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GP序論	  
E.	  Ebden	  (A	  quick	  introducSon)	

Typical	   predicSon	   problem:	   given	  
some	   inputs	   x	   and	   the	   corresponding	  
noisy	   outputs	   y,	   the	   best	   esSmate	   y*	  
for	  a	  new	  input	  x*	  is?	  	

hMp://www.robots.ox.ac.uk/~mebden/reports/GPtutorial.pdf	  
with	  author’s	  consent	  for	  use	



 GP序論： y = f(x)?	

•  線形モデルを仮定	  	  
	  ➡	  最小二乗法による線形回帰	  

	  
	  
•  2次、3次、非多項式モデルなどから選択	  	  

	  ➡	  モデル選択法を利用	  

•  ガウス過程で表す	  	  
	  ➡	  データに基づいてモデルを自動決定	  

y = wi
i
∑ φi (x)



GP序論	  
C.	  E.	  Rasmussen	  Example	  –	  CO2	  per	  year	

The Prediction Problem
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GP序論	  
C.	  E.	  Rasmussen	  Example	  –	  CO2	  per	  year	

•  最小2乗法による線形モデルの当てはめ	  The Prediction Problem
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hMp://learning.eng.cam.ac.uk/carl/talks/gpnt06.pdf	  
with	  author’s	  consent	  for	  use	

問題：季節変動が捉えられない。	



GP序論	  
C.	  E.	  Rasmussen	  Example	  –	  CO2	  per	  year	

hMp://learning.eng.cam.ac.uk/carl/talks/gpnt06.pdf	  
with	  author’s	  consent	  for	  use	

The Prediction Problem

1960 1980 2000 2020
320

340

360

380

400

420

year

CO
2 c

on
ce

nt
ra

tio
n,

 p
pm

Rasmussen (MPI for Biological Cybernetics) Advances in Gaussian Processes December 4th, 2006 4 / 55

•  {季節変動-‐正弦関数}＋{トレンド-‐3次多項式}モデル
の当てはめ	  



GP序論	  
C.	  E.	  Rasmussen	  Example	  –	  CO2	  per	  year	

hMp://learning.eng.cam.ac.uk/carl/talks/gpnt06.pdf	  
with	  author’s	  consent	  for	  use	

•  {季節変動-‐正弦関数}＋{トレンド-‐2次多項式}モデル
の当てはめ	  

The Prediction Problem
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GP序論	  
C.	  E.	  Rasmussen	  Example	  –	  CO2	  per	  year	

• {季節変動-‐正弦関数}＋{トレンド-‐多項式}回帰モデル：	  
ü データがある部分についてはよく適合している。	  

ü データがない部分については、トレンド成分を表す基底関数を

3次から2次の多項式の変更しただけで、予測が異なる。	  
	  
	  

• 将来のCO2はどうのように予測したらよいか？	  
	   	   	  　　⬇︎	  
	   	   	  GPの利用	

問題：パラメトリックなモデルの利用の難しさ	



GP序論：ノンパラメトリック予測	

•  n番目の入力： xn、出力： yn 

•  学習データ：	

CHAPTER 19

Gaussian Processes

In Bayesian linear parameter models, we saw that the only relevant quantities are related to the scalar
product of data vectors. In Gaussian Processes we use this to motivate a prediction method that does not
necessarily correspond to any ‘parametric’ model of the data. Such models are flexible Bayesian predictors.

19.1 Non-Parametric Prediction

Gaussian Processes are flexible Bayesian models that fit well within the probabilistic modelling framework.
In developing GPs it is useful to first step back and see what information we need to form a predictor. Given
a set of training data

D = {(xn, yn), n = 1, . . . , N} = X [ Y (19.1.1)

where xn is the input for datapoint n and yn the corresponding output (a continuous variable in the regression
case and a discrete variable in the classification case), our aim is to make a prediction y⇤ for a new input x⇤.
In the discriminative framework no model of the inputs x is assumed and only the outputs are modelled,
conditioned on the inputs. Given a joint model

p(y1, . . . , yN , y⇤|x1, . . . , xN , x⇤) = p(Y, y⇤|X , x⇤) (19.1.2)

we may subsequently use conditioning to form a predictor p(y⇤|x⇤,D). In previous chapters we’ve made
much use of the i.i.d. assumption that each datapoint is independently sampled from the same generating
distribution. In this context, this might appear to suggest the assumption

p(y1, . . . , yN , y⇤|x1, . . . , xN , x⇤) = p(y⇤|X , x⇤)
Y

n

p(yn|X , x⇤) (19.1.3)

However, this is clearly of little use since the predictive conditional is simply p(y⇤|D, x⇤) = p(y⇤|X , x⇤)
meaning the predictions make no use of the training outputs. For a non-trivial predictor we therefore need
to specify a joint non-factorised distribution over outputs.

19.1.1 From parametric to non-parametric

If we revisit our i.i.d. assumptions for parametric models, we used a parameter ✓ to make a model of the
input-output distribution p(y|x, ✓). For a parametric model predictions are formed using

p(y⇤|x⇤,D) / p(y⇤, x⇤,D) =

Z

✓
p(y⇤,Y, x⇤,X , ✓) /

Z

✓
p(y⇤,Y|✓, x⇤,X )p(✓|���x⇤,X ) (19.1.4)
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パラメトリックモデル	 ノンパラメトリックモデル	

Non-Parametric Prediction

✓

y1 yN y⇤

x1 xN x⇤

(a)

y1 yN y⇤

x1 xN x⇤

(b)

Figure 19.1: (a): A parametric model for predic-
tion assuming i.i.d. data. (b): The form of the
model after integrating out the parameters ✓. Our
non-parametric model will have this structure.

Under the assumption that, given ✓, the data is i.i.d., we obtain

p(y⇤|x⇤,D) /
Z

✓
p(y⇤|x⇤, ✓)p(✓)

Y

n

p(yn|✓, xn) /
Z

✓
p(y⇤|x⇤, ✓)p(✓|D) (19.1.5)

where

p(✓|D) / p(✓)
Y

n

p(yn|✓, xn) (19.1.6)

After integrating over the parameters ✓, the joint data distribution is given by

p(y⇤,Y|x⇤,X ) =

Z

✓
p(y⇤|x⇤, ✓)p(✓)

Y

n

p(yn|✓, xn) (19.1.7)

which does not in general factorise into individual datapoint terms, see fig(19.1). The idea of a non-
parametric approach is to specify the form of the dependencies p(y⇤,Y|x⇤,X ) without reference to an
explicit parametric model. One route towards a non-parametric model is to start with a parametric model
and integrate out the parameters. In order to make this tractable, we use a simple linear parameter
predictor with a Gaussian parameter prior. For regression this leads to closed form expressions, although
the classification case will require numerical approximation.

19.1.2 From Bayesian linear models to Gaussian processes

To develop the GP, we briefly revisit the Bayesian linear parameter model of section(18.1.1). For parameters
w and basis functions �i(x) the output is given by (assuming zero output noise)

y =
X

i

wi�i(x) (19.1.8)

If we stack all the y1, . . . , yN into a vector y, then we can write the predictors as

y = �w (19.1.9)

where � =
⇥

�(x1), . . . ,�(xN )
⇤

T

is the design matrix. Assuming a Gaussian weight prior

p(w) = N (w 0,⌃w) (19.1.10)

the joint output

p(y|x) =
Z

w
� (y ��w) p(w) (19.1.11)

is Gaussian distributed with mean

hyi = � hwip(w) = 0 (19.1.12)

and covariance
D

yyT

E

= �
D

wwT

E

p(w)
�T = �⌃w�

T =
⇣

�⌃w
1
2

⌘⇣

�⌃w
1
2

⌘

T

. (19.1.13)
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[D.	  Barber,	  “Bayesian	  Reasoning	  and	  Machine	  Learning,”	  	  2012]	  
with	  author’s	  consent	  for	  use	  	



	  GP序論：線形モデルからGPへ	

•  線形モデル	

y =Φw, Φ = φ(x1),...,φ(xN )[ ]Τ , p(w) =Ν(w | 0,Σw )

p(y | x) = δ y−Φw( )
w
∫ p(w) : Gaussian distributed with

mean: y =Φ w
p(w)

= 0

cov: yyΤ =Φ wwΤ

p(w)
ΦΤ =ΦΣwΦ

Τ = ΦΣw
1
2( ) ΦΣw12( )

Τ
K	

[D.	  Barber,	  “Bayesian	  Reasoning	  and	  Machine	  Learning,”	  	  2012]	  
with	  author’s	  consent	  for	  use	  	

Σw = I → ΦΦT	



	  GP序論：線形モデルからGPへ	

•  線形モデル	

y =Φw, Φ = φ(x1),...,φ(xN )[ ]Τ , p(w) =Ν(w | 0,Σw )

p(y | x) =Ν y | 0,K( )
Gram matrix: K[ ]n,n '

= φ(xn )Τφ(xn ' ) = k(xn, xn ' )

GP：ノンパラメトリックモデル	

[D.	  Barber,	  “Bayesian	  Reasoning	  and	  Machine	  Learning,”	  	  2012]	  
with	  author’s	  consent	  for	  use	  	



GP序論：カーネル法	
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o	  
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GP序論	  
カーネル法：高次元空間での内積計算	

•  2次元から3次元空間への写像	  

•  カーネル関数	  
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GP序論	  
カーネル法：次元の呪いの克服	  

s)1,(),( += yxyxK
•  カーネル関数	

),,( 641 xx …=x
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xx=Φ x

xが64次元で、s = 3の時	

[入力空間]	  

[特徴空間]	  

47905次元の内積、大変な計算！	

高々64次元の内積	

実際の計算！	

)(),( yx ΦΦ



GP序論	  
カーネル法：識別関数	

f x( ) =wTΦ x( )+ b
= w1x1x2x3 +!+w41664x62x63x64(
+w41665x1

2x2 +!+w45696x64
2 x63

+w45697x1x2 +!+w47712x63x64
+w47713x1 +!+w47776x64
+w47777x1

2 +!+w47840x64
2

+w47841x1
3 +!+w47904x64

3

+w47905 ⋅1)+ b = αi yi
i∈SV
∑ k(xi,x)+ b

|wi|が大きければ識別に有効な特徴量	  

x:	  64次元ベクトル	  
K(x, y) = (xTy+1)3 

高い表現力！	
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GP序論	  
カーネル法：入力空間と特徴空間	

入力空間：Ω
特徴空間：H 
{w,b} 

カーネル関数による計算 

Φ(xi) xi 

（～∞次元）	

（高々サンプル数）	

非線形識別・回帰	 線形識別・回帰	



GP序論	  
カーネル法： k(x, y) = ΦT (x) Φ(y) となる条件	  

 1.  正定値カーネル	  
2.  再生核ヒルベルト空間	

•  集合Ω,	   k: Ω ×	  Ω →	  R 
•  k(x, y):  Ω上の正定値カーネル

[対称性]  k(x, y) =  k(y, x) 

[正定値性]	  任意の自然数 n	  と任意のΩ	  の点 x1,…, xn に対して、	  	  
	  
	  
	  
	  
が半正定値。すなわち、任意の実数 c1,…, cn　に対して、	

n×n グラム行列	

 

k(xi, x j ){ }i, j=1
n

=

k(x1, x1) ! k(x1, xn )
! " !

k(xn, x1) ! k(xn, xn )

!

"

#
#
#
#

$

%

&
&
&
&

cii, j=1

n
∑ cjk(xi, x j ) ≥ 0



GP序論：正定値カーネル	

•  多項式	

	  
•  Squared	  exponenSal	  

•  γ-‐exponenSal	  

k(x, x ') = exp −
x − x ' 2

2l2
"

#
$
$

%

&
'
'

k(x, x ') = (xT x '+σ
0

2 )p

mR=Ω

k(x, x ') = exp −
x − x '
l

"

#
$

%

&
'

γ"

#

$
$

%

&

'
'



GP序論：カーネル設計	

•  カーネルの特質：	  
– 和： k(x, x’) = k1(x, x’) + k2(x, x’) 
– 積： k(x, x’) = k1(x, x’)  k2(x, x’) 

z = [x, y]T	  の時：	  
– 和： k(z, z’) = k1(x, x’) + k2(y, y’) 
– 積： k(z, z’) = k1(x, x’) k2(y, y’) 



目次	

•  ガウス過程（Gaussian	  Process;	  GP)	  
– 序論	  
– GPによる回帰	  
– GPによる識別	  

•  GP状態空間モデル	  
– 概括	  
– GP状態空間モデルによる音楽ムードの推定	  



	  線形モデルからGPへ（再び）	

•  線形モデル	

y =Φw, Φ = φ(x1),...,φ(xN )[ ]Τ , p(w) =Ν(w | 0,Σw )

p(y | x) =Ν y | 0,K( )
Gram matrix: K[ ]n,n '

= φ(xn )Τφ(xn ' ) = k(xn, xn ' )

GP：ノンパラメトリックモデル	

[D.	  Barber,	  “Bayesian	  Reasoning	  and	  Machine	  Learning,”	  	  2012]	  
with	  author’s	  consent	  for	  use	



GPによる回帰	
•  PredicSon	  problem	  using	  a	  dataset	  D = {x, y}:	  
	  
	  
	  	  	  	  	  	  	  	  	  	  	  K+	  ≡　	  

p(y, y* | x, x*) =Ν(y, y* | 0N+1,K
+ )

Kx,x	 Kx,x*	

Kx*,x	 Kx*,x*	

p(y* | x*,D) =Ν(y* |K x*,x
Kx,x

−1 y, K x*,x*
−K x*,x

Kx,x
−1Kx,x*

)
PredicSve	  distribuSon	

[D.	  Barber,	  “Bayesian	  Reasoning	  and	  Machine	  Learning,”	  	  2012]	  
with	  author’s	  consent	  for	  use	  	



GPによる回帰	
•  回帰問題：	  

	  
	  

•  GP回帰：	  

Unknown	  
system	  

y = f (x)+ε, ε ~ N(0,σ 2 )

y ∈ Rx ∈ Rd

f = f (x1), f (x2 ),..., f (xn )[ ] n=1,...,∞
, f | x ~ N(m,K)

f (x) ~GP(m(x),k(x, x '))           
m(x) = E[ f (x)]
k(x, x ') = E[( f (x)−m(x))( f (x ')−m(x ')))]



GPによる回帰	

•  平均と分散：	  
m = [m(x1),m(x2 ),...,m(xn )]

K =

k(x1, x1) k(x1, x2 ) ... k(x1, xn )
k(x2, x1) k(x2, x2 ) ... k(x2, xn )
... ... ... ...

k(xn, x1) k(xn, x2 ) ... k(xn, xn )

!

"

#
#
#
#
#

$

%

&
&
&
&
&

k(x, x ') -‐	  any	  valid	  kernel	  funcSon.	  



GPによる回帰	

p(y* | x*, y,x) = p(y* | f*)p( f* | x*, y,x)∫ df*

p( f* | x*, y,x) = p( f* | f, x*,x)∫ p(f | y,x)df

Gaussian	  

Gaussian	   Gaussian	  

p(y* | x*, y,x) =N( f*, var( f*))



GPによる回帰	

•  回帰問題：	  
•  予測:　	  

	  

	  

	  	  	  	  	  	  
	  　 

f* =K x*,x
(Kx,x +σ

2I)−1y

var( f*) =K x*,x*
−K x*,x

(Kx,x +σ
2I)−1Kx,x*

p(y* | x*, y,x) =N( f*, var( f*)+σ
2I)

Prior and Posterior
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Predictive distribution:

p(y⇤|x⇤ x y) ⇠ N
�
k(x⇤ x)>[K + �2

noiseI]
-1y

k(x⇤ x

⇤) + �2
noise - k(x⇤ x)>[K + �2

noiseI]
-1k(x⇤ x)

�
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Prior	 Posterior	

y = f (x)+ε, ε ~ N(0,σ 2 )



GPによる回帰	

•  ハイパーパラメータの学習：	  

	  	  	  	  	  	  
	  　 

Θ = {σ , l}

max
Θ

p(y | x,Θ) =max
Θ

p(y | f∫ )p(f | x,Θ)df

ML type –II estimation 
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GPによる識別	

•  入力 x のクラス c を推定する問題：	  

	  
•  学習データ X = {x1,…,xN}とそのクラスC = {c1,…,cN}

が与えられた時、新しい入力x*のクラスを推定する：	  

p(c | x) = p(c | y, x)p(y | x)dy =∫ p(c | y)p(y | x)dy∫

p(c* | x*,C,X) = p(∫ c* | y*)p(y* |X,C)dy*

p(y* |X,C)∝ p(y*,C |X) = p(y*,Y,C |X, x*)dY∫
= p(C |Y)p(Y, y* |X, x*)dY∫

= p(cn | yn )
n=1

N

∏
#
$
%

&
'
(

∫ p(y1,.., yN , y* | x1,.., xN , x*)dy1,..,dyN
GP	クラス写像	



GPによる識別	

•  グラフ表現：	

Gaussian Processes for Classification

c1 cN c⇤

y1 yN y⇤

x1 xN x⇤

Figure 19.5: GP classification. The GP induces a Gaussian distribution on
the latent activations y1, . . . , yN , y⇤, given the observed values of c1, . . . , cN .
The classification of the new input x⇤ is then given via the correlation
induced by the training points on the latent activation y⇤.

19.5 Gaussian Processes for Classification

Adapting the GP framework to classification requires replacing the Gaussian regression term p(y|x) with a
corresponding classification term p(c|x) for a discrete label c. To do so we will use the GP to define a latent
continuous space y which will then be mapped to a class probability using

p(c|x) =
Z

p(c|y,⇢x)p(y|x)dy =

Z

p(c|y)p(y|x)dy (19.5.1)

Given training data inputs X =
�

x1, . . . , xN
 

, corresponding class labels C =
�

c1, . . . , cN
 

, and a novel
input x⇤, then

p(c⇤|x⇤, C,X ) =

Z

p(c⇤|y⇤)p(y⇤|X , C)dy⇤ (19.5.2)

where

p(y⇤|X , C) / p(y⇤, C|X )

=

Z

p(y⇤,Y, C|X , x⇤)dY

=

Z

p(C|Y)p(y⇤,Y|X , x⇤)dY

=

Z

(

N
Y

n=1

p(cn|yn)
)

| {z }

class mapping

p(y1, . . . , yN , y⇤|x1, . . . , xN , x⇤)
| {z }

Gaussian Process

dy1, . . . , dyN (19.5.3)

The graphical structure of the joint class and latent y distribution is depicted in fig(19.5.) The posterior
marginal p(y⇤|X , C) is the marginal of a Gaussian Process, multiplied by a set of non-Gaussian maps from the
latent activations to the class probabilities. We can reformulate the prediction problem more conveniently
as follows:

p(y⇤,Y|x⇤,X , C) / p(y⇤,Y, C|x⇤,X ) / p(y⇤|Y, x⇤,X )p(Y|C,X ) (19.5.4)

where

p(Y|C,X ) /
(

N
Y

n=1

p(cn|yn)
)

p(y1, . . . , yN |x1, . . . , xN ) (19.5.5)

In equation (19.5.4) the term p(y⇤|Y, x⇤,X ) does not contain any class label information and is simply a
conditional Gaussian. The advantage of the above description is that we can therefore form an approximation
to p(Y|C,X ) and then reuse this approximation in the prediction for many di↵erent x⇤ without needing to
rerun the approximation[318, 247].

19.5.1 Binary classification

For the binary class case we will use the convention that c 2 {1, 0}. We therefore need to specify p(c = 1|y)
for a real valued activation y. A convenient choice is the logistic transfer function3

�(x) =
1

1 + e�x
(19.5.6)

3We will also refer to this as ‘the sigmoid function’. More strictly a sigmoid function refers to any ‘s-shaped’ function (from
the Greek for ‘s’).
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例）クラス写像としてシグモイド関数を利用：	  
	  
	  
	  
　　【問題】	  非線形のクラス写像の場合、p(y*|X, C) の	  
　　　　積分計算	  

σ (x) = 1
1+ exp(−x)

p(c | y) =σ ((2c−1)y)

p(y* |X,C)∝ p(cn | yn )
n=1

N

∏
"
#
$

%
&
'

∫ p(Y, y* |X, x*)dY

   GPによる識別：2クラス分類	c ∈ 0,1{ }
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   GPによる識別：2クラス分類	

•  ラプラス近似法（分布のGaussian近似法）の利用：	

p(y*,Y | x*,X,C)∝ p(y*,Y,C | x*,X)
∝ p(y* |Y, x*,X)p(Y |C,X)

クラス情報を含まない	 Gaussianで近似	

p(y*,Y | x*,X,C) ≈ p(y* |Y, x*,X)q(Y |C,X)
Joint	  Gaussian	

[D.	  Barber,	  “Bayesian	  Reasoning	  and	  Machine	  Learning,”	  	  2012]	  
with	  author’s	  consent	  for	  use	  	

p(c* =1| x*,X,C) ≈ σ (y*)
N (y*|<y*>,var(y* ))

c ∈ 0,1{ }



   GPによる識別：2クラス分類	c ∈ 0,1{ }
Gaussian Processes for Classification
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Figure 19.6: Gaussian Process classification. The x-axis are the inputs, and the class is the y-axis. Green
points are training points from class 1 and red from class 0. The dots are the predictions p(c = 1|x⇤) for
points x⇤ ranging across the x axis. (a): Square exponential covariance (� = 2). (b): OU covariance
(� = 1). See demoGPclass1D.m.

Marginal likelihood

The marginal likelihood is given by

p(C|X ) =

Z

Y
p(C|Y)p(Y|X ) (19.5.28)

Under the Laplace approximation, the marginal likelihood is approximated by

p(C|X ) ⇡
Z

y
exp ( (ỹ))exp

✓

�1

2
(y � ỹ)TA (y � ỹ)

◆

(19.5.29)

where A = �rr . Integrating over y gives

log p(C|X ) ⇡ log q(C|X ) (19.5.30)

where

log q(C|X ) =  (ỹ)� 1

2
log det (2⇡A) (19.5.31)

=  (ỹ)� 1

2
log det

�

K�1
x,x +D

�

+
N

2
log 2⇡ (19.5.32)

= cTỹ �
N
X

n=1

log(1 + exp (ỹn))�
1

2
ỹTK�1

x,xỹ � 1

2
log det (I+Kx,xD) (19.5.33)

where ỹ is the converged iterate of equation 19.5.18. One can also simplify the above using that at conver-
gence K�1

x,xỹ = c� �(y).

19.5.3 Hyperparameter optimisation

The approximate marginal likelihood can be used to assess hyperparameters ✓ of the kernel. A little care is
required in computing derivatives of the approximate marginal likelihood since the optimum ỹ depends on
✓. We use the total derivative formula [25]

d

d✓
log q(C|X ) =

@

@✓
log q(C|X ) +

X

i

@

@ỹi
log q(C|X )

d

d✓
ỹi (19.5.34)

@

@✓
log q(C|X ) = �1

2

@

@✓

h

yTK�1
x,xy + log det (I+Kx,xD)

i

(19.5.35)
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GPによる識別：多クラス分類	

•  ソフトマックス関数の利用：	

p(c =m | y) = exp(ym )
exp(ym ' )m '∑

p(c =m) =1
m∑
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•  ガウス過程（Gaussian	  Process;	  GP)	  
– 序論	  
– GPによる回帰	  
– GPによる識別	  

•  GP状態空間モデル	  
– 概括	  
– GP状態空間モデルによる音楽ムードの推定	  

[K.	  Markov	  and	  T.	  Matsui,	  “Dynamic	  music	  emoSon	  recogniSon	  using	  
state	  space	  models,”	  Proc.	  MediaEval2014]	



状態空間モデル 	

•  時系列を解析するモデル：状態xtと観測ytを表す式	  

	  
	  

State-Space Models 

!Also known as dynamic (temporal) systems:

!"# $ % "#&', ) 	+ υ#, 			υ~./0, 12
3# $ 4 "#, 5 				+ ν#, 					ν~./0, 72



カルマンフィルター	
Kalman Filter (KF)

!Linear state-space model:

!Advantages: 
! Analytic approximation to !"($|*1:$)
! Fast

!Disadvantages:
! Linearity assumption

++, - ,+,/0 1 υ,
3, - -+, 				1 ν,

•  線形状態空間モデル	  

•  長所：	  
–  解析的な推定法が確立されている	  
–  高速に計算できる 

•  短所： 
–  線形のモデル 



GP状態空間モデル 	
•  状態と観測の式:	  

	  	  
	  

	  	  
•  長所:	  	  
–  非線形、ノンパラメトリックのモデル	  
–  表現力が高い	  

•  短所:	  
–  推定法がまだ確立されていない	  
–  計算コストが大きい	  

Gaussian Process SSM (GP-SSM) 

!Gaussian Processes based state-space model:

!Advantages: 
! Non-linear, Non-parametric

! Flexible.

!Disadvantages:
! No standard algorithms for training and inference.

! Analytic moment matching approximation (Deisenroth,2012)

! Computationally expensive.

!"# $ % "#&' ( υ#, 		%,"- ∼ /0,0, 12 -
4# $ 5 "# 				( ν#, 		5,"- ∼ /0,0, 13-



実験	  
MediaEval2014	  	

•  使用データ	  
– 学習セット	  -‐	  600	  clips.	  
– テストセット	  -‐	  144	  clips.	  

•  カルマンフィルター、GP状態空間モデル	  
–  A-‐V空間を4つにクラスタリング	  
–  各クラスタごとに状態空間モデル	  

を推定	  
–  最尤基準によるモデル選択	  
	  

	  	  
	  [hMp://www.mulSmediaeval.org/mediaeval2014/]	



実験	  
MediaEval2014	  	

•  音楽特徴量	  
– mfcc	  –	  メル周波数ケプストラム係数	  
–  baseline	  –	  MediaEval2014における標準の特徴量	  

（スペクトルの変化、ハーモニックの変化、音量、音
色、ゼロ交差率を表す5つの特徴量）	  
	  	  



実験結果：RMSE	
特徴量	 カルマンフィルター	 GP状態空間モデル	

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	  



ご質問をどうぞ！	


