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Short-term Forecasting of Chaotic Time Series by
Simple Recurrent Network with Short-term Memory

SHINICHI KIKUCHIt and MASAKAZU NAKANISHI'

The concept of short-term forecasting of deterministic chaos makes an impact on the engi-
neering science for real-world time series. Elman’s recurrent neural network is such a nonlinear
forecasting method. Recently, we have proposed a structure which uses directly past histories
in Elman’s network. It is shown that learning is accelerated using the structure. Data in the
previous work is periodic, so past histories are important for learning time series. In this work,
it is shown that the structure is also useful for chaotic data. Moreover, we employ the cross
entropy method for fast learning. In this paper, Hénon map, Lorenz equation, the number
of measles and fluctuation of Japanese vowel are treated as examples of chaotic time series.
Using our method, it is shown that learning speed attains about 100 times faster without
making generalization error worse compared with Elman’s method. Moreover, generalization

ability of multi-step forecasting is improved by introducing the buffer.
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01 0010000 SRNSMOOO

Table 1 Results using SRNSM in Exp. 1.
! gooo oooo gooo
BP CE BP CE BP CE

1 | 8524 3428 | 0.0029 0.0031 | 0.971 0.968
2 | 7658 2707 | 0.0027  0.0029 | 0.973 0.971
3| 6745 2536 | 0.0030 0.0031 | 0.971  0.969
4 6445 1246 0.0035 0.0033 0.967 0.967
5| 6417 2727 | 0.0036  0.0039 | 0.967  0.965

02 0010000000000000D0

Table 2 Results using buffer model in Exp. 1.
l oooD oooo oooo
4 _ _ _
5 39669 0.0038 0.961
6 22645 0.0042 0.955
7 25168 0.0049 0.950
8 22765 0.0054 0.945

03 0010000 NARMAOOOODOODOOODOOOO
Table 3 Results using NARMA recurrent network in

Exp. 1.
p q | ODOO oooo oooo ooo
1 4 — — — 0%
2 4 29882 0.0039 0.960 86%
3 4 5523 0.0038 0.962 97%
5 4 3890 0.0038 0.963 100%
7 4 1594 0.0037 0.961 100%
9 4 1439 0.0046 0.950 100%
7 4 1594 | 0.0037 0.961 | 100%
7 6 1655 0.0041 0.957 100%
7 8 1449 0.0043 0.954 100%
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Fig.2 Correlation coefficients for multi-step forecasting
in Exp. 1.
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Table 4 Results using SRNSM in Exp. 2.

) oooo oooo oooo
BP CE BP CE BP CE
1 — 3001 — 0.00029 —  0.998
3 842 2002 | 0.00034 0.00025 | 0.997  0.999
5 542 118 | 0.00030 0.00034 | 0.997  0.998
7 576 52 | 0.00023 0.00023 | 0.998 0.998
9 | 1415 301 | 0.00022 0.00031 | 0.998 0.998

05 00200000000000000
Table 5 Results using buffer model in Exp. 2.

l oooo oooo oooo
1 — — —
3 603 0.00027 0.998
5 220 0.00026 0.999
7 125 0.00019 0.999
9 88 | 0.00017 0.998
11 197 0.00021 0.998
13 349 0.00023 0.996

06 0020000 NARMAOOOOODOOOODOOOOOOO
Table 6 Results using NARMA recurrent network in

Exp. 2.
p q oooo oooo oooo ooo
3 4 — — — 0%
5 4 91 0.00245 0.992 26%
7 4 58 0.00134 0.994 83%
9 4 46 0.00165 0.995 98%
11 4 36 0.00201 0.993 100%
13 4 44 0.00173 0.990 100%
15 4 37 0.00123 0.992 100%
15 4 37 0.00123 0.992 100%
15 6 30 | 0.00095 0.991 100%
15 8 26 0.00104 0.993 100%
15 10 24 0.00136 0.994 100%
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Fig.8 Attractor embedded to delay coordinate in Exp. 2.
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07 0030000 SRNSMOOO
Table 7 Results using SRNSM in Exp. 3.

) oooo oooo oooo
BP CE BP CE BP CE

1 | 16992 4676 | 0.0029 0.0029 | 0.961 0.961
3 6446 1656 | 0.0029  0.0028 | 0.966  0.968
5 5968 1372 | 0.0031  0.0030 | 0.966  0.968
7 2040 437 | 0.0031  0.0031 | 0.966  0.965
9 864 166 | 0.0029 0.0029 | 0.971 0.971
11 641 133 | 0.0028 0.0029 [ 0.971 0.970
13 530 113 | 0.0027  0.0031 | 0.965 0.963
15 520 104 | 0.0031 0.0036 | 0.963 0.955

08 0O0300000000O0O0DOOO
Table 8 Results using buffer model in Exp. 3.

l oooo oooo oooo
1 J— J— J—
3 25103 0.0027 0.965
5 19764 0.0031 0.965
7 5598 0.0030 0.959
9 1936 0.0028 0.963
11 1064 0.0027 0.966
13 677 0.0027 0.963
15 674 0.0030 0.961

09 0030000 NARMAOOOODOODOOODOOO
Table 9 Results using NARMA recurrent network in

Exp. 3.
D q oooo oooo oooo
1 2 — — —
3 2 7157 0.0030 0.958
5 2 3640 0.0031 0.959
7 2 2039 0.0039 0.950
9 2 1509 0.0030 0.948
11 2 1370 0.0034 0.961
13 2 677 0.0034 0.961
15 2 470 0.0031 0.954
13 2 677 0.0034 0.961
13 4 676 0.0034 0.968
13 6 605 0.0035 0.970
13 8 545 0.0037 0.973
13 10 434 0.0039 0.966
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Fig.9 Correlation coefficients for multi-step forecasting

in Exp. 3.

log(MSE)
01 T

0.0030 I I I I
0 500 1000 1500 2000 2500
Epoch

010 00300000000
Fig.10 Learning curves in Exp. 3.

# Case

Answer ——
Reply
25000

20000 -

15000 —

0
1930 1935 1940 1945 1950 1955 1960 1965 1970
Training data Test data

011 0030000000000000

Result of learning and forecasting in Exp. 3.

Year

Fig. 11

gooooboooooobooboooobooDbobooo
gooooboobooooooooooe20bDOnO
09700000

7. 000000

ubobooool1boobooocoocooooooon
gobooboboooooooooooboooooboooon
gobooboooooboooooobooooooooooo
oboooooboooooboooooooooooon
ooooooooobpobooooooooobooo
gooboooobobooooobobooooDboobo



24 goooooooooooooooooo

00D0000D00000000D0000000000
0000000000000 D0D000000000
0*¥0000000000000000000000
0000000000000 00000000000
Ooo*90Sato 04’0 0LPCOOO0DOOO0O
000000000000 000000000000
0000000000000 00000000000
0Dooooon
O0000O0Sato000O0%000000000
0000000000000000000000000
000000000 16kHzO016000000000
000000000000 /a/00000000000
000000 1500000 010000000000
00000500000 300000000000000
000 1000000 600000000000000
00000000000 3000000000000
ooooo
01000000000000000000000
0000000000000 00000007=10
BPOOOOOOO Eman0 0000000000 11
00000000 DO00000D000 (000000
00000000 12 00NARMA(p,) 0000 p
0 ¢O000000000000000
00000000000000 »p=0.010000
0e=09000000000000000000
0.000350 00000 100000000000000
00000000000 0000000000000
000000050000 1000000000000
00 5000000000000 00000000
00000000000 0000000000000
000 100%000000000000000000
000010000000
01000000000000000000000
0000000000000000000000000
00000D0l=110 SRNSMO CEOOOOOD
000000 Eman 000000000000 0ODO
0000 10200000000
01200000000000000000000
000000000 Iman” 0 Elman 0000000
“SRNSM” 0 [=110000 CEOODOO0DOO0O
000000000000000000000000
00000000 0000000000000000
0000000000000 D00000000
0 130020000000000 “Elman” O
ElmanO0O0O0O0OO00ODO“RNSM’ O [=110000
CEOODODOODOODD

May 2001

010 0040000 SRNSMOOO
Table 10 Results using SRNSM in Exp. 4.

. oooo oooo oooo
BP CE BP CE BP CE
1 | 25191 5501 | 0.00042 0.00040 | 0.988 0.988
3 12606 3253 | 0.00044  0.00044 | 0.987 0.987
5 5244 2332 | 0.00044 0.00044 | 0.987 0.987
7 1988 922 | 0.00043 0.00042 | 0.987 0.988
9 1349 276 | 0.00042 0.00041 | 0.988 0.988
11 1178 248 | 0.00043 0.00042 | 0.988 0.988
13 1171 264 | 0.00045 0.00044 | 0.987 0.988
011 0O040000000000000O0
Table 11  Results using buffer model in Exp. 4.

l oooo oooo oooo

5

7 6996 0.00045 0.987

9 3968 0.00044 0.987

11 2231 0.00047 0.986

13 2247 0.00046 0.987

15 2217 0.00047 0.987

012 0040000 NARMAOOOOOOOOOODOOOOO

Table 12 Results using NARMA recurrent network in

Exp. 4.
p q oooo oooo gooo
5 2 — — —
7 2 7460 0.00043 0.988
9 2 1416 0.00040 0.989
11 2 1725 0.00043 0.988
13 2 2258 0.00042 0.989
9 2 1416 0.00040 0.989
9 4 991 0.00040 0.989
9 6 890 0.00040 0.989
9 8 829 0.00039 0.989
9 10 631 0.00039 0.989
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