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» An Introduction to Statistical Learning,
with Applications in R
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& R A (Turing Testing)
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BENHL (Perceptron)

» Frank Rosenblatt (1958) (The perceptron: a  'mputs Weights Netinput  Activation

function function

probabilistic model for 1information storage
and organization in the brain) ##&H 1 0] PLEHI
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» 1969FMinskyfE (Perceptrons) —HiH, AF4UodT 1 PUBREINL AR R B B = F 48 Y 4%
AKGgIiRe A RFR, UEBHEEINLA e B (XOR) 526 AN 1] 43 ] il .

» RosenblattfIMinskyZE AEHE E L= RE: X2 2 REINLEENS fF 1tk Ze A a] 40 1 o] /3t
BRI, A NGEW M BT HE RRENNL 2 22 |E AL P 2%

» MER RN R R 5. LR AT (Perceptrons) — 45 B 1R MESE 22 P
Nz, NLEBEWR 9 IKHEL, MM WA 1R T 205 145 .




A— R —F X RG

» 20t 60, BFITHE M%K@‘ﬁ&, IN VWL
T E HLT%%U\:%” b, JRAIHLE BB S
‘E‘%géﬁ— ¥ T]\_A%DFE;EI/]/ 75\0

> 1f~then 3)5¢ R 28 ) R RS X 28 SR s A N IS R AR R
W, TIEEH PLSEI — S igmfE N m &4 R .

 ERARGHIBRRA

Knowledge

= T )L =
) T 22 VX “[fl“ ﬁ == Elg %)I_L[ )I_\”J Noo-@ipert IR EASRINSET AP ERUR ISR SR WER LR AL N, . from an expert
user . Expert System
AL X .
Query .

Knowledge
Base

AR HEEZ
ORI
» NREZS FEHIVEE

User Interface

Inference
Engine

]
llllllllllllllllllllllllllllllllllllllll

Advice '

1 BR

di




BHl——— R & E 1 (Backpropagation Algorithm)
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nature

Explore content ~  Journal information ~  Publish with us + Subscribe

nature » letters * article

Published: 09 October 1986
Learning representations by back-propagating errors

David E. Rumelhart, Geoffrey E. Hinton & Ronald J. Williams

MNature 323, 533-536 (1986) | Cite this article
70k Accesses | 10556 Citations | 222 Altmetric | Metrics
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Reducing the Dimensionality of Data with Neural

Networks
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AI & Machine Learning & Deep Learning
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Machine Learning VS. Deep Learning

Machine Learning
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» Arthur Samuel (1959): Ml#s%7 > — MWL, EIR T 1HENLIC 7 B 9012
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good friends with each other?” , “Will this person like this movie?”
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» WA E22>] (Supervised learning)

BT RHIEE R OB “AiIRE R BIbLAR SR > Rl

» B = >] (Unsupervised learning)

- AT “RMIEERT BIdlass > n) @

» kol 22 >] (Reinforcement learning)

» kL INECE2 3] (Semi—Supervised learning)
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y: Output variable, response variable
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Regression

What is the temperature going to
be tomorrow?

(Regression) : i 0 2 By A 34 48

X o
B T

Classification

» 2R (Classification): MM AR &y B EL Will it be Cold or Hot tomorrow?
AR
rorer B T !
. e CEWIER, ST, b5 R |

b 355 5 1 e )
L EHE RS, A By B 0/1
LA TS By B 0/1/2+

versus

20 30 40 50 &0 70 80 90 100

Regression Classification



MR 5] —— L

55K

 x =B ERBER R, y=BBPTHRTEEHRY

ILSVRC

W -.LF |
E - -
nrqhu:a- =-.-,Il._r,-~;.

o

keeshond miniature schnauzer standard schnauzer giant schnauzer

dalmatian



L T LT

g e Zip Rl
X =BRINEIGEE, y =i

kit fox

' el
E—
w
Veadm o okt ReY

airplane



AREFEI]—HRIESLHE

- BLaEE
>x:§_gj,y: I

Google Translate
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> fr: find interesting structures in the data
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Y = f(X) + €.
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Income

Income
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20 30 40 50 60 70 80
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» Pl (Prediction): Z5E@XTiY .
= f(X), fAfRMhTE,  YRIERY RGN
TS AE RSB (black box), HELRELS 2 HAH H M .

TR VER EE R T T : ] Z)iRZ%E (reducible error) SANR]Z) 1R 2

(irreducible error) .

W

E(Y-7) =E[fX) +e-FfX] =E[f&X) - fXO] + Var(e)
reduéible irre&%cible
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» R5R studio

:Studio

. R Console :
_ o - OR = = # Go to file/function ~ Addins ~ R| Project: (None) ~
- \ (T f [ (:\ (=
_ 2 _;i - i L — : : U @ | Untitled1 —i= Environment History Connections —|=
o - [J [ |SourceonSave O /# - =Run ®= & Source * = % I  *Import Dataset ~ § List - b
- 1 7} Global Environment - 2
I LUEC T wian. AUV _WTT u'.f'.’l.c Ul WLl . V.U \.\J’-r I.Il.l..‘}I
R is free software and comes with ABSOLUTELY NO WARRANTY. ERViIRQTTSNE SR,
You are welcome to redistribute it under certain conditions.
Type 'license()' or 'licence()' for distribution details.
Natural language support but running in an English locale
R is a collaborative project with many contributors.
Type 'contributors()' for more information and
"citation()' on how to cite R or R packages in publications.
Type 'demo()' for some demos, "'help()' for on-line help, or
"help.start()' for an HTML browser interface to help.
Type 'gq()' to quit R.
During startup - Warning messages:
1: Setting LC_CTYPE failed, using "C"
2: Setting LC_COLLATE failed, using "C" 11 | (Top Level) = R Script *
3: Setting LC_TIME failed, using "C" ;
4: Setting LC_MESSAGES failed, using "C" Console S e =0
5: Setting LC_MONETARY failed, using "C" Bl
[R.app GUI 1.70 (7657) x86_64-apple-darwinl5.6.0] fA' contributors() ' RESEEMIFMIER
A’ citation() ' &HIFRANEITE LAY R IES| AREIRZFE.
WARNING: You're using a non-UTF8 locale, therefore only ASCII characters will B Rl ot e =0
work . H'demo() ' EE—LRTEIER, B 'helpQ) ' EEEELBSE, =X - Export ~
. . ! ; B ihT pik i
Please read R for Mac 0S X FAQ (see Help) section 9 and adjust your system g.:g?i;;?to e
preferences accordingly.
[Workspace restored from /Users/xinhe/.RData] [Workspace loaded from ~/.RData]

>
>
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» Python5Spyder

Python 3.7.4 Shell

Python 3.7.4 (v3.7.4:e09359112e, Jul 8 2019, 14:54:52)
[Clang 6.0 (clang-600.0.57)] on darwin

Type "help", "copyright", "credits" or "license()" for more information.

>>>

Ln: 4 Col: 4

D’.‘ %EE@ ’ Qlﬂll}cﬂl ;:I-E;E» . Xf"' é -) \/Users}xinhe

# Spyder (Python 3.7)

Editor - /Users/xinhe/untitled0.py

(M=} Help

89 wntitedo,py |11 ™ source Console O Object e

1#!/usr/bin/env python3

2# —— coding: utf-8 —x-—

3 nmun

4 Created on Thu Sep 5 10:50:17 2019
5

6 @author: xinhe

7 nman

8

9

Spyder: The Scientific Python Development Environment

Spyder is an Integrated Development Environment (IDE) for scientific computing, written in
and for the Python programming language. It comes with an Editor to write code, a Console
to evaluate it and view the results at any time, a Variable Explorer to examine the variables
defined during evaluation, and several other facilities to help you effectively develop the
programs you need as a scientist.

This tutorial was originally authored by Hans Fangohr from the University of Southampton
(UK), and subsequently updated for Spyder 3.3.x by the development team (see Historical
note for more details).

v Qutline

* Spyder: The Scientific Python Development Environment
ri Py H'Y P ol |

' Variable explorer File explorer Help

(x M=} IPython console

Rl % _conscle 1/

Python 3.7.@ (default, Jun 28 2018, ©7:39:16)
Type "copyright", "credits" or "license" for more information.

IPython 7.6.1 —— An enhanced Interactive Python.
In [1]:

. IPython console  History log |

Permissions: RW

End-of-lines: LF Encoding: ASCII Line: 9 Column: 1 Memory: 53 %
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» Matlab » Sublime: —EKINRERITE I n PEas

UNREGISTERED

-
4\ MATLAB R2015a =ARCN X
= - <) taskl.scala
HOME @ o [ W M =) e L @ fearch Documentation pH org.apache.spark. {SparkContext, SparkConf}
= = s breeze.linalg.{DenseVector BDV}
|i}!' EII:::I i~ - JJZ E iz, New Variable | &7 Analyze Code e E {0} Preferences (3) (*% Community org.apache. spark.Logging
[ Find Fies | (] ' T ; - == : org.apache.spark.mllib. linalg. {DenseVector -~ SDV}
= Ijj- Open Variable « éf' Run and Time — E Set Path E? Request Support 1 th
New New Open || compare Import Save - Simulink  Layout Help B alub s
Script v = Data Workspace [/, Clear Workspace ¥ [(* Clear Commands ~  Library = Il“pﬂmum,. = *Add—ﬂnsv ; breeze. linalg.{axpy br:zAxpy, norm l?erorm,l Vector BV}
org.apache.spark.annotation. {DeveloperApi, Experimental}
FILE VARIABLE CODE SIMULINK ENVIRONMENT RESOURCES 3 Org.apache_spark.mllib_1inalg_{Vect°r’ Vectors}
< = 5 3 | L » E: » B-2EESE » PhD-Programs » Matlab » work » plotsdd | 0 scala.collection.JavaConverters._
scala.util.Random
Current Folder (G Command Window Ol Workspace ) org.apache.spark.mllib.linalg.Vectors
N org.apache.spark.mllib. regression._
AL f-‘E >> Name Value 5 13 org.apache.spark.mllib.optimization.
& sybplot.eps {GradientDescent, Gradient, LogisticGradient, SquaredlL2Updater,Optimizer,Updater=>Updater}
I ; unti’flled ess E aray SRS g II org.apache.spark.mllib.optimization.GradientDescent. runMiniBatchSGD
‘Tj ' breeze.stats.distributions._
plotfunc.m
ﬂ Untitled5.m DeveloperApi
EH matlab.mat ) class Updater Serializable {
def compute(
weights0ld: Vector,
gradient: Vector,
stepSize: Double,
1ter: Int,
regParam: Double): (Vector, Double)
DeveloperApi
class MyUpdater org.apache.spark.mllib.optimization.Updater {
def compute(
weights0Old: Vector,
gradient: Vector,
matlab.mat (MAT-file L 3 ;tepSize: Double,
iter: Int,
E}H MName Value regParam: Double): (Vector, Double) {
val thisIterStepSize - stepSize / math.sqrt(iter)
EH TN 5x5 double 3 val brzWeights: BDVI[Doublel BDV(weightsOld.toArray)
) brzweights :x= (1.0 - thisIterStepSize * regParam)
brzAxpy(-thisIterStepSize, BDV(gradient.toArray), brzWeights)
val norm = brzNorm(brzWeights, 2.0)
( SDV(brzWeights.data), ©.5 * regParam * norm * norm)
}
l stepSize:Double = 0.1
numIterations = 100
regParam = 1.0
l miniBatchFrac = 1.0
4| i I
o [J Line1, Column1 Spaces: 2 Scala
i e e e et e e e e e s A E—— o
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