AIERIFEFESAER

| 388 AXHESEBEHHRNEIENR, EXXRARTEREER, PXREATFES.
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01 Introduction - Zi1z&%%

¥IR: 0lIntroduction.pdf. R BHERGHHIEFRESR, FERUERRERTRE.

0. FERK

AI = Representation + Reasoning + Learning + Search/Optimization + Agent

&R AENEAR REET
Representation B, BE. AN, FiRE Knowledge representation, Logic, Prolog, CLIPS
Reasoning syllogism, modus ponens, Tarski semantic, Logic, Prolog, CLIPS
inference engine
Learning artificial neural systems Connectionist, Deep learning
Search/Optimization genetic algorithm Genetic algorithm
Agent multi-agent systems, situated/interactional Reinforcement learning
agents
1. 2ZH535| A8 p3, p5
Books p3
AMERFRE AT, TRZOE R,
AE 2E4
ZFE Al George F. Luger, Artificial Intelligence: Structures and Strategies for
Complex Problem Solving
REFS Goodfellow, Bengio, Courville, Deep Learning
IR Bishop, Pattern Recognition and Machine Learning
FitES Hastie, Tibshirani, Friedman, The Elements of Statistical Learning
ERREG Giarratano, Riley, Expert Systems: Principles and Programming

Greek mythology: Prometheus p5
R4 A Prometheus 3| intelligence:

Prometheus RRZBHBAETR fire, hRMFLALXTR intelligence/enlightenment,
AREE:

B4 Prometheus ##iEFi%BA intelligence WEEBEAZE. FRALENHFXR,
2. Al BR5HREEER pd-p9, p13, p33

Dartmouth Workshop p4

1956 Dartmouth Conference: The Founding Fathers of AI
BREE:
Dartmouth Workshop BEHMAALEEFEAIMIARMEANER, EineE NI EE"FIARA— T RRINARER,

RIFERAY:

John McCarthy, Marvin Minsky, Claude Shannon, Ray Solomonoff,
Alan Newell, Herbert Simon, Arthur Samuel, Oliver Selfridge,

Nathaniel Rochester, Trenchard More

Historical foundations p6-p9, p13, p33
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A Xid 5 Al %R
Aristotle syllogism, modus ponens BHRAEE, MAHEHEL
Copernicus Copernican revolution HRNESREM AT RERETFRR
Galileo scientific observations, mathematics PR R
Descartes cognitive introspection, Cogito ergo sum MDE ANEIE R ITIE ISR ELAL
Hobbes Reasoning is but reckoning IR AR AT E
Leibnitz formal logic, automated calculation X EEMEITE
Boole Boolean algebra EBEAENRFN, SITENRPEM
Frege foundations of arithmetic, formal language ARRIESRRE X EARER

Russell & Whitehead

axioms, formal operations

HERAEMF R HE N

Tarski semantic theory of truth AN RERBIRiE O /BRI R
Turing computing machinery and intelligence HERREERE, HRERETTE

Newell & Simon

production rules, general problem solver

AKRIFR R RIAN IF-THEN N

3. ZEEESFS1#F p6, p10-p16

Syllogism / Modus ponens p6, p11-p12

REBIF:

All men are mortal.
Socrates is a man.
Therefore, Socrates is mortal.

X RZAL
P —>Q

P
therefore Q

—MMiBiRRE p12:

forall x (man(x) —> mortal(x))

man(Socrates)
therefore mortal(Socrates)

EREIEL:

=Erit/Modus ponens ARIEIZRIBARAZAMMTERL: MR—ARAMABIASESLMIL, HagrlZMUHLLEILE,

String manipulation p10
RO

Any mathematic or logic system is simply a set of rules specifying how to change one string of symbols into another set of

symbols.

RGBT

person has fever AND fever is less than 39 -> take aspirin

alpha ”~ beta —> gamma
alpha AND beta —> gamma

EREIEL:

HRABEANERGT S HELRALR, RBRAEAEFSTZIRMN, HEFMERIMUAIT.

Syntax vs Semantics

B

%3 XiER E3ik)
Syntax ARERBEEE H— PN RARBARERAN, B "EAREER .
Semantics ARERRPENANER HMAREEMER/model TRAL2RRE. BER

Tarski's semantic p14-p16

e

3/117




Given: ((A v C) ~ (B v not C)) is true.
Question: is (A v B) true?

HiEx:
A B C AvC BvnotC Premise AvB

0 0 0 0 1 0
0 0 1 1 0 0
0 1 0 0 1 0
0 1 1 1 1 1
1 0 0 1 1 1
1 0 1 1 0 0
1 1 0 1 1 1
1 1 1 1 1 1

it

Premise FNERITZE models: 011, 100, 110, 111,
TEIXLE models #, A v B #KNH,
BRI ((A v C) ~ (B v not C)) entails (A v B),

EIHER:

FI#F semantic entailment BY, FeFIHFIHEME premise HEA model; WE consequence TEFFHIXLE model FHAHE, N premise entails consequence,

4. Cognitive science 54X #M p17-p18

Newell & Simon p17
RGER:

Much of human problem solving or cognition can be expressed by IF-THEN type production rules.

TAENZEHE:
RMEARE BaX

Long-term memory rules

Short-term memory / working memory WHIESL /RS

Cognitive processor inference engine

General problem solver Newell & Simon 3B el K g B A8
Production rule p18
1R

IF <conditional elements / patterns>

THEN <actions / conclusions>
RGBT

IF the car doesn't run AND the fuel gauge reads empty

THEN fill the gas tank
ANiE:

RiF B

Antecedent SRS

LHS left-hand-side, #MZZB
Conditional element / pattern A5 EXRLENZRETE
Consequent 0 /ohEER

RHS right-hand-side, #MM#HSEE
TEEE:

Production rule 2 IF-THEN FZzUA9#IMI, LHS/antecedent RRFEZMIE, RHS/consequent RRENEHLEIL. EESRTEREN, HoHBENIRIELEIZIC

PIRETRE .

5. Rule-based expert system p19-p20




TRAGHLEN p19
R

Knowledge Base (Rules) <—> Inference Engine <-> Working Memory (Facts)

|
Agenda

Explanation Facility, Knowledge Acquisition Facility

User Interface
DA

Expert System = Knowledge Base + Working Memory + Inference Engine

S 3|
Knowledge Base (Rules) R EDR /KN
Working Memory (Facts) FURTSERAREEL
Inference Engine ICECESRSHN, HATHIE
Agenda REYRATREAMN, RERTIF
Explanation Facility BRATLRHESLE
Knowledge Acquisition Facility FEBHIREY/ P T AR
User Interface RARBMANEE. BEHL

REGSIHM A
Modular nature.
Explanation facilities.
Similarity to human cognitive process.

IEEE:

MUERAGHAIRE. TIEDICHBIENAM, MIREFRAN, TETIZEFERES, HENEEISMNTEHKZMN, agenda EEAIHATAN, BRIZMEIRBHET
2. HRRRRT, T8ER, HES ALETHMERES B,

Expert systems applications p20

REE et El/#48 Thie KR
MYCIN mid-1970s, Stanford W IR ISCA YT XA 28 A0 MR A0 B R expert medical knowledge
PROSPECTOR 1979, Duda DT AR SR discovered mineral deposit worth
$100m
XCON 1981, Carnegie-Mellon and DEC REITENRS saved DEC millions of dollars a year

6. Artificial neural systems p21
AR E N RN BT

Artificial neural systems RAEVMHZRLELR, BAFSHBLERTERMMNIMERTFEIERRE, REREXIREF R,

7. Evolution 5 Genetic algorithm p22-p31

Evolution p22
Darwin 5IXFFiRlE: G ah@E i El £,
EGEE:

BEESEMPUER, BUEE. TR, SRR, SREREIESER BRI,
$lIRE: maximize f(x)=x*2, x in [1,31] p23-p24, p30
Representation p23

x in [1,31], use 5-bit binary representation: x in {0,1}"5

Initialization p23
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Individual Decimal interpretation Fitness f(x)=x*2
01101 13 169
11000 24 576
01000 8 64
10011 19 361
Total fitness:
169 + 576 + 64 + 361 = 1170
Selection p24
Individual Fitness Selection probability
01101 169 0.14
11000 576 0.49
01000 64 0.06
10011 361 0.31

Selection result:

01101, 11000, 11000, 10011
Russian roulette p25-p29
BX:

Roulette-wheel selection SHRIERIELLHIEIRMA,
BREMA, EFREPINBEREA, HWETFOBRERLS.

ABUBEE:

01101: 14%
11000: 49%
01000: 6%

10011: 31%

Crossover p30
BHRTENRARIXERGN:

01101 + 11000 —> 01100 + 11001
11000 + 10011 —> 11011 + 10000

&)
Crossover WBREPHNRXRFRBERREMAS, £REM, ERFNEMREMENRARBNEL.
Mutation p30
BEEIF:
01100 —> 11100
&#A):

Mutation BEMEREEMARRIFLAL, ATHISTRESEN, HEEERT RN,

Genetic algorithm pseudocode p31

begin

set time t = 0

initialize the population P(t)

while the termination condition is not met do

begin
evaluate fitness of each member of population P(t)
select members from P(t) based on fitness
produce offspring using genetic operators
replace candidates of P(t) with these offspring
set time t =t + 1

end

HEE

It
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encoding -> initialization —> fitness evaluation —> selection —> crossover/mutation -> replacement —> termination

8. Multi-agent systems p32
IR
Agents are autonomous or semi-autonomous.
Agents are situated.
Agents are interactional.

The society of agents is structured.
The phenomenon of intelligence in this environment is emergent.

IEEE:

Multi-agent systems % autonomous & semi-autonomous agents #HEY, ©1 agent situated in an environment, H*5EHfth agent
interaction; % agent F2Al structured society, Z{AEAERIREMEERZEH emergent,

RXEE:

SEEMRARAS TS EEBEMAN. BEALERED, BBSHRMAMERARE, HEZMENNTHLS; BAEEREHEMRERN,

9. Overview of Al application areas p34
R AT

Game playing

Automated reasoning

Expert systems

Natural language understanding
Planning and robotics

Machine learning

IGIR

s

Al HIRFBSMIEIEIFE game playing. automated reasoning. expert systems. natural language understanding. planning and robotics. machine
learning,

10. SRR
YA FXHE TR EX, EIITHREE R, EEBH.
Q1. Why is formal logic important for Al?

TR IBIEIE reasoning RAAETFEXMNNFSRIE, Eib, MBATUIEE well-formed formulas, A inference rules, Hi#H conclusions, BEXN
knowledge representation. automated reasoning. Prolog 1 rule-based expert systems 2fEEFt,

Q2. Explain Tarski's semantic with the example in course material.

Tarski's semantic BEAFZRN/ANAIIAAE model HfRFE, FHiRiE model HIMiEMR., MiRMHFH premise "((A v C) ~ (B v not C))°, 55l truth table, #
HEE premise NEM models, EFEXL models F “A v B' #HE, MK premise semantically entails "A v B,

Q3. What is a production rule?

Production rule 2 IF-THEN FzUA9#IMI, LHS/antecedent @& conditions I patterns, RHS/consequent ®& actions 3 conclusions, ERFHRR
expert knowledge; %5 working memory facts FLEchS, FIH inference engine fii&H4T,

Q4. Describe the structure of a rule-based expert system.

Rule-based expert system FEHZ knowledge base. working memory #1 inference engine., Knowledge base 7#i¥ rules, working memory 7Fi
current facts, inference engine %% facts 5 rules IEEHMATAHMM, LLINREAXRIESE agenda. explanation facility. knowledge acquisition
facility #1 user interface.

Q5. Expert system vs traditional program.

Traditional program FZER algorithms + data structures; expert system E£ER knowledge + inference, EXRALIE domain knowledge LA
rules WEZXEXFRE, H5 inference mechanism £E, FEULERRN. BEEHBERE, WEETHPIIR,

Q6. Describe genetic algorithm steps.

Genetic algorithm %3 candidate solutions YREBH#4A population, AFITEESNMER fitness, & fitness EFMEK, BT crossover
mutation =4 offspring, F/SXE#H population, H#EEHZHE termination condition,

Q7. What is roulette-wheel selection?
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Roulette-wheel selection Ri% fitness LEHIEZREMENSE. Fitness BENMIEREFHIBUANBX, FEEEFOBERLES,

Q8. What are multi-agent systems?

Multi-agent systems %1 autonomous 3 semi-autonomous agents #HA{. Agents ZFERER, it interaction, HZEL structured society; E{R
intelligent behavior AJEEMXLEREH emergent,
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02 Connectionist - &1 §l

FIR: 02Connectionist.pdf, 41 01, EfI: EEEX/HEMNEEM, ERTTHEGEY, ERTENEESR, MEAI#ZIT. BN, BET

F%. BP #0 winner-take-allo

3 B iR AE

English in exam R ENL BARER
connectionist / connectionism EEEX REEA
artificial neuron ATHETT WA XE, IRA. BUERE
activation level / activation function BOEE/BURRE AT #425T, sigmoid
threshold function / hard limiting threshold BRER R/ FEEE McCulloch-Pitts, perceptron
bias RE McCulloch-Pitts, perceptron

McCulloch-Pitts neuron

McCulloch-Pitts #427T

AND/OR BT

perceptron A WHAR, WNEEH. LHEAD
learning constant / learning rate FIBH/FIE INEEH., BETE

desired output B R, MSE. BP

actual output SEhrg AN, MSE. BP

linearly separable EsAk b RREINE PR

exclusive-or / XOR FEal ARV EERR

nonlinear 253k XOR. ZEML

sigmoidal function sigmoid R ARNSH

gradient HE TURE AT E)

gradient descent HE TR RER/IME

error surface RZEHE BE TR

local minimum BEkE/IME B TR

mean squared network error L& IRE MSE

backpropagation / BP REEE FEIUEN, NEEH

chain rule FEZUEN BP #%

hidden layer (SERT= BP. ZEM%K. XOR

output layer LT = BP HHEAR

winner-take-all HELT T ERHES

Kohonen based learning network Kohonen % 34 winner-take-all

Euclidean distance BRICEERS WTA 8

unsupervised learning TEEZES WTA/Kohonen

prototype REEE WTA RELZER

transducer St ER TRDKRG

feature extractor FHIERERER TEDERG

classifier b TRDKRG
ERR5|

3} FIRERREY BARE

Artificial neuron AT#427T TE X /51 WA XE, A, BCERE. BE
McCulloch-Pitts neuron &% /B FAS{ES TSI AND/OR
Perceptron B4 HE/EE WHAR, NEEH. KETH
XOR / exclusive-or %5 AR/ MR A ERRAN A RERRRIEL T S e
Sigmoid / sigmoidal function AR flo)=1/(1+e). f'=f1-f)
Gradient descent B Tk B&E/ITE SETUBEETT [E BT BURV VR ZE
Backpropagation / BP RE{&# S/ AR i RS S A E T
Winner-take-all &£1% HE/EE FRECEEE. winner. REEHMATER
Classification system 22& %8 SR Transducer -> Feature extractor -> Classifier
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REFIEX /B
EIES ok

Deep learning moves machine learning systems towards the discovery of multiple levels of representation.

EREIEL:

REFIBIZEMEENLMNBERT. RERTITAGNEERT, ALEEEG. 58, BRESFERMES.

RMEREBIF

BIF ER
ImageNet AHUEEERSZE, 1.2M images, 1K categories, top-5 error
Image captioning / Show and Tell RIEEGRERBRIESHER
LeNet-5 Yann LeCun, XZE/FE5#HFRFI, CNN RHAR
DeepMind Atari deep reinforcement learning, H#ABI&REIE] action-value functions
Go REMEESEREE MG
REFZIHEXAY
A BHER
Yann LeCun New York University; LeNet-5
Geoffrey Hinton University of Toronto / Google; DNNresearch
Yoshua Bengio University of Montreal
Andrew Ng Stanford
llya Sutskever Hinton B PhD student; DNNresearch
Alex Krizhevsky Hinton #J PhD student; DNNresearch
e/ FREE R
=R RMEAE
AN Google, Microsoft, Apple, IBM, Baidu #%#% deep learning
BHAFT FEIMEZE&ER speech recognition
2012 #iaE New York Times front-page articles
Kaggle 294 &M deep learning AT drug discovery competition
Google K Google acqui-hired DNNresearch
ImageNet #iE
=] RMHER
£ ImageNet Challenge, top-5 classification
RIS 1.2M images into 1K categories
BEEES mite, container ship, motor scooter, leopard, grille, mushroom, cherry,
Madagascar cat

Accuracy of ImageNet Top-5 Prediction:

Fin Classic CV DNN
2010 71.8 -
2011 74.2 -
2012 73.8 83.6
2013 74.8 88.3
2014 - 933
#hFT:
GoogLeNet top-5 error: 6.7%
Human error: about 5%
LeNet-5 / US checks
R 3B CNN IR TFEFR/XZiR5,

10/ 117




LeNet-5 ZHE:

Input: 32 x 32

Cl: feature maps 6 @ 28 x 28 convolution
S2: feature maps 6 @ 14 x 14 subsampling
C3: feature maps 16 @ 10 x 10 convolution
S4: feature maps 16 @ 5 x 5 subsampling
C5: layer 120

F6: layer 84

Output: 10

REER:

LeNet-5 was invented by Prof. Yann LeCun from NYU-Courant.

Eric Richard Kandel
BHEE: NEYHIZASSIEATHERS,

=R RE
S American neuropsychiatrist
RIN 2000 Nobel Prize in Physiology or Medicine
MR physiological basis of memory storage in neurons
Yapiy reductionist approach, one cell at a time
SRR sea slug Aplysia californica
REH large nerve cells, amenable to experimental manipulation
AT
7
inputs : 1, Z2,...,Zn
weights : wy,wse, ..., w,
o = Z W5
i
y= f(o)
R ER
Input signals HARFE
Weights RABMANNEE S

Weighted sum

o=, WiT;

Activation/threshold function AN AN AR o Fa
Bias/threshold BERERFAFOIE
WEEE

AIHETRESMANGS, WBMHARMNMAREH R, BRINERSHHERLYEHE ., WEREBANEHIIZN, bias/threshold REBERM.

McCulloch-Pitts Neuron

Ef: REZEEESLT, BEENEM bias/threshold SKHLEZER

REER
AND:

net=x+y—2, output=1 <= net>0

OR:

net=z+y—1, output=1 < net>0

AND WE{E:
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X y X+y-2 output
1 1 0 1
1 0 -1 -1
0 1 -1 R
0 0 -2 -1
OR WHEfE:
X y x+y-1 output
1 1 1 1
1 0 0 1
0 1 1
0 0 -1 -1
AIRAZEER

McCulloch-Pitts #425TitBH AND, OR FH#/RIZIEFIMAEMT bias MUEESRTEY, EHETRE AT URAEREBITH.

Perceptron

BWHAT
iR4{EF bipolar i

y_{]., E,’wizizt

-1, Ei wiz; <t

EMEEL: 1B threshold XIKZF bias #:

y = sign (Z 'w,ra:,-)
i

WEEH
Aw; =1r (d — sign (Z 'w,-:z:,-) ) T;
i
WAISEL
Aw; = r(d — y)z;
s X
r learning constant / learning rate
d desired output
y actual output, Bl sign(}",; wiz;)
x1i EiMEA
=B
&R i
d=y REH
y=-1,d=1 Aw; = 2rz;, NEHN
y=1,d=-1 Aw; = —2rz;, NEFHD
THEERR

1LHHE o=, wizio

2. # y = sign(o) BEHEL,

3. b y 7 do

4. Aw = r(d — y)x B,

5. BHE#FFINE $\mathbf{w}{newj=\mathbf{w}old}+\Delta\mathbf{w}$.

RFBIFIER
RN SRR
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x1 x2 Output
1.0 1.0 1
9.4 6.4 -1
25 2.1 1
8.0 77 -1
0.5 2.2 1
7.9 8.4 -1
7.0 7.0 -1
2.8 0.8 1
1.2 3.0 1
7.8 6.1 -1

A E:

w = [0.75,0.5,—0.6], r=0.2

=R x = [9.4, 6.4, 1.0],d = -1:

0=0.75%x944+05%x64—-0.6x1=09.65

y=flo)=1
Aw =0.2(-1 - 1)x = —0.4x

Wnew = [0.75,0.5,—0.6] — 0.4]9.4, 6.4, 1.0] = [—3.01, —2.06, —1.00]

Perceptron BIJL{AIE X

THRARANARROR BEL:
wiEy +wexs +b=0
REBIFRSRF DS
—1.3z; — 1122+ 109 =0
TAEEE:

BRBANARLZI—NEEREDR, BILRERREMRDIE,

XOR FFR
XOR HER
x1 x2 XOR

1 1 0
1 0 1
0 1 1
0 0 0

AAERIRE

XOR HIIEEARREER —FELE DT, EBEEBRAMNTERT.

R XA ZFIERA

EHEHE T EHE wl x1 + w2 x2 > t, 0 EHE < t:
w; +wy <t from(1,1) >0
wy >t from (1,0) —» 1
wy >t from (0,1) —» 1
0<t from (0,0)—0
HOo<t.wl>t,w2>tBwl+w2>2t>t, 5wl+w2 <t FE

IEEE

XOR RAFLMAIDER, RERBANRGEMMEITREINFR, FALTEMBR XOR, ZfFR XO0R, FESINRBEIIFLIEEZR,
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Sigmoid Function

2

SH

1% 0 = f(o):
HLEE

f'(e) = f(o)(1 - £(2))

do
e =0(t-0)

sigmoid RELAISRY, AIRTHETENREEE: BHERSFIIS, TEERABERIIFZSEME.

Gradient Descent

i Be

AT RIMURE, MEREBRERMABESEDER.

ERE R

Error surface: RZEMBIRETHRAAEE/ BT
0ld weights —> New weights: R¥IEHEH
Learning constant: ZHISXEFHLK

Local minimum: #E TEFREEERBR/IVE

Gradient &X

BERZHSRERSYARNEE, EARBEKKIRNTE.
ROMVUIRENBABE S EEH.

Rk
_ _ . OError
Wnew = Wold — T ow
s aX
Error RER
r learning rate
8Error/dw WESE LR
Mean Squared Error
1 2
Error = 3 Zi:(di —-0y)
NS ax
d_i i MaH T RAEAEE
0_i 81 MRHT R RISERRE
MEHRS
OError
o= (=0
Backpropagation
ML S

BB

147117



iLs aX

k input layer T55

j hidden layer 3%

i output layer 555

Wy input k& -> hidden j

wij; hidden j -> output 4
IR AEEMTIRAEATERR, FRERGEARERIR,

MHENEER

M hidden node j ZEl output node i:

Awﬁ = ’I‘(di — Oi)O,;(l — Oi)Oj

Awj; = r - output\_error, - sigmoid\_derivative, -

(2

output\_error, = d; — O;

sigmoid\_derivative, = O;(1 — O;)

OError _ 8Error ) 00;

80; 0w,

= —(d; — 0;)0;(1 — 0;)0;

Aw; = r(d; = 0:)04(1 - 0.)0;

BRI
Hrh:
MBS A
Ow;
OError
Ow;
RSB
REBEENEER

M input node k % hidden node j :

Awm=T0A1—0ﬁ0kZ:Wm041—Oawr—Om

cl:

Auwy; = r - hidden\_derivative; - O - weighted\_sum\_of\_output\_errors

z1 =Wl x + bl
h = activation(z1l)

z2 = W2 h + b2
y_hat = activation(z2)

L = loss(y_hat, y)

A :

62 = aL/8z2 (aL/dz2 = aL/ay_hat * ay_hat/az2)
aL/aW2 = 62 x h

aL/ab2 = 62

ARIEEIRRER

FEK: 61 = aL/az1l = aL/oh x ah/azl
aL/ah = W2~T 62

Ft:

61 = W2~T 62 * activation'(zl)

BP RS TR

. Forward pass: @AMA, ZERITEMETRHELH.
Compute output error: A d_i - 0_i itEHHIRE,
Update output weights: FMHEAREFH hidden—>output XE,
Backpropagate error: MR RERERNEELREE.
Update hidden weights: FREIEAREH input->hidden &,

o U A WN L

BP tREEEE

Repeat until error small enough or max iterations reached.
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REfEED#EENTERERSESEENENRS . THREESIHL, BHERLRE RUENEERRERLIREEN, REBRERE—BREREENERES

3, NEROBESEE, MMESBINEZIRE,

NETtalk
BHOIF: MAFRED, WHESREIE,
il HE/EX
Inputs 7 x 29 inputs
Hidden 80 hidden units
Outputs 26 output units
DN 26 letters + 3 punctuation/spaces
LR articulation features, stress, syllable boundaries

ZRAFE: WBEMEML AT sequence/text-to-speech KfF5,

RREERR XOR

BREBANBERR XOR, ZEMERL,
BREEAMASS MERIEER, BRIFEIERRRE, FitEBERANITURER XOR,

Winner-take-all / Kohonen Learning

HABR
Winner-take-all ELHE¥Y: MHEABE X, HESIMEETANBERER, ¥%H winner, REH winner FXE, FEEHFERERA.
ERECIEE

RUEAXEERKIER,; PIRITENSSFRLETIERS, RFRSARERND, 722 winner 1[E,

IX =Wl = /> (@ —w)?

%

EEER winner A BV AR

Z(zi - w;)?

BIHAN
Waew = Waod + (X — Waa)
1
AW =c(X - W)
s aXx

X BWARE

W winner T RN E/REEE

c learning constant
T ERER

1. BN E AB.. iTE || X — Wy, | X — Ws|,
2. EEE&/INEA winner,

3. REH winner: Wiew = Woia + ¢(X — Wog)o
4. 3 winner iNERZ,

RFBIF
TmBHiEE:
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x1 x2 Output
1.0 1.0 | unlabeled
9.4 6.4 | unlabeled
25 2.1 | unlabeled
8.0 7.7 | unlabeled
0.5 2.2 | unlabeled
7.9 8.4 | unlabeled
7.0 7.0 | unlabeled
2.8 0.8 | unlabeled
1.2 3.0 | unlabeled
7.8 6.1 | unlabeled

Kohonen network #J3A1XE:
wia=T, wpu=2 = Wi=(7,2)
wip=2, wpp=9 = Wp=(29)
WA:
Wa=(7,2), W=1(2,9), c=05 X=(1,1)
B, RiIRHHIALRT R
IX = Wall2=(1-7)2+(1—-2)2=37
IX — W2 =(1-2)%+(1—-9)>=65
FrL A =& winner:
Wanew = (7,2) + 0.5((1,1) — (7,2)) = (4,1.5)
FINA:
X =(9.4,6.4), Wa=(4,15), Wz=(2,9)
| X — Wa||® = (94 — 4)* + (6.4 — 1.5)* = 53.17
| X — Wg|* = (94 — 2)% + (6.4 — 9)% = 60.15
FrL A & winner:
Wanew = (4,1.5) + 0.5((9.4, 6.4) — (4,1.5)) = (6.7,4)
Bl

After 10 iterations, two prototypes move toward two clusters of data.

R E

Winner-take-all #JREWEN, ARNSELETELIINE. ROBRBESARENR/NERB60ERE winner, 1§ winner MINERZEFIIMARR, MTFRRTEUED
KRB,

TRDERR
R

Raw data —> Transducer —-> Feature Extractor —> Classifier —> Class

FrER 1EF
Raw data space [RIa%E
Transducer HEHNERS S ¥ 0 PT AL IRBUE
Feature extractor IREUFE, FERL pattern/features space
Classifier TRIBRFE I 25
RLEMBESEKR
RHETIH:
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Classification
Pattern recognition
Memory recall
Prediction
Optimization

Noise filtering

TAEEA:

HERZATAT oK. ERIRF, TIZBE. . AENREETREES, ENEEMERPEIBASHEIMAEMZEHXER.

w R EEETERR

Q1: ATHEZTTHMPLEER > HRL?

ALHZTHBA, NE. MARNEE/RERKAR. B\ z; SNE w; BRFARDEE o =), wir;, BEIFHK f(0) BFHL, bias 5
threshold BT EEHIEILR,

Q2: ANz ?

RANETE y = sign(}, wix;), BSHEHL dHR. R d=y, WAEH; SR Aw; = r(d — y)z; BENE. ZRUEEIRD RIS
RERBR A IR BB,

Q3: At ERANAEERR XOR?

BREBANIREEPILMRENR, T XOR WEARAEEZETEARRAE—RELS T, RURAFE—ANENHELEII X0R, SINRBEETASSMEMNR, MMX
LD K.

Q4: sigmoid Aft4E&E& BP?
sigmoid E&AS, BSMASH f/(0) = f(0)(1 — £(0)), FEFERERENTERE, BRERKFTS, EEFEAHETRISSEME,

Q5: BP D BEEHL?
BP {ERERANSHLISERERMEE, HHZERMNE MENRS, FARBESOEINE, NHTRIMREZE,
Q6: Winner-take-all At AR TMERI?
Winner—take-all @EMEMAERINE, TRIEBRAS &S ANENBMENEREHEE winner, FRIE winner WNEMBASEEH, BLEFLLESS2,

ZHER

BN E®EE
AN RNiFHEA 1/-1 bipolar %k, <2 1/0
H{E AIEA threshold t, tATIRIKE bias
XOR 2 "RANZEDSEA", MRRERMIFERIELIET S EE
sigmoid S f'(0) = f(o)(1 - f(o))
MSE BIE#H 1/2 AT REMHHEFHIR 2
BP E#77M SERBE A EIR/MRE
Winner-take-all HEH winner, 3E winner REHT
FRECEERS LWREBNARTAM, F—EFRS
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03 Deep Learning - Z17%#

SKR: 03Deep learning.pdf, 148 01, Efi: REFIEE, ABREERLTFS. BIFRE. CNN, #xX2E. HMM/CRF, E@EE.
RNN/LSTM/GRU, Transformer, 4ptE8, A, SNN., BiRTTEE®RZ,

3 B iR AE

19/117



English in exam

R E L

BIHRERK

shallow architecture RERLEN Shallow vs Deep

deep architecture REEN Shallow vs Deep, feature hierarchy
multiple levels of representation ZERT REZIH

representation learning RTEY Representation, embeddings
objective function / loss function B AR 58 /40 55 BRIER Loss, cross entropy, softmax
squared error FEHIRE Loss functions

cross entropy XX binary/logistic/softmax
logistic classification B E sigmoid, logit

logit / log odds IEILE logistic classification
softmax regression softmax [@)3 S LEME

weight decay NER) L2 regularization
regularization ENY B BE

basis expansion HREy = FFEEHR

convolution B CNN

feature map FFIEE CNN

pooling itk CNN

max pooling / average pooling / k-max

BAR/FH/k-max iy

pooling layers

mini-batch IR IZR training tips

Chinese word segmentation FXXME CWS/HMM/CRF/deep CWS
word boundary ambiguity bancil 3% combination/overlap/global ambiguity
unknown words RESRIA CWS 3 sm=

character-based tagging EFFHIRE B/E/I/S

HMM / Hidden Markov Model SV NG L HMM EThH. =XKiag
forward algorithm AIAEE evaluation

backward procedure BEEEE parameter estimation

Viterbi algorithm SRS EE decoding

EM / expectation maximization HERAL HMM S8kt

CRF / Conditional Random Fields ZAFFEN HMM vs CRF, feature templates
label bias problem tmERE CRF &h#l

feature template FFEARAR CRF/CWS

pre-training FlER unsupervised pre-training, embeddings
word embeddings EmE Word2Vec, CBOW, Skip-gram
CBOW / Skip-gram e s A eyl o it Word2Vec

Huffman tree =P S hierarchical softmax

RNN / recurrent neural network TEIRFRLZ ML sequence modeling

BPTT / RTRL B R R L /SRR ERES RNN training

vanishing gradient / blow up HEER/IBIE RNN [l

LSTM KAGHAICIZ LS gates, cell state

GRU TEER R T update gate/reset gate
contextualized word representation LT iERR ELMo

attention ER NS Transformer

Transformer / GPT / BERT Transformer/GPT/BERT attention, MLM

masked language model BmIEEEE BERT

prompt-based learning HEFRTINZEY prompt/template/verbalizer
mixture-of-experts ERRE gating/routing

VAE / variational autoencoder THBEHRBE ELBO, reparameterization
diffusion model EER denoise/generative process
GAN / generative adversarial net AR LS generator vs discriminator
adversarial example PUEAREN computer vision vulnerability
SNN / spiking neural network BROFR LR L event-driven, energy-efficient
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English in exam R ENL BIRER
LIF / Leaky Integrate-and-Fire MRIRD RIEHETT SNN
IBM TrueNorth IBM TrueNorth & F neurosynaptic cores, low energy
K-means K $ERE &®E—T
e s
BENEL
AT LBEREFS

— RNFEIHRBIHLE

—> BirRES softmax

- FNSERERE

—> CNN

—> HX 45318

—> HMM/CRF F3liRiE

- REPFXSIE51EEE

—> RNN/LSTM/GRU/Transformer
—> G RERIF] SAESR A

—> SNN SERSHEM

R I

Shallow vs. Deep Architecture

ESid] KRR P EE
Shallow architectures 1 or 2 layers, SVM BH), AR EREE, EURTERER
54,
Deep architectures multiple-level feature projections L REMEZEERRBFITERSRIFE, SWELZ
FRRT.

TEEA:
REZIELZEIELZETHRZIFEER, REFCILUESHRTERTE, SEFIBEESHERRNETT, RLREMELXEMEETESERER. 1B

H. BRIEESERES.
Support Vector Machine (SVM) B3
Support vector machine / SVM EigfFRME shallow architecture FIEERI K2R, BIEBEMMLOE:

E3 4| P EX Ei7IBHF
optimal hyperplane RS RETE TEFHES B R IBREEARD F N — KL/ — D FH.
maximum margin = oNElE AREFMLRIENGEANEERER, FoKOR
B,
support vectors XFmEE BORMRRE. BEERAEHRMENHEERSR,
kernel ZERE LURTRLERATON, EHEARIRAIESHES
i8], EIEEMEDRAIREMES AR

—HiEEE: SVM B FHREANARIRETEHTALE, 2FEKARETER support vectors JRTE; BRI LA kernel LIBIEL MR, EMEEKRH
ATHHEMBAHRT, RIIREEERTE deep learning HRERE.

HAft4 representation REE
RERR:

Representation is very important.
If the representation is robust enough, the contribution of classifier is limited.

XX EE:

RIVRETEEDLBETENTRES. MIRRTEBEE, FRALXNERTZTEHFERLRRSDT, BADLBEAENTMEST /), FREZINMKBIE
R ENZEIFESERERT.

DBN 5 Autoencoder

RE E3°4 ER

Deep Belief Network DBN ERAEIELREMEZMLE, HEZE latent
variables/hidden units 4E8; BRATLTER; 5
Hinton. RBM 18>,

Autoencoder autoassociator / Diabolo network FIEHE. HERERS, BET dimensionality
reduction; £5#3°5 encode -> hidden -> decode;
5 Bengio 8%,

=N IDER
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RS-

Three core components of a DL framework:
1. Objective Functions

2. Learning rules

3. Architectures

&E8a:

—MNREZIEREECEERRE. 2INVMMLENE, BIRREEXRABT, 2IMNRENFAERSH,

43;2_—\0
Loss Functions

Squared Error
1 n
Error = 3 ;(ti —y(z))?

B BRTEEsESRTES.

Cross Entropy

BHAETER:
Error = — E t; Iny(z;)
=1
“HRERER:
n
= [tilny(z:) + (1 — t:) In(1 — y(z:))]

=1

LS IGTR

RN E BABA . HAKE, BIMLAR BRSO FRAKEREIIOBE,
Binary / Logistic Classification

Binary likelihood
WEIEE x4, t;, t; €0,1:

[T u(=)% (@ — ()
i=1
B
n
D [tilny(es) + (1 — t:) In(1 — ()]
i=1
YRR R/IME TS EUMSR, BN cross entropy.
Logistic hypothesis
sigmoid:FR & IR BT REER M ARSI S O-1 AR

1

Y®) = T (= fa@)

BE SRR
fo(x) =6p+ 6121 + -+ - + 424
Logistic cost #Hi&EE, ZtRE

T

J(6) = —% Z [t lny(z;) + (1 — &) In(1 — y(z:))]

=1
Logit / Log Odds

y(@:)

1= y(z) =60¢+ 611+ -+ 0424

9(y(z:)) = In

A

=
PEEIA TR EEREEREE LR, MRALIEREUEE log odds, BEY sigmoid BRETA [0, 1] =X,

LR MR TE (S RANAIZE R RHE
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Softmax Regression
LM

BTN x;, softmax Hith k #EX@E:

p(t; = 1|z;;0) exp(fo, (2:))
p(t: = 2|z;;6) 1 exp(fo, (i)
y(z:) = . = =k
: > -1 exp(fo;(2:))
(t; = Kk|zi;0) exp(fo,, (z:))
Bl:
plts = jleii6) = exp(fo;(2:))

> i1 exp(fo, (1))
Softmax loss
I{ti=j} 28 REE, | WESLERN j B 1, EMERA 0, RIFAIESLZERIMII]STmtink

1&g exp(fo;(2:))
JO)=—= I{t; = j}In d
O = L =it @)

Gradient
HEBELREFINITEHE

Vo, J(0) = —% 2": x; [I{t: = j} — p(ti = jlz:; 0)]
i=1

ECIGIR

softmax regression & logistic regression W% 2 £ B, BESMEHIN score IBHIFIT—K, [BEFA 1 HEFIER,

Weight Decay / Regularization

Weight decay loss
IN—ANIEMNI, BALESEAK, E&zk

1 & ) exp(fo;(2:)) A
HO) =3 S Hti=jn ot 1+ 2336

g g Y1 exp(fo, (i) i=1 j=1

Derivative
1& . .
Ve, J(6) = T > 2 [I{t; = 5} — p(t: = jlz:;0)] + \;
=1

ERAA:

weight decay I FERKRHTMASEF B, MEEKRONE, MM EERERENIT SN,

Polynomial Curve Fitting / Regularization

ZInVIER
M o
y(z, w) = wo + wiz + wez? + -+ - + wya™ = ijw’
=0
RE

BRNTEBK, M AZIMIMNEL
1y 2
E(w) = 2 ; (Y(Tn, w) — t5)
IENEIRE

N
Bw) = + 3 @len ) — ta)’ + 5 [l
n=1
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Em R
various orders M M XW&RE, M ARIE
coefficients SN Z R ATREHIMEARRSE
various A TENHL RS IR R S I

Bayesian Probabilities

Bayes theorem:

Djw)p(w
p(w|D) = ZOEHE)
1z:
posterior « likelithood X prior
EA:

M EBT ERARSE, BWUKBNMATIEERA T, EHENANTRENCEBRANSHERAE, BUTFRFINSHK
CNN / Convolution / Pooling

Convolution
e BETREX
image SREAOEZHEIR L shift
speech/language —#HBE A time 7@ shift
ERA:

EREIHZSHNBEREOEHMA LB, RIEMER, EFRUERRAR—ESY, HUERVSHEHILETFBEREE,

Feature Maps
feature map RENMNERZEFABNE LNRNE, ZPMERZET4E%ZA feature maps, BTRIAAREENBIRFHIE,
Pooling Layers
RS
Pooling methods:
Max (normally better)
Min
Average (generally bad choice)
k-max

PR

pooling BREMXBMERKRR/NERT, BRZE/MHMEMAERNSHE, HIEET/IMIBRESEE. B4R R5IEE max pooling BHEEYF, average
pooling —fx R 2#Fit#Z,

Training Tips

i RN

Weights You can't use 'macro parameter character #' in math mode =

You can't use 'macro parameter character #' in math mode

Bias last layer: [—0.2,40.2]; otherwise: [0, —1]
Learning rate 0.05 BF#Em; S8#%, learning rate #)\
Hidden units EIAA, hidden units $EXEEEFIIE R
Update mini-batch EFWESE

LeNet-5

Input 32x32

Cl: 6 feature maps @ 28x28
S2: 6 feature maps @ 14x14
C3: 16 feature maps @ 10x10
S4: 16 feature maps @ 5x5
C5: 120

F6: 84

Output: 10

Chinese Word Segmentation
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AttuE
RHER:

PXNREREFHRE, BHERMEC; REDEAREFNEIASNFHIEMBENER TIRCEREXES, BERARESTREM, FHMMIR0FF

XA,
Word Boundary Ambiguities

34 12574 BIF

Combination Ambiguity HEKX BB/ NN/ X vs i /—/ N ANJER

Overlap Ambiguity REKX MIINZ /B HREE vs MW/ Z /B

Global Ambiguity 2RIEX EE/R/FBITH vs =/E%/FETE
Unknown Words
FR:

e} BIF

HE. KA 201245H822H, —Hfr. 356%

A&, W%, #é 45N, IR, DEHRATE

IENERIES FlER-MEREE. FEH/R. FDA

THREMRES S8, P, BT

HriFE RRE. =@, X5, /)\#
Word Formation

e BIF

BET AA: BB, EF; AABB: AXBIBI

TRAETA RIE-HAR: ZE; AR+EHR 57, P& WE5e

A AEIE 055 > HNE

BRI THEEE > 2k T EOE > HiE

BiER/GREEE SBX%¥ > 88; Z2BER > TER
Character-based Tagging
REBIF

Sentence: M /) 2 it E # .

Tags: B E S B I E S
mEEN:

Tag Meaning 2354

B Begin Cil=]

| Inside 18

E End 1HE

S Single BFIE
e T
character-based tagging BMA A FIIREDD, NEMAMRMIASE—E, TREEIMIKEZIAGISMILE,
HMM - %5571k
HMM RRAEEZGENHE—REAR, SRALEN:

e =)y 3] hX{ES fRiZ5H2
general form / five-tuple HMM 4B% 5 (S, K,II, A, B) IS RS&X
evaluation / probability of observation / $P(O \mu)$ SR 54
decoding / best state sequence SKER AT AERRIRRIR 5 Viterbi: 8 forward BIRFIHEL max, FHiCFEIERE
learning / parameter estimation / EM FSH SRERKEHEIT I, A, B
HMM for speech recognition BEEIRE 5 MFCC/i&E& + HMM IREFEF + Viterbi

HMM —ai&

Hidden Markov Model 2—NFIERER: HSSRES X &FM, REFIWN O; RER Markov IBER, S§—SREFE—PIN,

A&
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HMM RIBREIRSFEIIBRMNFS . REMRIR L FPRS T EMBET—IRE, WVHBRRERS 4,

EEEEZ IR, BERE. PXMAEFRE

£5,

Five-tuple

= (S,K,H,A,B)
(5acy E34 £25°4 il

S states BREIASES ROANEESRS

K output alphabet MNFSEES IREEERINERA

I initial probabilities IR —FFIRTER MRS

A transition probabilities RSFEBEER REELB

B emission probabilities REHE REEAF=EIM
BHNRABESE:

P(O; = k| X; = 85, Xt41 = 85) = bij
g% B RORERS/BRRTEMNAFSHRE, SHBAEIREXM by 55, B "M s; B s; RF=4EI0N k™ R,
=NERRE
ol R E3°4 LY Lk B

Evaluation How likely is observation? TR 4+ W O $P(O \mu)$

Decoding Best state sequence A p o+ W O sSagekAEs X Viterbi

Learning Best model parameters WM O II,A,B EM / Baum-Welch
TEEE
HMM BE=/NERE#: evaluation IHHEILNFEIITELLEER TR, decoding Sk REEEBEIVNAIRREIRZSES]; learning RIBINEIE (HiHER

S8, BIIP BN forward/backward. Viterbi EM/Baum—WeIch

Forward Algorithm: X%, &ZDOE “hniesk”

g itE P(O|u).

Hit: FEEMSHEER = MBI —RSHRB I RAER 2,

TEEN:

Eias) aX
ay(t) B ¢ ANE, URTIERT 5, BRIEE
Qi MIRTS 8; Lz2E 2] 8; RO
b"]“’t M s; B 8 A=A 0p HOMEER

TREAAR

ANERREE: Y, &7 A RS TEEER", FrIX forward EREMNFTIN SHEE,

EG5R:
W (1) = e

.wm~

WAIRHE:

aj(t + 1) =

O BMNESNA R —IRESR.
EE ?Eﬂi}: ﬁuﬁﬁﬁ%/u\mz$ﬁbn?géu P(Olu)o

Forward = sum over previous states

Backward Procedure: MiEEaiSsR
i WritE P(Olu). HEEATSHIT,

Eﬁ Jﬁré HU'I*/\_:\Y E*%umh_ﬁbtﬂf)uﬂ"]m’—.—_ﬁo

iy

et
]

BN

Oti(l) =T;

P(Olp) =

Z a;(T)

Z a;i(t)aijbijo,

AROPRERRT
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aX

Bi(t)

ELMTERTS 8:, Mt ZEEEEERFIRINAVEER

SEREFAR:

o>

Bi(T)=1

Bi(t) = Z aijbijo, B5(t + 1)
J

AiEf#RE: backward fll forward 77K, EARRMAR “EREHAE TRRENERINER" .

TR

1. M1k BRERZZEIRA 1.

2. \NEHErTEH,

3. A5 forward &&ITEERSWIHEINEREIE,

Viterbi Algorithm: KRR{ERE, &bE “WRX"

FAi#&: decoding, K&PIRERESFT.

HiL: BREMSN, RARBENRIFNBERE, ENIZTEMBER,

TEEN
ws ax

8;(t) BBt HHEE 8, N, RERROMEE

¥;(t) BERRIA o5 FREPMTIRRS
EEETA

(55(1) =T
5j(t + 1) = m?.x 6,-(t)ai,-b¢,-ot

(EIREEE

¥;(t +1) = argmax ;(t)aibijo,

X = backtrace (a.rg max 5,-(T))

AIERERE: Viterbi NEFMERREMNER, RARBEMSHINREFNEER, SEET ¢ BIMHEREBRESF.

LR

1. ¥R EMRESEE,

CNENUE, HTEMRERI—REST RS,

. RIRBRXAE, FiSF backpointer,
 ERINIE KL S, & backpointer B FEEKRER,

DIC(E:

A WD

Forward = sum
Viterbi = max + backpointer

Soft Drink Machine $IFE4H

ENMIFRNRREER: #2A%EIRG HMM =5k, 1HEEBE forward 3 Viterbi EBHER,

HMM 7t&

BIF

hidden states

CP = Cola Pref, IP = Iced Tea Pref

observations

Cola, Iced tea, Lemonade

initial probabilities

x(CP) = 0.4, n(IP) = 0.6

transition probabilities

CP/IP fRIFRS Z %%

emission probabilities

ElmiPIRS T R R

MM

O = (cola, iced tea, lemonade)

Forward [a)@l: KX MNIMEFH IS8,
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7 &t BIFENBELSR
8 RS — A = Z CP 1 024; FIP X 0.06
B HEANBIRAE, EARERRERENENR EHH CP L 0.019; B IP L 0.074
5 RIE—FIRMRZSAEN £ 0.0148 + 0.008 = 0.023

Viterbi [a)#l: K& Pl RERIRIFIRSFE,

B &t 2 BIFEERNR
Nk BIMSRRABYIRABFEMRE CP 2HEX
pecEic FEA B SEUR ARIIR HF—1ZIEFE max fl backpointer
Ep MEREHERRIRZE backpointer El&E BE—&RRERE

E11RE: MRHFE 0 probability / likelihood, F forward, IBEEEMNEEK; wRBE D best path / most likely state sequence, F Viterbi, BX
BARIFE,

Parameter Estimation: Z&#, &i0E “HIERE / BRE
ZiRg0R A parameter estimation, RERBFKAR, MUEX=H1E:
1. FA forward-backward i+E&MNRSES M A HIN G RETE,
2. XSRS “HBYARE “HERBRE HERSIRE .
3. AEEERHERGIT IO, A, B, X#iE EM(expectation maximization)/Baum-Welch B8,
Y =1y
7i(t) = P(X; = i[O, )

pt(ihj) = P(Xt = 7:’ Xt+1 = JIO’ I‘L)

Heb 4 (t) ®RT 8Bt MIBBTRS  WRITEC, p(3,5) ®Rn "Bt PN i BE § OB,

BHEHA
;= 7i(1)
5y Zepi)
2 7i(t)
l;ijk _ Zt:ot=kp:‘z(z:1 9)
> pe(4,9)
SHEMICIT:
£ HRCRERE
; F5—FF IR TEIRTS 1 ROHREEE
Ggj Wi B J NEBEREBRE / M 1 HRIEERRE
I;'ijk M Bl § BINE k HAEERE / M i B § AR ROREK
—ANE:

EM @i YR EUE IR RS E N, BRARLRESITEEMRISH, # P(O|p) T T,
HMM for Speech Recognition
ERIELE:

1. IBE 155 %4 Fourier transform / MFCC %755 B spectral vectors,

2. HMM BIBRIIRZS T BLZ phoneme. syllable 5 word,

3. MWNEEZFERS, BREBRSEESETRFE.

4. F3 Viterbi #&PIBERVIA/ B RER.

TEEE:

BEIRRISR, ESEEHEIEA MFCC SFZFEF, HMM ARBRESRAEER. ST3E, ARSBEERRSTEFEWNN I e, BER
BB S BT Z ARERE, RFIKNEEA Viterbi BAF R T HEHNERERSFT,

EEIEFIRBTE:

E3 4| X EX BELABHER
connected word recognition EEIAIRG] BWARZ—MIZER, ME—RESRENIE.
word boundary Ul EBEERERSHAZENATEERTEENE, FEER
BT,
spectral vectors SREAS B & waveform £33 Fourier/MFCC S4MBFSEIRIILN
2718
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HMM R EBELRNRE: EIIRE RN HMM RIESEE /RRERSEREERE, WIFIIRES

FHIFEERHE, Viterbi TEFTBFEREIRSERE PR

ERANBE, 2 BERNEALIRIE ORISR SR E.

CRF - Ei7 7 AhR

CRF HIAEATRARAS, MR N4k HUM BEAFIIRE, FH#A feature templates X5,
CRF —fi&

Conditional Random Fields BH5IXNFIITRERE, HEFRELETE
& i

AR A PRS- R

CRF B P(Y|X), AIMREFNAMN LTI, mEEBMATIRITEE, AEERTFHXDE. AiRE. maEERIEFRIIREES.

BOAR:
PY|X A Y, X
1) = ggemm (S it 0)
Z(X) =) exp (Z Aefi(Y”, X))
Y/ k
TERE
s aX

X IR, Flan—aiEN=FRE7

Y &S, 120 B/I/E/S

fi(Y, X) % k MSHERH

Ak E k MHEME

Z(X) normalization term, ¥ EFE AIREIRE SR
ANIEfERE: CRF £AERESMERETS, BA Z(X) MeR3—k, ALRHIRERERE, MARE—LBBPREK,

HMM vs CRF

R HMM CRF

&YX Hidden Markov Model Conditional Random Fields
HERIZERY generative discriminative

BENR P(X,Y) siyim4ptie SP(Y

WMARFAE 3% emission probability R T]{EF arbitrary features
TREHRER Markov transition AEEESRENES L TX
o SEAE R, AR FIERE, EaRFIIRE
B M ERISR, RAEHER ¥{iF3E#% critical and hard
IEEE

HMM 2ARTVEER, ERBRERSOAZEZURAAEERN; CRF 2HEIRER, HEBIRAENNEZETHIRERIIE, CRF IMAEEL
TXFHERMSUZANR, RAENFR, EEFXMEERIITEES, 8 CRF WFERFIEEXE, BLUREME,

Label Bias Problem
AEESR:

[abe[ bias problem 1EEEVI— K FIEEA S REFEZEFRIVIRE,
AR —a)l,

2. CRF £A2F)3—1K,

CRF Feature Templates
FXHMAE, CRF AEONNFMIRE

nEn:

C_-2, C_-1, C_o, C_1, C_2

BEAERFE.

EASMRSHENERBRBEIT— L, SERETERIFBEENNE

Predict tag of C_0

TARE
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Tag English 2354
B Begin G=]
I Inside A
E End 1 E
S Single AT
IR S A
Template hXEX
Co EEIES
C BI—F
% E—1F
C_1Co AI—NF + YT
CoCr YHIF + B—1F
S_15 BI—HTE + LIRS
Unigram / Bigram:
KR BIF A&
Unigram CoSg, C_18p, C1.8g LEIIRE S INFEX R
Bigram CoS_150. C_15-150 RSB BAINHEE A
TEEE:

feature template EX T WEF&E O FRMEBLINIITE LS, CRF RIBREERERAE _ERIE, BFENEINENMTERTIHFR,

FHIEREB T

EEAXWBRBARILMRE " X1F, MR CRF HEEER _EETRE: ENWNRRMGERERNERE, HE 1, SWE 0,

CRF Training

SEEIZGEF; NRMEE gradient / derivative / feature expectation, BEEEMNEEF .

1. M IEMIREFIIES Do
2. WHERIRERF AR

3. RAWIIGEPEMITEFINR AR,

[k /N

RS RTE

F-MRIEHERED, £TUEE NI — LT,
MR B =) objective function, BIIUER:

x|

0, otherwise

logp(t|c, 6) = s(c,t,0) —log Y _ exp(s(c,t',0))
t’

o = a.rgm;a.xgt:) log p(t|c, 0)

R ERAWIIGRE P IERIRE R 5B SA X EUR,

MRAEEBE, ROHERRE:

FROCHREE:

0l ,0 ’ ’
%ﬂc) = fi(e,t) — ;p(t le, 8) fi(c, ')

1, Co="“4"Hy;=B

N B2 ILIERERAN TRMERES T ES.

BE = EMITSRE_ ERSIERE - REVERTE ARSI E TR ERERE, VIS RSERBEHHIAFENE, BEREEETUNRYEFER

EO

Deep Learning for Chinese Word Segmentation

R—HHRM "ATHERR %6 HHPIRT

Previous Methods vs Deep Learning
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Previous methods

Deep Learning

&R AT feature templates

B R IUES BRI

FHEE R R b task-specific feature engineering
FRFEEA symbolic ID / one-hot % distributed character representations
FEALRITLETXAEE FIRAAHMETIREIER pre-train &R

Deep CWS Architecture
ERmESEIT:

input window

—> lookup table / character embeddings
—> concatenate

—> linear layer

—> sigmoid

—> linear layer

—> tag inference

EEEX:
BB {EF
input window R T HHE £ TS
lookup table #B=F ID #7 dense embedding
concatenate PEEOATEE
hidden layer P BAHFHE
tag inference HEREBDE, HEE B/E/I/S HEF
WEEAR AT URHE:
z; = [e(ci—w); - --5€(ci);- - -5 e(Citw)]
hi = o(Wz; + b)
Foltli) = Ushi + ds
TEmE
s ax
e(c;) FFF ¢; 19 embedding
z; LREORFHRENE
h; hidden layer &x

$f_\theta(t

0%

Tag Inference

BE—aE:

MEBRRBSD = MEEBN + HEMBLEEMIBETREND 8o
BRERITSAR:

s(ca t, 0) = Z(Ati—lti + fa(tili))

2

T

t* =arg max s(c,t',0)

IEEE:

REHXERESER lookup table BEIFHAHRART, HEIHEZMNKZITEEMIBENTEI R, REESIMERBHERE, BAEM Viterbi MhZSM

N EEEIITERFI,
Perceptron-style Algorithm
1BIZhR AN :

correct path score up
predicted wrong path score down

BEHAR:

0 < 0+ ®(c,t) — (e, 1)
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s aX
t IEIRE RS
i IR H R IR 551
3(c,?) AF ¢ SHEBE t NRHEHSE
RXEE:

perceptron-style algorithm tEERIEMIFERFIFMERTNFT ], MRFTNER, FIEMNERBER ENRENE, BOSERER ENRHENE, ET—X
EREERERSREED.

Unsupervised Pre-training / Embeddings

A 2FE unsupervised pre-training
RXETA:

TEETNGHAAEBETERELAZIBANITH SR, BRETSHEATEEME. EHULBISMAEENZAEFNXE, thalEFE—
ENfE,

Word Embeddings
A E R OMER:
symbolic word/character ID -> dense continuous vector

=W

1. BERIATE Z [BRIAR U

2. BRfEAMEZ LN,

3. A AR AR EIERIZ S,
RHEZEXBIF:

King - Man + Woman close to Queen

Madrid - Spain + France close to Paris
Russia + River close to Volga River

R IREE XM R EYIZESEIH Chinese character embeddings #3885 &M,

Word2Vec
=E E3°4 HRCRRRE
CBOW Continuous Bag-of-Words LT AOiE
Skip-gram Skip-gram AR a s T
Huffman Tree hierarchical softmax PSS INERIRR BRI E
BBk

CBOW: max P(w:|[Wt—m,- -, W1, Wit1y-- -y Witm)

Skip-gram: max H P(wgrjlws)

—m<j<m,j40

AR CBOW £ “BLTXUEFLA"; Skip-gram & “BEHOLFABLETFX .
RNN / LSTM / GRU
RNN

EX:
Recurrent Neural Network ZEE MRS HEZE—EHSH, BRI o, L —FZIBREBRE by ITELFRREBIRES b RBRSIETENEER
Zlf5@E, HFik RNN E&21E sequence data,

BEEAT:
he = tanh(Vhy_; + Uz, +b)
MREBHLE:
yt = g(Whs +¢)
LERER
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NS aX
Ty 5t MRS EA
hyy E-RZBBRS, BanRER
hy LEIRRAERTS
U input-to-hidden &
Vv hidden-to-hidden / recurrent &
w hidden-to-output &
tanh FEEMEBUERER
IR

RNN ZEEMESERH RN o FI80—BREIRES hi—1, FEBEIRRERE hio BTREVASENE LEE, RNN S2RERT R LT XK,
WEHEEE:

EX :25°4
BPTT Back-Propagation Through Time, @3If ARG REEE
RTRL Real-Time Recurrent Learning, SEEMERZES

BPTT ‘B IBf#:

£ RNN AN BRFR—MRERNEIHRNE, RERARAEFETEFENASEZSHIBE. BAR—1U,V,W £8 T NELEA, FUBEEES
PES RIS R,

FEo:
E34 R R
vanishing gradient KFIIRENBERERN, PRI
blow up / exploding gradient BELRBREXR, IHERRE

H+4A%E vanishing gradient:

KFFREEREN, BESREFRU recurrent weight FIECERE S, MRXEFRIRRNT 1, BESEHRE); MEAXTF 1, 7
exploding.

LSTM

EX:

Long Short-Term Memory Z#& 1 HEHLHEIR RNN, EIBIN cell state ¢; {EARIRENICICIEE, A gates EHIBEERE. MERS AMHFTH
H, MMEEMRIEE RNN 8 vanishing gradient / long-term dependency (a2,

K
ERS {EF8
cell state ¢; KHECICEE
forget gate f; REIRIZICREZ D
input gate 4; REFEEEAZD
output gate o; REHL % /MBI
candidate memory & LRI AT BRI S E RN RAE R
TEITERE:
fr = o(Wilht—1, @] + by)
it = o(Wilhi—1, 2] + b;)
0t = o(Wohi—1, ] + bo)
& = tanh(Welhe_1, 4] + b.)
ct=fioct1+4:08&
hi = o4 o tanh(c:)
TEmE
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s aX
T sigmoid, It O Bl 1 2@, A& TIFZL”
° element-wise product, ZETERE
fi forget gate, =l c;—1 RELLHI
i input gate, =4l é S AELHI
0; output gate, =%l cell state RF%&EZ| hidden state LA
c cell state, KHAEIZ
h: hidden state, HFINIBSELAELERE/NESHES
AR AR
froeia BiCIZREZ D
it 0 & TREERBAZ D
ct=ftoci1+408 # cell state = (REMIAILIZ + EARFER
h; = o4 o tanh(ct) HHITTREHFNCIZE S E hidden state

At LSTM BEERRAHAMRH R

LSTM i cell state IRHE—FENEENEEBRK, forget gate AILLLEEERESMERSHEE TEK, input gate AILLER TR (E EMEEEID
12, RILBEERSE o (EERIREN AL,

FCIGIR

LSTM B M HIE . forget gate =4IIH cell state KR, input gate IEFHIFEEE AN, output gate IBHIMFIHLE, XERMUERK
RESEEANREERER, £ vanishing gradient,

GRU

E N

Gated Recurrent Unit 2 LSTM BIE LI 1R R, GRU &E &M cell state fl output gate, M=A hidden state EiSAIBIZIZ%EE, FHH
update gate. reset gate IHIIRSEH,

2HR%:

gate 2074 1EF
BHI EHIBRSEBZ D, FIREBEAZ D

update gate 2¢

reset gate ¢ BE] BT ERERSNBBS DI EER
TEITERRE:
2t = o(W[hi_1, 2] +b;)
re = o(Wilhs_1, ze] + by)
hy = tanh(Wh[re o hy_1, @] + bp)
hi=(1—2;)0hi + 2,0 Ry
LEER
s aX
2 update gate, REMIBRENEERESEZETE D
Tt reset gate, AREHEEERSHEZZVOIXER
hy candidate hidden state, {REFTRZ
by LEIRREIRTS
ARELE
AXERS AR R
7¢0hi_1 reset gate AT AER, BERBRIERS
(1 —2z)ohi {R%2|H hidden state HIEFH
P B Nf&% hidden state BIEB5
hi=(1—2)ohi1+2o0h: RS R IBRSTERERSH IR S

ERAA:

GRU f#F update gate 1 reset gate #=HIBRBIRSEH. ©i%8 LSTM K output gate F13HIZ cell state, EILSEHEFE/D, BE—EMBEFINES

LMEREEER LSTM,
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LSTM vs GRU

HE LSTM GRU
gates input, forget, output update, reset
memory 37 cell state hidden state EIfIA&IBIZIZ
SHE B% B
o RINEEIR, BA KK B, YIEER
BB EL:
R A ZEta
recurrent neural network / sequence model 5 h; = tanh(Vh;_1 + Uz + b), #i88 hidden state f&3#H%
BPTT ENARF. HESH, RAEBERMEE
vanishing gradient EREFASHBESE /), HF long-term dependency
LSTM gates 5 forget/input/output gate 1 ¢; BEFH AT
GRU gates 5 update/reset gate 1 hy BHA
compare LSTM and GRU 5 LSTM A cell state + 3 gates; GRU Ef@igs, 2 gates, S#

Transformer / GPT / BERT / Prompt

Contextualized Word Representations

RXEE:

contextualized representation EE—MAEARRE L TFXHERERT. bl Apple & “IZ3ER" 1 “iPhone” BREFNEAEEX MR,
Attention

—HiE:

attention IHERIFEMBU I BR, RIBEXEERMTIFIIFEMUIBENER.

TOEZSA:

attention mechanism 3 TFXHHRE token DEAREINE, BEE token WEERAEIYRIRTT, FEIAEKEKIEEKH, £ Transformer 19
il

Transformer / GPT / BERT

=E HRCE L ESan]
Transformer HTF attention HFFIELY self-attention, encoder-decoder
GPT ERHESEE decoder, left-to-right, generation
BERT R E || A A encoder, masked language model

Masked Language Model
&)

Masked Language Model ZEFIIZRESFEALEZ AR RIERD token, 1HERIRYE ETXHUNBIEZRY token, BERT ERXMESZEIXNE ETFXEFR
/'—_T—\o

Prompt-based Learning

EHEE:

prompt-based learning B TSNS RIS RERENXARNEH TN @, B template #93& prompt, BIEESREERHRETEIESIFE,
BF:

Input: I love this movie.
Template: Overall, it was a [MASK] movie.
Verbalizer: fantastic —> positive, boring -> negative

Mixture-of-Experts

D e R
REERERE

Can we design a big model while keeping bounded computation overhead?

e EATRITAEE larger model 25 accuracy, {B&RFITRIMED GPU latency K&, MoE EZEE leverage sparsity: SHEERK,
BEMINRBE—2 experts.
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= HRCHRRE

expert TRFMEK

gating strategy ITHEREARIE RN R/ IME R

routing strategy 1 token SEREEHEIDEER

sparse model REERDSH, BRITETH

Dense Model vs Sparse MoE

R HHEAR RER R

Dense model BMANETFENE/EHR BRRE, BERNAMITETES

Sparse MoE gating network ¥E#/0# expert SHREKR, BEERTEIEBIER
BRA:

N
y=>_ gi(2)Ei(z)
i=1

£ top-k routing:

9i(x) =0 for experts not selected

LEME:
ws ax
Ei(x) 581 1 expert K
gi(z) gate / router 45 expert i FINE
top-k &1 token REEFDRSH k 1 experts

Gating Strategy

BEREX:

1. A © [EAT%4S experts 1 gate,

2. gate #it! scalar weights, REMLERBEE,
3. expert i vector, gate XEZ scalar,

4. AIF— gate IEFIERIE, BAILIRE tower ERARE gate,

ECIGIR

gating strategy FIT IS4 experts DEENE, AREERBMEMES. BER "OEE", RAED expert I ERTEEH,

Routing Strategy
B4

self-attention

—> add + normalize

—> switching FFN layer / router
—> selected FFNs

—> add + normalize

KPS

E374

15°

router

1R#E token FRTEHFE FFN expert

switching FFN layer

EBEE FFN B S M AER FFN

more parameters

BEHES

bounded computation

1 token FEDE expert, HEZER

PR

routing strategy BETE Transformer B FFN E#10AN router
HBUEDH expert, EiTEFHIB2SHEMEE K,

Generative Models

. 1ERE token DECLERE FFN experto XAFRILUBINER 2SS

. {BE token

# s
FrxYnt

124440 representation learning # generative modeling Xttk:

36/117



FE i aX
Representation learning T — 2 encoder 1 data space FRIEEARRREIE]
representation space
Generative modeling z—x generator M latent/code 4R data space FREFEZA
ERERER:
=R KRR [
Autoencoder encoder, decoder, bottleneck FEHERT z HEW E
VAE latent variable, ELBO, KL FEBLE DI O RAEER
Diffusion forward noising, reverse denoising EEMEZFRLSIGE, REEL AR
GAN generator, discriminator, adversarial AR B FNHIBIZE X Ll SR
Autoencoder
45K

x —> encoder -> z —> decoder -> x_hat
Bi#n:
méinL(a:,:i:)
B&X: encoder BHENEL A latent representation z, decoder REM z EMFREAN £, MRZER encoder, MWD 2z BLET
decoder, #1582 generative model =,
VAE

VAE & probabilistic autoencoder, EAZIE = HBE—TEEME, MEHEE— latent distribution,

encoder: x —> latent distribution q(z|x)
sample: z

decoder: z —> reconstructed x

loss: reconstruction term + KL term

HHEXR:
p(z) = /p(a:, z)dz

=S

VAE 5| NEMES:

g4(2[2) ~ p(z]2)

]
i
s

24(2l2) = N(z; py (), o3 ()])
p(2) = N(20,1)
VAE / ELBO #%
BHESHNZORE logp(z) 55 "HAKTR + FE KL I :
log p(z) = Eyy(z)0)[log p(z)]

B p(2, 2)g0(2I2)
= Pyt [hg P(e12)ag(212) ]

= By [l 220 ] 4 Dy (a0 el

R4 KL divergence JEfi:

p(z,2)
logp(x) > E, (4 [log—]
() 2 Fagte) [1°8 0 ofa)
XANTHRMZ ELBO,
BB ENEE:
L(0, ¢; z) = Eq (o) log po(|2)] — Dxi(g4(2|2)|Ip(2))
7] 5 B iR B ARSI
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E4(zfo) log po(2|2)] — Dx1(gs(#|)[Ip(2))

il E3°4 RXEX

$E_{q_\phi(z x)}\log p_\theta(x 7)]1$

$D_{KL}g_\phi(z x)\Vert p(z))$ prior matching term

ECIGIR

VAE 2H ST BB RIS, encoder EXEMELR g4(2|z). decoder & py(z|2). WERANL ELBO, EMiReENME, EINA KL
divergence RBLENH LR p(2).

Reparameterization trick:

z=p+oe, e~ N(0,I)
15 1BM gp(z|x) PREKEE "HEERE + SNIRE" . SERETTNET py(z) M oy(z) REERE,
Diffusion Models

EFmATmE:
AE 2R aX

forward diffusion / noising $a(x_t x_{t-1)$

reverse process / denoising $p(x_{t-1} X 1)$

REER:

o > Ty > > T > > TT
g(z¢|zs—1) adds noise
p(z:—1|z:) removes noise
® 0 forward
q(zelwe—1) = N(zg; /1 — Bewy—1, Bel)

ERA:
diffusion model MATELIZE LS MEKEIEIMANRRS, EFERAMLERS,; REIEZIBZLSER, MBEVIRESE RS BEEFR,
GAN
51

z/noise —> Generator G —> generated fake samples

real samples + fake samples -> Discriminator D —> real/fake decision

WL
Rt £ Bi%

Generator counterfeiters AR BURTRH B SR BRI A

Discriminator police XN BELEARTIEREAR
B AR

min max By, 106 D(&)] + B log(1 ~ D(G(2))]
BN
i aX

D(z) HRIBRIN A AR AN ERIEER

G(2) ERERIEIRAE z BRETAREEA

maxp FBIFRRENE real / fake

ming ERBEREILL D(G(2)) A real
TREZIE:

GAN & generator 1 discriminator, generator M latent noise RBRIEA, discriminator HIMF AR ELHIELRREREIE. Z&HT
minimax adversarial training: #ISRSEBRX 2N, ERHRIESRIEAIRISRNEED, REEDERFERBEIELKIEN .

Applications / Practical Issues

ImageNet Story
RRIN
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# training data > 10 x # parameters

computer vision network may have about 100M parameters
unlabeled data are everywhere

labeling is the bottleneck and expensive

RXEE:
RERUBEESHERS, AUTERSIVIFHE, TRELERSRE, EATMIBRARRI, XBIEHIILG. FEENEEEFIEENERR,

Practical Tricks
iB45H M practical tricks:

Trick 254 {EF
Initialization (weights) NEDRL BE—FRE/ BERE
Input pre-processing NS IMAREERE
Order of samples [EZN[I=2 #ME SGD IRk
Mini-batch I E IR TR EREEMITERE
Learning rate D EHSHERS
Normalization 13—k RED, MRIILR
Dropout BEARE ENHE, RO BE
Optimizer by RiZ: 4 SGD/Adam, EZNEILER
Pre-training if possible AITRS TR A TARE R RANERIRIRISE TR

Adversarial Examples
B
image + 0.007 x noise = adversarial image
A
adversarial examples R ANBSHNATHRA, MELATRELFAE, HEEESWEMETEE RN, RERERUSBRBANEFEMRSME,
REBIF:

B+ aX
panda + small noise -> wrong class INAENSBER DK
look-alike different objects SNABUESEFIARE), REYRTEEIRH
BRI A
Application 2354
text to image synthesis XAEE
visual translation I EF
speech recognition EEIR5
multi-modal systems SIRSRE
sentiment analysis (BRI
dependency parsing KRFEENMT
*NFREAL:
TIEERR ASER
text to image synthesis RIEXAMARERER, AT GAN F4MER
visual translation location + recognition + translation/rendering, EZEAIBLET
speech recognition M HMM/GMM E] DNN-HMM, S RHERSTEIRS /17 FF5
multi-modal systems audio/video FIABRESZ shared representation
sentiment analysis TR BT IE RS LM
dependency parsing TN FHRiE 5 1R Z IR R

Spiking Neural Networks / TrueNorth

Why SNNs

ECIGIR

SNN fEFEH spike HTEHRENITE, BEAEYMERG. BTRE spike EHREMITE, SNN BREGRTF. BEES.
BHESR:
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REA AE
brain inspiration KINZ B BHHE W R SR
low power ALy 20W, E@itENIRFHES TL 250W
spike timing PR SR B AT E S5 R
hardware friendly SNN EE&{RIIFEREA
KEBIRRRRE:
E374 25°4
rate coding F spike $HERIRIGEE
latency coding FA spike LI RHR4RIGIRE
delta modulation BMAZEmRAE spike
event-driven HBEEMH/spike HIATITE

SNN Input / Output Coding
Erh =T A\ RIS

RiG EEEEART KEEEART
Rate coded inputs g {tia) spike B% spike B>
Latency coded inputs spike ERHI spike BRI
Delta modulation AL RRR spike T/ spike b

LB rate coded 3¢ latency coded, 73RS, Hith spike #WHIAL predicted class,

LIF Neuron
Leaky Integrate-and-Fire FEIHFE &:

integrate input

leak over time

fire when threshold reached
reset after spike

FBERSELL:
/S aX
I, WA
U(t) membrane potential / BEF{Z
leak resistance
C membrane capacitance
9 threshold / RISEE
EUESHEASA:
8 — ) 1 B0
RIHN]

U(t) > ¥ = fire spike and reset
NIERREE: BN spike fERRFEAL EFH; SREMANEBRAMERE TR, RECBITHERRY spike, AEEE.

Computational Graph of SNN
BT LIF B SR E:

B aX
X[t] R 2N
L[t] LEIPN:=Ri
Ult] membrane potential
Sout[t] i spike
w BWANE
B implicit recurrence / fREBEERAEHRE
—9 spike EEEN T —RSHEE

EBHEAHEER
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L,[t] = WX[t]
Ult] = AUt — 1] + Iin[t] — 0Soueft — 1]
Soult] = HU) - 6)
Hr H 2 threshold / step function.
IBM TrueNorth
AICEE:

4096 neurosynaptic cores

1M programmable spiking neurons
256M synapses

1ms time step —> 1KHz clock
event-driven —> low energy

JRR:

does not learn online
TrueNorth Classification Model
IREE RSN

local feature extraction

—> pooling
—> classification

TREUFE :

I HnE
biologically plausible bt ImageNet BRI E SR A Y4
recurrent/lateral connections b BRI R 4R 2 IR IA A M e 5
parameters/synapses 2012: 62M/1B; 2014: 130M/15B
limitation does not learn online

Classifier Performance

REFEL:
B /1ES Zig
MNIST T AEREIREINL 2% BEIL 0.2%, 49 10 fEHEH

RIFRBES RALROWEER LM A E—MRER

more complex datasets

3D EM image / circuit reconstruction PEEEFASE

Al / ML / Representation Learning / DL
BRER:

AI

—> Machine Learning

—> Representation Learning
—> Deep Learning

BIF:
B Example
Al knowledge-based systems
ML logistic regression

Representation Learning

shallow autoencoder

Deep Learning

MLPs

Conclusion

ERET:

REZINZOE learning feature hierarchies, SERHEREERFIEASTIR, REMERWFHEBEE backpropagation Bahil&ASESER.
2006 £ DBN #0 stacked autoencoders #5h TREEMNE B, HHERKE greedy layer-wise unsupervised pre-training followed by
supervised fine-tuning,
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K-means Algorithm
TSR

1. BN K i,

2. Assignment: IBEMERDERIEF Do
3. Update: FFEAHEAIHEEFT D

4. EEHEIPOLHADERBEWL,

B¥5:

K
min} > 3 o = el

k=1 z;€Cy,
PCA / Principal Component Analysis
REERNE AR sIRKERAE:
E 345 PXEX EREX
principal component %) HIRT W RARRAE,
largest principal component RBRRERD/F—ERD AR ASRERERNAE, RERZAEEE.
smallest principal component RNERS 58 —EMAER, BETUR), BrENEERER
HI1E B
projection i34 EERASRIEEERDAE L, SEMRALERT,

—/iE: PCA RERIEREATTE, SHBIEAERANERATEEAFLITH,; KREF/LNERSTUEREREEEZE BN ENEEARE,
NRIER:

z=W¥(z - p)
Hh ¢ 2RGHEAR, p 2H9E W RELNIRSAEERE, 2 RCENRERI, Z/ER PCA 1 deep learning BIX%R, AI5: PCA REEMLE
MRTEHR, MREMEZBELLEIEEETHRFIEEZM representation,
B IEE T EIER

Q1: Why do we need deep learning?
REFIEBEDFISERT. BESTTNEAKABENE SENIEHE. BHITSER REFERAEALEEG, BS. ORESS
SREEE, FROATFELRE,

Q2: Explain cross entropy for binary classification.
—adh, RREY y(z;) RAIEABRTIEENEER, SRUEHERATENMASENTRIMEATEIA, BRXE:

=D _ltiny(z:) + (1 ) In(1 - y(z:))]

Q3: What are the three fundamental HMM questions?

HMM = MEAERLZ evaluation. decoding # learning. Evaluation itEIWEFIEE P(O|p); decoding SHk&m FIAERREUIRSFS; learning
REWNEIRE IR S, MRFED IR forward/backward. Viterbi 1 EM/Baum-Welch,

Q4: Forward algorithm # Viterbi algorithm X3IZt24?

Forward BFitEMNES 2K, WA RRERREXM; Viterbi BTSRRI, MAERRRSEEAEFICHE backpointer, Eit:
forward = sum, Viterbi = max + backpointer,

Q5: Compare HMM and CRF.

HMM Z24FUERY, #RpRERSIARE U RNAEIN; CRF 2HIRISMER, EEREAEMNRKE THIRERIME, CRF AILREMAE
BLETUSENTUEAIR, BEEEEFXMAERIINEES,

Q6: Explain feature templates in CRF.

feature template & X MHEINE OFHEHLRNIITEE S, Fl21 Co TRURIF, C_1C) B RII—NEMNYUIFAS, S_1S0 RHEDInERE
. CRF IRIBEREBAFEHF IINE,

Q7: Why is deep learning useful for Chinese word segmentation?

BEAEKBAL feature templates, FHIEEFEM, REZIEFRMG A dense embeddings, @I HEMEBNFE ST ETXUFE, BOAL
FHETAR, E 07 B AIE AR EIE L T H)I14R.

Q8: Compare LSTM and GRU.

LSTM {#H input gate. forget gate. output gate 1 cell state ZEHIERREFSHL; GRU B update gate # reset gate, &H output
gate, SHFEV, “EHTATEEZE RNN RKEMKEANEER.,

Q9: Explain GAN.
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GAN 8% generator f discriminator. generator 4RBRIEARNIXEERIR discriminator, discriminator ¥IBTHEARER. Z&W UG, EERER

B AR 1.
Q10: Why are SNNs energy-efficient?

SNN £/ spike EHRENITE, REFPEHERENEENLBELR, BOLXTE; RANERLIEYHERS, ESSRNFEESTI,

ZER

SR

NEESp S

HMM =4l

evaluation, decoding. learning, RERE—IE

forward vs Viterbi

forward 3Xf0, Viterbi BUGAFHELH

parameter estimation

FEERBEREISH, FTREEKESIKRS

HMM vs CRF

HMM 4Bi=t; CRF #IFI, EEEE $P(Y

CRF feature template

RIRE XHERR, TREGSHE

Deep CWS i embedding + neural features + tag inference
RNN E&FY, {88 vanishing/exploding gradient

LSTM A input/forget/output gates # cell state

GRU % update/reset gates, J output gate

VAE reconstruction + KL; reparameterization X#Fx{&
GAN generator # discriminator XTIk

SNN spike/event-driven, BEXS
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Chapter O3b - Linear to Neural

EfL: XIPHFEMERRERF—MIRE, MEERE "“KEEEAFTABRSIRE. HENBENTLRIENERERCEER . TFZLERRIER:

EH least squares / normal equation, f## projection view, %88 MLP £5F03EM Ak ial,

3 & B iR 1E

English trigger XL BIEERSEHA
linear model SRR i 2 WA RHER AN
basis function / ¢(z) E@# TR MAERIFE, BEEAE
RSS / residual sum of squares HREFAM HETNENELENFEHIRE
gradient of RSS RSS #E o wRF, SBERO
normal equation IEHA2 3Tow = 3TY
design matrix / ® iR IR MEANERRE
projection / hat matrix x5 | IBFERE FTER Y TR F=IE LR
MLP / multilayer perceptron LR WAR-RBE-ELE
hidden layer (51 ZIHERT h
local minimum EERRN MR B EIRR
global minimum ESSLIN BEANTRRESR
convexity i MR OLE, MLP BB
—AERE

SMREEEIRIRST R — M EF =R, EXNFREERBEAESGE Y Wil F, FAUEEMAARZHARE, MLP EREMAREEMIEEIER
&, FREENER, ERARBEERZ LR, IEREREBETEIHRIFNSH,

Linear Model: M “HiX#0” 2 “BEREEMEHT”

1. RigkiiRs

AR
D
f(z,w) = wo +z1w1 + -+ + Tpwp = wo + Z"’J"‘”j
j=1
XANEE R4
BREKR—MEN ¢ = (21,...,2p), EEMRANLER ENUNE, BINLRE w, BETUUE,
[ias) XA X
z; 88§ MNMANFHE
wj 8 j MSERINE
wy bias / intercept, &I
D HNFHEAE
EGEE:

SMRBRIREL T URTVBASERINA, SMMNERTNEFFENFINERNZIEAN, RERRREETEZ,

2. Basis Function F&&

YN

E—HHHAESIN ¢(z):

FRIEHAN ¢ F—EEEEME A& RTIE, FIMSEA basis functions 18 ¢ TEFTHRE ¢(x), REMANFEHEMLEEERS,

M-1
flmw) = ¢il@)w; = p(z)"w

J=0
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B &N
#i(x) 2§ MNEEY, BREMN T TR — NI
#(z) FrERESEARNE R
M EE S/ ESENK
#(z)Tw FHSIE S I ERIPIRR
R &R

ERHP R RENSH w MRLEN, EFET ¢(r) WEABIFLIERTELR, FitCHEREERRBHFIENEERIERE,

RSS: AftaAZREFHAM

1. BEFRIRE
FTEE ¢ PEEA:
= ¢(zi)Tw
ei =i — i = yi — d(z:)Tw
BX:
#s hXEX
Yi B i MERETIRE
Ui % ¢ MEATUIME
€ residual / %%, BIESHMERIUNE
2. MARRREGER
YN
N
RSS(w) 2 3 (s — ¢(a:) )"
i=1
AAFER:

1. ERIRERSERIH,
2. KIRERRFEAE,
3. FHRHMAIS, HERERSH.

HHLE L
REWTHEHHAK 2, HEN 1 TUENE, IREEDE, CAXER/MEE,
PR

RSS WEMBINFHATNRENFTM. &ML RSS ENMTIH—HSH, HRETNEBE LREITASTIRE,

RSS #E: EMAEMBER

1. BEAR
LA

VRSS(w) = Z (i — d(=i)"w) p(:)

RENEELIE:

FIEABRB—MEET, EEMATUREX, EHSEEMPIBK; §(z;) REXMREBMLHESEEE.
2. BiLmat

AT RIME RSS, SHER O:

N
Z — (i) w ¢($:) =0

i=1

N N
(Z ¢(l'i)¢(-'ﬂi)T) w=> yid(z;)
i1 =1

LR EMARHREFF K.
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Design Matrix: B3R5 iR

1. &tk ¢
REENX:
$o(z1) ¢1(z1) um-1(z1)
® do(z2) P1(x2) Om-1(z2)
do(zn) P1(zw) du-1(znN)
BTN ERE
uE ax
£i1T £ 1 MEANFIEERRE
%475 FREHAESE j M ERH ENEE
dw FIEHEANTTIEDZ
IrEEE:
[y1
Y2
v=|"
lyn
2. SEFEIER 512
BAXTUSA:
oTow = 8Ty
= o7 o
w=(2T®) 8Ty
R RERE:

TP CRBEEHANEFYE, TY CREMERKSBMEY WEXNE, ENFEREEEEREUTE FiREAETE,
EHRSTR:

-5 RSS: (Y — w)T(Y — dw).

N w RS 3Tdw — TY,

845 0: 37w = 3TY.,

VETY, 5w = (878)18TY,

IiEmU?%EﬁhEﬁd'ELm

AN =

Projection View:

BHAR:
F=%w=%®"9)"'¢"Yy = HY
Hrh:
H=3(®73) a7
LN
GEDSE PR
FziE § M & WA ERRATTNZE
Y HXFEOR, WEFEFSEHE
F BEARNRETN, ZTFE 9
Y-F BEOE
EARS BEY - F 5FERER

AftamiR:
HMRERITIUN A A
R E—RA:

RNZFEN/LAEXNE: EREREKRNTFS
T =E LR,

BEE ® WI=AHR, MRESL Y FMEXPMTRE, ks

nsy

SHEEY RIANS Fo ITMREREEERER .

SERSHREELTENE Y RENTNEE F. RMNEREY — F 57

SEER,

Bt FRY #
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Multilayer Perceptron: BEIfIAREL

1. R
BHhE==:

WA x > BE h > Bl y

1= ERFFS 3|
input layer Z1,...,ZD [RIBINIFE
hidden layer hiy... by FRWPERT
output layer Yly-- - YK ekl

2. MARIRE

REAR:
D
h]‘ =0 Ewﬁmi + bj
=1
/u\/L\ng::
% jIRBRETEEAERA o; ISR, BINRE b, REETFEZERERR 0.

s X EX
wj; MW z; BIRREETT by FINE
bj % j I RBSTNRE

R MEBUE REL
h; % j MR TR

3. REEIHH
REAR:

M

Yp =0 (Z wkjh,- + bk)

=1
N
% kMR TIBAERESETT h; BINNCKT, SPEEREISIERL yro

s FXEX
Wej PRI B TT hj k=t Yk FOINE
by Bk MREHETRE
M [SE T 6
K B TTHE

4. BRI
REEE:

Y=o (Wgo—(Wlw,- + b1) + bz)
B

il 25742
o(Wiz; + by) BREIEZERT
Wa(-) + by Fe R R RO I T iR
NE o WHERE
5. MLP K EE

BHAT:
1 N
L£(6) = 3 Z(yi —t;)?
i=1
X8
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we BXEX
P MEFRBESH, BIF Wi, Wa, by, by
i WLEITE 4 MERLTHS
t; % ¢ MEARBINME
P ERA:

MLP fI& MR —# A MATTREEANGER, B MLP Il y; 22 RIFEMERE, Bt £(0) WSEBEERRORE.

MLP Aft bk iEiEBiE iR

SMERNREETEN o(z) TRRMENAS; MLP NRBERSSZIFMNFRART h, MEBEREK o 5INEEME, Fib MLP AIIFRAL &M
RS 2B Z IR,

ERIER :

MLP MBS Z EMARBE. FREETAIMNEIITCRT, BRTIEEMECE, A learned representation, it EBAAXLEHET.
At MLP RREELHEFESEDINEG, MR IIEL MRS,

MLP fift: BEfRIOERESEE

XJLERRRA— N RXBEL: AUR/N\_FREFBNOAIE, M MLP WHRHEESZR, FREFERHR), BETEGEEREBFEEERE
5]

1. SHEH
LS AW
g+ — g 4 pAY®)
BX:
55 $hxX

0 5t REANSH

! learning rate / #3%E

— BHAME

HRCRRRE:

NIGHMERERERRE EASRNRR, MEMYNSEEE, BENFENSEf.
2. BERRURF

BHEAR:

£(0+A0) = £(6) + VLO)AO + - AHAI + of | A0|)
TER AR\ A B -

VL) =0
B Hessian FIF%E:
AOTHAG >0
FrL:
L(6) < L(0+ Af)

EAEER A

MR 0 RFRBRNR, BLAECHLINEERD), MATSER/EN,
3. CIERERIE
BRHEAT:
L((1 = A)81 + A02) < (1 — N)L(61) + AL(62)
PR

MPIRRFERON, BLEERPISHANEE L, RBETSSTRRRBENZERE. BVLE, OREEE “THNESRN: BRI HEeR
e

4. RIEBE: BEB/MIERLE R ERN HMELEREEP
RER:

L(6) < L(6)
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Heh § REMBHRNR, 6° BRABRNE[ER.
BME 2B

0= (1-X0+ 26"
= L 20mE, W
L(6) < (1= N)L(B) +21L(6Y)
EH L(6*) < L(F), ALl

£(0) < £(6)
B, M 028 0* E—&, REST,
5. BRI/ NE K HHEAREEE /)
R4 B

€
A< ———
6+ — 0|
IR
6=0+ 06" —-0)

16— 6]l = A" - 6]l < e
LR G 7E 0 MBEBSRIEMA.
MR 0 ZBHWRNAR, WRIZHE:

L(6) > L(6)
ENENEERERRXEL:

L(0) < L£(0)
—EFE,
it

WR—MRAKRBEE FTRE2ERMHBHRN, ERFRORE, MLP NRARFBEESHAXFHERE, EIR L&t R/ N TR,

R E—RA:

SR ZRERNBEFREZON, TLOBIENSESILBERMNE. MLP WRARKETZEFEMES, BERRORE, TEFTEHIRNHER
AR, FEULISMREBE TERSERMATE TREARILGEERE - HEEFINX2B#,

Linear Model vs MLP

HE Linear Model MLP

FAf ST A S SESNTH + FLEIE
HHIESRR kA T/ERE basis functions BREBMFEIRT

BT RSS @& 2N REK @

KA EAARRES REWEHE + BETHR
IR BREBNSHET A SHEARAMEE R

thes ARE. AWKE Y pak

e FREENSASERS AL, ATRERERR N

T NE B ETER

Q1: ¥#2 linear least squares #J normal equation

AR
SMERNFAEANTNNSK dw, ESITEEEAN Y, BEFHNA:
RSS(w) = %(Y — 3w)T(¥ — Bw)
X w RS
VRSS(w) = #Tdw — 7Y
SEEAR O:
®Tow = &TY
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%= oT® mi:
w=(3T®) 8Ty
X ERI =R,
Q2: %% least squares K projection view
X EE:

RITAEME ® MPIBEKM—MHEFEE. KRNI F = dw RICEEX N FEAP, MEFIRE Y F—EEH P, N _FREEZTFZR

FEREY BRENS F, RERNEZEY — F5F7ZRER, At F=HY 2Y &,
Q3: 8 MLP M1 AT

R

MLP RANE. REBEMELEER. 5 j MaEeTA:

h]' =0 (Z W T + bj)
i

5k MEERN:

Y =0 (Z 'wk]-hj + bk)

i
RBEEIIFLEBERZIRRRT, FRUEBRAERIFEERL.

Q4: Hft2 MLP BIA A EE S AR B BRI 3
R

HMRNTFRM RSS BXAT w WATREH, HEREMARE, URIRA2BERMN. MLP WMEEZESHNFLIENENESRE, RRREEE

L, UEFERER/NRERRAME, FEFERBE TRAREEECIE, TREALRESERE—FEESI2BANR,

ZHER

ETRIERE

ERAR ¢(o)Tw HLUHER—FLME

CHEH w L, B ¢(z) TURIELHISE

£ P YRRIGHNER

& BERHEFFEN design matrix

TERME RSS BiEM 1

REATRSEE, TRERLE

normal equation RS &4

w=(3T®)19TY BE 3T Tt

projection view REAT

ZRE FRY £ & J=HENERKRY

MLP RE “ZE"

FRERBE + FLEWERIRT

ERERMEAYRERX AT

CERBLRBASERHER/N, M MLP BEIED
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04 Knowledge Representation Z175 ¥l

FEEE—FTE% ATEERERGTEREEE SEETURARANSZITGENERFER, FREILERT EHE, AAEREHNAM KR

18: knowledge representation FRIAIIR,

0. Z3CHE B M A FEE

inference FIBMIRELIEL,

English trigger

HR3CRESL

FERES HKEID

expert system TRRG ERAL = iR + 18, XFTFEBRERFRREAEEN
HRLE

knowledge representation FINEE N B RANRRDE RTS8, EITEN A AEE.

semantic network B RERRTNR/ME/BIE, BURTXER; @ilgE
Sk

is-a, instance-of, property inheritance KB /B / BIHELE TR S S A A A LS B, HREERE

H=E—RREE

frame, slot, filler, default

HEZE, 18, fEfE. FME

FRSHEERR - MESIN R, EAAA, TEEEA
. AIkhIE

conceptual graph HERE ERRRER + MEXARER; BERAEME, XR. @
FRE
restriction, join, simplify HEREIRIE IREIEIESERG, SHIEHEMSELR; KEET

B

knowledge graph, RDF triple

FREE/=TA

P (subject, predicate, object) ®REREKE,
AIEW, . R

natural language understanding

BRIESER

MEEATEREXRR, BIIALTX/HRMIR

. A+ 2B E Knowledge Representation

1
LEEFRRIES:

TRAGERRA:

Programs = Algorithms + Data Structures

Expert Systems = Knowledge + Inference

BXE: TRAGWENFTRARERBLE, TRETHENITRAIR, NRERXLENIREHELHNGE, AUEFZHASTENEER. KR, &
WHERZANXR, EERRECHARTELNENN. FIIMINREN,

FAHRAIE R R = MERES:

1. representation of knowledge: HHRINARR. HEFREMHALEHWFHEEE.
AIBCREBER. XA, B, 2II8ESE,

=]

2. acquirement of knowledge: FNRINAIRE,
3. use of knowledge: FNRINAFEA, SIEEH. [LE. &, @R, 2M1. ANEHEBES,

KFR. HFAEIAME Ro

EZOE “AHL2RRAEE NAME: MIRFREMIRIREAIANRERNE, ORMMVLERRTAITENTMENGE, RETERSMIOER,

PO,

2. Semantic Network & XM

2.1 BFEX
VE IR — THEIEH:

* node &= RIAMWR., @R, K5, BEES,
e arc/link #: REERZEMXSR, W is-a. has. can. color. owns,

o FERM: HRZABEERHXR, BUTLUGERRYLE,

BRXR:

S aX B+
is-a —NEEBFH—IE—MRAE CANARY is—a BIRD
instance-of MEBT RN TWEETY instance-of CANARY
has-a / part-of BIKS5ERD BIRD has WINGS
property BEskaE BIRD can FLY
LB _TTRR WRZIEXRFR SYLVESTER owns TWEETY

22 BHARR: Y. B, 4%, RS
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THEBZXAMBEHEEERXFEL, THHNATESETRE,
ERER:

« CANARY is-a BIRD: &##%R—fE,
e OSTRICH is-a BIRD: BvZE—FfhE,
« BIRD is-a ANIMAL: ZE2—#i¥,
e FISH is-a ANIMAL: &2—™&i¥,
S ERE:

« ANIMAL can breathe: Eh#8ERER,
« ANIMAL has skin: E#¥8ERBk.

o ANIMAL can move: EH¥IEEIBE.
BREENE:

e BIRD can fly: B—fREE %,

e BIRD has wings: BEMEE,

« BIRD has feathers: BSEJ=E,
SHEREMN:

o CANARY can sing: ss#&£RI0E,

« CANARY color yellow: s#&ERHEM,
e CANARY can fly: Z2%EE ¢,

SEBREEM:

e« OSTRICH is tall: E5ERE=E.

e OSTRICH cannot fly: BBEZREETX,
XEFRM TR ER:

1. 4k7: CANARY 4t BIRD 1 ANIMAL MEME, FAUEL£FBE. FPE. gk, FREK.

2. BEIHISN: OSTRICH BEARS, BEEXET cannot fly, BBETSEE “—f

2.3 DEFAEE: At 2BREE RS

REE% RIRRINEIE.

B X ML A KRB MR R NE, Z0EER: BETREMESFHEE ML, MEFHEESEN LAUF L, HAMNEELER

FE LB,
D22 &R B

o JWT “A canaryis acanary” &R, FATCEELRENREAS,

o JWT “A canaryis abird” FEZEM CANARY EZF| LA BIRD .

o JWT “A canaryis an animal” FZEM CANARY £ BIRD FEE| ANIMAL .
« JIWT “A canary can sing” IR, EA can sing F7E CANARY K=,
o FIM#7 “Acanarycan fly’ FZEZE CANARY X BIRD EMI YTEM,

« JIBT “A canary has skin” &, EA has skin FEESR ANIMAL =,

Ak, wEFMEE psychological evidence for semantic networks, AINE: RAZAIBIREIE X BRI & R KR INMIEAN,

BREMER. BIELRREROTA,
2.4 EX PGS LR RNEE

REEX:

e BIRD can-fly: S5&E%,

e CANARY is-a BIRD: &##RE,

o CANARY color YELLOW: &##£2HEEM,

o TWEETY instance-of CANARY: Tweety B—Riz#,
* SYLVESTER owns TWEETY : Sylvester #i& Tweety,

AT
+ CANARY can-fly: RASZERE, HESHE .
o TWEETY can-fly: BEA Tweety BE4%, SLELHUKETH,

o TWEETY color YELLOW: RN Tweety @&z, MRS LEE,
o TWEETY is-a BIRD: [N Tweety B4, S4E£EZES,

e SYLVESTER owns a CANARY : [EA Sylvester #i55 Tweety, M Tweety &%,

« SYLVESTER owns a BIRD: EAS#&EEE,
e SYLVESTER owns something that can fly: EA Tweety 88 %o

FENTERSEIL, RIFSHERE:

TWEETY — CANARY — BIRD — can-fly
FRCIRRR: SEMiA Tweety B84, BFA is-a #&3|E2%E, BEHKEZEN can-fly Bt

XHFATR
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2.5 IBXPEIRERS
=W

o B, EERAINR. Lil. BME. BEXR.

o HOERNFIR D EEFEE.

o ZTHRBEHEREZ,

JARR:

o XRBXOBERBT, RA—KAERBDRETEXAIERRE,
o REBBISN, BE. REEK. SERFPRRIBEZIMILG].
o WEZEH. REMEANTREERKENER,

3. Frame {EZERT

3.1 BEREX
ERB—MEMEAIRERRITE, ARER— P HEENR, HRIER,
FILUEHEZRIBARA HAAMBUANERIC RSN

Frame: HOTEL-ROOM
is-a: ROOM
location: HOTEL
contains: HOTEL-CHAIR, HOTEL-PHONE, HOTEL-BED

KEARIE:

o frame: HEZE, RLR—ME. WRIABEE,

« slot: &, RRE—AENBESXR.

o filler: &, FAIUREME. Z—MEFE. RME. MR,
« default value: BIAE, TEEREFKEENEA,

e inheritance: 4K, TAIIEZR4RAE EAHEZRHIE,

—MEZRBET slot HEHK

e procedural attachment: IEKE, BHFILUMAZTEZRPIITHIRE,

3.2 EIEEEHER: BNRENE TR
EERETNRTA—MERRS, MAR—KE,

, BMEE filler #{E,

HOTEL-ROOM :

& &' aX
specialization of ROOM EIE BRI 25 R R —
location HOTEL N FEE
contains HOTEL-CHAIR, HOTEL-PHONE, HOTEL-BED BEEERE. BEBIE. JBIER
HOTEL-CHAIR :

& 1&E BaX
specialization of CHAIR SBIEB AT
height 20-40 cm SEEE
legs 4 POk hR
use sitting iEpa ety

HOTEL-PHONE :

= fEE aX
specialization of PHONE EIEBIEZBIEN—
use calling, room service AITEIE. WEERS
billing through room BRI AERE

HOTEL-BED :

i} 1&E aX
superclass BED BFRX—%
use sleeping FRR2REDT
size king KSR
part MATTRESS, FRAME BERBAIREE

MATTRESS :
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&E

ax

superclass

CUSHION

REATE RIS

firmness

firm

EERE

G FURBAERFREETE “—MIRPEMLABAR IS . BNPOEWLEINENE" . MEHME D frame representation for a hotel

room, FEREHERH, ESHERSE. B4, BEMBERXR,

3.3 Types of Slot #ErI2EE

ERPWERRIRTFERENR, T BUKIBRELIEE:

frames

slot type R R 1ER
Frame identification information ERIRFME R FRRIEZRZ TR, KB, BHEARNNER
Relationship of this frame to other S5HMERNXR R is-a. part-of. instance-of FHEH

Descriptors of requirements for a frame

FHHELLIE A A (B

[

Procedural information TREEER EEMMAITE., KEHE
Frame default information RINMER RAAT R ABIAEE
New instance information HRBIER YA AR I RE A

3.4 fERHEE: 4%, BME. BIR%
ERERRB MR HE:

1. M EAIMEZRERAAE, 5140 HOTEL-CHAIR 2 CHAIR KU%sk, PRDARIURERSFHI—MARIERT,

2. ERRIME, PR E R, BEERIRIAEL&RE,

3. RIEBXRERHEEER, FIMN—IHREH—INRE likes. contains. part XZRK, FILUAXZRZIEHEXE,

F: John likes a fire engine,
ERIERT UG

JOHN :
i | &E
isa HUMAN
gender male
enterprise average
activity high
likes FIRE-ENGINE
FIRE-ENGINE :
i | HEE
isa MOTOR-VEHICLE
color red
activity high
volume very high
fuel efficiency average
ladder 5m
EIPAEIE=N: bk

o |8) John EMf+4: & likes #5B%| FIRE-ENGINE .
o j8 John EMRMERAZTEE: 558 JOHN likes FIRE-ENGINE #(Z/34%, HBZ&E FIRE-ENGINE color red,

|8 John EXMARAEERNM: & FIRE-ENGINE volume very high,

- g fire engine @ft2: B FIRE-ENGINE isa MOTOR-VEHICLE #3EIEZHEIZER—F,
R EREETERMZEIIN, MEESENER. 4K, RINERIXRZSM.

3.5 ERRTNMARSR

tha:

- BITER, EAHMAEENRMALTS,
. EEREMERIME, EROES.

. ETEAERERRNT IR S,

JRRR:
o FEZRZ RIS B EESNAN,

BT ARMR A ERRIELR, SIEEFRWE AR




o BMEFEERPISMER, FTEIFRBFLE,
o REFEIRZBESIE. EROURNTUMEEES B,

4. Conceptual Graph 2B
4.1 EXFFS

EEREEERREX:

- concept node HRER: BEEREN, RTEAE. B 4. DT,
« relation node XHRLA: Eﬁ@ﬁfaﬁ?ﬁ, EE—TMHEMER
o arity T XRREENEINE

WA LUEHERE B s Rk
[DOG] —> (COLOR) —> [BROWN]
B —RANEERIRE,
4.2 _JTE\ :JTE\ Ei*%
one-ary relation —JT*ZA:
[BIRD] —> (FLIES)
EX: B5T%, *F& FLIES REE—MES.
two-ary relation ZJiTkZ:
[DOG] —> (COLOR) —> [BROWN]
BN ANEERIRE, X% COLOR EEMRMEERm MER.
three-ary relation =jtx%:
[CHILD] -> (PARENTS) —> [FATHER], [MOTHER]
B —MEFHRBEREEMNSR, X& PARENTS ERXBER=1fAt,
4.3 Unique Marker —#xid
BRE R A MR E DN EENME:

[DOG:#007] —> (COLOR) —> [BROWN]
[DOG:#007] —> (NAME) -> ["Emma"]

RXEX: wSH #007 MR Emma, HERIREH,
AISRERES: —R4M Emma KEZIRER,
XE #007 WFARERIE "M RIS "XREAFNA",

4.4 Generic Marker #@BHriC
BARERTENREFDRZNME, ESHK *X,

[DOG:#X] —> (AGENT) —> [SCRATCH]
[SCRATCH] —> (OBJECT) -> [EAR]
[SCRATCH] —> (INSTRUMENT) -> [PAW]
[EAR] —-> (PART-OF) —> [DOG:*X]
[PAW] -> (PART=OF) —> [DOG:*X]
PXEX: ERMABSHNFMECSHNES.
FEA2: EAR 1 PAW #B@xd PART-OF E#EZIFE— DOG:*X, FAUFKAME "BHCHWEL M "BHCHNT, TE23MNHNELEINT.
4.5 Proposmonal Concept fREtfl=
BB ME— N EEmEYES— I oA R, ARRNMEE. M8, . FESLESIESTA.
BIF:
[PERSON:"Tom"] —> (EXPERIENCER) —> [BELIEVE]
[BELIEVE] —> (OBJECT) —> [PROPOSITION:
[PERSON: "Jane"] —> (SUBJECT) —> [LIKE] -> (OBJECT) —> [PIZZAl
1
AN Tom 185 Jane EXIKF®,
EA: Tom BENE—1 o “Jane likes pizza”, MAREESETRSGH S Jane —E=EWHT=, believe MHRZEHREDM,

4.6 B2 EMIBIRIE: restriction, join, simplify
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B2 BRI ] LOE T B R ST R

Restriction PRl
[RERIEIDER—RAESTEEESE, A BERAMAINLEEEFRER,

AIRER:

[ANIMAL:"Emma"] -> (LOCATION) —> [PORCH]
[ANIMAL:"Emma"] —> (COLOR) —> [BROWN]

WRAE Emma 2%, FILRHIA:

[DOG:"Emma"] —> (LOCATION) —> [PORCH]
[DOG:"Emma"] —> (COLOR) —> [BROWN]

&X: DOG tb ANIMAL EEMF, FFUFIEUE Emma MEIIREIRS, ERRECEMSESESR,

Join &3
BIFREERNHZ [ XNEEELR.
A:

[DOG:"Emma"] —> (AGENT) —> [EAT]
[EAT] —> (OBJECT) —> [BONE]

& B:

[DOG: "Emma"] —> (LOCATION) —> [PORCH]
[DOG:"Emma"] -> (COLOR) —> [BROWN]

GHE:

[DOG:"Emma"] —> (AGENT) —> [EAT]
[EAT] —> (OBJECT) —> [BONEI]
[DOG:"Emma"] —> (LOCATION) —> [PORCH]
[DOG:"Emma"] —> (COLOR) —> [BROWN]

PXEX: Emma 2—RIFEEHA, EIIRLEEEk,

Simplify &
HERIERBREHEEERTRNERS KR, BRNEE N, AINEHEHIHNTLE8REM [DOG: "Emma"] 4
F—4 Emma k.

EHRAIMUE: restriction INEMAME, join [CAHEXLAFNER, simplify RBREELEMURFEESE,
4.7 B RA
M=

o EBBYMEFEEETRAEN. AENREDDL,
- BEWEM, AIMBERBS BN ST,
e restriction. join. simplify B#tTHER LR,

JARR:
o RAEFIREFRELERARS.
o BREBTE. 2. BMERHEEDEEIMIE,

5. Knowledge Graph 5 RDF Triple

Em, MRE—, FERAXRE

HIREE S SRR =TTA:
(subject, predicate, object)
BEX:
e subject Fik: FHMAISNE,
e predicate BiA: XRTEMER,
« object Bth: BZ—AILUAHEMEE,
BIF: #R Sean Penn,

subject predicate object
Sean_Penn rdf:type Person
Sean_Penn fullName ""Sean Penn"
Sean_Penn mailbox ""sean_penn@xxx.com"
Sean_Penn occupation "Actor"
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RXEZTTARMEER, FIERLHEE. B4, £, NMEEXAN, EWNERE: AEELSEERNIERERE, BAZTARATREAIRE
YRS,

BRI EIE W
SELECT ?author ?title ?homepage
X BWHESRMN/EE. BE/MER, ?author. ?title. ?homepage BEEXE, RAESMZTHESEHAERMNHEXRARNHE,

6. NBRBS ZINEBAIRRT
BEAILSHILNER

il
3
bt
ills

Tarzan kissed Jane.

6.1 Parsing ai&#
RS

o ZiF4%EIE: Tarzan

o ZIfiF: kissed

o ZIFAMEIE: Jane

EMNERRRATFRBEAR, BRBERARTHERENSEIR,

6.2 Semantic Interpretation i& X R
AFRTAUERK:
[PERSON:"Tarzan"] —> (AGENT) -> [KISS]

[KISS] —> (OBJECT) —> [PERSON:"Jane"]
[KISS] —> (INSTRUMENT) —> [LIPS]

X EX: Tarzan BEMSENEE, Jane 2%, XVEFAERETH.

6.3 Contextual / World Knowledge Interpretation T3t R&RERE
MAERAIRG, ATy EBA:

=

e Tarzan 2—"1M A,

« Jane 82— Ao

e Tarzan %M Jane,

- EMMIEBER lips.

« Tarzan FAJEEAIETE jungle FEAF,
« Tarzan TEEHHEEY Cheetah,

e Tarzan X Jane & love X%,

R RENDTASBIROEN, BRERMMNERAER. BATSERTRHLAAES, MWL EXNERMRKLRER.
6.4 XERTABRTHA
PEBAIREF R AT AR SS T

« question answerer: BZ&RZ,

« database query handler: IEERESREERBIEEEIHR,
e translator: #l28&Eh%,

« language generator: BREBEBSERK.

« speech synthesis: BEE&H.

7. BEfthZRRRTTE

FEXRAEHANTAE, EHEVEERFIENBTARET.
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& BARRKHA
propositional logic R EE & AE
first-order logic MK, 1BA. BAMXR
description logic HRER. BRI, A&
modal logic ER. TTRE. AR, EREES
production rule IF condition THEN action/conclusion #iMl
artificial neural network AR BEL. NEIEZE IR
decision table AR5 RKRER
knowledge Petri net W& B FRMRE
script HMAEMET, MBEEHE
Bayesian network THEE R X AT RIEE
object-attribute-value triples MR, BlE. BIEMESE
neurules HEMBAMNES
language field theory EEHEXNAIREALR TR

8. B EERR

8.1 1a: Compare semantic networks and frames
X AEE:
BEXEMEZRMERTER. NRMEYE, BMOIURRFRE, EXMERAELN, ERRSMITNER, BRTXR, EEFRE is-a BRNEMH

ok, ERBFELE, EA slot-filler BANRIZR, EGRAIAUNRIARILD. BIME, IREBMNEFMLER. EXNEERIR
B, EREERHREIITRER,

8.2 ig]: Explain inheritance in a semantic network
X RE:
AR IS TG T LRSS _ EAMESAE M. 20 TWEETY instance-of CANARY, CANARY is-a BIRD, BIRD can-fly, 0 Tweety i&

i TWEETY —-> CANARY —-> BIRD HIBEZR4A can-fly B, FTLATTHELH Tweety can fly, IR TS BEERANMEREME, #1420 0STRICH
cannot fly, NiSHEMBE—KEM.

8.3 igl: What is a frame? Explain slots

PR

ERR—MEMIAIRRTAE, ARBERALNNR, MSHIER. ERHZMEAR, BRTEE. X&R. RIAME. ARJIE, BERNA filer, EZ
ZEIA U@ is-a. part-of FXRERE, THAAERTAA EAMERMNE, EXUEFERINMESSRERER, ERAERSETTERASHE,
8.4 ig]: Explain conceptual graph operations

PR

BMESEERSERMRRERAR. restriction BIE—HRMSTF/EENRE, FI20E ANIMAL: "Emma" BR#IJ DOG:"Emma" ., join EIEMIMHE
FA—SEAERE S, FIE “Emma eats a bone” # “Emma is on the porch” &3E “Emma eats a bone on the porch”, simplify
EHBREHEEENSE SRR, EAKREE NIRRT EEEES,

8.5 1a]: What is a knowledge graph triple?

PR

HMIREE =74 (subject, predicate, object) RIR—1EL, subject BHWIHHART(E, predicate BXZIMEM, object BEF—1R

KB 4(E, B2 (Sean_Penn, occupation, Actor) /& Sean Penn MERIEER. AE=JTHATLEARAIRERE, FEITENRHTE
.\LEO

9. BHER

« FREH is-a f instance-of SEFE—#E: CANARY is—a BIRD RFEFMEMXZHR; TWEETY instance-of CANARY RMAFIEHIXFR.
o BERBEREIKERL: BEXONTUBEIINEE, NS, BESTREE T,

o EFRARZENR, TEEMA. BAME. IEMREMIFKER,

o BEREFRNE—IMORTEAME, BREMDRTADAER—ME,

mEERP, HREHWRENARTEREDD, F—ESTRAEEMSNEL,

o ZJLAR object AIMUESME, HUMUERFRER. HFEREEE,
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05 Uncertainty Z17%%

AENZOEER: DEAKLETLERETE. B, TENER, BNAEHE. SRR, HEESEES "fHRPRENE NER, —BfF
Bk, AR, SWZERE, BEENREEREE,

A UL ASE:

1. FNREEMNBEE: EFERE. B, &M, FEVl. #HEERE,

2. EEHEA LTS BEEEFEITE, BWSHE REEMUIN. IRIAEEN T,

3. MRS AREN: MR, NMMHETEE. RENK. Bayesian network,

4 WA BT RAGIEMIES: certainty factor, fuzzy set. fuzzy inference, DRI EIZFH Markov chain,

0. ZXEB A HEE

English trigger R E L EERNESHZD
uncertainty THaE M RV R BE B DRHIRTEURR
ambiguous, incomplete, incorrect BHl. TR, FiEM EEAGREE LMER. ISR
false positive, false negative ERBAME. 1AM RORIRTFE, RORIREE
deduction, induction B AW BERE; AMMERIET, FI0TFEREE
affirming the consequent BERHFZIR p —> q f q FEEHEH p
nonmonotonic reasoning e iR s BRI REREE IR SR
Bayes' rule, posterior, prior, likelihood | MMHEFAZ RSB RIREER
Bayesian decision theory, loss, risk DIMHER SR B E EEERHKL, EHREHR K/ NNITE
certainty factor, MB, MD, CF iERF ERAGHAREEENTNMAGRERNEEXF
Markov chain, transition matrix, steady L/RAIKEE RSB R
state
PageRank TIEHEA AERAAIEERMITEE
fuzzy set, membership function BHES. RERHK TEBTEANEERZ 0 1
hedge, very, more or less, not A IR ARHREREE
max-min composition BR-R/INEH R RHEEAE AR

1. Uncertainty 24

FREMTILEES: MTRERBEE, RATHREE MEL—ENEA—EHE, ENARSHAMRFTHLE,
HBYREA:

. MEREE: QBEUBHER, BHEBEER. BHIEHE.

. MEARE: NBRE, CRBHE, HERABE,

. WERASHEN: RS, BATH. THELBTRREN.

- BABSEE: A BAT CER CEERE REEINLR.

. BREANEFS: S—BAT, BESTAY BINELTARITE SR,

HAS: ARERTERGRSTA, MECHETELIERREERN, FEE, BEE. BURBES AR TRIHARE
2. SRR E LR

2.1 Ambiguous &#i

E—ERANEZMER. fI—ABRKES. — M EZERI— MR RITEENNZ D E X,

ZRIXx51E: multiple possible interpretations. FXARER: EEREHK, MEMEERME—,

2.2 Incomplete R

RERDFLEEET, FINMEEINERARERE, BRMENSRER, NBAREIRHIER.

EAXHA: missing information., FXER: FAEREBEEHE, MEEERE,

2.3 Incorrect FIEHf

BEEAGEHEN, FIMNEREEHER. CRER. TRANEH,

ZRAXHIAE: wrong information., FXERE: RAEETHIRMAKE, BIEHEEEXLER, HBIHREL,

2.4 False positive 5 false negative

- false positive {RFAME: RGHAMEERHTFE, BXFEAFE, SIMNZHRSRER, ERLEER.
- false negative {RIAME: RGHIMESHIEE, BRFLEE, OINSHASIRTRH, KEER.
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MEX:

KR RFIHA ERER 3zt

false positive =l T RIR

false negative x a8 TR
2.5 HittE RiRER

English R ;2

imprecise THEE HERNE, BEENEFRE
inaccurate AR SERREEEE

unreliable B FIRFIERBERERSE
random error BEHIRZE AHEREE, BEHKED
systematic error RERE RBEBENAER

reasoning error IR EEEAA XS HER A A

BEEMARENX: SERAEEERMIER, SREREREIAERE, —MRGETUREZRETER, ANSRBRBEMRS,

3. Deduction, Induction 5#IEiZi%

3.1 Deduction JE&#fE
ESHIENRS: MRAMRAE, HENNEN, WELHE,
BRI

bp—q, p ..q
PSR IR p 85 q, FE p BLEKIL, BBARBIEY q. XM modus ponens,
BlF:

- MR—IYHRS, NEBENE.
o Tweety 25,
o FFIL Tweety BFE,

FEREF, BFARREFRITTEWHE, MBI,

3.2 Induction Y3ghitEE
VAMEE NG EMRHE B —REL, FOTEFRIINE, RELEEMNEEE,

PIF: NEIFLERAZRE, TRIEANE SBEEEREN . XINERIUERTSE, EFEZSELR, EARKITENEZIFIS,

FERTE: BFHEEXTENENFRERE, PANEESHHEXFEE, AUERATERNHTEE,
3.3 Affirming the Consequent BEGE#iZi%
IR
P4, ¢ ..p
AL q PTEHTFZREREER, HA—EH p &K
EZ6IF:

- MRBTHERA, HESKRK

o BMAKRE

. TEHEEEMUBA-—TESTIZR, BREEHITREHEMRREN.

EHHCE: £ q HFIEE BIMEIDEEN p (R, MAZEE L FREILSR.

4. Nonmonotonic Reasoning JE&iE#IE

4.1 BiE53EER

EREBPER, NE—HFIREHEEEL, MABZIHREXNMELHARKIL, X monotonic #iEH,

JEiBEEEFR, FEEULEEESEL. BESTABIANN., HIRHEENFISN,
BlF:

1. EA1 BIRD(Tweety) , FAINHINZSEER ¢

2. #EH can—-fly(Tweety) o

3. [ER40E PENGUIN(Tweety) 3¢ OSTRICH(Tweety) o
4. AL S EZMFN, B can-fly(Tweety) o

4.2 Support 5 Defeat
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FHREERREX D!

e support X#: FEE&IHEXRHF—MEL,

o defeat &HM: FIEIEHIFSERIZLE L.

BlF:

o X¥F: Tweety is a bird X#F Tweety can fly,

o H: Tweety is an ostrich &K Tweety can fly,

4.3 Lottery 5 Preface 3[aj#
REEFATURE SN RMAMNMBREE" TR FIEHMaERMAGE",

lottery ¥EER: NTKERZENER, BKESAR TahR” HRUELEZEN, ETEIEMERBHAMAIRETR, BISRE KPR,

preface BISEN: FERERTENEEFRRHEINE, EERINBABAREER. EMEIEXH, BT —ETER,

SAGITHE: BINEER, E0BE, FMIES TR EEELE,
5. Probability 5 Bayes Rule

R RARER TN REE. ROBER: B8 —MERAN, SIIEREENNERIN.
5.1 BFRiE

English Rz aX
hypothesis H BRi% ZHMRIGER, W B R
evidence E iR MERER, WA, ER
prior P(H) SEIMEE &N RRTIHRIS AT
likelihood P(E|H) R BRIR N BN IR
evidence probability P(E) TEEEER IHERARH IR
posterior P(H|E) EEE BIHERERIZAENHTE

5.2 Bayes Rule IHErAT

BMBRIE:

P(E|H)P(H

mﬂwa=_L%ﬂ%Ll

SN ERAR&EE H,..., H,

P(E | H;)P(H;)

P(H; |E)=
> P(E | Hy)P(Hj;)

TR
o H;: % i N8RRI,
- E: MEREMWIERE,

P(H;): iHEHIG, B8 H; WEREE,

P(E| H;): W% H; »H, BIEE E 0%,

- 98 Y, P(E| Hj)P(H;): & E 028X, BREA—{L.

—HEER: EREES BEARELAN W REEESFREIHE RREX.

5.3 Oil Test fl@: £X. MiHAER. BE
1%:

- O: Hi,

- O Fi,

T RE M

MR,

*

Se:

P(0) =06, P(O')=04
e Lo
P(+|0)=08, P(—|0)=0.2
P(+|0)=01, P(—|0)=09
SR A
P(+N0) = P(+ | O)P(0) = 0.8 x 0.6 = 0.48
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P(—N0)=P(— | 0)P(0)=0.2 x 0.6 = 0.12
P(+N0O')=P(+|0)P(0O')=0.1x0.4=0.04
P(—NO')=P(— | 0')P(0') = 0.9 x 0.4 = 0.36

'LE;E/%JEE%
P(+) = 0.48 + 0.04 = 0.52
P(—) = 0.12 +0.36 = 0.48
NP :
P(+N0O) 048 12
PO]+) = P(+) 052 13
P(+Nn0O) 004 1
/ —_ — = —
PO+ = P(+) 052 13
ORI BA -
P(-nO) 012 1
PO[-)= P(-) 048 4
P(—noO .
PO -y =2E00) 08 3

P(-) 048 4
R FRME, BEEEM 0.6 1BEE 12/13; BN, BHHEEE 1/4, iHERREIHIR, MEEFHHEE.

5.4 EFIZHIRRY I EREH
i% D; RTE i MEm, B RMERINELER,

BAMEE:
P(E | D;)P(D;)
P(D; |E)=
Zj P(E | D;)P(D,)
S EB—MERENIEE, HESMERNEREE,
EMEHRRREH
P(D; | By, By) = —L 22| Di, BP(D: | By)

>; P(Ez | Dj, E,)P(D; | Ey)

&Y %R By B85 P(D; | E1), BECENFNER, &8 By MEER,

EENEER: NHEFSHRR TEREHER . MR EREEEREE

6. Bayesian Decision Theory MHHmnR%E

BERES BIARSETR  REEEEE KRB THENE . MNRBRTHRERA, RIVEORSF—ENRRHETE,
6.1 EX4EmM

B X
0 HERTS, MERE. HS5ER. TRER
a TR, AFRERMEY. RATT
1(6,a) RETE, REH 0 HRBUTE a BiRE
R(0,a) RS EREBIR S
b REN, B RIS EI TR
r(m, d) TS o TREMM § 19 Bayes risk
TIMERRRN : EFERER A R/NNITEI SR
6.2 {E¥pEiEGIRT
1%:

e ay: MREEY drought-resistant crop.
o ay: ME™EY high-yielding crop.
. §: BEWE,

Ak Sk

_J200 - 26, a=ay
16,a) = {3000 —100, a=a,
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fRRE:

o WREEY, BRNEMS, Hik 200 — 20 K.

o XEFEY, BREEHS, ik 3000 — 100 FREER, BRERNEMAEATTEEK,
KEFTHRIERLLEHIN ¢ FELENE 0 THERE:

L
fz]0)=14 m400°+ (z—6)2" ~
0, z<0
B BURME = BSES 0 K5, HERSEAMIIRE,
MBRENVARIBTIRES Y, FINTRERSRSEY, TURSIESIEY, WK ATINS B A A AR

400
R(6,a1) = /0 16,a0)f(z | 6) dz

R(8,az) = /4 :: 106, a2)f(z | 8) do
ZL{K Bayes risk:
r(m,8) =) R(6,8)m(6)
6

XE m(0) BRI 0 MEWME, § SRBEIVERTHHONAN, IRFDEERBEANS K, ATLREA: XEARNRE TIRTFT2AE" WHEHEGT,
HEENREAMNRERAER K,

7. Bayesian Network Dl1HHrfI4%
UM PR A TS E R R B 2 OB

ZDERA:

. GRRTENEE,

o BEART BEMERKH S ER R,

o BMERBERMUERRX conditional probability table, CPT,
o BIBREDMEUSMEAN BEBRAFERNER,

BHEEA Xy,...,Xn REREEHN Parents(X;). W:

P(Xy,...,X,) = HP(X,- | Parents(X;))

PR DIMHEIMENNMEE T AR EEETEBREHMER, MEBRGIIIEIES RS IR
BHES:
o prediction: HEE#ELER,

« diagnosis: HERERERHA,
- explaining away: ZNREEZHERE—IE.

8. MYCIN 5 Certainty Factor

8.1 AtaFEZERAEE
MYCIN REZERAL, FERMUETIZH,. TRERR "FLIHERIIXFERR , B —ERETAMBEL EHE,
ERRUH -

IF stain is gram positive

AND morphology is coccus

AND growth conformation is chains
THEN there is suggestive evidence 0.7
that identity is streptococcus

MR EERRA:
P(H | Ey, Es, E3) = 0.7
AR, EAEREN 0.7 FER "XHEE", T—EFTHREX, AT 0.3 R —ERTRIRNBIHRER, ATRARRMSIEETRE,
Ftk MYCIN £/ certainty factor, CF FRRNEEMMRIZMIIFNR T,
8.2 MB, MD, CF HIZEX

= ANE=.
=1E:

+ MB(H,E): measure of belief, iHE E MR H HBEEEE,
+ MD(H,E): measure of disbelief, iHE E MRi& H WAEERE.
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« CF(H,E): certainty factor, ##5E.

KR
CF(H,E) = MB(H,E) — MD(H,E)
SEE:
—-1<CF(H,E)<1
=S

- CF=1: Z2X%% H,
- CF=-1: =2k¥ H,
« CF =0: 24X, TERLIHE tHrERIFNRMNIEHE.

HEFHEHEN:
1, P(H)=1

MB(H,E) = | max(P(H | E), P(H)) — P(H)
{ - () , P(H)#1
1, P(H)=0

MD(H, E) = { min(P(H | E), P(H)) — P(H)
{ 0~ P(&) , P(H)#0

X

. MPIHEE P(H | E) AT P(H), WEmas2E MB,
. MPIHEE P(H | E) N P(H), WEMREEEE MD,
. HEETHEA—E 08 1,

8.3 iEE4HSE: AND, OR, NOT
MYCIN A& R E SN ESIEER CF.

PN
[=)

CF(E] A Eg, e) = m.m(CF(El, e), CF(Eg, e))
PXERE: SPRGRNBIN, BAXKREEZRBFMHR.

CF(E;,V E,,e) = max(CF(E,,e), CF(E,,¢e))
PR SOREE—BIN, BAHREREERE.

CF(—E,e) = —CF(E,e)
HRICEREE: SHHEERE, XFHERIEE,
SR
E=(EiNEs\NE3)V (Ey4 A—Ej5)
iy
CF(E,e) = max [min(CF(E1,e), CF(E,,e), CF(E;3,¢e)), min(CF(Ey,e), —CF(Es,¢))]

8.4 MIMEES545ie CF
MBMNASERE CF(H, E), SRNREREEN CF % CF(E,e), M:

CF(H,e) =CF(E,e) x CF(H,E)
BIF:
CF(Ey,e) =0.5, CF(Eje)=0.6, CF(Es3e)=0.3
&4 =2 E1 NE; NE5. FRLL
CF(E,e) = min(0.5,0.6,0.3) = 0.3
HAM5REE :
CF(H,E)=0.7

CF(H,e) = 0.3 x 0.7 = 0.21
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YRR EEETEBAMRE 0.3, ANASHRR 0.7 BE, FUBLHBINTSE 021,
8.5 ZEMMNZFFE—FRIRIINFEISH
ERMERRA AR B H =% CF, 1l CF, HAARNA:
CF,+CF(1-CF;), CF;>0,CF,>0
Ch + OF, CF.CF; <0

T~ min((CR} ICF)
CF1+CF2(1+CF1), CF;, <0,CF; <0

CFeomp(CFy,CFy) =

S EN

o WNERRER, ZEERERSET 1,
o —AXHF-PRMN, BERKHE.

o WMNMRMNE, RMERERS/NTF -1,

8.6 CF A EREM
CF 7i552A, BARR:

o BUEE XANBMEE,

« TRIERLBER CF AIEER—,

e min. max FAHEMNLLERZR,

o HEZ AR SR XM AU B R SRR B B A AR AN,

EMNES: CF RtRASTLEBRRETENTRLTE, BREENBRNIEE, TARTERENT
9. Temporal Reasoning 5 Markov Chain
9.1 At TEMEHEE

RZOET2EHSH: BARE. TN, Mitin, RERSHIMENEEL, MEEESERSOAMA - NZIERET—

9.2 Markov Chain S/RAJ k%
DRAKRERE: T—RZPRESREELITRES, MAMKBTERHE,
P(Xpy1 | X4y Xp1,. .., Xo) = P(Xet1 | X)
BBEMRE P TR Py RS ¢ BBEIRES j =,
BIF: MEAE Lenovo F1 Apple FEFhELRN SRR 2 RIEEIR,
RAS:

« C1: ¥ Lenovo,
o Cy: ¥ Apple,

RN

0.1 0.9
P= [0.6 0.4]

ERE
o MBIE Lenovo MIFIE, TRALEESL Lenovo MR 0.1, ¥ Apple K= 0.9,
o MBI Apple KIBZE, TXR¥EE Lenovo MR 0.6, 4L Apple KR 0.4,

BBRED
S =[0.8, 0.2]
= 80% X Lenovo, 20% X Apple, T—H:
Sy = 8P
HE:
Sy = [0.8, 0.2] [3(1; 82] — (0.2, 0.8]

PSR 2 —REBE, X Lenovo WLLHIZERL 0.2, £ Apple MIELHIZERL 0.8,

9.3 Steady State &7
REDHHE:

HE:

NSEUN
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*_FERERE, 1S
P =04, P,=0.6
PXERE: KERE, NREBNERE, REKREE 40% Lenovo. 60% Apple,
9.4 PageRank
PageRank FTUEEMITZ RIFBHEND/RAKIE, MIINEEHEMMIUSRENEDRE.,
BRI
B — gD

o 7B Bk RERENTEHLEE,
« G: Google matrix, FRMITZEIFIBETTEE,
- EREIHEMERLRE.

PXERE: MRRLEENTIEEEMND, 1ZWIIH PageRank K S, AXANR ERERBEM I AMEITRESD .

10. Fuzzy Set #&EH#IE&

10.1 At REEMES
BEERANE “EHETRENTREL, EMESLE "BXARREW . Al "S0F "B "EER T2ERHA, MEERE,
ZEES:
z€A &% z¢A
BRSS!
pa(e): X [0,1]
Hi py(z) B  BTEAR ANWRBE.
e
o pa(z)=1: T2ET.
o pa(z) =0: TEFRET.
¢ 0< pa(z) <1: HHETF.
10.2 Linguistic Variable EEL =
E%—#Eﬁﬁgﬁtlnmlj%a—m@ ﬁ]yﬂ

« IE: height &5,
o iB=fE: short. medium. tall. very tall,

SR 2 A AR
TALL = {0.125/5.5, 0.5/6, 0.875/6.5, 1/7}

- & 55X TALL WREERZ 0.125,
- 5@ 6 X TALL WREERZ 0.5,

- 5& 6.5 X TALL WREERZ 0.875,
e &7 X TALL REBERZ 1.

5% 0.5/6 F2RE, M' Tk 6 WREEN 057,
10.3 Hedges t&#I{EHIA
hedge EXEMMESHIEM, 40 very. more or less. not.
BRERBERN pr(z).
Very F:
Pvery £(2) = pr(z)?

B BREFRRBE, iHSE™E,
More or Less F:

[More or Less F() = pur (@)
ER: ReFRRBE, iHISEREMR,
Plus F:
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pes F(2) = pr(z)®

EF: LWRBESME™IE, B)&F Very AR,
Not F:
pxot F(2) =1 — pr()
Not Very F:
ENot Very F(&) = 1 — pr(z)?
51F: B TALL #S%] VERY TALL:
VERY TALL = {0.016/5.5, 0.25/6, 0.766/6.5, 1/7}
B TALL 5% NOT TALL:
NOT TALL = {0.875/5.5, 0.5/6, 0.125/6.5, 0/7}
10.4 {&#1:Z1E+H1Y AND, OR, NOT

BREX:
panp(z) = min(p 4(z), pp(z))
pavp(x) = max(pa(z), pp(c))
p-a(z) = 1— pa(z)
HRSCHREE:

« AND BXBUIME, RARREEMDSFRMZRBFMARE.
+ OR BURK(E, EABRE—FEANFTHRERGIH.
« NOT B 1 BERRBE.

10.5 Fuzzy Relation 5 Max-Min Composition
X ARTHNES TR ZBXR AR IR,
# Ri(z) 25T ¢ WEMES, Ry(z,y) B¢ 5y WEMER WAHRER Ra(y) »:
Rs3(y) = Ri(z) o Ra(z,)
REE:
prs(y) = max min(ug, (z), kry(2,))
R

1. HEPARNPEEE ¢, £ min, RRREBEZRBATIR.
2. £ z WEREFH max, RRERRBN—FIRHRBR.

10.6 Fuzzy Inference #&HiH#IE
A

IF E_i THEN H_i

FANBE—INEEREE:

a

pa; = min(pE;; firae;)

R

FMMEHL:

W

%
pr = max(pm,,- .-, LH,)
MRFHZ:
Ei,=EsNA(EpV —Eg)
MEHRBER:

ke, = min(pug,, max(ugg, 1 — peg))

HRXCHERE: SERIESHE OR 71 NOT, B5 E4 i AND . MINEIEBRERFEHEREEMMUNAE S BEHEIRE,

11. XEFEZEXF
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Hik AR RE HESX BRYRT /A
Probability EHERIHE EHREME Bayes rule
Bayesian decision RHERS TIEITEh R + ik expected loss / risk
Bayesian network ERS (ST SR I1; P(X; | Parents(X;))
Certainty factor ERANZFEE FRRR R CF=MB—- MD
Markov chain WRASFERT iR =L HBHR St11 = SiP
Fuzzy set RSB R REE pa(z) €0,1]

R SRR

o KD XPEHRENFIREESK? FlI1 BRTHHMER 0.77,
o BHia: TN RETEMEMHESHEESK? Sl "ZPMABTSMFHRER 0.7
BERBEK 0.7 REFAEEN; RHEPH 0.7 RIS LAER,

12. B EBHRIR

12.1 i@l: What causes uncertainty in Al?
P EE:

Al FRABEERBERTENERREDH,. RAEHEENATE. SH. BRIFRENEE, RN EIREEEFIINIE RN
RS EE SR ARE SR LA EL, MEZAME. EEKIEMRBEERTLEXHER,

12.2 io]: Explain Bayes rule and its use

P EE:

NHFARATFREHEEFBIREE, P(H) 25 iHENNEREE, P(E| H) 2BRRAINNRIHENEE, P(H | E) 253 HERENER
#%. 2st% P(H | E) = P(E | H)P(H)/P(E). TERTHENA%E, EAERDUSARTERERERE, QEsEs s,

12.3 igl: Why is affirming the consequent invalid?

XX EE:

p —> q 1 q FEgEEE p, EA q FTEHEMERSH. SINERSRSERE, BREFN—ERA—ERST12H. ERGEAFRRIEREEAILE,
AR AR RS EZERNEE, MARIERELSL.

12.4 io]: Explain certainty factor in MYCIN

XX EE:

MYCIN A certainty factor RNEBRBNRIRIEXFZE. MB(H, E) ®REENRIRWBREREE, MD(H, E) ®RRTREERZE,

CF(H,E) = MB(H,E) — MD(H, E). CF = 1 £552%#, CF=—-1%5522RY, CF =0 £586%%8. CEATRAGALLE
SBEL. TEBLSH ™SR RS,

12.5 iol: Explain fuzzy set and membership function

XX EE:

BEHMESATRIIRTENNES, SHRESPTEELBTES, EoTBETES; BHMEATAEETEANRERRBERY pa(r) B, BEE
0% 1 ZE, flal—MAKEEX TALL WREBERILUE 0.5, RtE—ERELETENF. BHESESLE "5 "B "W FEAEEHR.
12.6 18]: Compare probability and fuzzy logic

XX EE:

BMELNBEEARERENTHENE, BERTEEAENTEL, RMSELEMSLRNTENW, HERTHRETERSHREE, fli “BHRTIH
EH 07" 2HMXEY, RATWEGARRELREELTRE; "FARSNTFNEEN 0.77 ZEMTE, FEASNFREEINLR.

13. BER

P(E[H) 1 P(H|E) FESER: BIEZRIETIEHENEER, BE2ILETRIZNETE,
- BIERTEEERERR, XEREEEHEIR.

o CF A2, 0.7 WXHEERET "®T 0.3 pEf .

- EMRBEAEME, ERTHRITEEE,

» Markov chain I F—IRER KUK, XBERAKXMER.

+ steady state EREIHHE S = SP MI&RESHERA 1,

o 1A AND EF min, OR #H max, NOT EH 1— u.
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06 Genetic Algorithm Z155#l

AEFL: BEEE genetic algorithm, GA B—MNEFNEEBRREERRER, E—HBEBEARNHHARENTER. XX, TR, iLEEN
ENEMERSRE TRAWEL, TAHLL/HEE, ERITE fitness. selection probability. crossover/mutation FHIME, SRR schema

theorem,

0. &HEEMAFEREE

English trigger RS RL ERESHNZD

genetic algorithm, GA BEEE population, fitness, selection, crossover,
mutation, replacement

chromosome, individual, gene FEd/ M/ ER REFE—MELRRE, ERZRREHBLE

encoding, representation 4whg {ERIEARRARET AR binary/permutation/Gray code %

fitness function SRR EERERIFIR, ERHRBES fitness BIEL

roulette wheel selection REMEEE pi = f(5)/ 25, £(3)

crossover X RKRFEREH, mEFR

mutation TR FEMAEER, BNSHE

knapsack problem Eaam 0/1 45tY, FBETNN penalty

traveling salesman problem, TSP IRAT RS IE) R permutation &3, RXX/ZRDLIURFRHREER

CNF-satisfaction problem BECEHPTHE M FEAETRNEEME, fitness AIRNHETEEK

semantic tree = AN EREEERE

schema, order, defining length BRI EXKE schema SF@ACATRIIENR; order BEIELREL
defining length BEREIELIIES

schema theorem RRER =, RN, BT PENENERSERRPERLK

1. GA WEXRE

BEEEETEARARNBENENERA R, EARM—MERE—SHICE, MeERN%EF— population #Et, &4
individual/chromosome F‘AR—MEEAME, fitness function EEFEEMRHE, EEMETRESENEME, LE(1EL crossover &
48, @Y mutation FRAENETN, BEREREMXE.

IRAETAR:

set time t = 0
initialize the population P(t)

while termination condition is not met:
evaluate the fitness of each member of P(t)
select members from P(t) based on fitness
produce offspring using genetic operators
replace candidates in P(t) with these offspring
set time t =t + 1

BEBHER:
Component R ER

population Thas ZNMEEBNES
chromosome RER — MR IRIBRIMEERR
gene E= 455 REFRN—MIE
fitness BRI EERRE,; HABEET
selection itz BN EMAE R R AR
crossover X RN RN EEAPA SR
mutation = FEMBRERER, B eihiEd REH
replacement Eith RAFREHR TR

KLILRHFUREIRARE. fitness REIBIR. MEFEALR)N, TEMEER.

2. I |AW f(z) = 22

HE:

max f(z) = 2%, =z € [1,31]
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2.1 Representation 4&f5
H 1% 31 °AJH 5 U Z#EIRT, FALLA 5-bit binary string &7 z.
IatpEE:

Individual THFIRE ¢ Fitness f(z) = z?
01101 13 169
11000 24 576
01000 8 64
10011 19 361
RIBREE:
) f(i) = 169 + 576 + 64 + 361 = 1170
%
2.2 Roulette Wheel Selection iS5 % #F
YRR
pi= nfi
Ej:l f(9)
Heh f(1) BE ¢ MAENENE, HDERMEERENE,
Individual Fitness Probability
01101 169 169/1170 ~ 0.14
11000 576 576/1170 ~ 0.49
01000 64 64/1170 ~ 0.06
10011 361 361/1170 ~ 0.31

BX: BRER 14%. 49%. 6%. 31% 72AFNR, BEVLIEEHEEMRRBLEH N ME,
'%0

R RBIR—RERERN:

01101, 11000, 11000, 10011

ER: 11000 #EFFR, FATE fitness HE; 01000 Z#iEHR, EATE fitness RIFEHELRE O,

2.3 Crossover &X
IHEREHMAMRE AR X, =fl:

0110 | 1 0110 | ©
1100 | @ -> 1100 | 1

PXERE: BREZEYSN, VSREINABREFE, UaENABRERMIRRZERE,
BHRELBEN TR

01101, 11000, 11000, 10011
ZERX:

01101 + 11000 —> 01100 + 11001
11000 + 10011 —> 11011 + 10000

2.4 Mutation &
LTRENNERELEER, —HEHREHEEZ bit flip:

01100 —> 11100

PR HE— bit M 0 ZEL 1. EREBRBER/N, ENERATEIESHMNSEEN, MBERFSHEME. SINETRENER,

ffo
3. GA TJR T L a)

& fitness MESMBXEX, FE#HEHE T —RAERE

ek E &

3.1 Knapsack Problem & &[a#

B B nMIE, Fi MRNE v EEB w,, BEREEAE W, EEF-AYR, ANEREXEREETEIT W,

R
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chromosome bit i = 1: %% i ™M@
chromosome bit i = 0: F&EEFFE i ™M

V(z) = Z T30;

Weight(z) = E zT;w;

—H fitness 1&1t:
fitness(z) = Z z;v; — Amax(0, Z zyw; — W)
i i

BX: TBEN fitness T 2ME; BENTIREND. A EHBERTNRE,
3.2 CNF-Satisfaction Problem SECER FIi#R
CNF conjunctive normal form E&TFHEA AND &8, SN FRARETXE literal A OR &E#,
BIF:

(mraVe)A(maVeV—e)A(-bVeVdV-e)A(aV-bVec)A (—eV)
GA fRERIE:
o REARTEEME FAUED bit HE—MHELEERETFER.

« fitness AIURA “RHENFHHE"
o WMR—NEEWHEFE T, WK AHER,

BXH semantic tree AWMADXWETEIE, UES
{p(2), —p(z) V q(z), ~q(f(a))}

NI, B ZALER p(a) BE/MR, B g(a). p(f(a)) ZLFIME/B. SAMREIHNBERT—HITERE NRENERNOSEHFEN

XZF, ZAXKA. BEXHNENZIBEANHEERENBEDXNEE,

3.3 Traveling Salesman Problem, TSP ji®{T/& 0%

TSP [afl: AEETHWHIAMMBEER, H—&KER, MNEERTLE, HagsMEmier—RHFDIESR, FRESRE.
b=PA TN

19 MET AL S0 18! = 6.40237 x 10'°,
o MRERELEOEREN 80 x 365 x 24 X 60 x 60 WER, FEAT,
o IREEEMETEREN 10000 routes/second, MEHEEL 253.77 generations/year RN IE,

Y5t5: permutation,

(19246578 3)
RTRZIMFTIRET, TSP WARAXMEFOFURFHIIGE: TERESEHWT, BRERAT.
TSP Crossover IiFRX

R
PL=(192|4657 | 83)
P2=(459|1876|23)

VIRZBEIRERB—1MRR. UER ¢; A, RE p, PREIFER:
___ 14657 __

BMNS—1MRR pp NEZMIRZEFRE, ERREEMNFFLLAE, S2INRE:
234591876

B ELEFPRLHIN 4,6,5,7, RNFES:
c1=(239|4657]|18)

B, 1R py AR EIE py HIRREEES:
2=(392]1876|45)

XN EENZOE: BEERERER BNRESMEHERET—X,
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TSP Mutation: Inversion REZR
XFFAR:

c1=(239 4657 ]18)
ERMIRZBENEE 4 6 5 7 k¥, 55

c1=(239|7564]18)

4. Encoding &BA T

|

FRSCERE: inversion mutation REIAEEHH, R

LRERCINE, EEHYIRE.

4.1 Binary Coding

THEIRBEAERMA. 0/1 BE. HREEMEF DM,

4.2 Gray Coding

Gray code % : HHBLUERARIBREE 1 4 bito

BIF: b AIFRFE 11000 FIFFFRNEL 24,

Decimal Binary Gray
0 [ 0000 0000
110001 0001
210010 0011
310011 0010
410100 0110
5(0101 0111
6 (0110 0101
710111 0100
8 [ 1000 1100
9 (1001 1101

10 {1010 1111
1111011 1110
12 {1100 1010
13| 1101 1011
14 {1110 1001
151111 1000

HRXCEERE: BB THGPERKAIREERSA, fl 7 2 0111, 8 2 1000, FUi£3; Gray code iHBBERE—fL, F/NNWEETERBEX R

INBUEEK,
4.3 Permutation Coding

HAgmiDES TSP, HEF. AE. BRENX, BELIRFHTIGE, BEREFERINFERX. MR X. swap mutation. inversion mutation

%0

5. GA At FEREN

R RRIE R RIE AT MU S R T EX 085!

1. initialization: ¥IAFPEHESFEVIBELRE RIS L.
2. selection: & fitness KW MEERSRE, HREFTHEF,
3. crossover: EEBRIFMEHHEES, IERRMANTHERAS,
4. mutation: EREIXIBEABETERD, HOIREBEIFXE,

5. ZRZE, MEDHEMNENDBZ T RESRERXER.

R

o ERERZMEER, TAERERER,
o RERBMREESH TS,

o EEEH. Aa. IO ZIEEH,

o XXAAEERMREM,

o TRATDUERFLZHME, ROBR,
JRRR:

o TERIESRPUIEBRM.

o fitness, %3, KXMEFRITEEEXITRR.
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. SEIMEAN, RXE, TREBEET.
6. Evolutionary Hardware ;& iE4

#4at PLA, Programmable Logic Array EREMEESGIT. BERE: BHLEHLTMRENEMRERK, BEEEERTEARKEE, FRLHTA

B A IR IEINEE

FENTS: EUBHCBRENIEEST NN THELNR, fitness BEBEHLS BMEHNLEEE, GA B3ER, XX, ERIFHRRMEAE

EO
7. Schema 5 Schema Theorem
7.1 Schema 24
schema BFBEF * WFRFBER, RI—HEFHRMNBERANVRER,
BIF:

(1 %% 0 % 1)
KRTAFBEKEANG, BETMAT. F4UA0. F6M8 1 WFERFE;, £2. 3. bAMEOH 1,
7.2 Order Mt
order 124 O(s), & schema FEEMNENKE,
Xt

s =(1%x%0%1)
EEMENE 1. 4. 6 i, FTLL:

O(s)=3

MR, BEEUEM), BRRSETRIEIR,
7.3 Defining Length EXKE
defining length g4 §(s), RREEENEMNRAEELNSE ZREIMNES.
Xt

s =(1%x%0%1)
REBEEVNER 1, REEEMER 6, Fkl:

ds)y=6—-1=5

EXKEME, BRRXNBERRSZVIM schema WEE L,

7.4 Schema Fitness
schema M fitness B Y FIFFEEFFTE LA Z schema N MENFIDENE

f(s) = average fitness of strings matching schema s

TGN :
Fe EF; 1)
Hrh n 2R,
7.5 Selection ¥ schema ¥EMNER
% 1 DFRBHEEFEE.
£(2)

i = oo ;
Ej:l f(5)
2 m(s,t) RTE t KPET schema s WFRFRHE, NERERN, T—HR+ schema s WHBEHE:

=m(s,t)-n- —f(s)
E[m(s,t +1)] = m(s,1) AN
HA:
F= Ej:;f(])

FTiX:
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E[m(s,t+ 1)] = m(s,1) -

f(s)
f
EESREHERERE.

c>0

X WRE schema WEDERNES THEEENE, B f(s) > f.
=
f(s) =1 +9)f,
mj:
E[m(s,t +1)] = m(s,t)(1+c)
LSS RN

m(s,t) ~ m(s,0)(1 +c)*

XFRT "STH9EMER schema SIEK’

7.6 Crossover ¥ schema R EER
BEREHRKERN I,

BRARXE -1 MARTIR. BYIREE schema NREEEMNENRAEEMLEZE,

PR X BRI T R
O(s)
>
N
ERUEER p,:
8(s)
>1—p.—2
ps>1—pc T—1

PR 0(s) MR, PIREAXBRXANNSHEN, schema BASHERE,

7.7 Mutation ¥ schema RIRRIFHESR
BEMINERERA pr. schema WEERES O(s) 1,
WA RE IR

ps=(1-p

Y pm L 1 RHAUA:

LA ERRES

it schema 7 1R,

m) O(s)

ps=1 —PmO(S)

e O(s) Mk, EEERFWERAM), BABSH mutation B,
7.8 Schema Theorem REER

8 selection. crossover. mutation &—ie, S2:

e

TEEX

Symbol AXEX
m(s,t) %t KFET schema g KM
f(s) schema s RAMERIFY fitness
i BRI fitness
a(s) schema K defining length
0O(s) schema #J order
l ROBHRE
Pe crossover probability
Dm mutation probability
EEEX: 8. K. FHENESTHE TN schema, FEESMAPIBUSHITREN, EXESE: short, low-order schemata with

above-average fitness increase exponentially in successive generations.

SRR BENELCERBRER,
8. B EERR

BEXKEILERZEIXIN; KIMLERHEERER,

8.1 1al: Describe the genetic algorithm
X RE:

LA RERE IR Z schema,




BEEERE—METENHCBENEIERAE, BRIBREBEDARENRE, FHBE—1 e REA fitness function IENEMME, BIRIEE
NIEHITIRE, FERRMAENEZEE,; B crossover AL, B mutation SIABENEZL,; REBFREGRSESTEIEME, SREIH
B IEEMA,

8.2 1a]: Explain roulette wheel selection

X AEE:

RMEEHEE N MEERERNEREE, AR pi = f(0)/ X, (1), SMEWS, MUERSTENBRKEA, BENEROEEGE, X
FENRRE RSN ME, BHRNERE—E S,

8.3 1al: Why are crossover and mutation both needed?

FRCHRAS

crossover MEREBARNMRRREENLEN, EREMIRNERABRAESEHME, mutation AISRFEINKEER, SIAFTMHFERFMEELHEE, R
BEFNRXA, MEEnfET REFEIBIBXE; TRATUEBREAR DI XIE,

8.4 |a]: Explain schema theorem

PR

schema B2FBEREANZREER, RI—LXEFHABREMSNFEERER, schema theorem 1788, 5. KM, FENESTHEEFIIN schema &

EERBHRELN, RAZ: SENEFTCERSEIERE, & defining length FERBZ# crossover Hif, {§ order FEARAZ#H mutation i
iZ{O

9. ZiER

« roulette wheel selection H{f fitness MEBATBERES, HEMEEN,

o TSP FEEEEATELERARXY, BNTEFEESHTERET,

« Gray code WAEZBWERERE—{L, ~E fitness Bz

« schema f§ order EEEMEHKE, defining length EEREEMEES,
» schema theorem RHRER X LHIEKINE, FARINEGRGTH™EIG K,

« mutation rate BER/\; KARIERSEEENIAT, HLURBRFEM,
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07 Logics and Prolog Z17##}

AEFL: BHEEHRMNRARINEENFEM; Prolog ML Horn clauses TR A HITHIBERERF. ZIRAENESAEREEN, MEFIRT WFF, i
unification, #% clause form. F resolution refutation IERBE TR, f## Prolog RIPLED/[O1H /2R F.

0. Z3CHE B M A FEE

English trigger XL EENZES A
propositional logic mAEE WARS. BE. EEFiE. BER
WFF, well-formed formula adad RIEEMSAN MRS SE
interpretation, model, valid, satisfiable |f#R. &, K. AHE BRBEE/IREN; BEEARE; valid 2FiEH#
BH
first-order logic, predicate calculus —MiBiE HE. L=, 1858, R 217
universal quantifier, existential 2R/ FERR Vo JFENER; Jz EOEE—IHER
quantifier
inference rule HEERAL modus ponens, modus tollens, elimination,
introduction, universal instantiation
unification, mgu a— B—RE— & substitution fEFAXIEE
clause form, CNF FAFX/EERER BE. ABEE. mAEKEE. Skolemization. 4
EE{%
resolution refutation VAL RIE MMABIREE, JA%H#LE empty clause
answer extraction ZEhE NS TR substitutions FREEER
Horn clause Horn 74 E%—NEXF,; Prolog MMERY
Prolog BEERIIT facts, rules, goals, unification, backtracking
closed world assumption, negation as It RIS/ RIMENE E EREIFIR false LI
failure
list, match, member FlzR/ILEC/member ‘H
cut B ! BEEHATEE, FEIEEOE
1. At4:88E - Knowledge Representation FIEH,
HMIRKRNER B
e Logics: G[EFFS. BXAHEEMMI,
+ Ontology: EXTUHFMMR. KFIFMXR,
+ Theory of Computation: iZBAMPLEiEERNIETIITE., EZRENMA,
PENNME: BLAIRNYEEREE, TREOEEE. HIMEEHE. HTIER,
2. Propositional Logic m#iZiE
2.1 FSMEER
Symbol English 2354
P,Q,R,S propositional symbols WRARFS
true, false truth symbols HENS
A conjunction 5
\% disjunction =5
- not E[2
- implication gz
= equivalence i

DS EADTHANEEN, HI20 It has rained #1 Ground is wet FIUAFiHE P. Q.

1. B AR STEERSERE sentence,
2. % P 2 sentence, M —P £ sentence,
3. % P,Q £ sentence, I PAQ. PVQ. P— Q. P=Q #2 sentence,

EEAFHRA well-formed formula, WFF,
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2.3 EXMAEERY

interpretation EMABPEFRBLE N GANTSH true X false.

Formula ARMEG
_p P %
PAQ PfMQ#ME
PVQ EH—ABE
P-Q HE P ER Q BNAMR, HttERNE
P=qQ MEEEER
#F: It has rained —> Ground is wet, RE “TWAEEBHEEZENR NESXIR.
2.4 ERENHK
WEEE:
-(-P)=P
EEHEE:
P-Q=-PVQ
WEE:

P—-Q=-Q—-P
De Morgan Ef£:

~(PVQ)=-PA—Q

~(PAQ)=-PV-Q

PVvQ=QVP, PANQ=QAP
!

PV(QAR)=(PVQ)AN(PVR)
XLEENRTE clause form BirPREFER,
3. First-Order Logic —kiZ%E
MRLZERREETDIEUER T, —MSEEREANR. BEMXR.

3.1 EX{5S

Symbol type E iz
truth symbol true, false A
constant symbol socrates, john, 0 BE, RTEFRNR
variable symbol X, Y, 2 TE
predicate symbol man(x), parent(x,y) 1BiF, REBETXR
function symbol father(x), minsavings(y) R, REXR
quantifier v,3 S/ FEER

—MEENERNREATNREE, FEENMIBIHEHERE. X2 first-order HE X,
3.2 Atomic Sentence RFf
BIRMSHERRFH:

man(socrates)
parent(x,y)
greater(x, minsavings(y))

BIRNSEN arity . #I20 parent(x,y) RZITIBWE,

3.3 Quantifiers =i
2FR:

Vz(man(z) — mortal(z))

B MR 2, R z2A, N 2 K.
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=
Jz(likes(z, tazes))
B FEEDN ¢, ¢ EXF.
3.4 Family relationship ¥
FI
mother(eve, abel)
mother(eve, cain)

father(adam, abel)
father(adam, cain)

IR

VzVy((father(z,y) V mother(z,y)) — parent(z,y))
FX: R z B y NRFHER, W ¢ 2 y B parents

VavVyVz((parent(z,y) A parent(z, z)) — sibling(y, z))

X MR y M 2z BHE parentz, Wy z 2 sibling. EMRNAFBEREN y# 2z, SURELBESMESR sibling.

4. Interpretation, Model, Valid

—pMBEEMRRE interpretation €3E:
o HENBENRILE D FH—INER,
o BEANRED MR EITT R RS,
o BEMBESRERE ENXR,

o BEENEATHINR.

BEHR:
Term R RRE
satisfies ERBEARNNE
model FEEAXNRAXNEANENRER
satisfiable EOFE—MRER
unsatisfiable / inconsistent SRR AR
valid FEBETHAE

logically follows

BEERERE S WBREHE o, M o N S BEHEN

sound

HERGHEENSILHRANSEERK

complete

FrEBRSEE AR RS

5. Inference Rules #EIE#M

5.1 Modus Ponens

5.2 Modus Tollens

5.3 Elimination

5.4 Introduction

5.5 Universal Instantiation

Socrates Il F:
EIEH

P, P-»Q ..Q

P— Q, —|Q R

PAQ P
PAQ .Q
P, Q ... PAQ

Vz P(z) ..P(a)

Vz(man(z) — mortal(z))
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man(socrates)
F3 socrates/z =B
man(socrates) — mortal(socrates)
BEHA modus ponens:
mortal(socrates)
6. Unification &—
unification ZEik— substitution, EMNFRAXLZMER. mgu, most general unifier BR—MEE—, TMREZREH,
IR

- BERENEREESA—

- REFALUNEE. X2, E6TE—

s B—NESEFMBUELTER—HK,

« occurs check: ZEETREERAEEBENI, M ¢ FEES f(z) 5—

BlF:

parents(x, father(x), mother(bill))
parents(bill, father(bill), y)

FILBE—SHAER:
{bill/x}

parents(bill, father(bill), mother(bill))
parents(bill, father(bill), y)

HiLE=2%48R:
{mother(bill)/y}
mgu:

{bill/x, mother(bill)/y}

7. Logic-Based Financial Advisor
XM F iR — BB A AT AN,
MMz
1. 20 savings account A&, MIRZHEN savings:
savings_account(inadequate) — investment(savings)
2. tN8 savings account £ H income 7£&, MIEH stocks:
savings_account(adequate) N income(adequate) — investment(stocks)
3. W1 savings account 7£&{8 income R~&, MEHE combination:
savings_account(adequate) A income(inadequate) — tnvestment(combination)
E SoM
amount_saved (22000)

earnings (25000, steady)
dependents(3)

minsavings(x) = 5000 * x
minincome(x) = 15000 + 4000 * X

TT&E:

minsavings(3) = 15000
minincome(3) = 27000

KA 22000 > 15000, AT savings account adequate, FA 25000 < 27000, Fil{ income inadequate, EAFIM 3 #EH:
investment(combination)

PR ZRPEERD, BIRANETE 3 1 dependent WHREMAZER, EIEIVAGKRE.
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8. Clause Form 5 Resolution Refutation

8.1 Resolution Refutation #

V3% RAFIERR Goal:

1. 3BFE premises/axioms ¥k clause form,

2. BENEE —Goal WHRL clause form, FIMATFHE,

3. REERNEEIFHFAM resolution,

4. Z#EH empty clause O, #BFHERALHE,

5. A premises ML —-Goal F/&, BT premises Z&& Goalo

BE: NRETFEE, FESFILEFRHERN substitutions AT answer extraction,

8.2 Resolution #M

AR

(AvB), (-BvC) . AvVC
—mERBELA—EHXF. fI0 animal(z) 70 ~animal(fido) AR fido/x &—IgY3%.

8.3 Fido #l&&

AiltE:
Va(dog(z) — animal(z))
Vy(animal(y) — die(y))
dog(fido)
B#n:
die(fido)

% clause form:

-dog(x) v animal(x)

—animal(y) v die(y)

dog(fido)

—~die(fido) negated goal

JEE=R
1. B y/z [AERHENFA:
-~dog(y) v die(y)
2.5 dog(fido) A fido/y V3%:
die(fido)
3.5 -die(fido) J3%:
o
#5168 AIIRHEL Fido will dieo
8.4 Producing Clause Form #rifiE
BARNEFAFANTSE:
1. HEERE:
a—>b=-aVb
2. IBEEE P
-(-a)=a
—(aAb)=-aV b
-(aVb)=-aA-b
-3z a(z) = Vz —a(z)
-Vz a(z) = 3z —a(z)

3. VENZEE apart: FEIZEPBENTEXLREDEF.
4. BERBIRESE, REEXINE, A2 prenex form,
5. Skolemization: HAFEEI,
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6. MiprEFREH,

7. AP ECEZ A AND of ORs,

8. #NEBUIEMIEN—1 clause.

9. BRIMENE clause WEE, BHRAE clause TERINEH.

Skolemization XMl :
o dy FEEFILIRTEEREA: A Skolem constant &ik,

+ dy 7 Vz {EFAEN: A Skolem function f(z) &k,
o Jz 7 VaVy ERER: A g(z,y) Bk,

8.5 Happy Student #Iz

=

o BEAEFRHFEZENAR happy.
o ZPYHTEMAEBILFEER,

« John &B*¥3, {8 John iz,

o EBEMARPEE,

« [g: John 2% happy?
FARAAERK:

-pass(x, history) v -win(x, lottery) v happy(x)
-study(y) v pass(y, z)

=lucky(u) v pass(u, v)

=lucky(w) v win(w, lottery)

-study(john)

lucky(john)

=happy(john) negated goal

AZERRLR
1. BE=:E#Ed John @3 history:
=lucky(w) v pass(w, v)

lucky(john)
=> pass(john, v)

% v = history 8% pass(john, history),
2. AEiG#EH John REE:
-lucky(u) v win(u, lottery)

lucky(john)
=> win(john, lottery)

3. 5 happy MNF negated goal )34:
-pass(john, history) v -win(john, lottery) v happy(john)

=happy(john)
=> -pass(john, history) v -win(john, lottery)

BH25IE pass(john, history) # win(john, lottery) JHZ,

Z518: John is happy.,

8.6 Exciting Life 5 Answer Extraction
[ E=H

e 3JE poor H smart B9A happy.

« % read BIA smart,

« John not poor H read.

» happy FIAF exciting life,

o 8 BEBEHKEIE exciting life FIA?

FH:

poor(x) v =smart(x) v happy(x)
-read(y) v smart(y)

—poor(john)

read(john)

-happy(z) v exciting(z)

—exciting(w) negated goal
YAEER D

1. =happy(z) v exciting(z) 5 -exciting(w), F {z/w}:

=28 O,
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—happy(z)
2.5 poor(x) v =smart(x) v happy(x), B {x/z}:
poor(x) v —smart(x)
3.5 -read(y) v smart(y), A {y/x}:
poor(y) v -read(y)
4.5 -poor(john), F {john/y}:
-read(john)
5.5 read(john) :
O

EIRHER:

I

exciting(w)
{z/w}, {x/z}, {y/x}, {john/y}
=> exciting(john)

718 HEKZZELE John has an exciting life,
8.7 Grandparent g%

=

« HPMAHE parent,
« parent Y parent  grandparent,
e 487 John, iEBA John & grandparent,

F Skolem function £~ "M AWE parent”:
parent(x, pa(x))
IR
-parent(w,y) v -parent(y,z) v grandparent(w,z)
BirEE:
-grandparent(john,v)
FA:

parent(john, pa(john))
parent(pa(john), pa(pa(john)))

YFLESE:
grandparent(john, pa(pa(john)))

%32: John M grandparent AJLZFRTA pa(pa(john)),

9. Resolution Strategies 5 Herbrand/Semantic Tree

&

o breadth-first strategy: | EMtFEHKEEAIREITLE,

« set of support strategy: fA%ERSBIFEERFNT,

« unit preference strategy: iEFERBEXFFA,

e linear input form strategy: BXREVE—IMRFORERRBAT E—FTER, T2RE complete,

Herbrand domain:

- BETAEFTEEE, W Hy AFMEEERS; BLEEE, 5IN—1EE,
- HBERH f, A H; PIREER f(£1,...,t0)0
e Herbrand universe 2FiE X% ground terms KI5,

Semantic tree:
X
{p(z), —p(z) V q(z), ~a(f(a))}
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A, BXBHI ground atoms M p(a). g(a). p(f(a)). ¢(f(a)) EBRNMAXWME/R, HEEAXMFAEFENXE; BREIXKHE, FOERA

W
10. HftZER 5

System

FRSCREL

expressive but undecidable logics

RIABEDRERTHE, NESMEERER—MESE

quantifier-free formalisms

TEARRK, SXRER—L, WNE5 description logic

default reasoning

RO, ARVFEHE BB AT HAIIMER

circumscription

RAML R EHFELIBEY K

modal logic

5B, FiX necessarily Op. possibly Op

truth maintenance system

ABNEILRTR justification, FIIREMIEHLEIL

REEEENEN:

MUK

11. Horn Clauses 5 Prolog

Op < =0—p

O(p — q) — (Op — Og)

11.1 Horn Clause

Horn clause Z%H—MEXF:

BE SR implication:

R MR by, ..., b, WEIL, W a KL,

aV b V-byV---V b,

a+biANbyA---ANb,

=
Form 5E 2574
fact a+ BX, THREMIL
rule a+biA---Nby, F
goal/headless clause —aiA---ANay BB R

11.2 Prolog $iT#ll

487 goal:
?- al, a2, ..., an.

Prolog:
1. NERIGRERE goal al,

2. NEFTRERFF 1A EE— head B85 al &—W fact/rule,

3. BILECE rule:
al :— bl, b2, ..., bm.
MIHE L AT goal By :

bl, b2, ..., bm, a2, ..., an

HNAE— substitution, 4. HEEEEFEKRK, M backtrack FlFAEFES, =i T—5 fact/rule, 5. HEIMLAZTBEIR, ML,

11.3 Prolog i&&ER

Logic

Prolog

and A

or vV

implication <

not not Z \\+
variable KEFL, @ X
atom/constant INEFL, 4 john
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11.4 Facts, Rules, Queries
=

likes(george, kate).
likes(george, susie).
likes(george, wine).
likes(susie, wine).
likes(kate, gin).

=i

?- likes(george, susie).
yes

?7- likes(george, gin).
no

?7- likes(george, X).
X = kate ;

X = susie ;

X wine ;

no

U
friends(X,Y) :-

likes(X,2),
likes(Y,Z).

B MR X MY EXRE— Z, N2 friends.

=i

ar

?- friends(george, susie).
yes

RAZELER wine,

closed world assumption: Prolog g T AR NEMESE,

George WX gin, MEEA&E TIEFANSEE,
12. Lists, Match, Member

12.1 List &R
[1,2,3,4]
[[george,kate]l, [allen,amyl, [don,pat]]

[tom,dick,harry, fred]
[]

[H|T] FRFIREKME:

c HR2F -1k
o T BRRIIR,

12.2 Match #IF%

[tom,dick,harry] = [X]|Y]

X = tom
Y = [dick,harry]

[tom,dick,harry] = [X,Y]|Z]

(SEN
X = tom
Y = dick
Z = [harry]

[tom,dick,harry]l = [X,Y,Z|W]

S 1E false, EIE likes(george, gin) iREl no, NEFEARSEHE
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X = tom
Y = dick
Z = harry
W= T[]

[tom,dick,harry] [tom, X, [harryll

=]

SE|
X = dick
{8:
[tom,dick,harry] = [X,Y,Z,W|U]
TR, RALARE 3 Mk, AUELFE 41,
12.3 Member &F
member(X, [X|T]).
member(X, [Y|T]) :-

member(X, T).

—%&: X BAFkk, W X BIRKA.
& MR X ARYURL, MEINERIIR.
1)

i

o

?- member(a, [a,b,c,d,e]).
yes

?- member(a, [1,2,3,4]).
no

?- member(X, [a,b,cl).

X=a;
X=b;
X=c;
no

#17 member(c, [a,b,c]) :

1.585—%%i: ¢ 5 a FA, &K,
2. A% Z%%Y3% member(c, [b,c]).
3.85—%: ¢ 5 b AE, XK.

4, FZ%8Y3%] member(c, [c]) .

5. £—%&BH,

13. &3, IS B
LT

predecessor(Parent, Child) :-
parent(Parent, Child).

predecessor(Predecessor, Successor) :-—
parent(Predecessor, Child),
predecessor(Child, Successor)

R B—5KEEM, HiE parent 2 predecessor; E£&KE®YI, # Predecessor & Child 8 parent, B Child @ Successor #J
predecessor, Ml Predecessor 2 Successor B predecessor,

Prolog X FBiFMEZIEHT, WAMMERI T, FitBIRRFEMANIRE AR ML LSRR, BR)IFARET R UE T RESETRE
UHO

14. Search Problems in Prolog

14.1 Knight's Tour / Path Search
HEmS 1 2 9, move(X,Y) RASHALM X B2l Y,

HBEEFEL:
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path(X, X, L).

path(X, Y, L) :-
move(X, Z),
not(member(z, L)),
path(z, Y, [Z|L]).

BN
o EHfl: BRETASR, BRI,

o BT M X E—AAEN Z, BR Z FEEHRIIR L, BREF, BN Z #EKR Y,

o EFXRMKM, Prolog backtrack =i% F—1 move,

14.2 Cut =HIER
JC cut:

path2(X,Y) :-
move(X,Z),
move(Z,Y).

=il

?7- path2(1,w).
W 7 3

W
W
W
no

13
3 B
13

H ocut:

path3(X,Y) :-

move(X,Z),

move(Z,Y).
LR

?- path3(1,w).
W=17;
W=1;

no

14.3 Farmer, Wolf, Goat, Cabbage
=)

WREERK:

state(Farmer, Wolf, Goat, Cabbage)
BMIEBER w X e, RNIBFRRE. 718A:
state(w,w,w,w)
B#n:
state(e,e,e,e)

rac AL

« farmer RTER, wolf f1 goat FEEERMTE—iC,

o farmer IN7ERY, goat 1 cabbage FAEEME—IE,
SHEEIE:

« farmer alone 331,
« farmer takes wolf,
« farmer takes goat,
« farmer takes cabbage.

R RIRBIIE I X FH8:

R | —B3T, BMEELETY move(X,Z) WI¥ER, FHEMZIRNEM Z, cut TREXE, ERLEFZEAN, HHAEEHE,
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farmer takes goat to east
farmer returns alone to west
farmer takes wolf to east
farmer brings goat back to west
farmer takes cabbage to east
farmer returns alone to west
farmer takes goat to east

BAFANREE cast, BRRTERELHR,
15. & NZTER

15.1 igl: Explain resolution refutation
X RE:

A& RIESTIERTIRE A clause form, BIEFFEBIMNEEMATFEOE. REREMNEEIXFHFRHIT resolution, FHIHEH empty clause, 12EART
R5EMEEAUREMNER, FIIRESETR. IREFATE, FESTIRERD substitutions AT A FHEER.

15.2 ial: How to convert to clause form?

X EE:

SOHEES, EAERIRETFANG,; BIinENEE, FAESRTERNHR; AEIBERBIALN LI, #BER Skolemization SHEFEEN,; MERE
2R, RERAPEEERSEER, HESMSBIUEN—F,

15.3 18]: What is unification?

X EE:

E—R=F X substitution, ﬁﬁﬁﬁﬁ%ﬁf*ﬁﬁﬂo?—$A mgu B RIIAZRIRHINER, &—NEERESHERTEENR, TSR
m, BEROIAEREHIME—X, HEREILITEERREE8 SN,

15.4 jal: How does Prolog execute a query?

R RS

Prolog iB#2F&1E Horn clauses, HTEWR, BMERIHEFYET goal, MNEFINERFFIRTK head #ES1Z goal &—M fact 5 rule, HITEL rule,
A rule body &% goal; BEREREAK, MEMEEHT &AM, BireifEERNERAT.

16. Prolog EFEEER
X—35FF 83 Prolog BRI REE (B A,

5 X E X EER
fact. SN DA REER
head :- body. A 1— SE if; body RFEIFEESEE
?- goal. Eif Prolog Z=iiERH goal
X, Name e REHTHEF K
john, parent BE/18H4 INEFFK
_ ELLE BREMBRTITEANETELEE
, AND MEREHIT
3 OR AIFEES IR
not(G) / \+ G KBNS E REEMPERE, MELAIEHA G
‘H ik FFRKE
! cut EIE EEHAIERR, BELIEER D EA

16.1 5 Prolog #1MEARE
—MiBEE:

VzVy(parent(z,y) — predecessor(z,y))
Prolog:

predecessor(X,Y) :-
parent(X,Y).

—MEiE:
parent(z, z) A predecessor(z,y) — predecessor(z,y)

Prolog:
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SRIMUNEEES], SNASERE)T, BEEEEE. SERIRMEAKNBTRENE, B2)IRRREEH.

predecessor(X,Y) :-

parent(X,Z),
predecessor(Zz,Y).

16.2 Prolog f1—kZHERIX 3!
Prolog 3RTF Horn clause #%g, BA%RETEE—MZETEERIHARS:

Prolog ERREM%E. NEEIG. REFINFNER,

Prolog W& E®EE 2 negation as failure,

Prolog 3F closed world assumption, ##EEE R EEIFIARISEIR KM E,
MUFBERRFSRaReE, EEEmEsLLt,

i, S Prolog RENAIESEER, TEERTEMNF. BIEAMERTH.
17. B8R

P— Q REPEHQ BENAR,

valid 2FiEMEE, satisfiable 2EV—TERE,
—MEEPRECREINR, 1BIAREIEE,

Skolem function WESHEBUR T EREERBANEREE,
resolution refutation ZIMABITEE, TREEMABTR.
Horn clause Z%—NEXF,

Prolog ZEXE Rk, HE/BANEHFkL,

Prolog ¥ no ®&RTIAIRE, AETULHERAR.
cut ! SEMEEN, FIRENEEFRERES.
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08 CLIPS #iz5E

AEEZ: CLIPS B—MATHEMNEZRAFNES. BIEURIEMNERKAE fact list / working memory A, IEUHAIRER defrule #
; EIBHRBIE match —> conflict resolution —> act, BEIPCECHMINIASR. M agenda Fill, HITHMIAER,

B ab

XEEFRELANZEE ‘CLIPS 2fta", 2R

1R, agenda. salience. EXIBK. Rete/FEM K,

0. ZXHF B A HEE

FEEMSH CLIPS i2F: deftemplate. deffacts. defrule. TE. BERF. YK, KETE.

English trigger

FRRE L

FERES HE D

CLIPS

C Language Integrated Production System

ETHANNERRGIES

rule-based expert system

MWERKARSE

knowledge base + working memory + inference
engine + agenda

fact, fact list, working memory E3L/IEiEi URIRSEMEUE

deftemplate 1R ENXFELEN, B85 slot/multislot

deffacts TIRERES reset BRI fact list

defrule ) LHS patterns [LACESE, RHS actions #ATEHE
assert, retract, modify BXRE hn. Bk, BoEx

fact address Sk ?7f <— pattern #EZEZLLUE modify/retract
variable e X EREHAELETFTE

single-field wildcard BEFEBIRT ? BERE— N FERERHE

multifield wildcard SFEROBRAT $7x ERFIHZIFE

connective constraint EEAR &,

predicate constraint EIEESES &: (> ?age 18) ABIAMRAFE

test conditional element MiRZGTR (test <expression>) 7 LHS f#&isMEZE
not, exists, forall, or, and, logical TR EHEAREHFE. SEEHMHE. BHEKH
agenda, activation WAR/BE LHS JHERHMMESFFH N agenda FFHAT
salience R (declare (salience n)) ##l firing IRF
defmodule, focus BIR/E R FABRBLAMER, EHIFMBTEE

Rete, pattern network 1R VT AC RILE HEMRER, ROESHER

pattern order, efficiency

RAIRE /4R

B, DILE. BBEM pattern IMETE; volatile facts
WIEE

1. Rule-Based Expert System 443

AN Z RARGHEEM R UXFHA:

Knowledge Base (Rules)

Inference Engine —- Agenda

|
Working Memory / Fact List (Facts)

User Interface

HBNER S :

« Explanation Facility: ERAHLAEBEELSEL,
+ Knowledge Acquisition Facility: #EBHIREXAILEIFENIR,

BOD=HE:
Component 3z 1ER
fact list / working memory EILR/THEIEIC FRARIEMER
knowledge base HIREE Fean el
inference engine IR, CECESSS AN, AR RN
agenda wig FEREBUEE B ARIITHIRINI S
LS

o 1R MM, F|SE, BIRATDHILER
o AIRERE: MM firing ATLARBRMEIEE R,
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o EMAGAA: RIELFIEZNANIR, FLEHFTELRIEE,

2. CLIPS &#liiFx

2.1 icS49E

Notation X
() CLIPS £ANEA, FrARE/MN/ERMAIRESHRL
<> BRI S AR
[] AL
+ A HEA
* LS 2
2.2 Primitive Data Types
Type BIF WtEA
integer 1, +3, -1, 65 B
float 1.5, 0.7, 9e+l, 3.5el0 R
symbol fire, 345B, activate-sprinkler-system &S, A5l
string "John Smith", "string" FRE, WG5S

DRAFEESE,. tab, #IT. " ().

|« ~0 <0 >

ER: 7 T $? TEEMTE symbol 7k, FEAEMNATREMEERR,

2.3 Prefix Form fiRA
CLIPS H#uEmiSH

(+ 2 3)
(% 4.2 5)
(+ 3 (x 45))

R FRIAX B ARIR:
(> (/ (= 7y2 2y1) (- 2x2 ?x1)) @)

X

3. Facts 5§ Templates

Y2 — Y1
T2 — 21

3.1 Fact 2t4
fact @ TIEIEIZHI—&KEUR,
BlF:
(person
(name "John Smith")
(age 21)

(eye-color black)
(hair-color black))

X2—1 person fact, &1 slot,
3.2 deftemplate
deftemplate ENXFEHEFLMLEM,
BE:

(deftemplate <relation-name>

[<optional-comment>]
<slot-definition>x)
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slot BX.:

(slot <slot-name> <attributes>x)
(multislot <slot-name> <attributes>x)

B+
(deftemplate person
"A person template"
(slot name)
slot age)

(
(slot eye-color)
(slot hair-color))

slot SBFEIE: multislot ATEEZEIHZLNFER:

(deftemplate number-list
(multislot values))

(number-list (values 7 9 3 4 20))

3.3 Ordered Facts 5 Implied deftemplate

ordered fact:
(number-1list 7 9 3 4 20)
] AR AR A B AR :

(deftemplate number-list
(multislot values))

(number-1list (values 7 9 3 4 20))

X5: B deftemplate EELEMEM. slot BRAFHLIRMEE; ordered fact FfE, EREMFLRAENKRS.

4. deftemplate B4
4.1 type

1BA:
(type <type-specification>)
B

SYMBOL

STRING

LEXEME ; SYMBOL or STRING
INTEGER

FLOAT

NUMBER ; INTEGER or FLOAT
?VARIABLE ; default

BF:

(deftemplate person
(multislot name (type SYMBOL))
(slot age (type INTEGER)))

4.2 allowed values
PR slot ATEVE,

(slot gender
(allowed-values male female))

HEXEE:

allowed-values
allowed-symbols
allowed-strings
allowed-lexemes
allowed-integers
allowed-floats
allowed-numbers

4.3 range
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FREIEIESEHE:

(slot age
(type INTEGER)
(range @ ?VARIABLE))

&X: age BEH, =/I\A8 0, ERFEE,
4.4 cardinality
BRH multislot HIFERE:

(multislot name
(type SYMBOL)
(cardinality 1 6))
EX: name D 1 MNFE, &% 6 M FK.

4.5 default
FRINE:
(slot gender

(allowed-values male female)
(default female))

BIALE:
default specification aX
?DERIVE BN, EZEE allowed constraints #S
?NONE RBIIME, assert RUTLEH
gARRR BFE slot BIAE
ESE2usae multifield slot BRIAE
BIF:

(deftemplate default-derive-example
(slot a)
(slot b (type INTEGER))
(slot c (allowed-values red green blue))
(multislot d)
(multislot e (cardinality 2 2)
(type FLOAT)
(range 3.5 10.0)))

(assert (default-derive-example))

BERE: KIZMH slot {ER, CLIPS IRIBEVAMNET, ZXBEIEINEH, E5LE slot BEEERX (default ...), BEX
Al /allowed/range/cardinality,

5. Fact Operations E3:i2E

5.1 assert
ININEESE:

(assert <fact>+)
BIF:
(assert (emergency (type fire)))

5.2 facts
BREL:

(facts [<start> [<end> [<maximum>]11)

5.3 retract
PRIBREESE:

(retract <fact-index>+)

5.4 modify
(CBE S
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(modify <fact-index-or-address>
(<slot-name> <slot-value>)+)

5.5 Fact Address
AT BRI CEEINESE, SEHEETHE:

?f <- (person (name ?name) (address ?address))
=>

(modify ?f (address '"237 Cherry Lane"))

?f <- pattern WERR: ™MIELEXA fact, X% fact FIbutEEES ?f, RHS FAJAH modify ?f = retract ?f ##FE,

6. deffacts
deffacts EX—HYIBERL,
B

(deffacts <deffacts-name>

[<optional-comment>]
<facts>x)

BlF:

(deffacts people
(person (name "John Smith") (age 21)
(eye-color black) (hair-color black))
(person (name "Susan Kelly") (age 42)
(eye—color blue) (hair-color black)))

BEHIT (reset) /&, deffacts FHJ facts #MA fact list,

7. defrule 5§ run
7.1 defrule &3

B

(defrule <rule-name>
[<optional-comment>]

<patterns>x ; LHS
=>
<actions>x) ; RHS

LHS left-hand side: &#%&%, 5 pattern, FIRICEZESR,
RHS right-hand side: BhfEZE5, 4T assert/retract/modify/printout/bind %,

BlF:

(deftemplate emergency (slot type))
(deftemplate response (slot action))

(defrule fire-emergency
(emergency (type fire))
=>
(assert (response
(action activate-sprinkler-system))))

&YX R fact list 95 (emergency (type fire)), MIEE—" response,

7.2 run

BITRI:
(run [<limit>])
limit FR#IEZ firing %0 &AM,

7.3 printout 5 clear
it

(printout t "Activate the sprinkler system" crlf)
EEIE:

(clear)
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7.4 Manipulating Constructs
BEEX:

(list-defrules)
(list-deftemplates)
(list-deffacts)

(ppdefrule <defrule-name>)
(ppdeftemplate <deftemplate-name>)
(ppdeffacts <deffacts—-name>)

BRTE X :

(undefrule <defrule-name>)
(undeftemplate <deftemplate-name>)
(undeffacts <deffacts—-name>)

8. Variables, Wildcards, Constraints

8.1 Variable &
TEL ? Fk, BRE—NFEHEE,

(deftemplate person
(slot name)
(slot eyes)
(slot hair))

(defrule find-blue-eyes
(person (name ?name) (eyes blue))
=>

(printout t ?name " has blue eyes." crlf))
ESEAy

(person (name Jane) (eyes blue) (hair red))
(person (name Joe) (eyes green) (hair brown))
(person (name Jack) (eyes blue) (hair black))

LAC4ER: Jane f0 Jack 72 (eyes blue), ?name #3I48%EA Jane. Jack,
TE—HE:
(defrule find-eyes
(find (eyes ?eyes))
(person (name ?name) (eyes ?eyes))
=>

(printout t ?name " has " ?eyes " eyes." crlf))

=HE:

(assert (find (eyes green)))
M= pattern RILAC eyes A green B person, FHAR—1EE ?eyes EM pattern FAFENE—ME,
8.2 Single-Field Wildcard
? ER—1FER, BRHEEE,
BE: ARODEMEFE-IFR, BEFRXOENE,
# person KJ name 2 multislot:

(person (name John Q. Smith))

pattern:

(person (name ? ? Smith))
BX: BE=ANFENETF, RE—1TFERZE Smith, FERIMFERIER,

8.3 Unspecified Slot
MR template 7 slot {8 pattern X51% slot, F#Fi% slot £/ wildcard,
(deftemplate person
(multislot name)

(slot identity-card-number))

(person (name John Q. Smith))
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EMT:

(person (name John Q. Smith)
(identity-card-number ?))

EBX: ZEYER identity-card-number,
8.4 Multi-Field Wildcard

$? =& $7name LEFIIMHLNFE,
BIF:

(deftemplate person
(multislot name)
(multislot children))

(defrule find-child
(find—child ?child)
(person (name $?name)
(children $?before ?child $?after))

=>

(printout t ?name " has child " ?child crlf)

(printout t "Other children are " ?before " " ?after crlf))
ESSSal

(person (name John Smith) (children Jane Joe Paul))
(person (name Jack R. Lenny) (children Joe Joe Joe))

& Joe:

e ?child 48%EA Joe,

o $?before 45%E Joe BIEMFTE FER,

o $?after 48E Joe EEMNFIEFR,
 MREA-FIREEEZD Joe, SFEL AT,

ESER LR

Jack R. Lenny has child Joe
Other children are () (Joe Joe)

Jack R. Lenny has child Joe
Other children are (Joe) (Joe)

Jack R. Lenny has child Joe
Other children are (Joe Joe) ()

John Smith has child Joe
Other children are (Jane) (Paul)

8.5 Connective Constraint

FRARA:
Symbol ax BIF
~ not ~black FTTFE black
or
& and / HBHIER ?x&vblack RTHE ?x B ?x ~2Z black
BIF:

(defrule person-without-black-hair
(person (name ?name) (hair ~black))
=>
(printout t ?name " does not have black hair" crlf))

(defrule black-or-brown-hair
(person (name ?name) (hair brown|black))
=>

(printout t ?name " has dark hair" crlf))

HELREIF:
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(defrule complex-eye-hair-match
(person (name ?namel)
(eyes ?eyesl&blue|green)
(hair ?hairl&vblack))
(person (name ?name2&-v?namel)
(eyes ?eyes2&~?eyesl)
(hair ?hair2&black|?hairl))

=>

(printout t ?namel " has " ?eyesl " eyes and
?hairl " hair" crlf)

(printout t ?name2 " has " ?eyes2 " eyes and
?hair2 " hair" crlf))

B

o FE—AREERE blue = green, k&EFR=Z blacke
o BEIPARRE—NA, REEERETFTE A
o FEZAMAKKRR black 5% —MALEEE,

8.6 Predicate Function 5 test
IEARSORE TRUE/FALSE:

(and (> 4 3) (> 4 5)) ; FALSE
(or (>4 3) (>45)) ; TRUE
(not (integerp 3)) ; FALSE

test 7 LHS F#iT8 /R

(test (and (integerp ?x) (>= ?x 1)))
FERNIBIALR:

?age&: (> ?age 18)
EX: %HE ?age, BHRE ?age > 18,
8.7 Return Value Constraint

= A{EAREIEEALR,
BlF:

?7x&=(mod 13 4)

MF (mod 13 4) EE 1, NERZTEET 1.
9. Conditional Elements &4t

9.1 and

LZESE pattern ZRIAFEE AND:

(defrule example
(a)
(b)
=>

)

EMTEANER (a) M (b) 7.

9.2 or
or RAZNMEENZE—HREET,
BIF: HAKSKBRRETFEEHBERAER,

(defrule shut-off-electricity-1
?power <— (electrical-power (status on))
(emergency (type flood))
=>
(modify ?power (status off))
(printout t "Shut off the electricity" crlf))

96/ 117



(defrule shut-off-electricity-2
?power <— (electrical-power (status on))
(extinguisher-system (type water-sprinkler)
(status on))
=
(modify ?power (status off))
(printout t "Shut off the electricity" crlf))

XM MINAEATA or BR—1&M4EN, BEREEMMANERSE,
9.3 not

not RRANFIELASESE,

BOHER: ELERWE not W, INEREHE, TESBIEXTHH,
EEXEERE—MIMNIERHELE, BA not KEAHFEEEL:

(defrule no-birthdays—on-specific-date
(check-for-no-birthdays (date ?date))
(not (person (birthday ?date)))
=>

(printout t "No birthdays on " ?date crlf))
EX: WEANMFKNERE ?date, EREE person M birthday 8% HH, N@ETEH,

9.4 exists

exists RAEMFEE—PERERL, SEBE pattern WXFIZ: BMEEZIMRE, MUERE “FEE BE—R.

A

(defrule operator-alert-for-emergency
(emergency)
=>
(printout t "Emergency: Operator Alert." crlf)
(assert (operator-alert)))

MEBEM emergency fact, SECEF K,
M exists:

(defrule operator-alert-for-emergency
(exists (emergency))
=>
(printout t "Emergency: Operator Alert" crilf)
(assert (operator-alert)))

EX: REZE/DHFE - emergency, FLi=4—X operator alert,

exists HEMT:

(and (not (not (and <pattern>))))

9.5 forall
forall &&: WE—NHERE first CE =R, #MLITUHE remaining CEs,
BA:

(forall <first-CE> <remaining—CEs>+)
BIF:

(defrule all-fires-being-handled

(forall
(emergency (type fire) (location ?where))
(fire-squad (location ?where))
(evacuated (building ?where)))

=>

(printout t "All buildings that are on fire have been" crlf

"evacuated and have firefighters on location.™ crlf))

BX: B8P RE fire emergency Htth=, #IME fire-squad BXAZ building E evacuated,
forall EMTF:

(not (and <first-CE>
(not (and <remaining-CEs>+))))

PIBE: NEERXE— first-CE, BRDELEEME,
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9.6 logical
logical &7 RHS BiE MR T LHS 1 logical BRAIESL,
B+
(defrule use—oxygen-masks
(logical
(noxious—fumes-present)
(gas-extinguishers-in-use))
(emergency (type fire))
=>

(assert (use-oxygen-masks)))

&X: use-oxygen—-masks EET noxious-fumes-present 1 gas-extinguishers-in-use BEXIFTEM, MRRXLEZFFEIVHXK,
CLIPS AT B oK T EMIRZESER,

HXmL:

(dependents <fact-index-or-address>)
(dependencies <fact-index-or-address>)

BT EERBMRRBA R,

10. Rule-Based Decision Tree Program

RFRIBIYDR BN :

Is the animal warm blooded?
yes —> Does the animal purr?
yes —> cat
no —> dog
no —> snake

10.1 T R1RIR

(deftemplate node
(slot name)
(slot type)
(slot question)
(slot yes—node)
(slot no-node)
(slot answer))

slot &X:
slot X

name g, W root. nodel

type decision = answer

question RET RE A Rn) -

yes-node [E% yes BRHEMNTI=

no-node EZ no REMNT R

answer HFHRMER, 4 cat/dog/snake
ek

(defrule initialize
(not (node (name root)))
=>
(load-facts "animal.dat")
(assert (current-node root)))

BN MBEREHE root TE, HABYREMEIE, FCHRITHRIEA root,

10.2 RIRTI Rz

(defrule ask-decision-node—question

?node <- (current-node ?name)
(node (name ?name)
(type decision)
(question ?question))
(not (answer ?))
=>

(printout t ?question " (yes or no) ")

(assert (answer (read))))

S EN




« current-node FEMEYFITIRo
o #%ZEE4% node, H type £ decision,
o MBLFHEEHE answer fact, FLFTENEIHEEE P HIAN.

10.3 BIEEESR

(defrule bad-answer
?answer <— (answer ~yes&-no)
=>

(retract ?answer))
X MRHANERE yes HRZ no, BB answer, 1ERFEFHIRGE,
10.4 ;& yes/no £k #5h

yes 2%

(defrule proceed-to-yes-branch
?node <- (current-node ?name)
(node (name ?name)
(type decision)
(yes-node ?yes-branch))
?answer <— (answer yes)
=>
(retract ?node ?answer)
(assert (current-node ?yes-branch)))

no A'%:

(defrule proceed-to-no-branch
?node <- (current-node ?name)
(node (name ?name)
(type decision)
(no-node ?no-branch))
?answer <- (answer no)
=>
(retract ?node ?answer)
(assert (current-node ?no-branch)))

b BT REEMERIE current-node FIH answer, B assert ##J current-node,
10.5 FAZERTIR

(defrule ask-if-answer-node-is—correct
?node <- (current-node ?name)
(node (name ?name) (type answer) (answer ?value))
(not (answer 7))
=>
(printout t "I guess it is a " ?value crlf)
(printout t "Am I correct? (yes or no) ")
(assert (answer (read))))

WRIEX:

(defrule answer-node-guess—is—correct
?node <- (current-node ?name)
(node (name ?name) (type answer))
?answer <— (answer yes)
=>
(assert (ask-try-again))
(retract ?node ?answer))

MRIEH:

(defrule answer-node-guess—is—incorrect
?node <- (current-node ?name)
(node (name ?name) (type answer))
?answer <— (answer no)
=>
(assert (replace-answer-node ?name))
(retract ?answer ?node))

10.6 ZIFMT=
WIBHEN, RSWQEBEYIMXBIEE, ARFIRE answer node & decision node, FHEIEMDHH answer nodes,
KHERE:
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(bind ?newnodel (gensymx))
(bind ?newnode2 (gensymx))

(modify ?data
(type decision)
(question ?question)
(yes—-node ?newnodel)
(no-node ?newnode2))

(assert (node (name ?newnodel)
(type answer)
(answer ?new-animal)))

(assert (node (name ?newnode2)
(type answer)
(answer ?value)))

(assert (ask-try-again))

fRRE:

e gensymx ERFHE—RFSEATRSE,
o FRRMEIRERET ARNEURAETI R

o FPR—MRERFPRENHHY, —MRERENIEES.
o XPFRGTHIEEFS,

11. E#HIITIRRF: salience, phase, defmodule

11.1 salience

BE:

(declare (salience <integer>))
SEE:

-10000 %I 10000, 2K\ 0

salience #iE, activation {E&EHHS,
BlF:

(defrule situation-emergency
(declare (salience 10))
(situation emergency)
=>

(assert (action emergency)))

11.2 Misuse of salience
B4RIE: NEE salience Y EEZHIBENIE,
RFNEE:

(defrule situation-emergency
(declare (salience 10))
(situation emergency)
=>
(assert (action emergency)))

(defrule situation-important
(declare (salience 5))
(situation important)
=>
(assert (action important)))

(defrule situation-normal
(declare (salience 0))
(situation normal)
=>
(assert (action normal)))

BIf: NREEFEEZ situation, RE salience AJRELEMNIRE Ef, BESLBERELRRA,
BN S ARESRGTRRRHERESMH LR situation:
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(defrule situation-important
(situation important)
(not (situation emergency))
=>
(assert (action important)))

(defrule situation-normal
(situation normal)
(not (situation emergency))
(not (situation important))
=>
(assert (action normal)))

BN BEXHARERAMILXR, MARRMKE rule priority,
11.3 Control Pattern
BREDHME:

DETECTION —> ISOLATION —> RECOVERY —> DETECTION ...
=it AR

(phase detection)
Nz phase ik :

(defrule detection-rule
(phase detection)
<patterns>x
=

<actions>%)
MEFRIRAMINI AR salience, HRMFIM T BN LHITE:

(defrule detection-to-isolation
(declare (salience -10))
?phase <- (phase detection)
=>
(retract ?phase)

(assert (phase isolation)))

[E]3E:

isolation —> recovery
recovery —> detection

FRSCRRE: EZBIOMNERIA salience O, PAEREEHFIN salience -10, EILAMERAERARIMNEMIT, |EA T phase,
11.4 defmodule
BIRIEE:
(defmodule <module-name> [<comment>])
ERINEIR:
MAIN
BRAM:
(get-current-module)
(set-current-module <module-name>)
(focus <module-name>+)
(list-focus-stack)
(clear-focus—-stack)

(pop-focus)
(get-focus)

BRI ER
(defmodule DETECTION)
(defmodule ISOLATION)
(defmodule RECOVERY)

(deffacts MAIN::control-information
(phase-sequence DETECTION ISOLATION RECOVERY))

HEER:

M
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(defrule MAIN::change-phase
?list <- (phase-sequence ?next-phase $?other-phases)
==
(focus ?next-phase)
(retract ?list)
(assert (phase-sequence ?other—phases ?next-phase)))

f#f%. SREVH phase-sequence HISE—MERIEA ?next-phase, IE focus RAZIER, BIECKEIFEIIRE, LMBEFREE.
11.5 import/export
EHRAEIHRE deftemplate:

(defmodule DETECTION
(export deftemplate fault))

(deftemplate DETECTION::fault
(slot component))

(defmodule RECOVERY
(import DETECTION deftemplate fault))

&X: DETECTION S fault #&tk, RECOVERY HUSAHERE,

11.6 initial-fact
FSTRA

(defrule <rule-name>
=>

<actions>%)

%8 LHS WAINIFIE initial-fact fitk. HBERER, FESA/FH initial-fact deftemplate:

(defmodule MAIN
(export deftemplate initial-fact))

(defmodule <module-name>
(import MAIN deftemplate initial-fact))

12. Procedural Functions
12.1if

B

(if <predicate-expression>
then

<expression>+
[else

<expression>+])

12.2 while

B

(while <predicate-expression>
[do]
<expression>+)

BIF: o EEAEE,

(defrule continue-check

?phase <- (phase check-continue)

=>

(retract ?phase)

(printout t "Continue? ")

(bind ?answer (read))

(if (eq ?answer yes)
then (assert (phase detection))
else (halt)))

bind ATHAXREME:

(bind ?ans (read))

13. Monitoring Problem
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XNMPIFE CLIPS i2F4amaml: ARk, FX. AN, HE. BB TRMEEMUNEMIREEE,
13.1 [ElEELH
REERRESRMIRE:

s1, $2 -> D1
S3 -> D2
S4 -> D3
S5, S6 —> D4

1 sensor BIUFKBEL:

Sensor Low Red Line Low Guard Line High Guard Line High Red Line
S1 60 70 120 130
S2 20 40 160 180
S3 60 70 120 130
S4 60 70 120 130
S5 65 70 120 125
S6 110 115 125 130

UG
o FEEH < low red line, BXiE# > high red line, M shut down deviceo

o EIEHFE red line A guard line Z/Al, M issue warning; &FEE4ATE cycles, Nl shut down device,
o EEHFE low guard line 5 high guard line Z[&, M normal,

13.2 MAIN EREREESE
(defmodule MAIN (export ?ALL))

(deftemplate MAIN::device
(slot name (type SYMBOL))
(slot status (allowed-values on off)))

(deffacts MAIN::device-information
(device (name D1) (status on))
(device (name D2) (status on))
(device (name D3) (status on))
(device (name D4) (status on)))

sensor 1&ER:

(deftemplate MAIN::sensor

(slot name (type SYMBOL))

(slot device (type SYMBOL))

(slot raw-value
(type SYMBOL NUMBER)
(allowed-symbols none)
(default none))

(slot state
(allowed-values low-red-line low-guard-line

normal high-guard-line high-red-line)

(default normal))

(slot low-red-line)

(slot low-guard-line)

(slot high-guard-line)

(slot high-red-line))

fRRE:

« raw-value AIBZE#HZF, WAILZE symbol none,
« state RTUFNREXIE,

« 1 sensor RFHECHIULREE.

13.3 Cycle ##l
Wa:
(deffacts MAIN::cycle-start
(data-source facts)

(cycle 0))

TIeTTA:
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(defrule MAIN::Begin-Next-Cycle
?f <- (cycle ?current-cycle)
=>
(retract ?f)
(assert (cycle (+ ?current-cycle 1)))
(focus INPUT TRENDS WARNINGS))

B BEEN—, RERKEERLS INPUT, TRENDS. WARNINGS #iR,

13.4 INPUT &Rz EE
MANBESEE:

(defmodule INPUT (import MAIN ?ALL))

(deftemplate INPUT::fact-data—-for-sensor
(slot name)
(multislot data))

A

(defrule INPUT::Read-Sensor-Values—From-Facts
(data-source facts)
?s <— (sensor (name ?name) (raw-value none))
?f <- (fact-data-for-sensor
(name ?name)
(data ?raw-value $?rest))
=
(modify ?s (raw-value ?raw-value))
(modify ?f (data ?rest)))

RRE:
o ¥— raw-value {58 none B sensor,
o 7EXR fact-data-for-sensor AEXHEZE— data fEA ?raw-value,

« 3E sensor MY raw-value ERIZIE,
o 3 data FIRFRIEH $?rest B,

THIERN{ELE:

(defrule INPUT::No-Fact-Data-Values-Left
(data-source facts)
(sensor (name ?name) (raw-value none))
(fact-data-for-sensor (name ?name) (data))
=>
(printout t "No fact data for sensor " ?name crlf)
(printout t "Halting monitoring system" crlf)
(halt))

13.5 TRENDS &R¥IBIRZS

normal:

(defmodule TRENDS (import MAIN ?ALL))

(defrule TRENDS::Normal-State
?s <- (sensor (raw-value ?raw-value&vnone)
(low-guard-line ?1gl)
(high—-guard-line ?hgl))
(test (and (> ?raw-value ?1gl)
(< ?raw-value ?hgl)))
=>

(modify ?s (state normal) (raw-value none)))
high guard:

(defrule TRENDS::High-Guard-Line-State
?s <- (sensor (raw-value ?raw-value&vnone)
(high—guard-line ?hgl)
(high-red-line ?hrl))
(test (and (>= ?raw-value ?hgl)
(< ?raw-value ?hrl)))
=

(modify ?s (state high-guard-line) (raw-value none)))

HMIRSEE:
« High-Red-Line-State: raw > high red line,
* Low-Guard-Line-State: low red line < raw < low guard line.
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o Low-Red-Line-State: raw < low red line,

FR SRAMTEIRSEE raw-value X[E none, A T— cycle BREGEMAES,

13.6 sensor-trend #HicE
TR

(deftemplate MAIN::sensor-trend
(slot name)
(slot state (default normal))
(slot start (default 0))
(slot end (default 0))
(slot shutdown-duration (default 3)))

BRESRE,:

(defrule TRENDS::State-Has-Not-Changed
(cycle ?time)
?trend <- (sensor-trend (name ?sensor)
(state ?state)
(end ?end-cycle&~?time))
(sensor (name ?sensor)
(state ?state)
(raw-value none))
=>
(modify ?trend (end ?time)))

BREERKL:

(defrule TRENDS::State-Has-Changed
(cycle ?time)
?trend <- (sensor-trend (name ?sensor)
(state ?state)
(end ?end-cycle&~?time))
(sensor (name ?sensor)
(state ?new-state&~?state)
(raw-value none))
=>
(modify ?trend
(start ?time)
(end ?time)
(state ?new-state)))

R

o start BYENASIFIEMN cycle,

* end BYFHRERFLEIM cycle,

o WRF state 5|8 state 18R, REH end,

o WRFH state RE], N start/end EBiZALRE cycle, FEH state,

13.7 WARNINGS / shutdown &

1R¥E sensor state FIFFLERTEIRE warning 8¢ shutdown:

o red-line RASIZENKFX [ device.

 guard-line RS warning; EREEREAE] shutdown-duration, XEFZE,
e normal RKEBEREE,

RRIDFIHR:

duration = end - start + 1
if duration >= shutdown-duration:
shut down device

KA EEBEES:
?7d <- (device (name ?device) (status on))

=>

(modify ?d (status off))

WARNINGS &R =& F NSRS A
WARNINGS &4 (defmodule WARNINGS (import MAIN ?ALL)) #REX MAIN fE#RARf facts, =&HMNEBMKH cycle f1 sensor—
trend, XANTEFLLLIIEIRN, ERMEIRFFLEMIEIRE warning 3 shutdown,

1. Shutdown-In-Red-Region
R SR
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(cycle ?time)
(sensor-trend
(name ?sensor)
(state ?state&high-red-line|low-red-line))
(sensor (name ?sensor) (device ?device))
?0on <- (device (name ?device) (status on))

BX:

« ?state&high-red-line|low-red-1line &R state W4 EAN high-red-line 3 low-red-line,
« (sensor ... (device ?device)) IE{ERE2MEIEIBRIEMIRE,

e ?0n <— (...) 4% fact address, A7 AE modify XPi&#% fact,

ThfE:

(printout t "Cycle " ?time " - ")

(printout t "Sensor " ?sensor " in " ?state crlf)
(printout t " Shutting down device " ?device crlf)
(modify ?on (status off))

YRR —BERSBHENIZX, RETEHFFHENE, BEFEEXNMZEM status on B8 status off,
2. Shutdown-In-Guard-Region
bR SR

(cycle ?time)
(sensor-trend
(name ?sensor)
(state ?state&high—guard-line|low-guard-line)
(shutdown-duration ?1length)
(start ?start)
(end ?end))
(test (>= (+ (- ?end ?start) 1) ?length))
(sensor (name ?sensor) (device ?device))
?on <- (device (name ?device) (status on))

BEX:

« high-guard-line | low-guard-line 2EZMKX, FTRBULKX.

o start 1 end BFRZREMNED cycle FFEEEIBEA cycle,

e (+ (- ?end ?start) 1) 2#F4E cycle ¥, #I40 start=3, end=5 BH#F4E 3 1 cycle,
o HNE#ERNE >= shutdown-duration BYAXHRE.

BhfE: FTED cycle. sensor, state. 4T %) cycles, #A/F (modify ?on (status off)),
EYRE: EMEARINXN, RAEARNEZFEREEEESFERBXA, KEBES shutdown,
3. Sensor-In-Guard-Region

fil R St

(cycle ?time)
(sensor-trend
(name ?sensor)
(state ?state&high—guard-line|low-guard-line)
(shutdown-duration ?length)
(start ?start)
(end ?end))
(test (< (+ (- ?end ?start) 1) ?length))

EfE:

(printout t "Cycle " ?time " - ")
(printout t "Sensor " ?sensor " in " ?state crlf)

TR, NRERBEEMXERFENEEZAR shutdown BIE, R warning 58, MEXUZEIRE.

14. Inference Engine 5 Agenda

HENEIRZE recognize-act cycle,
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while not done:
Conflict Resolution:
if there are activations,
select one with highest priority;
else done.
Act:
perform RHS actions of selected activation.
remove fired activation from agenda.
Match:
update agenda by checking rule LHSs.
add activations whose LHSs are satisfied.
remove activations whose LHSs are no longer satisfied.
Check for Halt:
if halt action or break command, done.
end
accept new user command

» rule LHS IS facts /574 activation,

« activations A\ agenda.

« conflict resolution ¥£#&— activation firingo

» RHS # assert/retract/modify =¥2= fact list, M\TEHFM agenda.

15. Pattern Network / Rete %8

EERHLLFTE rules BEFTE facts, SIFEEMRM. Rete BIEZIE pattern matching ZREML, HZrFEILERRER,

LKA 34 :
Network €M
match/data pattern network BB pattern 384 fact AR
joint network WEZ pattern ZENEE—BE
BllFH -

(defrule sharing-1
(match (a ?x) (b red))
(data (x ~green) (y ?x))
(data (x ?x) (y ?x))
=>

(printout t "Matching sharing-1 rule." crlf))

U=k VSR

o %— pattern XK b slot &F red,

o 5T pattern Xk x slot 7% F green,

o ZE= pattern XK y slot FF x slot,

« joint network FERE pattern ZEEEHELE—Ho

IR Rete RRARZEMUNAEER, MERRT pattern WERDIES, HAEFLRAMIEEEN.,

16. Efficiency 5 Pattern Order

16.1 EFFEM

R

1. Most specific patterns go first.

2. Patterns matching volatile facts go last.

3. Patterns matching the fewest facts go first.
4. Limit the number of multifield wildcards and variables.

5. Test conditional elements should be placed as close to the top of the rule as possible, but only after variables have been bound.

6. Use built-in pattern constraints when possible instead of separate test CEs.

16.2 Pattern order %
B
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(deffacts information
(find-match a c e g)
(item a)

(item b)
(item c)
(item d)
(item e)
(item f)
(item g))

YFI -

(defrule good-match

(find-match ?x ?y ?z ?w)
(item ?x)
(item ?y)
(item ?z)
(item ?w)
=>

(assert (found-match ?x ?y ?z ?w)))

fi#R%: find-match RE—PESE, L&48E ?x ?y ?z ?w, FEM item pattern #B4ERHIE,

IR -

(defrule bad-match
(item ?x)
(item ?y)
(item ?z)
(item ?w)
(find-match ?x ?y ?z ?w)
=>

(assert (found-match ?x ?y ?z ?w)))

f#F%: BUEOA item pattern R AIILAE 7 4 item, =4 K= partial matches, ®|E7 A find-match filg, MERE,

16.3 Multifield wildcards Byt

pattern:
(list (items $?a $?b $?c))
fact:

(list (items x 5y 9))

= multifield wildcard BiE 4 MFERYINE $?a. $?b. $?c. AIEELIDE 15 Fh, FE#MZ. multifield wildcard #i%,
10 VRAZA $7; ERAEEFE. slot ARHFEER pattern RBAES I TR multifield wildcard,

16.4 test MERIE

B¥EiL: FRE=1 point, B—XIKE test BIIRERE,

(defrule three-distinct-points
?point-1 <- (point (x ?x1) (y ?y1))
?point-2 <- (point (x ?x2) (y ?y2))
?point-3 <- (point (x ?x3) (y ?y3))
(test (and (neq ?point-1 ?point-2)

(neq ?point-2 ?point-3)
(neq ?point-1 ?point-3)))

0o))

Bt TEHEERE test, BIGEL partial matches,

(defrule three-distinct-points
?point-1 <- (point (x ?x1) (y ?y1))
?point-2 <- (point (x ?x2) (y ?y2))
(test (neq ?point-1 ?point-2))
?point-3 <- (point (x ?x3) (y ?y3))
(test (and (neq ?point-2 ?point-3)

(neq ?point-1 ?point-3)))
=

16.5 Built-in pattern constraints
RSB TEERE:

HRBIERKHIR,
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(defrule primary—-color
(color ?x&:(or (eq ?x red)
(eq ?x green)
(eq ?x blue)))
=>
(assert (primary-color ?x)))

EEE:

(defrule primary-color
(color ?x&red|green|blue)
=>
(assert (primary-color ?x)))

EX1HRE: RITE red. green. blue =i, NE pattern constraint BEEESIE pattern #,

17. Loading and Saving Facts

A facts:
(load-facts <file-name>)
{7 facts:

(save-facts <file-name>
[<save-scope> <deftemplate-names>x])

save-scope:

visible
local

facts XA BIF:

(data 34)

(data 89)
AA .

<.

Ap

(load-facts "facts.dat")

18. Prolog 5 CLIPS ¥ttt

HE Prolog CLIPS
BIER BIEERFIRIT PR RS
FIRFZR Horn clauses, facts, rules facts, deftemplates, defrules
#EAH BRIRE), REMRSE, B HURIRTH, FREAECEAN
B/ FFP1RH goal, Prolog iERH facts 5# @ LHS, rule activation # A\ agenda
TE REEZE, M X X BFERTE, $7x STFREE
&7E negation as failure not conditional element
BREXESR goal lif. Y3, B, cut pattern matching. agenda. salience. modules.
fact operations

—AEX S : Prolog B “4AEEMR, LERGIEA"; CLIPS & "B AEERA, HERKEMUNE SR
19. B NEBIRIR
19.1 ia]: Describe the structure of a rule-based expert system

PR

FNE R Z %8 working memory. knowledge base. inference engine #1 agenda &8 4BR%. working memory #7744/ facts, knowledge
base #7F rules, HEEHLIEHIN LHS 5F5CIUAS, 74 activations I agenda; @i conflict resolution 3¥&#FE—1 activation $#1fT RHS
actions, FJHE assert. retract 5{ modify facts, MMIMZKEEfRA TN,

19.2 iol: Explain deftemplate, deffacts, defrule
P EE:

deftemplate EXHEREHM, B1F slot Ml multislot ARER, SBE. FRIMEFLNR, deffacts EX reset FHIA fact list WFIIREL,
defrule EXHMN), ZEB LHS 2ITE facts B patterns, A& RHS ZILEKINEHITH actions, #5140 assert. retract. modify 2% printout,

19.3 igl: Explain variables and wildcards in CLIPS
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PR

CLIPS # 7x RB2FREE, NE—NFERANEE; B—XELRBIANOTERE—E, ? TEFREELN, ER—FRETHE, $7x 2EFR
TE, AILESIRNSIFER, BAT multislot. 2FRBEMNERE, BRFERSEEAS, PIRERERE,

19.4 |a]: Explain recognize-act cycle
IR
CLIPS #IEHEA AT recognize-act cycle, BFE#1T match, KEMLHN LHS U F] facts #E, FHHEXAL activations I agenda; A

17 conflict resolution, M agenda HFEEMERESH activation; BEEHIT RHS actions, B fact list; &/EEH agenda, MRMITT halt =
3% activations, BHER,

19.5 igl: How to improve CLIPS rule efficiency?

PXEE:

REMENMIEE RN, LEREESLE/VM pattern BIERTE, 3T volatile facts ITER/ME, BV multifield wildcards IR ELZE, test KRN
XL EHREERBEHM, WRELIE partial matches, REFAME pattern constraints FAML R, REG pattern 1, MARKBSEMN test
I:Fo

20. ZHER

o X ME—PFER; $7x BESENHZIFER,

o E—NEEER—MNUPLREIME, HALEAR—E,
o REHH slot BERTZANRIZ slot, 2% slot R FTE,
* not WEELREE, FTELBEBERINKAEE,

o exists XEZVEFEE—NLE, BELNBLSHLRE,
o forall WERZME first-CE LA B EEEM,

» logical REIKHH, XIFEIHAIIRESL AT,
- salience FHRHILESR, BRUABEMNEESMT,.

« modify M retract FHZ fact index 5 fact address,
o %A multifield wildcard &iERAEENE,

« CLIPS RBUBIEIFINARSE; Prolog 2 BIRIRshZiEERF.
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09 Reinforcement Learning &iz#5#}

AEFEL: BHFES reinforcement learning, RL FAR—1MEEITH agent MAERHENEFBEIREEY, 5HEEFIRE, Iﬁﬁiﬁ"%“x
HiF agent “IEMEMERMA", RESMERIERE reward . agent EEREARMIEFIF B YRIREEIEZBITFE, HFEIREIMER

0. Z3CHE B M A FEE

English trigger XL EENZES A
reinforcement learning BEY goal-directed agent interacts with uncertain
environment
state, action, reward RS e, KD agent MBS, EEE. HBREIRBHAFTIRE
policy BRI m(a | 8) RINVIRE s TIEENME a HOMEE
value function MEREL FOMMIRZSEARS-BIE R I HA IR
multi-armed bandit ZEEEN RIECHEH MR, FEREHESE
exploration, exploitation BR&. 7R SIRKRAENE vs EFEYFIRANE
return [EIE R Gy
Bellman equation REHE LEINE = SAEEERE) + I ERNE
policy evaluation RERITAL HEREE, I v,
policy improvement e RIBMMERBUL RSB
policy iteration REREN evaluation 5 improvement X&
Monte Carlo SASER FB5E% episode KISERR return MG ITHNME
TD learning NFES A—SRmMIT—KEMEIT bootstrap
Sarsa [E5EEE TD #24 B EAMEARRESN T —aE
Q-learning KRR TD =4 EHEAMER T RS ENE
model-based methods ETRAGE MESRZLEZIRE, BRAKEDIEZLRE planning
policy gradient SRISEREE HEMCSBURE
eligibility traces, TD(lambda) BA= U 7£ one-step TD 1 Monte Carlo Z @i EE credit
1. RL EHSBFIPNLE
=x%y
Type A3z lEES
supervised learning lag=3=ab) BINBIEEERME labeled examples
unsupervised learning THEEFS M unlabeled data & IZEH
reinforcement learning BES agent SIERE, M reward #3

RL XBX5: ZEE—FSHIEER. agent BEBIINERMBLFRIAELT,

2. Agent-Environment X H &5
WERF AR

. agent ARNEPREHYFTME observation,
. agent RI\YFPRSIEZF— action,

. environment E#WzNE, REREZWK,

. environment JREFWZEM reward,

5. agent 1R1E reward AERETH.

FRAEBAAE

A WDN -~

SOyAO, Rla ShAla R2a SZ7A2a R3a e

&
din
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Symbol AXEX
S REEE
A HEEA
R PIRERRIER
w(a| s) K& R s TREGNME o HOEE
vr(8) REMME: TEREE T TARS ¢ HRIEAEREIR
a-(8,a) EIEINME: TR s SEMEhE @, ZER 7 (TohREAEEENIR

3. Multi-Armed Bandit Z&ZE#

bandit BRI BNEFIRR, ZEEXNREER. 8MNERR—NDE, EEEREEN reward, BitRERMEHAPRAMRITER,
3.1 Action-Value Estimate
< R; RAEMES ¢ RIWEFEBENER. & Qn RNIZEEHERE n — 1 RENMERGLT:

_ Ri+Ro+---+Rp1
- n—1

@n
LE n REW R, FIkE, FTHE:
1"
Qn+1 = E ;Rz
ARG AL EFH:
1
Qn+1 = Qn + E(Rn - Qn)

B R, — Qn BFRmMSBHITZANRE, 1/n BEK. HAHS, FEEANFHEZEEN,

3.2 Nonstationary &%
MREDF=EREIEY, BEARN—EREEE, A constant step-size:

Qn+1 = Qn + a(Rn - Qn)
BFE:

Qnir=(1-0)"Qs+) a1 - )R,
i=1

B MSORRINERK, BIRNERHE (1 — o) TH.

3.3 Exploration vs Exploitation
+ exploitation FIA: EERYUFHEITNERSHENE,
e exploration R%&E: ZRLFTHESLITASHNIME, LEREER.

e-greedy HHE:

with probability 1-epsilon: choose argmax_a Q(a)
with probability epsilon: choose a random action

&g bandit &ik:

Initialize, for a = 1 to k:

Q(a) = 0
N(a) = 0
Repeat:

choose A by epsilon-greedy
receive reward R

N(A) = N(A) + 1

Q(A) = Q(A) + 1/N(A) * [R - Q(A)]

4. Return 5 Bellman Equation

4.1 Return EliR
AR horizon FIARITIEER:

Gi=Rya+Ry2+---+Rr
FBR horizon SHAES F BITHILEIR:
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o0
Gi=Riuy1+YRua+ 7 Rus+- =Y Y*Rirn
k=0

BERR:
Gi = Riy1 +9Gi1
vy Z2IHEF, 0<vy<1, vy #K SEWKBERH,; v #/), HWEWEHZRH,.
4.2 State-Value Function
v(8) = Er[Gt | S: = 3]
BX: EEREE T T, WRE s FFREAZEITMENR,
Bellman equation:
ve(8) =Y _m(a|s) ) p(s,r| 5,a) [r+yva(s")]
TR
- m(a|s): EWRERE s EEF a KR,
o p(s'yr| s,a): WEERDS s MEIE a FHED 8’ FHBEIRE r X,
o 4 yug(s'): —FERMMTTIENERRENE.

— AR RENMESTAERREEME. FRRSMERMTH “BINER + FilRENE" WIRE,
4.3 Action-Value Function

g=(8,a) = E;[G: | St = 8, As = q]
B K sl a, ZEREE © TEIREREER,

5. Generalized Policy Iteration 5 Policy Iteration
generalized policy iteration, GPI E&MMEE/ERIIE:

e policy evaluation: #RIBZFIRIEEITHNMERE,
e policy improvement : ARIBMERIBOHERS, FREEEMETSNEDE,

ZEBINHIT: RRRENE, MEXIESKRIGH,

Policy iteration Ji2:

1. $4atk V(s) 1 w(s).

2. Policy evaluation: TEHAEIKIETREEH Vo

3. Policy improvement: < REGAFEIHERIRRARTNE:

'(s) = argmax Y _ p(s',7 | 5,a)[r + 7V (s)]
@ s'r
4. NRREABEENK, WEELE; FNUEEF evaluation,
PR EFEUNRBE L, BREBXMENUURE,; BRI,

6. Monte Carlo Methods

Monte Carlo 7AB5E% episode FISEFR return SfhEIHNMES
First-visit MC:

for each episode:
generate an episode following policy pi
for each state first visited in the episode:
compute return G from that time
append G to Returns(state)
V(state) = average(Returns(state))

R

o REEEEE,
o W episode FRABEHIETEE return,
e K bootstrap, EABIREXEM G, & T—R&Mit.

7. Temporal-Difference Learning

TD learning &7 Monte Carlo 1 dynamic programming: # MC —HNRKFS, FHEEEE; & DP —#f bootstrap, AEBHITEHNEER

fliite
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TD(0):
V(S:) + V(St) + a[Rer1 + YV (St41) — V(Sh)]
TD error:
0t = Rip1 + YV (St11) — V(Se)
BR: Ry + 4V (Sga) B—# TD target; MIREATHE V(S:). B LBEMNE: RZTHE.

XEE:
Method Target =EF episode &R =75 bootstrap
Monte Carlo G; =3 3
TD(0) Ry + ’)’V(Sﬁ_l) & =

8. Sarsa vs Q-Learning

8.1 Sarsa
Sarsa & on-policy TD control, ZFRE—&FHERANATTA:

St, Aty Re11, St11, At
BEHIA:
Q(St, Ar) + Q(Sh, Ar) + a[Rer +vQ(Ser1, Aerr) — Q(St, Ae)]
B3 T Ay RUFITARBLRELREOEIE, FII0 e-greedy EHRNEIE, AL Sarsa ZHEBSRFTHENN L FIRENE.
8.2 Q-Learning

Q-learning & off-policy TD control,

B
Q(St, Ar) ¢ Q(St, Ar) + @ [Rusy + ymax Q(Ses1,0) — QS A¢)]

BX: BRITHRRIEN TREMBENERE, BEHETRRIR T —RSSERENERANEE, Fib Q-learning EEEE KM ENERE.
8.3 Witk

HE Sarsa Q-learning
Eit) on-policy off-policy
T—ahfE SRREHH) A max, Q(Si+1,a)
FIBR LRIRIEHINE RIRBONE
RN RIEREDENEREANE ERTRHR U0 B ARfE LT

GMREERIXFHA: Expected Sarsa X T —oIERRAEKEAE; Q-learning 7 F—REMNZ M EEHREUR KBS
9. Model-Based Methods

ETRTEMUNERRE P EEERRI/NE, E2IFFRE,
ETHEATANXRAINEMA:

1.agent 5 Environment RE, 5% real experience,

2. real experience FIE#EEH Policy/value functions, XM direct RL update,
3. real experience XAFEF model learning, #3—4 Model,

4. Model AIf"4 simulated experience,

5. simulated experience A F planning update, #4*%:5EH7 policy/value functions,

SRR model-free AR ABELLLRWEHN; model-based FEFINRMMEBILER, BEREPERELEZR, A planning BEFEARKE,

10. Policy Gradient Methods

MEFEEE VR Q, BHRMNESESE,; policy gradient E#ES RIS AL RIESE,
It state-action pair EEX preference:

h(s,a,0)
softmax 5Hg:

exp(h(s,a, b))

@l 8,0) = = k(s 5.0))
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REINFORCE with baseline B0y
1. £ —1 episode:
So, Ao, R1,...,871,Ar 1,Rr

2. WE—®ITE return Gso
3. F baseline value 9(St, w) B/NAZE:

0 =Gt — (S, w)
4. FE# value S
w 4+ w + ¥y 6V ,5(St, w)
5. E#T policy 8
0 < 0+ a®4*6Vylnn(A; | S:,0)
RICER: MMREEZENEMMEIRS T baseline, BUEINZEIEEIZAAS TSR, MRET baseline, MEEEHIBE,

11. n-step Bootstrapping 5 Eligibility Traces

11.1 n-step Return

n-step return:

Gitin = Rey1 +YRera + - + 7" ' ReynY"9(Stins Wetn—1)
BN KEBERRK n TEHELER, BR%E n TEVMEMIT bootstrap,
* n =1 #f one-step TD,
» n % episode KE#E Monte Carlo,

11.2 lambda-return
TD(A) BRESEHA return 10RFY:

G =(1-2 Z A1 Grin

n=1
WNER:
1-2), @=XA (@-NA%...
XENELA 1o A=0KRRE—% TD; A = 1 KM@ Monte Carlo.
11.3 Forward View 5 Backward View
forward view: BFFEMATIRZS S; MFKKELNAIREKER return, BEAHR A i, XBRET BIfEMt2.
backward view: &XEI TD error §; B, FBIET 2z HRTHETRSHEHEDE credite XESELSLU,
Semi-gradient TD()):
z + YAz + Vi(S,w)
§ + R+ 8(8',w) — (S, w)
w ¢ w+ adz

PR BIRMER EEASRAICR . MHAEEERTE trace X, BB trace & YA =H; H#T TD error &% trace D ECLAXLERTS,
RFRE:

- eligibility traces 4i—7 TD #1 Monte Carlo,

. )\ =0 =2 one- step TD.

« A =13k Monte Carlo,

. EP[E{E%T B ZABIS BT,
- eligibility traces AIELSRI, EEFLEIES,

12. Deep Nets + Reinforcement Learning

AlphaGo BIFIRBBREMLE RIS RL 45

e policy network FATFEEMESET

« value network BAFHEEENE,

FIIRERIE AT A KT R HIT supervised learning.

o EEHE self-play F=4£#3E, A reinforcement learning #—® 122,
« policy gradient B] B FHOHRESRILE
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XRE: BEERSHEA, BEOHEENFIIE FEMEREGTNRBONMERYR, BieIET BRNF TR LR,
12.5 RE-MAGIFHFE

A Golf Example
XM FRE/REKEIZEEE value function 1 action-value function MIX3!,

BEhEXR:
EXHRiD AXEX BERELEE
green R BRI, REEMHENMERS.
sand M AAIXIER, EFRMETE -\infty SRIE, RRREE
%o
v_putt R putter FRESATHIRSNME FMIBRIHRFRAMZIRSTTA. & putt RKEEZLAE
TR/ ERR, MR O #F, MbulE,
q_x(s, driver) RS s #F driver X—EI{ENRMEIENE SEEE LRIshER driver, BRISEEIRRMEKIETT
o
KEETRRR

o v(s) TN WERXMRSESE, FEREELEEF.

a(s,a) WY EXMRSEHEE a BSE

EHEELLEN -1, -2, -3... REIEEFNFEANSAER; BEBKX, RE/ELEH,
IMRKIBRIR TR ZEMNE, %88 reward/value AILUBIRE RIS X IR GRiT3 RIEF S,

HXEE: Golf example BRRT RL FROMEREINAIE= R ERA N ATEERIKEAEIR, v_putt SHEMRIRTRRSHONE, M q_*x(s,
driver) LBHERS s SR driver FBRRMEIENME: agent FIEIHERKEARIRE FHIENE,

RL for Optimized Execution
optimized execution E£MRBFNRMEHNTER: BEEMHPOMTRITE, ANREREBEIFHNRRZNE. BERAPIHHRATINE,
RHEHEEERR state-based stochastic optimal control:

RL T& REBPITHIZ X
state LETEE. FIRFFRG shares, LAIBEWHNE. TTHE. RIMEHER.
action £ order book HFUNAIKEITE, FIINTEME KE. LE,
reward HRRBHNMERITRE: EHEEHE. BR. REET.
stochastic E—RETHZEEEATEE, FBRMIETEFITELER,

PXEER: MEPTHUEFRCZINE, FARSEFTECETHETGTESRE, KEEANBIMNRARZEBEFER, SFRITEETEEPIK
B, BREEINEINTERE; BTHZENEL, agent FEFIERRUKIRTHRAER,

13. Multi-Agent Autocurricula
ZEELARIERE multi-agent autocurricula M agent EHEEZEFHEEF BEIERERBE ZNFEIES, FMEEEREATEEIRITH,
MR agent ZAINEFES AR,

EERS: ELEEANRER, —1 agent WEREENSNZHEM agent HIENFIIFE, EBHAT A4 emergent tool use. SEZHIKTIE
SIRRKIIREMERE,

14. RL RIPkEL

RHFIHRBRE AT AR LR

o RESMFHERTEM: SHEELRSNIESERE L,

o reward &ITEME: ZEFIRERR. TR, % BIRHRSEUR,

« credit assignment EX: KEBZEA HIER, HHIEHANLERSER M.
« exploration/exploitation tradeoff: BAZEZRFEIVE, NARERAXNZ LR,
o FIRESHANE: AXMEREVRERHETIE.

« planning with learned models: ZRMERFIRZE, MKIFTEERKIRE,

e subproblem selection: EZAESHERE LML F (o],

o multi-agent RL: % agent RIRZS, HEXED agent FiRSE k.

15. B EEHER

15.1 i@l: What is reinforcement learning?
X EE

BICFESIMR— goal-directed agent MAIFERHEMEFREIREF T, agent TEIREFEIFSIE, HFRREIRMIA T IR, agent WEITAZE
HIRE, MEEIERAMKIRITRMVEEE,
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15.2 igl: Explain Bellman equation

S

Bellman equation FRIAMEREAGETEM, K& s WNMESTERK 7 T, MAAME. BRRSMREKPEN “BINZmMNTIHIERNE" . o
KA va(s) = Yo, m(als) Xy, p(s', 7|8, a)[r + yuu(s')]o

15.3 jgl: Compare Monte Carlo and TD

PR

Monte Carlo Fi5E% episode ISLRR return G BiiE, RN FRBERE, #FR bootstrap, {EFi% episode %53, TD A Riy1 + YV (Set1)
ERBTR, AIU—H—HELER, BT bootstrap, FANBirREESNRINERGTT.

15.4 jo]: Compare Sarsa and Q-learning

PR

Sarsa = on-policy 7775, EH BRMERLMMRYRIRBELN T —E Ay, BRI HFIHRERIENE, Q-learning 2 off-policy 7735, EHE
WER max, Q(Sii1,a), BIT—RENROMIENE, FtEEELRMAMIENE,

16. BiE=

« reward 2—¥ R, return EMERZIFBHNRITHTIORE,

o vn(s) BREME, ¢x(s,a) BRS-THENTE,

« TD target F&EMEIHE, FILL TD & bootstrap.

» Sarsa TN —SIEREFREEMEIE; Q-learning BT —aifEREE KERIHE,
« model-based RL B model 2 &R, REMEMBERXANZHR,

o A =0 #5F one-step TD, A =1 4T Monte Carlo,
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