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Abstract

Based on Google's MNIST for ML (Machine Learning)
beginners, | introduce a basic knowledge (abc) of Supervised
ML (an important part of Artificial Intelligence) from the
perspective of algorithm, big data, and coding. The audience
can acquire some fundamentals of SML in one hour that
Include mathematical properties of Learning, algorithmic
approaches to deal with Big Data, and a glimpse of Python
Coding In Al. It is hoped that one can briefly understand the
Python code given in the talk and run it successfully in one
day. This may help one to ponder whether one should spend
her or his life to pursue Al. MNIST is a database of
handwritten digits created by Yann LeCun, a pioneer in
modern Al, and is short for Mixed National Institute of
Standards and Technology.
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o AL abc: An Introduction to Machine Learning

o Gradient Descent and Backpropagation in Machine Learning (Automatic Differentiation:
Forward & Reverse Modes, Jacobian)

o Convolution in Machine Learning (Convolution)

PartI Computer Programming (Browse and Use) GitHub

1. Colab: Proj1: tf3.ipynh (MNIST Project)
A. Style Transfer (YouTube, Code2), B. Time Series (YouTube3), C. YOLO (YouTubed, Code3), D. Stock (YouTubes, Coded), E.
Game (OpenAI RL Coded)

TensorFlow, TensorBoard (YouTubel)
PyTorch (PyTorch Autograd, PyTorch Af"J, MNIST.ipynh, MNIST.py)

Python Programming
C+ Programming

b I S A

A, Clond Computing by Colah: Google Chrome => Login Google Account => Click tfLipynh => %55 T 2 => Google
Colaboratory => Click Triangle (Run Cell) => Done! => Proj1 => Click tf3.ipynb (MNIST Project) => Run => Done!

B. Local Computing by jupyter: Install Anaconda3-4.2.0 (or more Anaconda) => Anaconda Navigator => Environments => Install
TensorFlow => Home => Launch jupyter => jupyter => Files on 228 => Click on tfLipynb=> Run fLipynb (Done!)
How to run py code on jupyter: tfL.py => Creat a new file tfLipynb with only one line “import tf1” => Run the cell of “import




Part 1 Supervised Learning (Read and Work|

1, A Simple Learning Model: Classiication, Target, Hypothesis, Training Data, Learning Algonthm, Weights, Bias
upervised and Unsupervised Learning

1, Google Ttorialfor ML Beinmers; Image Recogmtion, MNIST, Softmax Reavession (92%), Cross Entropy, Gradient
Descent, Back Propagation, Computation Graph (IF muist L)

3, Tensorflow and Deep Learuing [ (by Martin Gorner): Deep Learnimg Network, ReLU, Learning Rate (98%),
Overftting, Dropout (98.2%), Convolufional Neural Network (99.3%) (TE must 3.1

4, Tensorflow and Deep Learning I (by Martin Gorner) (RNNI): Batch Normalization (99.37%) (TF muust 4.), Data
Whitening, Fully Connected Network, TensorFlow APL, MNINT Record (Kaggle: 100%), Recurrent Neural Network,
Deep RNN, Long Short Term Memory, Gated Recurrent Unit, Language Model

Part III Theories of Deep Learning

1. Lectures at MIT (Book: Deep Learning by Goodfellow, Bengio, Courville)
2. Lectures at Chicago

3. Lectures at Stanford




Planning and Learning

Planning : y f(x) =ax? + bx +c, f :known
. Input, y : output, a, b, ¢ : known
x y : variables

F=ma === f(X,1) ==

L earning : y f(x) =ax>+bx+c, f :unknown
. Input, y : output, a, b, ¢ : unknown

Learn a, b, c (regressmn parameters)

# of parameters : 1,000,000,000,000
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Supervised Unsupervised
Learning Learning

Machine
Learning

Reinforcement
Learning

from UCL Course on RL, David Silver



Google TensorFlow MNIST for
ML Beginners sllo|[/

MNIST : Mixed National Institute of Standards
and Technology database (training: 55,000 images;
testing: 10,000; validating: 5,000) by Yann LeCun

nput = [ ] == lgorithm

m=m) OUtPULY =5

70,000 x data points; 10y labels: 0,1, 2, ..., 9
X :@i l 784 pixels (intensities) ==» x a vector in [0,1] 784
y a one-hot vector in {0,1} 1© == w a matrix in R10x784

big data == 10 x 784 enough? == 100 x 10 x 7847 ==

bigW == Deep Learning scalar, vector, matrix, tensor



What is W (learned parameter)?
What do you want to learn?

Algorithm 1: y=Wx + D

0 12 3 4
) 6 7 8 9

W in W in R10X754
learned by a model

W; > 0 (blue) for |
W; <0 (red) aganist |




TensorFlow MNIST Code

T from tensorflow.examples.tutorials.mnist import input_data
2 mnist = input_data.read_data_sets("MNIST_data/", one_hot=True)

3 import tensorflow as tf

4 x = tf.placeholder(tf.float32, [None, 784])

y = WX + b y |n {0’1} 10 mnist. train.xs
X vector in [0,1] 784 %ﬁ’/ - - -
W matrix in R 10x 784 .

55000

5 W = tf.variable(tf.zeros([784, 190]))
= tf.Variable(tf.zeros([10]))

= tf.nn.softmax(tf.matmul(x, W) + b)

b
Yy
[p] [xW not Wx | broadcasting +|




7 y = tf.nn.softmax(tf.matmul(x, W) + b)
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from TensorFlow and Deep Learning, Martin Gorner

11



7 v = tf.nn.softmax(tf.matmul(x, W) + b)

Fredictiorns Ini0ges Wejght= Giases
o0, 10] X100, 7584] Wl 784,107 pl10]

N \ /)

Y = softmax(X.W —+ b)
Fl / / \ broadcast

079/95 ied {ire AT Arix azed 'H/C"Z/y
b’y {irre

Fensor 5%{&?95,5 irr 7] L 1OOX10:100X784784X10+1X10

Very simple model: softmax classification:: A

or? ALl lines

—_— 7
L=<Lgy, Ly, ..., Log> el - Z o

784 /);‘xds —_—

: n=0
pixels . .. wejghted sum of odl 05
pixels + bios

Softmax QQQ Q softmam(ngi /
0 1 2 9 \ ;

28x28

NEUr on Mﬁﬂuﬁ -6 -4 =2 0 2 4 126


https://www.google.com.tw/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwj_lvvv16nYAhWGGpQKHXyUCTYQjRwIBw&url=https%3A%2F%2Fwww.quora.com%2FHow-does-softmax-function-work-in-AI-field&psig=AOvVaw0zT-6W1peERYCW1b8RQMcf&ust=1514446735261193

8 y_ = tf.placeholder(tf.float32, [None, 10])

9 cross_entropy = tf.reduce_mean(-tf.reduce_sum(y_ * tf.log(y),

Success ?

Boltzmann's Entropy: S=khhW » » = >« = ¢ 7 7 7
- || || 06 |06 6| 1066|066 l6®@
W: Number of Microsates o
actuod /Dr’(}E?M;ffﬁéi, one-hot' encoded
2nd Law of Thermodyn. 6Q = T dS /

Cross entrepy =y Y] 1og(%i) Y = goftman(X.W +

Gibbs's Entropy = Shannon's Entropy ) this is o ¢
Contlu robobiliT1é5 )
H=-; pi In p; (Measure of Uncertain,) ~~7“"« /"""

0.100.2/0.10.3/0.2//0.1/l0.9 \a.z 0.1/0.1

H = -2 piln pj 0 | 2 3 4 5\4j7 g 9
= - Zi (1/6) In(1/6) = In6 = 1.79 13




10 train_step = tf.train.GradientDescentOptimizer(8.5).minimize(cross_entropy)
Learning Rate (Hyperparameter) = Stepping Length = 0.5

D,f(x) = lim flx+tp)— /1 Gradient Descent

t—0 [ Jinn-Liang Liu
(x = (z,y) any fixed point, p = (p1, ps) any unit direction)

Af(x, Af(a,
f( _.y)pl+ f( y)p2
(:)'Jf (:)fu 10,0 .

= Vf(eiy) - p =[] [pleost
= Minvalueof D,f - V| mp=-Vf/|Vf] with0 =180

)0
(V = <; ; > grad = del, the gradient operator)
dr Oy

The method of gradient (steepest) descent 1s thus an | elatl\e PLOCess
Xj-17 0P

of changing (updating) our (1111‘1‘eut- location xp_1 = (2r_1.yx—1) by deciding
the next stepping length a;. in our predicted (gradient) direction p'*) =
— V f(Xk-1).



Optimization (Gradient Descent)
10 train_step = tf.train.GradientDescentOptimizer(0.5).ninimize(cross_entropy)
1D Example: Minimize y = f(z) = 2*, Vo € R.

: 1
Method: z, =21+ ap_1pr_1 with 29 = 2. a1 = 57 VEk.

df (x) o = f&) 4
Vfilx) = —— = Qr Po = Yz A 1 (go west it zg > 0)
1 3
x — 20+ Qopg —2 — — — — —
1 0 020 5 5
-+ > ! 1 =
ro — X P — — — — —
2 1 11 5 5
—+ 1 ! ! —
rs — X opo = 1 — — = —
3 2 22 5 5
1 1 . ..
r4a — X3+ igps — 5 5 = 0 = ™ (optimizer) =

y* =  f(x") = 0 (optimal value).



IQ

4)
1 Vo
Method: x;, =x,_; + ap_1pr_y With xp = ( 2, - y , 1= k.

o - (22)-

2D Example: Minimize 2 = f(x) ==+, ¥x=(1,y) € K"

S L S I NN
Vi)l [(L3)] B V5 Vo
1\ VA2 7 -1
X] = X0+QUPU<2-Z> 1 <\/;)\/;)><1T>
b, — —vf(xl) <‘32 2>
N (1) |<‘32 >|

Xo — X1 toaipp — - —=>--- 16



How to Differentiate Entropy (Error)?

OE(W) _ 9f3(f2(f1(W)))
aWi]' an] #W

y = fZ(L) — Softmax([,) E(W) — fS(y) — _y_ln(y)

Gradient Decent: W, = W,_; —0.5VE(W_1)
9 cross_entropy = tf.reduce_mean(-tf.reduce_sum(y_ * tf.log(y),

ij = 7840, L=f,(W)=XW + b

10 train_step = tf.train.GradientDescentOptimizer(@.5).minimize(cross_entropy)
HW =784 x 200 + 200 X 100 + 100 X 60 + 60 x 30 + 30 x 10 = 184900

200 QQOQOOOOOOOOOOOO

QOO CIOO O .

7 ekejejslzlciele)s. .
_____ Deep Learning

>0 BDYBEDHBE @ 12

©00 corrmne HW 3 = 1074277



Chain Rule

y=f (371 a "172)
=212y +8inT; ¢
= wiwy +sinw; £$ s = i+
— w3 -l_ w4 E "_q;) seeds, Wi, w, € {0,1}
y = f(g(h(z))) = f(g(h(wo))) = f(g(w1)) = f(wz2) = ws
d'w.,, dwz dwi_
dy dy dw; dw; forwardmode . = 5, %
dy dw;q:

dx dwy dw; dz I'everse mode dwz T dwii1  dw;

of of\_[of @
V(e x2)<.f f><azf )ltj;

(“)Il 0 )

> = (19 + cos 1, 11) = (pr. Po)



Ow  Forward Propagation

W= 3 ; 0z 1l i)
:L. 1 — 8 1 Wy = 0«'131 ] 5 = W + Wy
wy = T3 Wy =1 (seed) ]
W9 = T9 ’Lf)g =0 (SBEd) gg 3 = cos(w Wy i = Wiy + Wy
W3 =— W1 * W2 ‘lf)3='LU2"lbl‘|‘w1'tb2§'g
3 ’ . E'g
Wy = SN wy W4 = COSW7 * Wy O Wz}seeds i, iy € {0,1}
W5 = W3 + Wy Wy = W3 + Wy
) (9&'3 0 wyW-H . . _
W3 = —— = (__ ) — WiW9 T+ W1W? Y = f(:El ’ -’L'z)
(“).I’l (_“)Il .
)7 = 19 + SIN Iy
O * .
<)— > = (19 +COST], ) = <-w5, > = wiws + SIn wq
N

= W3 + Wy

° °



Backward Propagation

ws = 1 (seed)

ay Wy — Ws
- 1?}3 — TI?5 ’% 9
W= Yy =T wn A
w1 = W3 - W2 + Wy - COs wy gg
_ oy _ Oy Oy dus _ gty _ 53
Uj:) - _ — 1? U/r-l — ¢ - i i u ZUG é;q'i)
d-wa ‘)-w I (‘)%*5 (‘)'U,’j: )’UJ4 . OV ;=
_ Oy Oy o =k dy  _ 0(wywy +sinwy)
Wa = - Wy Wy=—=10; = WsW M=+ =cosg)+n H=Mh=x
: (")'wg L duy Oy | e
_ Oy _ O(wwy+sinwy)  _ Y= f(ml 9 '732)
url — — — 15 - — U)G (U,TQ ‘\‘ COS U,Tl) .
o dhwy = X129 + SINn I
Jf 0f = wywsy + sinw;
—, —— ) = (19 +coszy, 1) = (W, Wy
uy = W3 +

= <[L_T;3'1L’Q + @4 COS Wy, lL_’;]'lL31>



Backward Propagation (Hooray!)
fR"—>R™ m <K n == Backward
fz1,2) =219 +SINT; N=2, M=1 ==
Backward : Forward=m:n=1:2=1s:2s
Algorithm 1: y=Wx +b n=7850, m=10
Backward : Forward =1 : 7850 = 1s : 13m

E
awij ?E=t1 (g (h(W))) s #wij = 1,000,000, 000, 000

Backward : Forward = 1s: 31710 years

21



Run the Code (Algorithm)

11 sess = tf.InteractiveSession()

12 tf.global_variables_initializer().run()

13 for _ in range(1006):

14 hatch_xs, batch_ys = mnist. train.next_batch(100)

15 sess.run(train_step, feed_dict={x: batch_xs, y_: batch_ys})

16 correct_prediction = tf.equal(tf.argmax(y,1), tf.argmax(y_,1))

{7 accuracy = tf.reduce_nean(tf,cast(correct_prediction, tf.floatd2))
8 printsess. run{accuracy, feed_dict={x: mist.test. inages, y_. mnist. test. labe

This should be about 92%. |Accuracy. Final Result!

22



TF - [D:AANTF] - 3.

“Pycham Commyniy Editon 20744~ 8 4. oL T o

File Edit View Navigate Code

e

Refactor Run Tools VCS Window Help

m 1 Project |

=1 T: Structure

TF ) @ tf3py )
Bpoed v © 5 - 1(ja fBpy
TF DMANTF
Autoware-master
graphs <(
\
kddcup2017-niffler | )<
MNIST data oy
- ;D
self-driving-car-sim- .
tensorflow-mnist-tut ~
o tfpy 28
@ tf2.py 2
@ f3.py 30

= tf3_TensorBoard.pr
! External Libraries

Run = ff3

3

1mport tensorflowD

from tensorflow.examples.tutortals.mnist import 1nput data
mnist = mnput data.read data sets("MNIST data/", one hot=True)
x = tf.placeholder(tf.float32, [None, 784])
W =tf.Variable(tf.zeros([784, 10]))
b = tf.Variable(tf.zeros([10])) L
y = tf.nn,softmax(tf.matmul(x, V) + b)
y_ = tf.placeholder(tf.float32, [None, 10])
#eross_entropy = tfreduce_mean(-tf.reduce sum(y  * tflog(y), reduction indices=[1])
B L

Favarites

tf jenking‘hone'workspace\re leage-wintulw indowadpy\ 358 tenzorf lov\core\platforntepn_feature puard.cc:45] The TengzorFle

> 2017-12-29 11:29:49.786360: W c:h
Accuracy. Final Result!
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'i TensorBoard )
(© localhost:6006 Q& %

TensorBoard SCALARS  IMAGES  AUDIO DISTRIBUTIONS ~ HISTOGRAMS  EMBEDDINGS  TEXT

D Fit to screen
¥ Download PNG

Run

)

Session -
runs (0)

Upload  ChooseFile

Traceinputs 1 - 0_:%1
Color ® Structure

O Device caaj'

O XLACluster T

O Compute time %

O Memory =
colors  same substructure I.'{} ’
() unique substructure

g Mar1
—> =5 chrome
Graph  (*=expandable) —
Namespace*

(Ophode
Unconnected series*
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Coding! Coding! Coding!
Variable, Function y = f(x): Declare, Define, Call
Python is OOP: Class, Object

3 import tensorflow as tf Class: tensorflow, Declare Object tf

4 x = tf placeholder(tf.float32, [None, 784]) Declare x, Function Call: placehoder()

5 Il = tf.Variable(tf .zeros([784, 16])) Declare and Define W
7y = tf.m.softnax(tf matnul(x, W) 4 b) Dectare y using nn, softmax(), matmui(

11 sess = tf.InteractiveSession() Declare Object sess

13 for _ in range(1000): for loop
14 batch_xs, batch_ys = mist.train.next_batch(108) Declare and Define
15 sess.run(train_step, feed_dict={x: batch.xs, y_: batch.ys}) call run() in sess

feed_dict: python dictionary maps from tf. placeholder vars to data
10 train_step = tf.train.GradientDescentOptimizer(0.5).minimize(cross_entropy) 25
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