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— C. E. Rasmussen and C. K. I. Williams
[ Gaussian Processes for Machine Learning

— David Barber [ Gaussian Process (chapter 19 in
Bayesian Reasoning and Machine Learning) ]
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— http://www.gaussianprocess.org
— http://www.gaussianprocess.org/gpml/

KT i AFHEHIFAMBIEA Bk S2TLARRMM

Eil i ﬁﬁﬁﬂﬂﬁ.,’ﬁ



GPIF i
E. Ebden (A quick introduction)

Typical prediction problem: given
some inputs x and the corresponding
noisy outputs y, the best estimate y.
for a new input x. is? } {
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Figure 1: Given six noisy data points (error bars are indicated with vertical lines), we
are interested in estimating a seventh at z, = ().2.

http://www.robots.ox.ac.uk/~mebden/reports/GPtutorial.pdf
with author’s consent for use
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C. E. Rasmussen Example — CO2 per year
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C. E. Rasmussen Example — CO2 per year
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C. E. Rasmussen Example — CO2 per year
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C. E. Rasmussen Example — CO2 per year
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C. E. Rasmussen Example — CO2 per year
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« nBEEDAN: x' . HA:ym
* FET—H:D={@"y")n=1... N} =XU)Y
p(y", Y|z, X) = / ‘|27, 0)p Hp y"|0, 2")

/N o~

y' ) (v) y' — ¥ —v*)
7! N xr* 7! N z?*
INGAN)YYET IV JVINGAN)VET IV
[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012] ST APHHBMNEL -7 L AR
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y=®w, ©=[¢(x),...p(x,)] , p(w)=N(WwlI0,XZ,)

p(ylx)= f O(y - Pw)p(w) : Gaussian distributed with

— T
mean: <y> = (I)<W>p(w) = 2y =100

cov: (yy')= cI><wa>p(w) D" = DS O = (@27)(@25)T

[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012]
with author’s consent for use
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c BEETI
y=ow, ©=[¢(x),...¢(x,)], p(W)=NwlI0,XZ,)

. 4

p(y1x)=N(y10,K)
Gram matrix: [K]nn =P(x, )Tqb(xn.) =k(x ,x )
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[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012]
with author’s consent for use
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(xy, X,) (21, 2, 23) = (x12» Xy", X1X5)
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X = (X{,X,)
D(x) = (x},72x,%,,%3)
o N—ILEEEL
K(x,y)=(x,y)"
<‘I’(X)»<D(Y)>=<(x12,\/5x1x2 2,2 A2 70, y§)>
= {(x1,72), (1 7))
(x.y)°
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H—RILE: kix, y) = O (x) D(y) &1 B
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o k(x,y): QLDIEFEEHA—RIL
[XEFRE] k(x, y) = k(y, x)

[(EEEE] EEDBERHE n LEEDQ DR x,,..., x, ITXL T,

nxn 'S5 L4751 k(x,,x,)
{k(xi’xf)};l B ‘

k(x ,x,)

k(x,,x,)

k(x ,x )
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+ ZIAI
k(x,x")=(x"x'+ (7? )’

e Squared exponential )
[_HX—X‘H )

k(x,x")=exp e

* vy-exponential

k(x,x")= exp(—(‘x;x") )
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— 0 ke, X)) =k (e, X') + ky(x, X))
—1&: k(x, X)) =k(x, X)) k(x, x)

z=[x,y]T DRF:
—HM: Kz, 2) =k, X)) + k1, ))
—1E: Kz, 2)=k(x,X) k(,))
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c BEETI
y=ow, ©=[¢(x),...¢(x,)], p(W)=NwlI0,XZ,)

. 4

p(y1x)=N(y10,K)
Gram matrix: [K]nn =P(x, )Tqb(xn.) =k(x ,x )
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[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012]
with author’s consent for use
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* Prediction problem using a dataset D = {x, y}:
p(yay* l Xa-x*) = N(yay* |0N+19K+)

py.lx.,D)=N(y. K _ KXXy,K

Predictive distribution

-1
— Kx* XKXXKXX* )

X 3 X

[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012]
with author’s consent for use
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. [EIRRGRE: y=f(x)+e, €~N(0,0°)

xER'—— U:y';:g:;vn —> YER
« GP[A])G:
f=[f(x), [0 f(x)],, .. fIx~NmK)
J(x) ~GP(m(x),k(x,x")

m(x) = E[f(x)]
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GPIZ KA [ElF

21 SR

m = [m(x,),m(x,),...,m(x, )]

k(x,x")

k(x,x) k(x,x,) .. k(x,x,)

k(x,,x,) k(x,,x,) ... k(x,,x)

k(x ,x) k(x,x,) .. k(x,x)

- any valid kernel function.
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PO XLy, X) = [ pO | fOP(f T x,, v, x0df.

Gaussian

p(fi1x.,y,X)

B flp(f* If, x., x)p(f |y, x)dt

Gaussian Gaussian

p(y* | X*,y,X) = N(ﬁ,var(ﬁ))
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. B3l p(y.1x.,y,x)=N(f,var(f.)+o°T)
=K (K +0 Dy

var(f.)=K_  -K_ (K  + GZI)‘IKX,X*

Prior

Posterior

output, f(x)
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¢ AAxDISR ¢ EHEET BHRIE:
pelx)= [ plely.x)p(ylx)dy =[ p(cly)p(ylx)dy
« FET—AX={,.. . xNMEFTDIUVSRC={,...,cV}
MEZNIE, HLOANCDISREHET S
p(c'1x,C.X)= [ p(c" 1y)p(y 1X,C)dy’
p(y 1X,C)x p(y",CIX)= [ p(y",Y,CIX,x)dY

= [ p(CIY)p(Y.y" 1X,x")dY

VSRER | GP
= f< Hp(cn |yn) JlD(yl,..,yN,y* le,”’xN,x*)dyl,”,dyN
L n=1
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[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012] ST
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B OSABRELTU I EAFEABZTFIA:
1

1+ exp(-x)
p(cly)=0((2c-1)y)

[[EIRE] SR D IS RABERDIFZE. p('|X, C) D
2N ETE

p(y 1X,C) e [1] | p(e" 1y p(Y,y 1X,x7)dY
L n=1 J

O(x)=

[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012]
with author’s consent for use
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o ST FREE (53D Gaussianii L&) DFIA -
p(v ., Y1x ,X,C)xp(y,Y,Clx ,X)

A p(y 1Y, x", X)p(Y 1C,X)

IS RAEHREESELLY  Gaussian Tl

p(y,YIx ,X,O)=p(yv 1Y,x,X)q(YIC,X)

Joint Gaussian

p(c" =11x",X,C) = <a(y*)>

N(y'l<y >var(y"))

[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012]
with author’s consent for use
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[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012] ‘%%- KPRHBMBEL (8- 27 LR
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o IO XBEHEDFIH -

exp(y,,)
D exp(y,,)

Emp(c=m)=1

plc=mly)=

[D. Barber, “Bayesian Reasoning and Machine Learning,” 2012]
with author’s consent for use
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[K. Markov and T. Matsui, “Dynamic music emotion recognition using  :
state space models,” Proc. MediaEval2014] il R s 652N AT
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{xt = f(x¢—1,4) + vy, v~N(0,R)
— g(xt; B) T Vt' VNN(O' Q)
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« RAIREEZERMTETIL

{xt — Fxt_l + Ut
yt —_ Gxt ~+ Vt

« RFT:
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« REEEERRID:

{xt = f(xe—1) + vy, f(x) ~GP(0,Kr)
=g(x) +vy, g(x) ~ GP(0,Ky)
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« FRT—4
— &t vk - 600 clips.
— T AU - 144 clips.
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[http://www.multimediaeval.org/mediaeval2014/]
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- BEEBHE=E
— mfcc— AILELRET T AN LR
— baseline — MediaEval2014(ZH 1T AIZE D4 EE
(RROMLDZEIE . N—F=vIDEIL. TE. B
B PAORERERISDODHEHH=E)
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EERES R . RMSE

RMSE RMSE
AROUSAL — MULTIPLE MODELS
mfcc 0.0852 0.1089
baseline 0.3824 0.2073
VALENCE — MULTIPLE MODELS
mfcc 0.1590 0.1096
baseline 0.2325 0.2267
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