











































































































教械 简⽼老老师⼿手稿⼗十Mt ⽆无教材 参考教材PML
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5 KemalMethod another trick
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7 MixtureModel Ell
8 Approximate Inference
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withD dimension Gaussian

MMM三 𠥹雄exptiuiilx
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Informationhemi Entry ⼀一 uncertaing
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1 Bernoulli Distribution ⽐比10.11
Method lithium Likelihood

In Bernoulli Given DatasetDE Ni Xi weobtain
thelikelihoodtnetinPDMkiiiiiuxnu.in
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Conjugate Priors

l Sequential learning update
2 Prediction tooǛ integral
Examples
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3 Gaussian Distribution

Nlxuzk eopthxmi.it12元或班 error
where之isaNDvariancematrix 127is determinant co Mahalanobis
tr EigenvectorEquation distance
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Marginal Gaussian Distribution

P如 Spcxa如 忷
We are integratingoutXb wefindhmsinvowexbi
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我Sequentialestimation
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hkehodlllNn.NL n l
2 aint 酼 不不啊

then Conjugatepriors Incaseof usingGam Nail 了了
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3 ExampleIs Bernoullidistrib
PM⾮非 M国杰 eplxhdtaD.hn AM

䙰 in 嚸斋
台算管划㖲
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㿀 explicit 彨
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Conjugate Priors
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Day3 LinearModels for regression
3.1 Linear Basis FunctionModels Basisfunction出刚 三feature

RUN istheuncertaintyof t torcertain x
0㹋 管赢𪈳囖 i 㠧1
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⼈人 雌exp1 器器了了 实验效果极佳
thin basisfunctionwithspaid
sigmoidbasisfunction

ON 8 YI 8 kike
tanka 28 a 1

⼀一

恐⼀一
Maximum likelihood least squares
tylx.wit EXNl0 BH GaussianNoise

pltlx.W.pt
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Theerrorfunction becomes

Eyiǜltnw Ǚwjdjlxn
2
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Emrtunctioncouldbeseen as a maximumlikelihoodsolution
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s sequentialLearning
chaotic Gradient Descent SM
w
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3 2 在BiasVariance Decomposition
Theexpectedsquared loss cangwriting
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3_3 Bayesan Linear Regression
Gian w conjugateprior
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Tim
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we consider azero mean isotropic Gaussian as a prior
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So I I
6 i.plWlx 巨凹⾕谷臧渐㗪化19

Prediction distribution
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Bayesian Model
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3.5 TheEvidence Approximation
crossvalidation fordecidinghyperparameter
Predictivedistribution
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8 最In绯⾚赤倾⼊入汁们装到川⼊入洲 浯⻰龙
i 龀PUMP是Ìmnimw埪 协 0

XN.miM
xx xizittm.ximii.si_

Blagman Pitkin
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0之最⼆二1 ONEM unbiased

bias

affair
㤺侧

䪉
ihi 成 1Mt

号6optimai5 56xop.it

inactivatefunction














































































































r late 1
Day4 Linear Models for Classification Nktllóxtw
into i Generative Model

PCXKDIDisaiminativetloddO
sPCCi.IN

3 Linear Discriminant hatin
041Discriminant Function o
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o o i
a 2

confuse

o
o o
o o

0
0 0

檾器器器器 ditties多 confuse
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0 0Least squares for classification

ynTWixtWn.kih2i.kldasDUineardisoriminent.funcionIEmrtunctioncanbeunhgEpCNkzTrlliW
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LinearDiscriminantCakaiLDA
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Fisher's Criterion
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Finally
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42 Probabilistic Generative Models_divide
PMGMCDPCGNKPCXICDPPMGMGHlbipccyTetiondwhaecihMXICDPMCDPIC.si

辔品的啖㵘 㵘㗊器器 凚器器
heneratiulloddiMXIUIIndineetlhode.LI
where aihPlxlc.nlP W

Continuous Inputs

Plxlhkkihiapiicx lkiilxlkhPMxkrcwxtwdlh.dz三 划⼉儿以
with Wi_Ìuiihiizhtlu 器器

Maximum likelihood solutions

Gaussiandass
wnditonaldensig.MG玩 PCCzkltt.nulPlXnGkPCiPlXnk ENlXnlM I
PlXn lzkPlCz PlXnlCz ltniNlXnlMz.I警0

likelihoodfunction

Pltlau.lk 三灉⽆无Nlxnlu刘
去
11元Nhhlnzj

After lotofcompel⽆无⼆二酼在⼆二点 岳北北2 1

2 Mi去Ětnxn
3 lk成⾼高11刦Xn
4.2 Ǐh121 Ǐ TriE's














































































































2 1 1 2
2

5名䨻智㵘囖注 鱮
棚 头了了 Probabilistic DiscriminativeModels DirectModel MGM
瑟 Intro Indirect PlXICNuliPCC.HN 版

考 Direct P lux
吆 101 㸪⼆二OWN
Phil plug

蕊 ⼼心

啊 h.tn ni.tinCwssEntgPltlWljginnyitn
ElWktnPltlw
Tiltnhyntlttnlhgn

IterativeReweighted LeastSquares IRIS
1 winning in steepestdescentalg
2 Newton
RaphsondgWMM

wloldl.lt功知 where𣲚双 ElN
PEW kjlyitnhiig yhamatrix.lt邓EW⼆二点ynlly.HN i 瓯王 weightingmatrixRN.itnnJ
WMhwloldl.IR I 坐府 t

1瓯王川瓯王⽐比⽐比以王7牡
王征㴳RZ.whaeziEW klyUcoreideaiwRsw.sn

44 Laplace Approximation
Hesitation ⼼心不不可积 approximation Taylor以
阳 ǎiia Taylorseries to
qradraticequationhfkkhfzczZJAIZZD.iohereA 双In恻强
tlzkflZDexpl h NAIZZ.in
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3

mi䉭䉱爨 迪

UZ 檾邶1 ilz ziltlz z.tl
ModelcomparisonandBIC
Wehavemodeevidence PCDKSNDM.PHdo

PCDhgt ploM

jghPMlnPMQmplthMQm.pt lnU
ilhlAlDg5

kernaltunctioniMemongbasedlkthodsKlX
Xk4lXFdlX

similaritgbetweenX

X
Gaussian Process 可能考

6.1 DualRepresentation
Jlwk ÌĚ WYNN in⾏行行ÈWW
对⽐比 0 WopiWYCXnltnMXnkiandlxniaaiiluikxnlt.nl

where軴 灿 011xihaiai.ch
了了 a ⼟土性更更更更正 a a矩ttitittzaIEakt.kz⽟玉起 weobtain

kmidlxnihxmkklxn.hnJlakikka
cikttItittika2aJlak0doptilktXINHtylX
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5 不不考6.5 Gaussianprocessesforclassification
太复杂了了 Pltlakdkill.si

Laplaceapproximation
PCQNultwkSPCN.cntNldawPlannlNPlhPltwlN

JPhuklN Pl9wltwidaw

Not Nahant H
PlainEJPlantilhqlhdawtknktnilltwkjpltillaw

DPlawtiltddannDg6is parse Kemal Machines linearmodel

Into 1 Support Vectorhlachinesls.VN
2RelevanceVector Machines can

selectimportant

Support Uectrhh.ge
⽐比如在Pelit

Classifications

HNonoverlappingdasse.si
Overlapping Classes

Regression supportvector regression

Twoclass classificationproblem tip
portVector

yióhntb 000Nonoverlapping
foundaboundmaximum fi Geometric

theMargin amongdataset af Interpretation

Margin marginimagining
marginboundary














































































































6 Distance的器器
addclasslabelweobtain
margin tiyt.tn㖌然坐

Maximummarginsolution is
W胙您吲威然tnlwitlxnltbilwihtnlwtdlx.itbblǜ constrain weobtain岎 愆 刦叫议
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i W贰
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Solution SequentialminimaloptimizationSMD knylxn D.io
In classificationproblem
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testdata trainingdata
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errorfunctionĚE.ly anti tMug quadraticregularize
Overlappingclassdistribution io
Slackvaribl.es areintroduced Sn30 niiN.io
tomeasuretomisclassifiedpoint insidethemargin

classification constraintsarereplacedby 的侧卧Sn butiscorrect














































































































1 1 g g
Therefore愳化䜌垃化114

hyperparameterfortradingof
KKT conditionisgivenby
anntnylxnlttsnioanltnylxnHtsnkolhn.sn

30 Mini
Lagrangian iswritenbgiuw.b.atÌnwitc䜌 ĚanltnylxnHtgilhsnwhae.hn0

dn7ohenhi0淼0 weobtainWǜantn011灲
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anddualLagrangeis朤⼼心慌以𤄏 anamtntmklxn.hn 1
subjectto
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Solution interpretation

dario nonsupportvector
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ifdriCihenlln0 SnEl.lr Sil

classified misclassified
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thenwehavehlilmtmklxn.hnHbkl

腻䚹嚼 amtmhlxn.hn
Mis asetwithdatapointshaving a and














































































































8 SUMfor regression Support Vector Regression
Wedefinesimple errorfunction
Ì Ělyntnjtǜlw112

Toobtainsparsesolution as
if𠳕垗E的 叫晶圤 6

Anewregularizederrorfunction
c䪰
gcxntnHIHWligintwducetuoslaehvarible.si
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77
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Lagrange optimization
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q Dualpresentations
Iaà 出譙 an

ailam
amlklxn.hn

tntaiHan antnFnmtheresult
㸪 Ělaiànlklxxnltb

The NI conditionsaregivenbyiankotsntyntnko.ci Et Ìgnttn 0

tarkio GanTo
Theparameter b canbefoundby
b tntWdlxnlt.itǙlamhklxn.hn

7.2ReleaseVectorMachine NM 7.1 isallaboutSUMabove
Coreidea RUM isSparseKenel Machine
aSUMis withoutprobability howaboutadd Probablyto it
SUMistwoch classification howaboutmore
Cor V shouldbefoundfromheldoutdata

TheSUMlikeform in NMis 30

ⓩ ⼀一派 numberofcoismuch
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PYX.wsMǚPltixnw刚 Andtheprior disturb
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