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線形回帰: Semiparametrics 
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Semiparametric 統計モデル 
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攪乱変数のある統計モデル 
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同時推定とFisher情報量 
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情報量損失と直交性 
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無限個の外乱母数─Neyman─Scott問題 
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Semiparametric Statistical Model 
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幾何学 
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直交スコア 
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推定関数法 estimating function 

 , :f x 

 , , 0 :  unbiasedZE f x    

 
1

, 0 :  
n

i

i

f x 


 推定方程式

 
 

2
2

2

1ˆ
E f

E
n E f

 
    

    
 

11 / 62



平行移動 
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推定関数  ,f x 

I N AT T T T     

 , , :  Iu x z 最適推定関数
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悪い推定量 
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Semiparametric Statistics 
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Linear Regression: Semiparametrics 
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Statistical Model 
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Semiparametric statistical model

Estimating function

Estimating equation
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Example of estimating functions 
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Generalization 
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Fibre bundre of probability distributions 

function space 

r
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Least squares? 
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Poisson process 

Poisson Process: Instantaneous firing rate is constant over time. 

dt 
For every small time window dt, 

generate a spike with probability ξdt. 

T

Cortical Neuron Poisson Process 

T 

Poisson process cannot 

explain inter-spike 

interval distributions. 

TeTp  )(
(Softky & Koch, 1993) 
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Gamma distribution 

Gamma Distribution: Every κ-th spike of the Poisson process is left. 

ξ: Firing rate 

κ: Irregularity 
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Gamma distribution 
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temporal correlations 

     1 2x x x NL

independent with firing probability  r t

spike counts: Poisson 
ISI: exponential 

renewal: 

   ir t k t t  : last spike 

ISI distribution  f t
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Irregularity κ is unique to individual 
neurons. 

t 

t 

t 

Regular（largeκ） 

Irregular（smallκ） 

Irregularity varies among neurons. 
(Baker & Lemon 2000; Shinomoto et.al., 2003) 

We assume that κ is independent of time. 
33 / 62



Irregularity κ is unique to individual 
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Irregularity varies among neurons. 
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We assume that κ is independent of time. 
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Information geometry of estimating 
function 

•Estimating function y(T,κ): 

(See poster for details) 
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•Maximum likelihood Method: 
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temporal correlations 

     1 2x x x NL

independent with firing probability  r t

spike counts: Poisson 
ISI: exponential 

renewal: 

   ir t k t t  : last spike 

ISI distribution  f t
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Estimation of κ                   by 
estimating functions 

1. No estimating function exists if the neighboring firing rates are different. 
2. m(≧2) consecutive observations must have the same firing rate. 

Estimating function: 
(E[y]=0) 

Example: m=2 
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Case of m=1  
(spontaneous discharge) 

ξ 
Firing rate continuously changes 
and is driven by Gaussian noise. 

τ 

τ: Correlation 
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mixture and unmixture 

  of independent signals  
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聖徳太子型計算機 
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Independent Component Analysis 
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x=As           y=Wx    :      W= 
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A:  unknown matrix 
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Semiparametric Statistical 
Model 

( ; , ) | | ( )p r rx W W Wx

  unknown 

x(1), x(2), …, x(t) 

ir r ,  ( ) :r s 1W A

43 / 62



44 / 62



45 / 62



Natural Gradient 
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Space of Matrices : Lie group 
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Natural Gradient 
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Natural Gradient Learning Algorithm 
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Estimating Functions 
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Admissible class 

   

   

   

   on-line learnin

, { }

,

0:  estimating equation

 

canonical estimating functio

g : 

  n:

T

t

t t t t

W

F
I

W



 





  








F y W I y y

F R W F y W

R W F Wx

W R W F W x



   { }i j j iy y y y W 

51 / 62



Canonical Estimating Function 

---Newton Method 
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Stabilization—Newton Method 
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Stability Analysis 
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Estimating function 

1

( , ) ( ) (

{ ( ) ( }

)

)t t t t t t t t

y

y y y

y y y





 



 

  

f x

w x

x

x

w

w

w

w

w

Newton’s Method FastICA 

55 / 62



Estimating Function in Noisy Case 

 

 

3 23 3 3

ab

ij i j ii i j ij i ii ij

ij i j

ij ij i j

A

F

F y y v y y v y v v

v E n n

v c v y y

 



   

   

   

x s n

F

56 / 62



Temporal Correlation 
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    Estimating Function in 

Temporally Correlated Case 
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Spatial mixing 

Temporal mixing—convolution 
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Manifold of Linear Systems 

Metric Structure 
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Manifold of Linear Systems 

Topological Structure 
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Non-Holonomic Basis 
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