O 2 35 2 105 243 255 252 253 255 255
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In [1]:

smatplotlib inline

import numpy as np

import matplotlib.pyplot as plt
import pandas as pd
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In [2]:

from tensorflow.keras.utils import to_categorical
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense

from tensorflow.keras.optimizers import SGD

|—’ f# one-hot encoding HY T E.

» Sequential: fEEESTE—HIFREEE

LI R ﬁﬁ
s Dense: i ELsENEE =2 o
s SGD: fEAERY oradient descent e
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In [3]:

from tensorflow.keras.datasets import mnist

In [4]:

(x_train, y_train), (x_test, y_test) = mnist.load_datal()

/& MNIST #53
EEFISRER
HEE R E T M
AR AT
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In [12]:

X_train = x_train.reshape(60000, 784) /255
X_test = x_test.reshape(10000, 784) /255
In [13]:

y_train = to_categorical(y_train, 10)
y_test = to_categorical(y_test, 10)

s o/l|ZF =00k AP ~ nomalization e

o G ERL 45 one-hot encoding ©
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In [14]: 100 {g$ 2«( %‘B - R@LU ﬁ.‘//q
model = Sequential() activation function -
In [15]:

AN 3
model.add(Dense(100, input_dim=784, activation='relu')) $HUIE:[I 10 \Z X ﬁ“//q softmax °
In [16]: & = A
model.add(Dense(100, activation='relu')) EZEjt%;F:E/:f\”j;Effl ,

H ﬁZﬂa /L_J\fr DXD—F%

In [17]: £<<<Zﬂﬁ E/jE'jE :TE{T'

model.add(Dense(10, activation='softmax'))
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In [18]:

model.compile(loss='mse', optimizer=SGD(1lr=0.087),
metrics=['accuracy'])

s loss: FHIME loss function ©

s optimizer; FH SGD, £% learning
rate °

—L - N2y 2
A IERERS o
~HHE

s metrics: 2 EE

N

/
N
7

Vivive

N
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C X kQ Step 2: fit £l| 4%

In [20]:

model.fit(x_train, y_train, batch_size=100, epochs=20)

s batch size: mini batch RN o

s epochs: Fl|GRIXEY -
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" O \Q Step 3: Predict

In [21]:

predict =
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model.predict_classes(x_test)
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= University of Toronto TH-1&H%E
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s 2013 Facebook Al Director
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filter
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Differentiation of Cytopathic Effects Induced
by Influenza Virus Infection Using Deep

Convolutional Neural Networks

Ting-En Wang, Tai-Ling Chao, Hsin-Tsuen Tsai, Pi-Han Lin,
Yen-Lung Tsai, Sui-Yuan Chang
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To prove study we see that F|i is a covering of X’, and 7; is an object of Fx /g fg

1 > 0 and JF, exists and let F; be a presheaf of Ox-modules on C as a F/-mod
In particular F = U/F we have to show that

ﬂ- =1° ®Epec[k} OS,S — ’3;{1-?:)
is a unique morphism of algebraic stacks. Note that

Arrows = (Sch/S)% fopf? (Sch/S) pps

and

V =T(5,0) — (U, Spec(A))
is an open subset of X. Thus U is afiine. This is a continuous map of X is the
inverse, the groupoid scheme S.

Proof. See discussion of sheaves of sets.

Andrej Karpathy A= AR 7148 "Stacks" HY S F!
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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RNN Fi 7R 2

Long Short Term Memory

GRU

Gated Recurrent Unit
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\S:z RNN FEHI et T8y

i AH 15 {[& features:

[Age, G, PA, AB, R, H, 2B, 3B, HR,
RBI, SB, BB, SO, OPS+, TB]

T o R L 049, 10-19, 20-29, 30-39, 40+
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—Richard Feynman
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\Q VAE (Variational AutoEncoder)

FrPAH T VAE

Variational AutoEncoder
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% VAE (Variational AutoEncoder)
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\Q VAE (Variational AutoEncoder)
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( LeCun 8.5 GAN & &S 5 A 72 7Y model
»

44

There are many interesting recent development in deep learning...

The most important one, in my opinion, is adversarial training (also

called GAN for Generative Adversarial Networks). , ,

—Yan LeCun (3317 E), 2016
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KB % A (ECCV 2016)

“Generative Visual Manipulation on the Natural Image Manifold”
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Karras-Aila-Laine-Lehtinen

Progressive Growing of GANs for Improved
Quality, Stability, and Variation

Progressive GAN

Karras 2 NVIDIA B[ (ICLR 2018)
https://arxiv.org/abs/1710.10196

“Progressive Growing of GANs for Improved Quality, Stability, and Variation”

NVIDIA EIfR{EB BRI XE
=SV RRETEERLRXBETAB Theano, Python 2, T
HARHE&E GPU
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Pix2Pix

[sola, 1% =2 A (CVPR 2017)
https://arxiv.org/abs/1611.07004

output

. N “Image-to-Image Translation with Conditional Adversarial Networks”
Pix2pix fHE £ B S E o

“ 2K H Isola, K& ZFE ARG L (2017)
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A Pix2pix: BB SEE=MEFIREENIM, ,A
B

L

Labels to Street Scene

LLANI5K
peim i S
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Pix2pix e == 5 -

“ 2R H Isola, &1k ZEH AN F MR S (2017)
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TOOL INPUT

PIX2piX

Pix2pix 4f_ERR -
https://affinelayer.com/pixsrv/

* Christopher Hesse 1% )5 2 S
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(Q CycleGAN: FEATE R

CycleGAN

KiEEFE A ICCV 2017)
https://arxiv.org/abs/1703.10593

“Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks”
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https://youtu. be/9reHvktowLY
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Goodfellow 788, EHYEE = E5 [T (ﬁbxiﬁk%‘ﬁﬁ) :
https://youtu.be/FeadkZg0oFQ
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DeepMind

2015 4 Nature -HH—&

44 27

Human-level Control Through

Deep Reinforcement learning

Self-taught Al software
attains human-level
N\, performance in video games
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Video Pinball |
Boxing—
Breakout— _

Star Gunner |
Robotank |
Atlantis_

Crazy Climber ||
Gopher_
Demon Atlack-

Name This Game—
Krull |
Assault |
Road Runner ||
Kangaroo_
James Bond_ |
Tennis-

Pong_

Space Invaders ||
Beam Rider |
Tutankham ||
Kung-Fu Master |
Freeway_

Time Pilot |
Enduro— '

Fishing Derby- '

Up and Down | |
Ice Hockey ||
Q*Bert
H.E.R.O. | at human-level or above
Asterix below human-level

Battle Zone |
Wizard of Wor | _
Chaopper Command | _
Centipede_
Bank Heist |
River Raid ||
Zaxxon ||
Amidar | _
Alien’|
Venture |
Seaquest | J25%
Double Dunk | e
Bowling | [14%
Ms. Pacman | [} 13%
Asteroids || 7%
Frostbite | | 6%
Gravitar | 5%
Private Eve | 2%
Montezuma's Revenge_ | 0%

Best Linear Learner

) )
| I I 1 I | 1T 1

0% 100% 200% 300% 400% 500% 600% 1000% 4500%
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5B AlphaGo

I
I
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AlphaGo g

AlphaGo HYiEE
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\Q 5 B4 AlphaGo

2016.12.29
2016.3 —2017.14 2017.5 2017.10

AlphaGo 4 & FE AlphaGo

AlphaGo Lee \YENG] /ero
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Policy Based

o Policy Based

policy function
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Value Based

o Value Based

Value function
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7 AT R FE AT
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Value Based
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R Greedy Policy
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73

& Q pAE

/\_

lFl'II

e

- BY 1’%5/7 /1{H,

n(S) = argmaxQ (S, a) o

oreedy policy!
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Deep Q-Learning
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Deep Q-Learning ‘
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supervised learning!
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ETF1 17.71% 10.89% ETF11 10.76% 5.26%
ETF2 16.53% 12.6% ETF12 10.19% 13.17%
ETF3 16.3% 0.35% ETF13 7.8% 1.42%
ETF4 14.4% 13.25% ETF14 6.23% 3.56%
ETFS 14.3% 12.7% ETF15 5.73% 4.61%
ETF6 13.91% 13.37% ETF16 3.78% -12.76%
ETF/ 13.17% 10.52% ETF17 2.85% 5.83%
ETF8 12.35% 17.07% ETF18 1.59% -4.45%
ETFS 11.68% 10.81% ETF19 1.07% -18.09%
ETF10 11.09% 3.14% ETF20 -0.59% -0.75%
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