











































































































Principles of Intimation Science
0点名 诈业报告30开卷也随堂考试

Day 1
1 Whatdoyouwantto learnfromtheprogram

basicprinciple latest technique n ⼤大⼈人物 ABC

2 What is information science What isthedifferenceamonghers
研究 信息的 性质和 运动规律律 disciplines

信息的⽬目的是减少熵1不不确定性
⾮非Ěpilogpi

3 Entry
Definition of entropyHMof a discreterandom varibk
X is H㚳 蔵Plain wedefinedog0 0 bgēh些
andmaxing as when piltihgi logfh.gr
WedenoteheexpectationbyE thus if XMD.tk expectedvalue
oftherandomvaribksgn.isEyglx 毅的炒
TheentropyofX canalsobeinterpreted as heexpected valuesof
therandomrarities log甙 WhereX isdrawnaccording to

pwbabiligPN.HN Ep hg EplogPlN
HM3o ouxkl
HNHlog.atHay














































































































2

Pniiiixn 䨻是品品㸑
王 log成明

Proof Giventhatlxnxzi.xnltt
ndletlyibiynhwhoneyi.bgHi

we obtain𤤾管 yipy
发排的

ǖhgPly啊⻔门

⼆二⼀一击PNU.hgPTHCXli.HN
EltogPlx

Examph LetxY6gfH1啮嚮州将侧

HM 1bit when胜

学 著
⽐比囖iytitsi
sigiigi igi.gg

Phd














































































































3 jointentropy conditional entry
Definitionofjointentropy
OHHㄚ 䯁PMYNgkhYK
EpcgygMX.YDDyinitioniflxiD

RXN.tkconditionalentryHMM
isdefined as HMM𦱆PMHMX.io

鍆就付鹏的167FormNI
㽬pcxig.bgPyx
䊨 Playing 𠱃PM

Form讞的鸿箭

i 䉭䨊戵悱
叫

⼆二⼀一

藏新啲 gPMPHD
INxiglogPMtlogl.glx

㗽的 gPM IIPlxy.bgPǍD
⼆二 ⼀一

年年gPMIXig EPCX.yilogpcyM
iogPM.plxǐ肶譽却cxiggplyM
HCXHHMM

HGHHMY.am














































































































4 Example LetMY havetheflowing distribution
北北 1 2 3 4 j z 为 j
l i i 或在 HM 啲 HMY HIM
2 it 在 i H的⼈人
3 成⻰龙 ⻰龙 ⻰龙

4 i o o o

NXF Plxilgtiliilg ilgliti.gl
三 It Ìt Ìtfi

Hlgk igtihgi i.bg ilgi2HMYk酃的鸿㵘PCXiyigly.it171炓㸯 tgt
Notably

Pity if

HNMFHCYIDHM
HMYFtllYJ

HIYM.OORehthntwpgor.KZDivergence

Definition InthecontextofMachineLearning.DKUPN
isoftencalledtheinformationgainachieved if Pisused
insteadof a
Example
Pisoftenused as truedistinction given El 0ci
Q is usedforprediction 0.7.0.2.0.1
soweneedto make Q assameas P
Then let RIPMi䮛鸿檾Did Wmassdistributionaremoresimilar














































































































1
5

relativeEntropy or kt divergencebetweentwomass distributionPM
andN.is finalas D嗮讞的⻦鸟檾 Epalog器器
Ohg 0 if Pthpio
Prof DidPUNTO via Jensen Inequation

DNPHN PM.bg檾 部X log畿
⼆二⼀一融 log㔋 ⼀一logEp叭劕 的和嘴

鸵纱
新州 ⼈人加 PM30 X

Mutual Information
Definition considertworandomvaribl.es XY
ajointprobabilitymassfunctionMay andmarginalNabity
masstunetin MNandMy
Themutual information IN ig istherelative Entropy between
thejoint distributionandToduet information 吣阵
I X y 諄Playing檾州⼆二 吅的川䏟𠵯

秘我⻦鸟孕器器
IlxiykHM.HN y Hlg HlylX

HlXHHly Hlxy

Uennyy_OggTnsHMX
I Xiy














































































































辉癍论not Inornation science
Information

Science
is a transdisciplinary science

withintonationas its domain
withlawsofinformationprocess as its content
withinformationmethodology asits approach
withstrengtheninghumanintelligence as itsgoal

Themethodology
Ml informationsystemanalysis approach
mi informationsystemsynthesis approach
Ms information systemevolution approach
criteria1 MaterEnergyInformationTrigCriteria2 StructureFunctionBehaviorTrig

Example Let Xia D andconsider to distributions p q onX
Letplot tr MEN 910 1 5 qllks Then
DIPMKCM.bg笴 th logins
andDUP 11 5 log䇞 t sugar
If sir thenDlpllqkDlqHPFOIfri.si
WDlpllqHDlqllPlHo.zo75bit0

lB7bit

Relationship beenentry mh information
Ilxiy 部xig.bg µ器器炉部的 log器器














































































































I y g y gpnpgx.gl凹 gpa7
誂鹏㥘⼗十部的鸿PMN
HM HNM HM HCYNKHNHHIB.HN以

ChainRule ForEntry RelativeEntropyandmud information
Theorem Let xnxzi.xnbedrowntnmplxnhi.hn

ThenHM hi XnkǜHlxilxnxzi.hn

PmfHM.xzkHMHHNNHNN
nhkHMHHIXNN
HN.lt HNXiltltlhlh.N

HNnki.hn HlXitHlklXi1 n 訫1Xiii X
Definition Theconditionalmud informationof random oaribb

X Ygiven E is definedby
INMZFHMZJ.HN Y Z

Epg lgPlX
ㄚ巡

PMZMYE

ChainRulefor information
Theorem Il Xi hi Xniㄚ 䪦 XiiYIXin 如 X
Prof Il Xi hi XniY Hlx.in Xnl HNnki.hn Y

ǛHlxilxi.li从駲则 Xiii Xi
ǛINYN hi 灲

Definition 府joint distributionmassfunction Pain and ay
theconditionalrelativeentry DlplyMllq.lyXD
is theaverageoftherelativeentropies betweenthe
conditionalpubabilitymassfunctionpyx andPlay averaged














































































































Nb hg tune 1⽇日Man Ily g8 overthepubabilitymassfunctionPM
Dlpylllqyxi pixyylxl.bg是器器

汒
啊鸿戵

ChainRule forrelativeentropy
D 附 11qcxiglkDlplxmqanHDlplymllq.HN
Proof DIN㸪纵㸲䘞PNig.gl器器

⼆二部的 hgPMPlqp.gl

诗 的鸿器器⼗十部的鸡檾
1 N 1191111111 附10119你刚

Jensen's inequallyandits consequences
Definition afunctiontix issaidtobe and overan intervallab
ifforagxnxztlabhandotXH.tlNit ll NkkhflX.lt11Nfl N
Afunctionissaidtobestrictlyuhnvex.itqualityholds onGif
Nor it
Definition Afunctiont is saidtobeconaueiftiswnux.convexvvgiilxhd.xhgX.concwenrg.in

Theorem If thefunction f has asecondderivative
hat isnon negatieyit.ie over an interval
thefunction is convex strictly convex on thisinterval














































































































h landon convex my nvex o s d
9 Proof tlxktttlx.MX 坦 x_x

2

where it lies between xoandx.lyhgpoth.si fix咇
we let XiNHltNXzandxih.ae obtain
tlxibflklttlxihllNMxh.tnHXittlxiIlrNah x哇削

Town Jensen'sinequality If fis a convex functionandX
is a randomvanble.F.AM at EM Moreover iff is
strictly wnwx.theequaligimpliesthatx

EXuithpwbahiiglcie.xisawnstant.tl
fPnf Erutwo

masshctionitheineualigbewmep
flxitBtlXzl7flPiXitp2Xz

suppsethatthetheorem is true for distribwith Kt masspoints
Thenun Di⾮非111PD for it zi hi we have
武时则⼆二Pk

71砅灲 111PKHǕPUXU
3HPkktll ppix.tt𨭌测

Theorem Let PM.qM.XEX.be a pubabilitymassfunctions
then Dye70withequalityif andongit pin

Proof Let t 蜘们701bethesupportsetAPad

Dlph 飙 log器器馝巆A

3 log緲器器 log䰛 3 log駲
log1 0














































































































0
Corollary Nonnegativityofmutualinformation
For a randomvanblesx.Y.IMㄚ30 withequality itand
only if x andY are independent
Proof I lay 1 P的111吣𠵯 30

pcxykPM.PH Xandyare independent

Corollary DlpyllqlyN
o.withequagiandonlgifPlglxkqlglhforallyadx.suchthatpnolowllg.IN

ㄚ12 30 withequality ifandonly if XandY
areindependentgiant

TheoremHMdogM whereM denim numberofelements in
therangeofX withequallyifandonlyit x has
a uniform distributionoverX

PmfLet㕳武 betheuniformmassprobabilityfunctionover
X and let qanbethemassprobability functionforX then

Dlplluk袐 ⻦鸟箭 logM
HMHenabytherelaweentwpgOEDCPHUklgM.HN














































































































Day3 Chap2 Theconcept descriptionof information
Problemsthatshouldbe concerned with
l Howshouldwedefinehe conceptof Information
Informationismeng eliminatinguntertaing.It.isdifferent

background thtobtiningdftntdefnitionslancopt.si
2 Whataretherelationshipand dine between Shannon
andthe Comprehensive Into
Shannonis a specialsituationstateof ComprehensiveInto

3 Howtreasonably classify Information
Informationshouldbeclassierby propertyresult in
syntactic Semantic

Pragmatic

4 How在properly represent Information

Considering 认识论

DefinitionofEpistemological Information
Theepistemological informationaboutan object concernedby asubject
iswhathedescribedconcerning theform thecontent andthevalue
ofthestatesandtheirrelationsoftheobject

TunnelConditioning reducesentropy Informationcan'thurt

HMYK.HN
withequality ifandonlyif XandY areindependent
Proof of ICXiYKHM.ltMY














































































































2 Exampk LetMY have distribution

1点刻严啖您㵘㵘燚熒㵘
Thus theuncertainty in Xis increased if ㄚ 2 is observed
anddecreased it His observed butuncertainty
decreases onthe average

Theorem Independence bound onenglet xihi.hn bedrawnfromPll i Xu Then

HNnkiixnk.NU with equality it andonly if all
Xiare independent

Proof Bythechainruleforentropies
HM 炸击Hlxilxii.in 德什什则

LOGsuminequality and its applications

Tamil logsum inequality Fornonnegativenumbers
a hi an andbi.bz ⼀一 bn

Egg Rail log噐 withequality funding
if aybiwnst

Proof Assume withoutlossofgenerality that aw bin
Thefunctiontltktlgt.isstructconvex
Sincefltitoge.no forallpositive t
Henceb Jensen's inequality we have三州划了了fEXitihfordio.INSetting igbj and ti 维
we obtain 三箭𡅈 之箭的𤨤














































































































13 Theorem
llonwoitgotruentnpDlpllqliswnuexinthepaircp.qlifhatis.ifcp.iq

11吨
are㘩 pairsofmassprobabilityMinihan
DMPitll NBHM.tl NqzkXDlPillq tllNDlPzllHtoraUota4

Pnof Weapplgthelgsuminequalitgtoatem onthe lefthand
side NMtll NBMgxPMtllNMMtll
NqzMEXPM.bg檾 tll NPM.bg𦦵

sunningoverMX weobtainthe desired property
Theorem longofEng
HIPis a concavefunction ofP
ProofHlpklgM Dlpllul.uheneuis.tkuniform

distribution overMoutcomes TheuncannyofHthen
flowsdirectlythe convexityofP

Dataprocessing inquay
Definition RandomUaribksx.Y.is aresaidtoformaMarkov

chaininhatorder ldevōkdb 如ㄚ t ifthe
conditional distributionofZ dependsonlyonYand is
conditionally independentofX Specifically x.Y.z.fma
markov chainXMsZ.itthejoint
pwbabiligmassfunetioncanbewritenasPMY.ZKPlx.pl

㸪 1Plzly














































































































14 TonamiDataProcessing inquay
If X Y sz.tn IMY 叿必引
Proof I lxiYZKIlxiZHIlxiYN

I.MY tIlxiZlY
sinceX ZaremditionallgindepndentgimYwehaeIlXi2lYko.sinceIlXiYlZ3owehaoeIlxiY3I x z

CoNUg IfxsYsz.thenIlxiYlzkIlXiY
Pmf IlXiZlYl o byMarkong.andIXiZho.ThusIlXiYlZkIlXiYl
Definition AfunctionThis send to be a sufficientstatistic

relative to thefamily it刚 if X is independentof
0givenTN forany distribution on 0
ie 0 ㄒx X forms a Markov Chain了了

DifferentialEngDAinition The differentialentropyNot a continuous random
varibkxwithdensity this definedas
Mating t.de where s is the support
setoftherandomWible

Example uniformdistribution

Consider a random van distributed uniformlyfrom o to a
sothat itsdensityis Hafwm 0 to a and 0 elsewhere Then
theentropy ishlxkhihgidi.bga
Note For a4 logan andhedifferential entry isngatiu














































































































5 Normal distribution

Let xtxk 㮺 i 器器

hh jghf.HN⼀一点 hit

慧 ⾮非⼼心法 tzlnzi
lnetihiilnninatshldkzlgzadb.is

Jointand conditional differentialentry
Definition the differentialentryof a set Xixn of random

varibksuithdensigtlxnxzi.hn
isdefinedashNnbiXnkJtMllgtNdxnDefinition

IfXYhaeajointdensigtunetionfaay we can
锹 the conditional

NTntialentwpgkxMas.MX
YkHlxy1hgtlgMdxdyhlXlYkh

xig
hMTheoransEntropgofamul

normalNshutinwithmeanMandmatrixkThen.hlx.xziixnkh
NnlllN zlghoe N

Where114devotesthedeterminantof k bit

Proof TheprobabilitydensityfunctionofXnki.Xn.is
批⽚片藏开煳 icxuiilx

MHhltkHMI zlx iklx utlnlilhil.de
Ì 玒哥 Xihlkj lxj.glIt Ìhllkl

⼆二注 哥 lxihxj glkijiItihlznMN
ilxj MDLXiM.lk⻔门⻔门⼗十三In吣川川














































































































6 Ì I kill侧⼗十㼊论川14
Ìnt Ìh 4⺎兀兀加114

RelativeEntryandMutualInformation
Define Therelativeentry lkh divergence DAHg

between u density tandgdetinedbDHMH.gg
DefinitionThemutual information IN ill betweentworandom
varibbuithjointdensigtx.glisdefinedas IN 倒树hggj.bg

ExampleMutualinformation between corned Gaussianrandom
vanities wit correlationP Let X.Y Nlo.hn
啾 作 㗊品 hlxkhyigcuihlgkzlglzheilkkzhglwldll

MIlxiYFHNHHN.HNy iii it
⼆二 Ìhltp 0就红
⼆二 Ìh10404旿上

ǒitp
Ìhllt 楽明⼆二三h11⼗十点1

it FO then I 必作0
A EH then IMY is infinite














































































































7时惢cassion
0Why is semanticinformation important Understanding

Why is pragmaticinformationnecessary

A great challenge
Thesensorcanonly relievethe syntactic Informationwhilethe
cognitiveThinkingneeds Semantic Information

HowcantheSemanticInformationbeproduced
ClassificationofInformation

ifpragmaticsemantic

g癍 _t.nu 𡀝
lpiscré Fuzzy

f
Randomtie ⿏鼠式 _semi Randon

CleanDeterministic

Popertiesof DifferentialEntry
RelativeEngandTheorems Dltllg 30 had Entry

witequalityitandonlyiffy almost everywhere
Proof Letsbethe supportsetoff Then

DHllgkbtloggttlgbtglogl.gs
go














































































































18
lorollgICXiYbo.witheqaalgiHXandYareindependent.lowUgihlxlYkhMwithequaligiHXandYareind

pendent.Theoremi ChainRuletrdnnti.nl entropy
NXnk.in 款侧Xnxzi.X.nl

TheoremiHlXtckHM Translationdoesnot changethe
雌enticing

Theorem Max High
Proof Let Yiaxhtigk 㰹侧 and

HlaxkfiigilgtigiditxlYdgitxdg
JtcxtlogtindxtloglakhhthgldcowllghlAOkhtlglAITheone.ms

letthemn vectorXEM havezeromeanand

convariance 继EIXXY.hn hlxkihgln.MN
withequaligifX Nlo.N.kijEIX.vnYI
where ki

kjm.Pmfletglbbegdensgsatistyjglxiydikigforauij.tt
怄bethedensig of a NON vector

asgiveninwhereweset to Notethat highis a
quadraticformand lxiylihikij.hn
OEDlqllonkjghglykhgjglgokzhg.jondgnhgHhlhlwhaethesubNtionfghghiHngntolhus

fromthefactthat g andohyields thesamemoments














































































































I g.ly
19 ofthequadratictmlghn.toreni EstimationErroranddifferentialEntry

Forgrand
mumbleXandestimated义

红⽕火啊 玼冰 withequality if X is
GaussianandX ishemeansof X
ProfLet i begestimatorof x then

王从婀婴琳
义泣 班班 varM
int wherefollows fromthe

factthat tkmeanofX is花bestestimate forX
andthelastquangfollowsfromthefactthatthe
Gaussiandistribhasthemaximum entryfora given
variance WehaveequityHtt isthe bestestimator

CordayGivensideinformationYandestimauriiD.it follows
that玒𤜥明⽅方式thMY

Maximum Entry Distributions
consider批 following problemsMaximum theenghHover
allprobabilitydensities f satisfying
if Maowithequalityoutsidethesupportsets
251烑 1
3⼩小州Nxtdxidi for Him
Thus f is a density onsupport sets meetingcertain
momentconstraintxnazi.am

Calculus Thedifferentialentropy M is a concave
functionover a convexset Weformthe
functional














































































































20 JHHthftil.tt絒 tri anddifferentiate
withrespectto tix theNhcomponentoff to
obtain𦦵 htttxotiM.setgthisequal tozero weobtaintheform the
maximumdensity Hxkè XtS wheredo
hi Am arechosensothatf satisfytheconstrains

Information inequally If gsatisfies conditionsand it is
oftheformexpihenaDlqlltkhlglth.hus.hlgkh.torug satisfiestheconstrains

Theorems Maximumentropydistribution LetflxktxM.netxtS wheneiinmareihosensothatt
satisfiedconditions ThenA uniquebmaximizehHour
allprobability densities

tsatistgunstains.Pnofletgsatistgtheanstrains.ihenhlgkfglgg

Jghytt Dlglltjglntijghyii.ggcut敢测制捫燜Nd
Whenfollowsfromthenonnegative off

bfollowsfrom thedefinition off
cfollowstom批factthatbothHandg satisfy
the

unhub.tnLetthe constantsbe珈09班82The
formofthemaximum distribution is
HxkexotNt MA

maximizetheentry is No叫 distribution

o














































































































21 Hxkiiǜ
Example Let simi 的 The distributionthemaximize

址王鹏 istheunitrn distribPM粥 torch
Example Let stab I The distributionthemaximize

MeEntropy istheunitin distributerherange
Example Let sit 划 珈M Thenhe entwg maoimizat.io

distrib is tǜēū not
Example 5 lt.tn Ekd 我䚹 Themaxentropy

distribution Nh 加⽔水
我雌 SikhExixjtgkixjtn.to北北⼊入域州炒
HXKhyyzteXTKXNNnlo.NL

Ìlogl沘川川
Anomalousmaximumentropydistribution Maximizetheentropy subject

to theconstraints i fitM.dk f xtMdXdiJAMdXdzJx3tMdtd3fMeNtXxtXzX4Nx3ButAX3ismnzeroJtMohdensitg

cannotbenormalized

Eng rateofAGaussian Process
Definition hedifferentialengrateof a suchastic process

NilxitRisdtinedtbe.hn朤北北丫⼀一 itthelimitexists
had㵿 会 㵿hlxnlxn.in有
Fora statingGaussianstochasticprocess we














































































































722 havehàixnkzhg 吡川㥃
WheretheconveniencematrixK
hlxkzhgethihgs.INdd

Theentropyrate is also㖌⼈人刚炒 Sine the huts
Pass isGaussian the conditional distribution isalso Gaussian
AndhencetheConditionalentropy is Ìhgzneói where i
isthevarianceof hear in thebestestimate of Xngive
theinfinitepast Thus oileinltenu.tkeggrate compressesto theminimum mean
squared emir ofthebestestimatorof asampleoftheprocess
givetheinformationpast














































































































B Day5 考试 开放题型 计算题
Exercises fr examination
l Why canonly syntacticintimationbesensed

2 Pleasestatetheprinciples of pattern recognition

3 Whataretheprinciplesofmachinelearning Doyoufindanyproblem
inpresentofmachinelearning

4 Doyouhaveanyideato improvehequalityofmachinelearning
ingeneral

Fundamental PrinciplesofIntimation Acquisition
stimulusS

gntacticX

e.int 豳 豳城

1 锵嘅 ⽕火⼊入化⽇日

Experǐlztih
knowledge Bases lx.zi.li














































































































24 agnaticInformation Acquisition

Definition Acquisition

A processableto obtainthesyntheticinformation concerned
Itmayconsistof anumber ofsteps
D Sensingexist
到Recognition whichclassaccordingto formalinformation
3 Representationhow t display

CategoryofInformationAcquisition
sensing 20Classification 30MachineLearning

Modelof Classification

tn extraction

Matching_computing

䏈 𡅈ISelection
Definition Astochasticprocess issaidtobestatsifthejointdistributionofany
subsetofthe sequencesofrandomvaries is invariantwithrespect
to shifts inthetimeindex thatis
Prlxix.XEX.cn 炸炸 Pri Xi Xi Xzihi Xntihh
foreignandeveryshift landforall

xnxziixntXDHinition.lt
discretestochasticprocessxnxziissaidt.be a Marker

chainor a markovprocess ifforrni
Prlxihnlhixnxnixnti.XFX.FMXntixnlhixnl

forall x.iixn.hn EX PCXnhixiPNDMNXi.MXXm














































































































25 DefinitionTheMarkovchain issaidtobetimeinvariant iftheconditional
probabilityPIX州州doesnotdependonXn thatis fornzipiIXntiblxiaEPrlxib.lka forall abtX
Usual Markov chainistimeinvariantunless otherwisesated

If 侧 is a Markovchain Xu iscalledthestateof timen
Atime invariant Markov chain ischaracterizedbyits limitid
state and a probability transfermatrix 脚归

wherePij Prlxilhi
If it ispossibletogowithNationprobablyfromanystateof
theMarkov chaintoanystateinafinitenumbersteps TheMarkov
chain issaidtobeirreducible If the longest connectionfactor
thelengthsofdifferentpathfromastatetoitself is 1 TheMarkov
chainissaidthe aperiodic

Definition Theentropyrateof a stochasticprocessNil is definedby
Hill Xii hi whenthelimitexists

1 Typewriter
considerthecaseof atypewriterthathasm equally likelyoutput
ln Thetypewritercanproducemnsequenceoflengthn allof
them equally likely HenceHlxnxziixnkhgmnandtheenpyrate.is

Hhogmbitspersymbol
2X Xi are iidrandomvaribl.es Then

Hlxklimiidim HIM














































































































26 Theron For astationary stochastic process thelimits

til 毗 hi Xn 20H昨鰂侧Xm hi X
existandareequal HNKH们

Models statistical inferenceand Leaving
Statisticalinference or learning as it it calledincomputerscience is the

processofusingdata t inferthedistribution thatgeneratedthedata A
typicalstatisticalinferencequestion is
Given a sample Xiii howdoweinfer F

In somecases wemaywantto inferonlysomefeatureof F suchas
itsmean

ParametricandNonparametricModels

AstatisticalmodelF is a setofdistributions ordensity or regressionfunctions
Aparametricmodel is a setThat canbeparameterizedg a finitenumber

ofparamus Forexample ifweassumethatthedatacomefrom a
Normaldistribution thenthemodel is
Fit 必以⼩小贰州翘了了 uER.ci

Thisis to parametermodel Fl Hx idiot who is anunknown
parameter orrectorofparameter hatcanhe values inparameterspace
If 0isa wor butweareonlyinterestedinonecomponentof0 we all the
remainingparametersnuisanceparameters

Anonparametricmodelis aset that cannotbeparameterizedby afine
numberofparameters Forexample Fail all CDF's isnonparametric














































































































27 Example One dimensionalParametricEstimation Let Xi Xube
independent Bernoullip observations在problemis t estimatethe
parameterp

Example Two dimensionalParametricEstimation Suppose雄 Xi
Xn ⼲干andweassumethatthePDF ftF whereFisgivenin
ill⻔门在goalistoestimateparametersfromhedata Ifweare
onlyinterestedinestimatingM then u is theparameter ofinterest
and0 is anuisanceparameter

Example Regression prediction andclassification

Supposeweobservepairsofdata lxnY.li 如制 PerhapsXi isthe
bloodpressureofsubject i andYi ishowlongthey live Xiscalled a
predictororregressororfeatureor thedependentvariable Wecall
HXFEMXxlhenges.sionfunctionIfweassumethat rt F where
F isfinite dimensionat thesetofstraightlinesforexample_then
wehaveaparametricregressionHweassumethat rt F whereF isnot
definedimensionalthenwehave anonparametricregressionmodel Thegoal
ofpredictingYforanewpatientbasedontheirXvalueiscalled
prediction IfY isdisco forexample liveordidthenprediction is
insteadcalledclassification Ifourgoalisto estimatethefunction r
thenwecallthisregressionorcurveestimationRegressionmodelsaresometimes

writtenas Yr Mtt when㼢 0
define theXlandhence炸汁 咖啡 ⽐比HE Moreover

乱⽐比 珏 咖 班从㖄⾮非 班 侧 批
㴍 吣 𠴕 0














































































































28 PointEstimation

Djinn Apointestimator nota parameter0isconsistent if i
在distributionofOn isaddthesampling distribution Thestandard
deviationofÒn iscalledthesandardemndenotedbgse.sesend⾯面
Often thestandarderrordependsontheunknown F In those cases
se isanunknownquantitybutweusuallycanestimate it Theestimated
standardem isdenotedbysè

ExampleLetX.iixn Bemullicpandlet.fiXi
Then瑚⼘卜吃话 lip so i is unbiasedThestandard
error is seilit Theestimatedstandardemiris
soil

Thequalityofapointestimatessometimesassessedbythemeansquared
error orMSEdgindbg.MS 012 Keep inmindhat
Ed refers t expectationwithrespect to thedistontlxnixni0ktlX.io
thatgeneratedthedata进hesnotmeanweareaveraging over a
distributionfora

Theorem The 班 canbewrittenas MSE biasYHU.li
ProfLet 噈 哦 ThenI
Edaioidh oitoi oi d oiitzloioiloioitE.IQ012 10⼼心 褪 n_n 2
⼆二 biailoitvh.hu wehaveusedthefacthat

Ednoikoi 0io














































































































29 Theon Ifbiassoandse oasn.no thenon isconsistent thatis
nt

proof If bias 0and as 0 then theoremabove MSEt It
Allowsthat 䬕

畆啡 Returningtothewinflippingexample wehavethatEplpipsothebiaiptioandseil.PTn o.Hence P p that
is f isa consistentestimator

Definition Anestimator isasymptotically Normal if
no Nln

ConfidenceSets

An confidence intervalforaparameter 0 isaninterval lila
whereaalxiixnlandbiblx.in则arefunctionsofthedata
suchthat Polo Hilt forall of 0
Inwords lab traps0withprobability In Wecall In the

courageoftheconfidenceinterval
Warning his randomand 0 is fixed














































































































301到6 CognitionbasedonCIT
Definitionofcognition
longition.am orprocessofacquiringknowledge by reasoning

orbyintrusion or throughthesense
CognitionistheTessforplacing knowledgefrominformation
throughthewagsof refining mainly variouskindsof induction
Information Thestate thevaryingmanner among thestates

Knowledge Thestate thevarying law amongthestates

绷⼀一 中哦 1赢gInform㟣
2 KnowledgeThing Partone

Knowledgecanonlybet productofepistemological Information ie
comprehensiveinformation

Estimatingthe CDF and suis animals
Wewillconsidernonparametric estimationoftheCDFF.DGinition.TKempiricaldistributionfunctionÈ istheCDFthatputs
mass In ateachdatapointXi Formally
𤧐 鰂 洲 when IN 滩 16𦭑器器

TheoremAtanyfixedvalueofX
珤婔珊 飶上FM
U我们⼆二 刷11千刚

⼀一

班三刑毕业 0














































































































31 Astatisticalfunctional This anyfunctionofF Examplesarethe
mean ujxd thevariance òflxhl FIX andthemedian
⾮非刑1121
Definition If TIFKJrm.cnforsomefunction rn thenT

iscalled a linear functional
Tlattbhkatlhtbīlhl

ParametricInference
Parametricmodels thatis modelsoftheform
FElHXiDi EGwhutkOtR.kistheparameterspaceand
a loin ok istheparameter Theproblemofinferencethenreducesto
theprobumofestimatingtheparameter0
Often weareonly interestedinsomefunctionTO Forexample if
a Nun thentheparameterofinterestundoiscalled a nuisanceparameter
我呲 Let xixn Normal.lu吵 Theparameteris 0 Md
andtheparameterspaceis Elmo MGR 070了了 Supposethat

Xiistheoutcomeofabloodtestandsupposeweareinterestedin r
thefractionofthegulationwhosetestscoreislargerthan I
LetZ denote a standardNormalrandom varibk.hn
閂 刚到 1伙加1 P1些 兴
1 P 哭1 1 01华

Theparameterofinterest is rid 以1乱倒 们
Example RecallthatXhasa Gamma xdistnbniftlxixBKxe.no

when070and 阩将对egg














































































































32 isthe Gamma function Theparameter的 埱 he
Gamma distribution issometimesused tomodellifetimes to

he animals andelectronicequipment Supposewewantto
estimatethemeanlifetimeThen Think AB

MethodofMoments
Supposethattheparameter a laid hash components For kik
DGinethejthmoment.gil0FEo.IM

idol x
andthe j samplemoment
iii

Definition ThemethodofmomentsestimatorOnisdefinedtobehe
valueof0suchthat

⼩小⼼心我
Xzlōn
i i i
⼩小船成

Formulaabovedefines a systemofk equationswith k unknowns
Example Let Xi xn Bemoullilp.Thenoi.plXkpand ii
gequatingthesewegettheestimatr.it款

Example Let㣺 不不 Normal UM Then xiEolx.FM and
Xi䢩炸 VolxitlEolx.int Weneed to solve
theequations tix

iiixioilxi.IT














































































































33 MaximumLikelihood

Definition Nelikelihoodfunction isfined gun 酬⼼心0Theloglikdihodfntionisdfinedbglnloihgfnla.TK
likelihoodfunctionisjustthejointdensityofthedata except

thatwetreat it is a functionoftheparameter0 Thus⽀支 0 00
Thelikelihoodfunction isnota density function ingeneral it isnot
truethat Inlo integrates to 1 withrespectto 0
Definition ThemaximumlikelihoodestimatorMEL denotedbyÒn

is thevalueof0thatmaximizes挑了了
在maximumofln101occurs at札sameplace as themaximumor
In10 somaximizing theloglikelihoodleadstothesameansweras
maximizing thelikelihood Often itis easier t workwithloglikelihood

If u multiply In101byanypositiveconstant C notdependingon
0 thenthiswillnot changethe Mi Hence weshalloften
dropconstants inthelikelihoodfunction

ink Supposethat Xi XmBernoullip Theprobability
function is tlxipkpiifrx o.la Theunknown
parameter isp Then
hifcxiippcrpip up where sin

Hence lnlpksgptlnDlogll.pl
Takethederivativeofhip Setit equalto notfindthat

a
go EX inthe

MLEispiisnftfu.si吣
⼆二0.6

i梦
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34 Example iLet X ⼀一 xn Nlu.ci Theparameter called and
thelikelihoodfunctionlignoringsomeconstants is
Inu ⼩小班expl lxiliiexpfcxiuonexpie.pl_成器器 了了

where如旊Xi 拦柜 xi

ithehglikelihodis.lu
以 ngr 唥 2

Soloingthe equations ⼦子哲⼆二 0
北北臖

i.li is

Thefrequentmethod

Fl Probabilityrefers t limitingrelativefrequencies Probability are
objectivepropertiesoftherealworld

珏 Parameterarefixed unknownconstants Becausetheyarenotfluctuating
nousefulprobabilitystatementscanbemadeaboutparameter

F3 Statisticalprocedures shouldbedesignedto havewell definedlong
runfrequencyproperties or example a 95percent confidence
intervalshouldtrapthetruevalueoftheparameter withlimiting
frequency at least95percent

TheBayesian Inference

Bl Probability describesdegree ofbeliefnot limiting frequencyAs
such wecanmakeprobabilitystatementaboutlotsofthings not
justdatawhicharesubjecttorandomvariation

132 Wecanmakeprobabilitystatementsaboutparameters even
thoughtheyarefixed constants
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35 133 Wemakeinferencesabout a parameter0 byproducing a

pubabilitydistributionfor0 Inferences suchaspoint
estimates maythenbeextractedfromthisdistribution

Dgi TheBayesianMethod
Bayesianinferenceisusuallycarriedoutinthefollowingwg

1 Wechoose aprobability density兆 calledtheprior distribution

hatexpressesourbeliefsabout a parameter0 beforeseeanydata
2Wechoose a statisticalmodel tix thathits ourbeliefsabout x
given0NoticethatweknowwritethisasfMOinsteadof flan
3 Afterobservingdatxi.hn weupdatebeliefsandcalculatethe
posteriordistribution fldx.in

Supposethat 0 isdiscreteandthatthereis asingle disco observation
X Bag Theorem
P lady PX 0型 Pin

㫵咁 训⼼心⽉月1元17此⼼心明⼼心0
Theversionfor continuous variables is

fy.tl t0_IfwehwenIID observations

娳州毗 Xin wereplacefun with
抋 ⼀一加10𤄏皉 101

NotationWe呲 呲 tmeanlx.in and it mean
IX 刈

兆刚⼆二州州町㸠肶⼼心想坐xfnloifldwh.ciInl0Hloido is callednormalizing constant
NotethatCndoesnotdependon0Wecansummarizebywriting
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36 Posteriorisproportionalto likelihoodtimes Priori

悧刚从101110

Exampkiletxnxixn Be.muhip Supposewetakethe
uniformdistribution悱1 asaprior ByBayes theorem the
posteriorhastheform

tlplikflpknypu ppstH.ci
wheres⼆二点Xi isthenumberofsuccesses Recallthata
randomvariablehasaBetadistributionwithparameterxandB

if itsdensityisflpiamfg.PMpf.aeseethat
theposteriorforpisaBetadistributionwith parameters 511and
以511_Thatis 惭怍户器器阳娜州州 rpǐ
Wewritethisas plxn Betalstl.ns.tlI

Noticethatwehavefiguredoutthenormalizingconstantwithout
actuallydoingtheintegral in Pdp Themeanof a Ben
distributionis狲 sotheBagestimatoris i器器
It is instructivetorewritetheestimator asFMitll N.li
Theposteriormeanis i TxtBtnthnlptlmh

wherepits isthepriormean
Example LetXi 不不NO07 Forsimplicityletusassumethatòis

knownSupposewetakeasapriorOnMail Theposteriorfor0
is ON Nlō以where Ewitu wuw Yseh.it焀t 在地 and se垢 isthestandarderroroftheMELT

Statistical DecisionTheory

Wehaveconsideredseveralpointestimatessuchasthemaximum
likelihoodestimator themethodofmomentestimate andtheposteriormean














































































































37 Infact therearemanyotherways t generateestimatorsHowdowechoose

amongthem

Whenthelossfunction issquarederror theriskisjustMEImeansquared
error NO岞⺠民100位MSEUddtbiai.la
ComparingRiskFunctions

Tocompareto estimateswecancomparetheirnishfunctions However
thisdoesnotprovide a dearansweras towhichestimatorisben
ExampleLet KNIN andassumeweareusingsparederrorloss

Considertwoestimators EXandE3 Theriskfunctions
are NO划派 X 0121 andNOOiEd3 012 30 2

If 204 thenNo的51210刚 Neitherestimator

uniformlydominatesthe
otherlfogznRlo.ci
00 1 2 13 456 5

ExampleLet xiixn Bemoull.iq considersquarederrorloss

andlet fix Sincethishas0bias wehavethat
Rpg 𣶹 P 所

Anotherestimator is㭅性以⼗十⼏几whereY嘅 and

xandBarepositiveconstants Thisistheposteriormean
usinga BetulaB prior Now
RlpiivpntlbiasptN
vpltnltlF.pl噐州州
濎器器叫器器__pi

Let a Bit Theresultingestimatoris i YU Tin
andthenjkfuntionisRIP.int ni
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38 Neitherestimatoruniformlydominatestheother

DefinitionAdecisionrulethatminimizestheBagsriskiscalled a Bagrule
FormallyÒisminimal if Htōkiǐrlfō wheretheintimum
isoverallestimator0
Anestimatorthatminimizesthemaximumrisk iscalled aminimal
ruleFormally ō isminima if go 0 肾兜RIO07
wheretheinfimumisoverallestimatorsŌ

BayesEstimators

LetfbeaprionFromBayes theoremtheposteriordensityis
flom HXNHhittgflxloHH.de where
mlxkfflx.at冰川州㸠 isthemarginaldistributionofX

Hinetheposteriorriskofanestimatoronby㖄州400侧州州
Theorem TheBagsrisksatisfiesHfòklrlōlxmndx
LetÒMbethevalueof0thatminimizesHòlx Thenō isthe
estimator

Proofwecan run theBagsRisk asAllows
HtÒHNQÒHQNLIQÒ唙州州州北北

⼆二Juan㖄州烑 加0，0㖄㖄
MMdxdoylfladDHHDdohnhnxlmn.de


