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Chapter 8. Binary classification

. Plan of the chapter
Bayesian modelofl A SAHQI 0IAQl marginalization(FH3HE 7|8IC2 Bayesian model2)
Crefot 88202 LoPh= 7I8HS Ofgshs A0 =X

2. Example tasks (CIAIE)
(A)

Figure 8.1: A binary classification experiment. (A) Example Gabor stimulus. (B) Psychometric
curve.
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Figure 8.2: (A) Generative model diagram. (B) Examples of mirror-imaged class-conditioned
stimulus distributions.
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4. Mirror-symmetric class—conditioned stimulus distributions

Binary Classification0{lA] CCSDs that are mirror images of each other 7t &%t

(GIIA])

1) Method of constant stimuli (s= OXHY n7f 242f S =& MEH)
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“Z710] 22 total probability law”,
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. Using the generative model
) 7l 2

O|X| binary classification®| generative model& CHA| 2Lt X = C —» s — xO|Cf, ZefjA

C7t Xp= sE ddola, X5 IF A x5 ettt
x7F CHl AEHoZ 9IESH= A Otd. s& 8dll EHCE Q&S = A
2) =X
LEPF HH= HRoH A2 p(x|C)o|Tt. 2HLFSHH 0|0 Bayes ruleg AR p(CIx)E ot
™ likelihood p(x|C)7t B3| WRO[Ct M| 22 £24 x= s0f 26 He=E2, & Al
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*Q|AF 5O O **
SOl Lol FHotE ottt 5, p(xIC)i= <Ol CHOl &5 Ffoll Alttettt,
when s is discrete: p(x|C) = Zp x|3:,C) p(si|C); (8.15)
2 72 x= 7F FOIXH CoF FEOIER p(x]s,C)= plxls)2 THeetEltt,
when s is discrete: p(x|C) = Ep x|si) p(si|C); (8.17)
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when s is continuous: p(x|C) = /p(,\*Jx,C)p(siC)d.s‘. (8.16)
when s is continuous: p(x|C) = /p x|s)p(s|C)ds. (8.18)
. Inference
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%&1 HE Zd% (Clx). O] 20| HEZ inference.

d= log L
p(C=—1lx)

Inference= Bayes rules 2H M&sk= 1FHo|Ct
O] 2A&PE J|ASHH =T posterior = likelihood x prior / evidence.
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3) evidence(®H=
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4) Decision rule (MAP)
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Chapter 9. Top-level nuisance variables and ambiguity
1. Plan of the chapter
27X classic examples (depth perception & color perception)S ol MIAl AMEH 21501 CH

o 2 B Mol Pgt Tzt WS HeCt

2. Example tasks
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3. Size as a top-level nuisance variable in depth perception
1) 24 M%Y: size-depth ambiguity
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2) Step 1: Generative model
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model Z0|Ef. S29t F2 x/t wet D & =0 2o SA0 Z2FEth= 0|t et wot

nuisance variableO| =IC},

3) Prior 44

wel DOl et priors Eoletn et pD.w) =p(D)p(w) ot wet p=

o
c
E 2 gleBZ magnitude variabledl| Xghot EIIt HRSICE woll= lognormal 2XEE 7HY

gict p(w) = Lognormal(w:fy,03) Ol log w7t HP2EE WECK 20jo[Ch DOj CiohA

S ceasiz 9B log DO flat prior® =t pllogw) =4 (logwipt,, Gy)
p(logD) = constant. o5 Zitg & of| Qh BAAS 22 WEHR CHA ert
logx =logl+logw —logD, . 0] A2 log x7t log wet log DO| 4% ZEolets g

BO{EL,

4) Step 2: Inference
HXt= 01X x22EH DE YoM}, Bayes ruleg M&dHH Ch3it €L,
p(logD|logx) o< p(logD)p(logx|log D) (9.7)

o< p(logx|log D), (9.8)

log DOl CHet prior?t flatO]|22 posterior= likelihoodd| HIHBICE log x&= log woil 45
oot HEHO|E2 log x | log DE HAEmIt EiCt
p(logx|logD) = A4 (logx: i, +log! —log D, O'E.J. (9.9)

Thus, Eg. (9.8) becomes

p(logD|logx) e A" (logx: p,, + logl — log D._Gf.) (9.10)
= A (log D; p,, + logl — logxx, 0’3,) , (9.11)

where we made use of the rule .4 (a; b, 6%) = .4 (a+c:b+c.c?) forany a, b, and c.

ety D XHl= lognormal posteriors WHELT

p(D|x) = LogNormal(D; i, + log/ — logx, 63.). (9.12)
5) Posterior 24712 X4t
log domainOilX MZRALE Z|ARfetCt] JTHI6HH, = X|= posterior Ew0| IO,

logf) =W, +logl—logx. 0|2 g B D2 Z=2|M LSt 2Tt

[l

D:IEM' O A2 ™= 72| ~D7f Y8 37| x OtL[2}, priore| IZHO[E pwoi 2ELS
BOEL: eMuwis we fgﬁo| OtL2} “BEYet(median)”O|Ct XBSHC= g #HA7f LI=LE

. Medianw]

5.y VA ] (9.15)
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6) nuisance prior/t Bt== bias

O] Aufe| &R0t o0j= Chadll 20} 2HEoE =0|=7F giXIgt woll CHeE prior MHE0 D
20| biasg = UCh HH AP B (EHS[= median)2ECF W, 2EX= 2% TRACH D
DpaZHSICH BIH2 AN XPF median2Ct Q@ 2{2|S DHHEHSICH 0] biass
measurement noise [HE0| OfL|Z}, nuisance variable(w)0f| CHs F=HIIE SH7| WR0]| ShAist

AN
Ct. &, nuisance variableQ| priorZt &4 i~ DO posteriord]| 2% Fok2 &L

(A) Prior over w (B) Prior over log w (C) Posterior over log D (D) Posterior over D
narrow narrow
medium e medium
wide —yide
T T 1 T T T .I 1 L] N
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Figuare 9.3: Priors and posteriors over w and D in the car example.

(A) Likelihood (B) Prior (©) Posterior
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Figure 9.4: Two-dimensional prior. likelihood, and posterior in the car example.
Fig. 932t 9.4= 2X& prior, likelihood, posterior &5 AlZH™Mo=zZ HOJELE wof CHEH
prior7t D2| posterior2 &8 ambiguityS SHZASH}

(A) (B)

Figure 9.5: Two variants of the Ponzo illusion. In both cases, the topmost figure (line segment)
may look taller (wider) even though it is physically equally tall/wide in the drawing.
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Fig. 9.59| Ponzo illusion0Ms 28F 277t SUsH £ 0| M2 2 2| 22t £0] $0|
DM, Cf 20| BOl= ME0| O 2 XIZFECt Ol “Ze U3t 27| + O U Ha'S SAlof o

ZH™ AX| 377+ o O $t= Bayesian FE9| ZAnto|ct,

. Marginalization formulation

1) marginalization formulation2| &2+

O] Hol a2 “AolM ot p(logDllogx)= At wol CHoll F=Eigtet Zipet= AS Fels| 2
0= AO|C}, Bayesian REO|M= nuisance variableZ ZEefot HA| posteriors ™A RH=E

T, 3 HE MM MAHSkE 27t 71=20]E.

2) 2K posteriordfl A A[Z
MX 2 B2 D2t nuisance variable wS SA0] EeSH= 2Kt posteriors £LCt,

pllogD.logw|logx) =< p(log D.logw)p(logx|log D, log w)
=8 782 48 prior= p(D)p(w) HEHZH EICH
pllog D, logw|logx) e p(log D)p(logw) p(logx|log D, logw).

%, priore 2K 2E0|CE

3) LikelihoodQ| 7|sFstA 2|O]
O MM x= D2t we| 2HEH &+0/22, (D,w) UM xE ESh= g2 oF &

Qlof2t EXHBICE, ek 2XF- likelihoode M 2f0|H, AOZ = delta function2 HHE

Ine

—_
~

Ct p(logx|logD, logw) = o6 (logx— (logl +logD —logw)). 12| 94p= 0] M2 HOIZEL}

4) Prior x Likelihood = slice
2Kt2 prior QJ0f| O] MY likelihoodE &
-

posterior= prior2| ¢t XZf(slice)O|C

f

oM, prior0M g Pel B2 e 5,
9.4C71 O] IHE5 AIZf=folLt.

5) OFX|8F |, marginalization

OM| nuisance variable w2 X|HsH7| /8H woll CHsH ==t

i L =

P“‘)gD“Og"‘J'_/f’{logD‘-103“"|]°3'*Jd(103”") O] ME0| 2kt posteriors TAHY posterior

p(logDllogx)2 collapse Sh= 1FYOICE. marginalizationOlzt & JCHE oF XHE TOIM

margin@z Hlfji= A.

. In color perception
1) 7|= OfO[E|0]
M X2 ZXlE 40| A2t f2IF He| SYOITL £t M= HEHO| shade(= reflectance, p)
0|11, nuisance variable2 ZHO| M|7| |0|C}. 2fofof o] & x= 0| 29 =222 &Y

=iCt,

i O
no
o
i
>|.II

2) Generative model

_10_
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Ml dEtts EHO| reflectance p2t 2F M7| 0Bt FFg2 Y9 &= x0|0f, =0|=7t gitt

—1OHA o1 o+

0 JPHsHH x = plolct, 232 MM logx = logp +logl.

0| A& Xt=Xt OAQ] logx = logl + logw — logD2t Sst 1XZ JHXICE

3) B9 24

StLte| retinal intensity x= 95| B2 (p, ) gt X[t oS S0i, 02 S0Vt et
HE = 40t 92 Z0UF ot 4g Bi= A= E2 xE s £ O MM retinal

o =
intensity XHEIC2= HMO| shadeS 2T 4 Qitf. R XIZ{ok= lightness= H&ot =

4) nuisance variable2| %sf
M XIZEIM R M7| = nuisance variableO|Ct shadeZ ZEoI2M (0f CHol FEASKSIALE
CEME Eoll 15 FHoHoF ottt 0] IPH0| “discounting the illuminant”O|Ct &, TN X

=
j—
WS FHot, O Jgs HAet F EHOJ reflectanceE F=E0ICt,

i

< HBIA D = .
80| Lot 2=dds S0/8 22
(A) Q)
Shade of Intensity of
surface illuminant

£ N

[ Intensity measured ] | Other I

by retina observations

(D)

a8 A~C MY OHE & ZEIF 28 HEE YedsM, O HEES 0|80l shade posteriors
AL 2~ QUCE Simultaneous contrast illusionOfX= & Y AFFEC retinal intensity?t &
Off, 81 W2fo| RHO| Ch=rtn YABHE M2 g g7|=2 X|ZECt ol =Pt 282 =2

ot £ shadeE FH6H| MEOICH,

ro

Ct Ol &4 A
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210} =(power spectrum)0f Lol M= CHE priors Ml RV WEOIC. =, nuisance
variable(Z3)0|| CHSE 74 X[O|7F A& X|Z+ X}O|2 OH=LC}

= M XZfO At FEE= depth OlARb ST HEL x= 2
variable()2 2% Za0|H, 0| =22[67| PPl prioret M2t JYEHE ARSIt X[42

—
generative model 20X nuisance variable2 X{2[ot Bayesian F22| ZA1O|C,

’-DZ
1
o
tO
>
[
%)
Q
>
(o)
D

. In object recognition
1) 2Ho] Y P&
A QMo 227 2y U= A2 AHQ] FAl(identity) CO|E. SHXEE Y0 50{2= 0|0
Xle | A o2t & ZI=(viewing angle) 60|= 2} AXEICt 22|= ZIE0l= 2
Of giX|2t == O[0[X| s&

Olt}. k= Z=ZE “discount’

recognition2| 2|0/0|C},

AYsh= Ol UH0IC), [M2tM 6= top-level nuisance variable
o0 M| GHZRS FEoioF ot 0]Z40| viewpoint-invariant

2) Generative model

(©)

identity viewing angle

Duof= M| 4 CH SHA), 6EY UT), s(O0JX)7} AUTH BES CF 07} B 5 A
Mot SEfOICH Cof o= EYORED JFESICH I EF ML X ER O XF Wit
JbEe X, B p(C), p(e), 1211 p(sICOOIt L2t AEHoR ekn AL e p(Cls)

3) Bayes rule &

2HH| posterior= Bayes rule2 A|EfSHCF

p(Cls) o< p(s|C)p(C) (9.21)

%, p(Cls)= likelihood p(sIC)2F prior p(C)0H| HIZ[SH.

Z{E0f CHiot s}

)
p(s|C)= HIZ FOJX|X| =Lt O|0X|= ZIE 60f M2} Z2fX|22, class likelihood= 0 LCH

p(s|C) = [ p(s|C,0)p(8|C)dB (9.22)
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2| H~ CE FHEP| 281 nuisance variable 60 CHaH
MEoI}) & kl= “O ZN7F 02 =0 OfEH| BEY =+ Q=JP'E WEXNCZ Jefet & 1
It HEE ErLHo] class likelihoodE PH=ELL O 1FYE Sof posterior p(Cls)E ARSI, Tt
Xt

= XL- "1 i

& =2 posteriors A= HHS HEHOICE
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