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1 Main Function: ion online

function [ q , mu, v ] = i o n on l i n e (Y, q 0 , mu 0 , v 0 , gam)

% ion on l i n e On−l i n e EM algor i thm fo r the ion channel model .
% Use : [ q , mu, v ] = i on on l i n e (Y, q 0 , mu 0 , v 0 , gam) where
% Y: ob s e r va t i on s (n x 1)
% gam : s t e p s i z e s (n x 1)
% q 0 : i n i t i a l e s t imate o f t r a n s i t i o n matrix (m x m)
% mu 0 : i n i t i a l e s t ima t e s o f means (m x 1)
% v 0 : i n i t i a l e s t imate o f var iance ( s c a l a r )
% and
% q : es t imated t r a n s i t i o n matr ices (m x m x n+1)
% mu: es t imated means (m x 1 x n+1)
% v : es t imated var iances (1 x 1 x n+1)
%
% m i s the number o f s t a t e s and n the number o f o b s e r va t i on s .

% Parameters
INHIBIT LAG = 20 ;
% In i n h i b i t i o n s tage , l e t gam( i ) = 1/ i and do not perfom any update
gam( 1 : INHIBIT LAG) = 1 . / ( 1 : INHIBIT LAG ) ;

% Dimensions
n = length (Y) ;
m = length (mu 0 ) ;

% I n i t i a l i z a t i o n
q = zeros (m,m, n+1);
mu = zeros (m, 1 , n+1);
v = zeros (1 , 1 , n+1);
q ( : , : , 1 ) = q 0 ;
mu( : , : , 1 ) = mu 0 ;
v ( : , : , 1 ) = v 0 ;

for t = 1 : n
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% The SA E−s t ep
i f ( t == 1)

% I n i t i a l o b s e r va t i on
[ f i l t , T, S 0 , S 1 , S 2 ] = ion e0 (Y(1 ) , mu( : , : , 1 ) , v ( : , : , 1 ) ) ;

else
[ f i l t , T, S 0 , S 1 , S 2 ] = . . .

i on e (Y( t ) , f i l t , T, S 0 , S 1 , S 2 , q ( : , : , t ) , mu( : , : , t ) , v ( : , : , t ) , gam( t ) ) ;
end
% The M−s t ep
i f ( t >= INHIBIT LAG)

[ T a , S 0 a , S 1 a , S 2 a ] = ion e accum ( f i l t , T, S 0 , S 1 , S 2 ) ;
[ q ( : , : , t +1) , mu( : , : , t +1) , v ( : , : , t +1)] = ion m (T a , S 0 a , S 1 a , S 2 a ) ;

else
% Inh i b i t i o n phase (no update )
q ( : , : , t+1) = q ( : , : , t ) ;
mu( : , : , t+1) = mu( : , : , t ) ;
v ( : , : , t+1) = v ( : , : , t ) ;

end
end

2 Subroutines

2.1 ion e0

function [ f i l t , T, S 0 , S 1 , S 2 ] = ion e0 (Y, mu, v )

% ion e0 Compute the EM au x i l i a r y s t a t i s t i c s f o r the i n i t i a l data po in t .
% Use : [ f i l t , T, S 0 , S 1 , S 2 , l o g l ] = ion e0 (Y, mu, v )
% where
% Y: i n i t i a l o b s e r va t i on ( s c a l a r )
% mu: means (m x 1)
% v : var iance ( s c a l a r )
% and
% f i l t : f i l t e r i n g prob . (1 x m)
% T: Aux i l i a r y EM t r an s i t i o n s t a t i s t i c s (m x m x m)
% S 0 : Aux i l i a r y EM cond i t i ona l s t a t i s t i c s (m x m)
% S 1 : ” (m x m)
% S 2 : ” (m x m)

% Dimensions
m = length (mu) ;

% Like l i hood f a c t o r
r = exp(−0.5∗(Y( ones (m,1))−mu) . ˆ2/ v )/ sqrt ( v ) ;

% I n i t i a l f i l t e r i n g ( assuming uniform i n i t i a l d i s t r i b u t i o n )
c = sum( r ) ;
f i l t = r /c ;

% I n i t i a l s t a t i s t i c s
T = zeros (m,m,m) ;
S 0 = eye (m) ;
S 1 = eye (m)∗Y;
S 2 = eye (m)∗Yˆ2 ;
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2.2 ion e

function [ f i l t , T, S 0 , S 1 , S 2 ] = . . .
i on e (Y, f i l t , T, S 0 , S 1 , S 2 , q , mu, v , gam)

% ion e Update the a u x i l i a r y EM s t a t i s t i c s f o r one data po in t .
% Use : [ f i l t , T, S 0 , S 1 , S 2 ] = . . .
% ion e (Y, f i l t , T, S 0 , S 1 , S 2 , q , mu, v , gam)
% where
% Y: ob s e r va t i on ( s c a l a r )
% q : t r a n s i t i o n matrix (m x m)
% mu: means (m x 1)
% v : var iance ( s c a l a r )
% gam : s t e p s i z e ( s c a l a r )
% and
% f i l t : f i l t e r i n g prob . (1 x m)
% T: Aux i l i a r y EM t r an s i t i o n s t a t i s t i c s (m x m x m)
% S 0 : Aux i l i a r y EM cond i t i ona l s t a t i s t i c s (m x m)
% S 1 : ” (m x m)
% S 2 : ” (m x m)

% Dimensions
m = length (mu) ;

% New l i k e l i h o o d f a c t o r
r = ( f i l t ∗ ones (1 , m) ) . ∗ q ;
j o i n t = r . ∗ ( ones (m, 1 ) ∗ ( exp(−0.5∗(Y( ones (m,1))−mu) . ˆ2/ v )/ sqrt ( v ) ) ’ ) ;
% F i l t e r i n g update
f i l t = (sum( j o i n t , 1 ) ) ’ ;
c = sum( f i l t ) ;
% Normalize
j o i n t = j o i n t /c ;
f i l t = f i l t /c ;
% Ret ro spec t i v e k e rne l
r = r . / ( ones (m, 1 )∗sum( r ) ) ;

% S t a t i s t i c s update
T1 = zeros (m,m,m) ;
for k = 1 :m

T1 ( : , k , k ) = r ( : , k ) ;
end
T = gam∗T1+(1−gam)∗ reshape ( ( reshape (T,m∗m,m)∗ r ) ,m,m,m) ;
S 0 = gam∗eye (m)+(1−gam)∗ ( S 0∗ r ) ;
S 1 = gam∗eye (m)∗Y+(1−gam)∗ ( S 1∗ r ) ;
S 2 = gam∗eye (m)∗Yˆ2+(1−gam)∗ ( S 2∗ r ) ;

2.3 ion e accum

function [ T a , S 0 a , S 1 a , S 2 a ] = ion e accum ( f i l t , T, S 0 , S 1 , S 2 )

% ion e accum Obtain EM s t a t i s t i c s from au x i l i a r y s t a t i s t i c s .
% Use : [ T a , S 0 a , S 1 a , S 2 a ] = ion e accum ( f i l t , T, S 0 , S 1 , S 2 )
% f i l t : f i l t e r i n g prob . (1 x m)
% T: Aux i l i a r y EM t r an s i t i o n s t a t i s t i c s (m x m x m)
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% S 0 : Aux i l i a r y EM cond i t i ona l s t a t i s t i c s (m x m)
% S 1 : ” (m x m)
% S 2 : ” (m x m)
% and
% T a : EM t r an s i t i o n s t a t i s t i c s (m x m x 1)
% S 0 a : EM cond i t i ona l s t a t i s t i c s (m x 1)
% S 1 a : ” (m x 1)
% S 2 a : ” (m x 1)

% Dimensions
m = length ( S 0 ) ;

% Weight wi th f i l t e r va l u e s
T a = reshape ( ( reshape (T,m∗m,m)∗ f i l t ) ,m,m) ;
S 0 a = S 0∗ f i l t ;
S 1 a = S 1∗ f i l t ;
S 2 a = S 2∗ f i l t ;

2.4 ion m

function [ q , mu, v ] = ion m (T, S 0 , S 1 , S 2 ) ;

% ion m The M−s t ep in the ion channel model .
% Use : [ q , mu, v ] = ion m (T, S 0 , S 1 , S 2 )
% where
% T: EM t r an s i t i o n s t a t i s t i c s (m x m)
% S 0 : EM cond i t i ona l s t a t i s t i c s (m x 1)
% S 1 : ” (m x 1)
% S 2 : ” (m x 1)
% and
% q : t r a n s i t i o n matrix (m x m)
% mu: means (m x 1)
% v : var iance ( s c a l a r )

% Dimensions
m = s ize (T, 1 ) ;

% Trans i t ion matrix
q = T. / (sum(T, 2 )∗ ones (1 ,m) ) ;

% Means
mu = S 1 . / S 0 ;

% Variance
v = sum( S 2−(S 0 .∗mu. ˆ 2 ) ) /sum( S 0 ) ;
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