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Upon text generation from time-series data, the process of reducing the set of data to the language model has
played a significant roll in increasing the effectiveness of our proposed method in our past studies. This paper
describes and compares two different methods that can be applied to identify which linguistic resources will be
given to the language model. For the time-series data, we use the price of Nikkei stock average and the program
aims to generate linguistic texts which describes how the intraday stock price evolves in the market.
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assoc(C1, V) = Xuecy tevw(u, t),
assoc(Ca, V) = Zuecy tevw(u, t)
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Algorithm 1 Spectral clustering algorithm

p1,p2, ..., Pn:asset  of
data;k:number of clusters;sim(pi, p;):

Input:p = time series
similarity be-
tween p; and p;
Output: C = C4,Cy,...,Ck: Cluster
Initialize W € R*, D € R?
create similarity matrix W.
for all 7 such that 1 <7 <n do

for all j such that 1 < j <n do

W (i, j) = sim(i, j)

end for
end for
create diagonal matrix D by W.
for all 7 such that 1 <7 <n do

D(i,1) = W(i,1)
end for
compute normalized similarity matrix D.
and S = D~'/2WD~1/?
create k eigenvectors of S.
compute normalized matrix Yj by using Xj.
do k-means clustering for n vectors of Y.
for all 7 such that 1 <i <n do

add P; to (.
end for

return C =C,Cs, ..., Cy.
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Algorithm 2 DTW:The standard DTW algorithm

Input: S: Sequence of length n, Q: Sequence of length
m.
Output: DTW distance.
Initialize C(,7) = |S; — Q|
Initialize D(i,1) <= i for each i
Initialize D(1,j) <= 54 for each j
for all 7 such that 2 <7 <n do
for all j such that 2 < j < m do
D(i,j) = C(i,) + min(D(i — 1,7),D(i — 1,5 —
1)7 (17] - 1))
end for
end for
return D(n,m)




e y-DTW 0 [
000 DTWOOOOODOODO000O0O0000000
0000000000000000000000000
0000000000000000000000000
00000000000 ¢-DTWOOO000000 r0
DIWOOOOODO0DO0000000000000000
00 Prefix/Sufix00 00 0000000000000
000000Algorithm3 0 DTW OO 0000000
0o0ooooo

Algorithm 3 ¥-DTW
Input: x,y: sequences, relaxation factor parameter r
Output: -DTW distance.
M <= infinity matrix (n +1,m + 1)
Initialize M ([0,7],4) and M (0, [0,7])
for all 7 such that 1 <i <n do
for all j such that 1 < j <m do
M (i, 5)<=c(xs,yi) + min(M@G — 1,5 — 1),M(%,j —
1), M(i—1,5))
end for

end for
minX<min(M([n-r,n],m)),minY<min(M(n,[m-r,m]))
return min(minX, minY’)
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*1  ADVFN:http://jp.advin.com/00000
x2 IBI-Square Stocks:http://www.ibi-square.jp/0 000 O
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