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12.4. Networked Models

What are Networked Models {42/ { sy

The networked models here refer to as the models of artificial neural network (ANN).
X BRI ERIEA LI MISEIRES (ANN),

An ANN is an artificial representation of the human brain that tries to simulate its
learning processing.

—MANNE A BRHI—FI A TIRILE | BRI A R F IISTE,

ANN can be constructed a system by interconnected “neurons” which send
messages to each other.

ANNELXW, T Z BEERIEHR.

The connections between neurons have numeric weights that can be tuned based on

experience, making ANN adaptive to inputs and capable of learning.
T BRIEREEHENE |, TTLUBITERNTEEE , ANNERSMAHEEEBES.,
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12.4.1. Artificial Neural Networks
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12.4.1. Artificial Neural Networks

Artificial Neural Network (ANN) A TiZm4

Input Output
;5 N IanLt layers OutpEt layers mfﬂ
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ANN is a family of learning models inspired by biological neural networks m
The interconnection between the different layers of neurons M

The learning process for updating the weights of the interconnections m

The activation function that converts a neuron's weighted input to its output ™
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12.4.1. Artificial Neural Networks

(0T

History of Artificial Neural Networks A T2 RIRHIAZRES

Vil VIsel|lele M ° created a computational model for neural networks based
and Pitts on mathematics and algorithms called threshold logic.

ERSCOI Il 2T A SRS Sl T IR R T e,

PN ETSVETGN  ° first used computational machines, then called calculators,
Clark to simulate a Hebbian network.

e AIGN EE E) ERFIFTERIRE. ERRENITERS | RIFEMRRLE,

* created perceptron, an algorithm for pattern
recognition, which is with only one output layer, so
1958, Rosenblatt |  3so called “single layer perceptron”.

EEE S Bl T RN, | —FiE=tiRBIEE | BINE—NET
2, R R,
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12.4.1. Artificial Neural Networks

(0T

History of Artificial Neural Networks A T2 RIRHIAZRES

» Published a famous book entitled “Perceptrons”.
—_— ‘\ = y £ — rey
1969, Minsky HER 7 —AZ 9 BFINRIE R BEE,

and Papert « It pointed in this book that the single layer perceptrons are only capable of
learning linearly separable patterns, but not possible to learn an XOR

BEEREFODR R4S function.
Pohigt , BERAIWUNEEZIEERI DRIl | MABERTEI R INEE,

 Proposed the back-propagation algorithm, a method for
training ANNs and used in conjunction with an optimization

1974, Werbos method such as gradient descent.
H{RHR BT REEEEE  —MBATIIGANNSHAE , FES

BE N EFENAEIEEEER.
» Regenerates interest in the 1980s.

1980 XA 5 IREE.,
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12.4.1. Artificial Neural Networks

(0T

History of Artificial Neural Networks A T2 RILRHIAZRES

* Published LeNet-5, a pioneering 7-level convolutional neural
network (CNN) is applied to recognize hand-written numbers on

ot al checks.

HEE B R A &RZF 7 LeNet-5 , —FhFHRTERY7 EETRMEZENLE (CNN) , BFHEENE
FRFEHF,

1989, Yann LeCun

» Proposed recurrent neural network (RNN), this creates
an internal state which allows it to exhibit dynamic

1992, :
Schmidhuber temporal behavior.

HESKAEEA T R T EARERLS | BRIEMBHNEPRTE | BRI
SSHIIENT 9,

2008, Al el g Renewed interest in neural nets was sparked by
Salakhutdinov :
the advent of deep learning.

SEURIREL T %
* FREFIOHI , BR5IR T XIHERILEATE.
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12.4.1. Artificial Neural Networks

(0T

History of Artificial Neural Networks A T#&RI&HARES

2012, Andrew Ng 1S Google Brain team created a neural network that learned to recognize
and Jeff Dean higher-level concepts, such as cats, from watching unlabeled images.

REIAFIARK 18 Google KIXEIRA BIE T —MEZEMEE , FEMERNIEGEKRBIEE
B XS, BIa0E.

» With Deep CNNs won the large-scale ImageNet
: competition by a significant margin over shallow machine
AW Iétrlgrevsky learning methods.

R SRR KRB CNNsIXE 7 KliEImageNettb ZRA984F | EUik
BRFEINEEREMNE,

 Proposed generative adversarial network
(GAN) which has two neural networks competing
against each other in a zero-sum game
framework.

R T EREIMMEE (GAN) , HhBRNMEEK

g& / JJ:tL\ II}F% I:Iu TR I“ Eﬁ
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12.4.1. Artificial Neural Networks

Structures of Neural Networks 42 mzzasEra

Neural Networks
LR M 288

/\
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12.4.1. Artificial Neural Networks

Structures of Neural Network Models #42pzz4&n

Feedforward neural network aitEisszmLs

M information moves in only one direction, forward,
from input nodes, through hidden nodes and to
the output nodes.

SEMBAERXNA—1GE , BIER#ESE , FigiR
AT R,

Recurrent neural network #EzRZ L
M connections form a directed cycle.
IR R B AHEER.
M creating an internal state of the network which

allows it to exhibit dynamic temporal behavior.
EIZMEHNIRERIAE |, B2 RIaNSHIR ERHE,
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12.4.1. Artificial Neural Networks

Back-propagation <E{ERE

Back-propagation (BP) is an abbreviation for “Backward propagation of errors”.
RIEEHE (BP) 2 "REIRE(EE" HNIEISIE,

It is a common method of training Artificial Neural Networks, and used in
conjunction with an optimization method such as gradient descent.
BIEANLHENENERGE , SHE NI EEEER.

The algorithm repeats a two phase cycle: ZEXZESH M ERAVEER

Repeat phase 1 and phase 2

phase 1: pv*;z?;hf: until the performance of the
pro?agat'on update network is satisfactory.
G IR EEM RN AR | 55

PILRAYTEREISEAE .
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12.4.1. Artificial Neural Networks

Algorithm of Back-propagation Raf&EEx
Phase 1: Propagation s : 4%

B Feedforward propagation gisi&i%
the input of training data through the neural network in order to generate output
activations.

NS GEIRITHEME , NTEamHiEliEE.
B Back-propagation Kaf&iE
the output activations through the neural network using the training data target
in order to generate the deltas of all output and hidden neurons.
I EEEERSGEUEERFIHENLS , EATERYEmH EISEE TR EE.
» deltas = expected output - actual output values
Z18 = BifFa - SChrkm
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12.4.1. Artificial Neural Networks

Algorithm of Back-propagation Raf&EEx

Phase 2: Weight update ssomes : suassm
For each weight: 3+&/™MUE :

B Multiply its output delta and input activation, to get the gradient of the weight.
BHBEEBESRNIEER  LMEERIZINERE.
B Subtract a ratio (percentage) of the gradient from the weight. The ratio is
called learning rate.
MUBHIRESERILUE ( BOLL) . ZEHERIRAFIE,
» The greater the ratio, the faster the neuron trains;
LU{EEA |, FETTIZRIR

» the lower the ratio, the more accurate the training is.
LHERE |, GBS,
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12.4.1. Artificial Neural Networks

A Stochastic Gradient Descent Algorithm  pEti#E FrEEX

function STOCHASTIC-GRADIENT-DESCENT() return the network
initialize network weights (often small random values)
do
for each training example named ex
prediction = neural-net-output(network, ex) // forward pass
actual = teacher-output(ex)
compute error (prediction - actual) at the output units
compute Aw,, for all weights from hidden layer to output layer // backward pass
compute Aw; for all weights from input layer to hidden layer
update network weights // input layer not modified by error estimate
until all examples classified correctly or another stopping criterion satisfied
return the network

For training a three-layer network (only one hidden layer)
FAFIEZE—1=ENE ((XE— 1= )
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12.4.1. Artificial Neural Networks

Comparison of Training Results 1|

ZREEERAVELEL

e

/\._/\

(a) Under-fit of the data (b) Over-fit of the data
SR E _ . SHEEIUS

(c) Good fit of the data
HHERUE
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12.4.1. Artificial Neural Networks

Shallow vs. Deep Neural Network %257 EmEZRMLE

There is no universally agreed upon threshold
of depth dividing shallow neural networks S

from deep neural networks.

BX iR EHENESREHENBIRENS | =
RELAIWA.

Hidden layers ! v 5
But most researchers agree that deep neural = e
networks have more than 2 of hidden
layers, and hidden layers > 10 to be very
deep neural networks
BASEHARARAS , FERERENISHE ey

192, miSiEEAF 108998 R E M R4 Artificial Neural Network

AN TR L
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12.4.2. Deep Neural Networks

Why Deep Hierarchy AH+ARERX

Biological: Visual cortex is Deep Hierarchical
£9%  RREERRERA

Categorical judgments, “0.190 s |
decision making — ‘

. Simple visual forms
object models 120-135 . —— - _edges, corners
_— - . 100-130 ms / ' .
EORST R o : . LA
TN [aFEXRT| (combination ' |

edges .
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12.4.2. Deep Neural Networks

Deep Neural Networks (DNNs) REE #2248

DNNs use many layers of nonlinear processing units for feature extraction and
transformation.

DNNs{EEFRIF £ EAFE N R TT |, FRF4SMEIRENFNGEIE,

Able to learn multiple levels of features or representations of the data. Higher level
features are derived from lower level features.

REE S EURINE EASIERLRIE. BEBERETRERIL.

Be part of the broader machine learning field: learning representations of data.
R SRS 2O B E IR —EB 7 | R IEURERILE.

Learning multiple levels of representations that correspond to different levels of
abstraction; the levels form a hierarchy of concepts.

FIZRERFIE , WNTFARHRER ; XMERK T — i SHEIREN.,
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12.4.2. Deep Neural Networks

Typical Deep Neural Networks ZRHAGREHRZMLE

Deep belief networks (DBN)
Convolutional neural networks (CNN)
Deep Boltzmann machines (DBM)
Recurrent neural networks (RNN)
Long short-term memory (LSTM)
Auto-Encoders

Generative Adversarial Network (GAN)

Artificial Intelligence :: Learning :: Models
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RE(SEMLE (DBN)
HFERE L (CNN)
REIRZEET (DBM)
{EEFRRILE (RNN)
HREHAICIZ (LSTM)
SETEES
AT ZE (GAN)
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12.4.2. Deep Neural Networks

Case Study: Convolutional neural network (CNN) &R mzg

convolution in place of general matrix multiplication.
CNN2—MRIRTATHENLE |, FRED—MERERNE—RRIVERS
Four key ideas: pg4qhigrEag -

CNN is a type of feed-forward artificial neural network that uses at least one of

(s

\£
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o

N/
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|

;;77

B |ocal connections

-

(convolution)

BEbERE (5
shared weights

L[]
7N

HENE

pooling (sampling)
B (%)

[

B many layers.

ZE=

Input
=TV

Convolution

B
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12.4.2. Deep Neural Networks

Case Study: Convolutional neural network (CNN) HFIfHRZERILE

Convolution layer HRE
Consist of a set of learnable filters, each filter is convolved
across the width and height of the input volume, computing
the dot product between the entries of the filter and the input,
and producing a 2-dimensional activation map of that filter.
B8 —HFIRIKER , BNIRKENRANEINEHTER | 1TEIRKER
MESAZERRIR |, R — MZisR e aI24E B RE.

Pooling layer iB{EE
A form of non-linear down-sampling. It partitions the input
image into a set of non-overlapping rectangles and, for each
such sub-region, outputs the maximum.

B—MIEIE T RFE. SRMAEGDEIR—HEREENER  IFTIX
FRIF X, BrHEEKA(E.
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Source: http://deeplearning.net/tutorial/lenet.html
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Convolution with a 3x3 filter
FA3x3IEIREE I TETR
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12.4.2. Deep Neural Networks

Case Study: Generative Adversarial Network (GAN) “EpgXS3rmIss

GAN is pioneered by lan Goodfellow et al at University of Montreal in 2014.
GANZH GoodfellowZ A F2014EESEFF/RAZEFRIRY,

Adversarial Network, inspired by Adversarial
game.

SITILE . RERET XIS

Generator maps from a latent space to a
particular data distribution of interest.

4 BB B BRSBTS R B IR D76
Discriminator discriminate between real
samples and samples produced by

Source: Goodfellow @NIPS 2016 Workshop

t Training a model in a worst-case scenario,
generaror. with inputs chosen by an adversary.

FI R ESE R SCREAFIEREARNZ [l T3 FERNFR TISAER | Hadversar SR,
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12.4.2. Deep Neural Networks

Case Study. Generative Adversarial Network (GAN) 4R34

This flower has small, round violet
petals with a dark purple center

Z := G(z,¢(t))

This flower has small, round violet
petals with a dark purple center

Generative Adversarial Network (GAN)

RIS
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The generator worked well with digits (a) and faces (b),
but it created very fuzzy and vague images (c) and (d)
when using the CIFAR-10 dataset.

1% E PR A2 (a) FOABS (bR EF | {BfsERICIFAR-10
HUEERAT |, ARk ¥ IFFEIRMIFNSHABIEIS (c)FO(d).
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12.4.2. Deep Neural Networks

Typical Applications of Deep Neural Networks ;RE 4R LRHI=

Speech recognition

Object recognition

Image retrieval

Image understanding
Natural language processing
Recommendation systems
Drug discovery

Biomedical informatics
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12.4. Networked Models

Postscript &ig

Deep Learning is a new area of Machine Learning research, which
has been introduced with the objective of moving Machine Learning
closer to one of its original goals: Artificial Intelligence.
REFIZVSEFIARI— D , HAFKENZ

EsmEIERIERRBIRC— : ALSEE

Source: http://deeplearning.net/

LEARNING &
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