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Exchange rate volatility prediction by
an extended self-organizing mixture model

NI He
(School of Finance, Zhejiang Gongshang University, Hangzhou Zhejiang 310018, China)

Abstract: Exchange rate volatility prediction has long been the issue that most financial market researchers are con-
cerned with. This article applies a self-organizing-map-based method to the self-organizing-mixture model(SOMAR) for
predicting the non-stationary volatility of daily exchange rate. This extended SOMAR(ESOMAR) model is free from
the constraint of stationarity which is required by most of the traditional regressive models; it also replaces the global
modeling by the local modeling by splitting a non-stationary time series into piece-wise stationary time series episodes.
Meanwhile, ESOMAR is a non-parametric neural network regressive model; it combines the simplicity of the traditional
regressive model and the flexibility of neural networks, making it adaptive to the heterogeneous data. The prediction re-
sults of exchange rate volatility show that the ESOMAR outperforms many traditional regressive models as well as other

neural-network-based approaches.
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1 5|E (Introduction)
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Wk H 3H: 2009—03—08; Y& ik H 3H: 2009—06—25.
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AR I — ANRF A 2 903 R 1R BE AL DA 1 ) B B b
VR 2= 10 TR] ok il 5 gt A 3 % R S T U R N
PR AR XA 1) S, BB PEAS A& — AN A] DL AU
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e AR 2 B 11 SRR 5 121 3 BT % 080 11 4

AT R B 5 0 BRPEATE 1 (leptokurtic). ) /5 R 1
F1Ry T R 50 A Bt = B AL W TR A A A, IF Hoaz gy
AT I EL RN Ty 22 S I AR ) 230 RV i piadl 20 AR Ak ¥ 7l
W5 B2 BT AR ). W BB LA X AR IR
Kl A X RS T 2 ) i 45 BT, 2 A3 A1 vl A
XilIy ~ N(pe, f(11)), (D

oy NFORIERIAG, 2 —BX I BH, 1 f 3£
IR AT R R R, T A A XA [ R
HOR R AT ZR P PO ) H b5, AL R4
PR eh, S5E 0 sl A D7 VA —GARCHM — ik
R )2 N 23 S P [RNE 1) 77 % . GARCHAR
TR Y — R [A] U9 5 ¥ (autoregressive moving aver-
age, ARMA)IA & RUECH (1) (013 73 B, 2 545 3%
22, BUR AT LU S0 A, B E R i o B A
AHIRAE.

o} = E[(X; — ju)*|L], 2

Horb o, R R X P 4 4. B VESEPLYE REIM 3 =
FIVHHE TR A o R, fs W 284 5 — PR 24
VEAE AN TR0 7 T2 e M B AR T
HETSH0 A T vk, #E I TE FAR I A
W, IXEMA, 15 H 1) e SRR TS 5
A5 TE I B b BB A R IR B & AR — N i
W, AR 2 BLsE b i e, R R 2 & s T
(1) 4 bl b ke i, 2 PeAsHE DA 19, Ty B b [ 1)
iR, T Re A TR — AN BRI R INE
A2, R 2 ey S T AR — AN 4 Jay A 2R oK 43 il A
(RIS TR X PG Ak, AR AN R 1) A K s,
AJ AR Bl 21 1 m 4R, T RS 208 A L i ) 2
PEA FEAN AR R LIRS 2. ARSI i 7k
e 3 T XA —A “divider-and-conquer” Py J5i U]
FIH L2 W9 2% 11 JOAR, 205 JLRh Al 28 0 2 53

2 BE A T (Volatility estimation)

KT PR 2 Fhoe SOrvED, Horp L g g g
A HAT WIRR &5 kg v, JF s I A (5 82 DU
(¥, I ¥ 25 8048 IGARCHA 3 #)) #4:(GARCH
volati-lity); AN B TG (7 B A v LU ¥, 3= 22 H
DI T 3% 2 500 1 B ML 8l PE (stochastic volatility);
HoAth & 5 B 113 8l M (integrated volatility); #R ##B-
SHAROE A 24 207 A2 1 B 5 I 3)) P (implied volatil-
ity), 4545

V2%, RPN A s 1 H W s, HWcas vl AR
Hry = Pt — Pi—1, /ﬂgﬁppt = log(Xt). H ez vl Loy
it 0y TR R S AP B RS R — A B I, %N
A BLRR IR Ny — AN 0 A 4 AR 2 1 R .

Ty = Wy + 042, (3)
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ol =ao+ > aief_ + > Bioy ;. ()
i=1 i=1

Horbe = 1y — g, p, @EARHERT S8 H (1) 2 58 %R
TOE ), T ev, B2 M B RABLAR A T (maximum like-
lihood estimation)¥] J7 ¥ 75 21| []. GARCHZE 1Y 7t i
4 K R B R N R T, o BT R, T
R, S5

HRAR 2 (1 5T 45 A48 BHGARCHAS B 71 4 il
H P e Ay 1 E A — M Bl A B I P AN W) LG A
s, (B AERUR 5 538 A7 — & M R B T
WIGARCH, 1 56 BRI e 2 81 4546 L AR 22 1K 03
AT O, ARG A REAL I 2 508, T IE AR 2 2401
Sl e T BB AR SR 50 0, A5 U L REAE T AL
JHM. X A 20 (parametric method )£ 7Y HE [7] 1) J)
B, fift e (1 Ipi2 2 HUGARCHIZ W 5 | N BIHES 407
#:(nonparametric method)!*?!. % 4, GARCHZ —
A JR A, oAU I A TR B
i A FRY I 80 2 SR T A ) s e AR, I A
B A RABATTEE T M7 R0 T HE A
H i AL B AR RS A E s AR A, v BAAt
AP RRE AR DRIk, B 7 B RS, 285 REX
IR Z BJEMIENA. O 4 - TFGARCHEL AL (HA



446 oW s N H

07 %

ARANE T WoCHR[11].

3 ETHAZMEMNE KR RAE
4 (Extended mixture regressive model based
on SOM)
AT T Ed ke BER), T H

ZH 2 ph 28 ) 2% (self-organizing neural network)[]—/™

RARRFF b aS mm EE Sk A ma M

U2 B FIRE ST R JTIA TR I 4, e

e AL A AN 2 0] o R v AE I 2R 5 WS 21—/

IR 4E B AR 28 0], JFOR A B 78 Ji 2% 18] 1 4 4 45

F. H T AR B 4 4 75 B (neighborhood function),

H ZH 2300 22 00 28 R )1 2Rk B3 w13 AT BEE R N RS

SN DU IR B AR 2 W 2% 1R g R )2,

Horpr AN By SRR AT IN 8] P A1 1R RS O3 i L

A S BA REF AN S5 R “o2 21 8e 7 AMET]

DAAN 52 U G5B 1 RS P R 5 i, 348w DA ok A1

RN Eidie 9 2 Bl LA P RS 18
I ZH 23 2 9 45 13X AN AT B DA ke Tt

VI A T 38 3 K PT RE AN ST AR ). AN

7] 5 GARCHAE B F F — AN 5 #2E, A SCR 7

P-HAL BB, LA EAT B A2 k4%

S OTRE R B AR AR AR R L T [ e A

RS 7 Tk,

w(t) = w(t — 1) 4 ne(t)x(t), (6)

Hrfe(t) = () — z(t)Tw(t — 1) & FRZE, ni
i 2 SV B HOD K XA 3 T e R PRIk
R4 /N 3612 (recursive least mean squares)¥fE 5 Hi ok
(1), T AR B 20 i N (¢) 7E2675% 2] B R RBEAL
Hw. HAZ A ]8R AR AR A NA R B
VIR RN Faw,, 5 = 1, -+, N, fEEF—IRAAS 24
NEAE I, P NAS J s (A8 8 () B S AR T
T,

w;(t) = w;(t — 1) + h(r,i)e;(t)x(t), @)

ENGUYIENOIE SN P ENe R N T E
(i) (Ferfir, 1467140 B B B 2 ) B ARt (6)
B Ko, X ANABBRER BOK 1 T B LU 2
fy 2 SR, AR AR 1 4L SR R4 B R
Bt FEA SO I 2 e 3 YL AR 1 e
5 50342 A 3 BRI [ 8 17 U1 4, 6308 9 A —
A 5 SRR 0 91 25 A RS W d /. (o, ) B R
R AN R K, T AT S R A0
AR (17 i), VAL AT ) i 2 MR
it (r, ) RSB 0 A 0 (e, ) 1 BEL B 7 E 472

h, “PRES A, XF R (r, 4) AE RN, 24506 0 B
BN N h(r, )BT 2, WA T 5 [l A R R 7
AN OL T ATEAT 2% 3. R i T I AN 203
JiFR MR, AL 1T 2 R — A s R R 1 2% ST PN —
A e /N, AR S i — 1,04+ 1, - - I
35 R A5 0, SN ZRBEA N a3 358 35/ 6 i 3 A 24 1
ZHH R ).

AT FE W B ARG 0T LA 20, J5U 00 R Adox
SR I Z R i O SR. dm i L TR 20 3 o B
J2 re 0T R B, B A A SLA S B0 AR L T
JIT R ISLIE (1 408 35 o 2
f(r,e
hy.i(t) = a(t) eXp(—Q;(t; ),
Hora(t), o(t) 2 WA W4 ok 2, B A I TR) ) HE A2,
XA BB 2 SR B . f (r, 0) A2 0 8 A 5
HTAL Faw, X N (14 28 76 31 B £ 38 A0 48 6 (1 1 5.
LR A BRJL B B B f (r,0) = |Jrr — )
TEr; = v I AT I 405 451 R B0 1) i KA. 40848k i 250 1)
BCRAE B 1 rh ] R, 1 () R s A8 R 00 AT A
PR T 2 b 1) p A7 A [ 17 32 P 8 SR AN TR
BI1(b) 3 78— A SR g oy 10 408 35 o 25 1) 61T, JL R
0 i o5 R 5 3 T 28 TG B S ) 1 v ik 2>

®)

Bl L(a) ABIRREAERPZE TC I 2% B IRAN ) 35O
Fig. 1(a) The various values of neighborhood function

due to the locations of different neurons
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SOMM, Recursive SOM!'), Merge SOMI®!, 25:2%  jix
W1 K 22 A 5T R R AT I 1) 3 1) FEL T i s el o
JIT B R4 B A BB B o B b 25 )
M5 22, BT 300 1 2210, Jir AAS Uiy N £ s A
BOHT IR N B A AT T R, B U A BRI
V) T g P AN I 12 R A BE AL IR 5 A% . DRt A B ek |
WG A 2Tt (t — 1) LI e i hLe
JA AR IR I B P S T (). ATV AR
BrEe ()i, 254 (¢ — 1) E—> B H At R AL .
W f(r, ) RN ETC B A G TT “BRE 7,

A~

Fry ) Rt VS B B B | A
f(r7i)t - (1 - 5)f(r7i)t—1 + ﬂf(rvi)tv (9)

b, gl — AN T AR G, F TR IBUE KR
/B, BRI, AHROIBGECR; 248 = 1IN, AT 35 A7
B AN TE A A 4 Rt il aoc—FE. 2idiX
FERIE N, AEFFHT I 5 3 AT 20 R AR ZR 152
Wiy ) Bt 7 I ) 18 T8 /1, DR e 2 e B e Ay

“leaky integrate” [19].

KPS (ry0), — B DR HY B 0] )48 2
ik A /N IR R TR Ze(t) = 2(t) —

() T (t—1)sRAHI, AT EAE TS f (r, 1),

B FE SR H e (t) 1Y 46 6T {1 Bl AL 1% Jk(stochastic
gradient descend, SGD), 1M A~ A& B 6 . BLAE T il
B JR AR B — IRAS 24 A, &R mT DLAR 2 ol — 1™,
WA f (r, o) ME—IIARAE. DRI R ZE e (t) 200 11
7 (white noise, WN)IFEEAE N f (v, 4) 45 RIS H
PR 708 I — A AH AR ZE e (6) I FAH G R AL
[R) 266 6HE 1) A (sum of the autocorrelation coefficients,
SAC), f/NIRE Ry Fe 0 T M s, gl 2 A Y
ri*.

. r r—k

Fr =5 ke 3 0 )

t=1

(e:(t + k) — p)ll, (10)

o @ — AR Z AL, w0097 2 B4
e 22 ) 3B R AR E 22, ko2 SR B AH OC R B 1 4E
IR BE. X FE TF B H SR 1 g /)R B 0SB S 3 A Ao
256 f(r,i*) = min f(r,d). FIXPERHE B 7 AT L
PN 0 R v o T — O N 4 B E — 1 e A
&2 Jti*. a0 R R H ¥ U7 2 (mean-squared-error,
MSE) )77, WITGiE45 2 ME—fif, HARKR 3, X1
—ANEDFAN, W SRR T 2, SATIRZ 4 EA
H5E Y 1) 25 H506F I3 JR) 38 e /M. AR B2 s T A TR
—HHNE, 5300 EHSAC T 1E R34 J5 72 7 133K i 1H)

$oe 5 TE A28 G (B P /ML IR i Xk 2 (1 A7 ).
o, EEIFRIR T ISACT/ 4R 2 T — A4 Jafm /b
{EL, AR N (A7 B B A FSACTT TR 2 1 B 5 3
MLt TT, X B e 2o r AR S HOR W L
7°[0.2,—0.2]; NN IMSER 5 & & 42 e,
MSE$& 2 (/)52 A 2 1K) R i di /ML, S8 i 17 5
IR R4 Rl /M, BASCE R N R L IE d 5 il A 42 .

MSE
]
8

05 <
= -1s -1 -05 0
a2 al

B2 FEREN 7 AR (A 2400.2, —0.2]77F)
N T, FISACFHIMSE 73 il G- B B i@ i 48 7e
Fig. 2 The best fit neurons picked by SAC and MSE with the
same artificial data (generated by a simple AR model

parameter [0.2, —0.2])

(i) B 3 2 2% L& R T A [ U Y00 ) — 2 sy A 7Y
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(R RIS, 71 7] 248 S T AT R 8 4 2 BH A 1R Uk s 1) 1
BN, AN SR VI8 Sy SR T AT AT BEAN A2 [RI R4 1. AH
I b A R A [ R PR I A AR T R 2 M 4%, 25— 2
25 B AE F 2 AR s I A8 A G BE . TR AR &5 55 )H 2K
i 73 LR, B — SR AN Jm) S 1Y oK Ak B,
B AN R BURE NY. T- 25— SR M 2% TR B A e
TG 5 RS AT N AN, 0N A — 2 M g
PINNPIE TG, BF— A W A TS & o ik, T
F W g A TR — R R RS () S5 4. 5
TR WS AR R S B S R e e
AW P BT (B B [ — MR G, iR W
Tl A T ) SR AR Y (R S K. BRI i, AT DLk
G R A A () R ARCAS 1 o 1 B e, T 4 A mT e
SERIHATE N 24 TR 2 — 2 2 () — S - Y
v BBREIR T SCHE B N 2 ) 4 BT 2K
B E M, TR AL T A YE M L AR
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Fig. 3 Two layers’ network structure

J T e AT I 2: ), AR SR A4 (neural
gas, NG gt o — 2 W 4% rh 7 A 2 0 k4T
Yk, PSR —Fh A1 22000 248 X 2% [A] i I AP 42
IR 28 B35 AH LU T A AH T[] e 9 8% 45 #4 1) 1 2L 23X
2K UL AT ToH BRI A AN 28 A A
T 412 28 I 2% 1 A1 3k o 25, A2 L AR 32 il ik
AR IRTHE P15 20 10, T AN 2 $ BEAT A 25 5 PR 2 1) T
2R EE R E IR, BRI, 25 R g iAo AR
R JR S A VAR IR 20 1 SR pR A -

wm(t):wl,j(t—l)—i-g()\, kw)hm(t)el(t)a:(t), (11)
Hrp

g\, ki ;) = n(t) exp(—ki ; /A(t)), (12)

A(t) = Ao(Af/ g/t (13)

P TR IR i SR 01 gt R e B, N, N
SR AR TSI ML 2. n(t)t—DaE &,
A A I T 5 v 9 2 . A SR R
B AN R SRR S HO w; 4 (1), iR B %
Jai PR TY A 5 — 2 P 2% TR R AL, R AR S
JZ P 2% P AL L B2 Hw, (1) 1 A AR A R
Hg(N, i j) AL, R, AERE— O AN Bl K il
I, ¥ SR R [l YA Y 5 mT R A Gl I BICK
HEFOTE A G K R A R B, IFARYESACTI s
FARBIE S — 2 P2 T i Ll 28 7T, 4k i 2 46
SRR Heh, ;. ARG HENT S TR MG, AERES T
AR Y S5 8 1] U A 7R 18y A [ o o8 g A\ R ) 4
2, IF M IS ACTS 30 1% 1 M A 1) JLAS Jey #4 [e]
AR HE P K, 5. foc e AR AR (1 DA BUBT AT 1 M
HR R — AN JR R IR AR A ) S 4, Al sk A 1 M
AE BRI BT I 0 doe 5 3 g (8). BEAS )l R
iR )5, AERE— AT WA PhE AN R A m] A
M XA AR AR R 2 v, Bk 6 00 B B 1G
5 (6) IR B 22 1R — AN 3R A ey 38 0] DRSS 2l i Ay

%W RARER, B T 25 (1) 27 2 45 R A N A —
JAPNAMZTT, 85 R i NAS Rl e, &
MITHIBY 20 T BE A AN — 8 1. N T Fo0ml ik, 5t
H i NI N AN Jay 38 [R5 23 v Bk ke e 5 3 P AT [
VAT Peade (1 77 ] LAAT 22 Ff, AR SIS A FH )
A AT VI ZREARE TR 27 2] P A (0 N A Jei 6 ] U A
R Pkode B BRSS9 S FH S 2R 0l g 2 T
4 PN A1 B 1 3R E e LA, e 3 i A AT
(1) JRA R A B AT T — 25 Tt

gr BTk, ik U5 vk 2 AE 4 H I SOMARKR
RISy 3 i, 45O Il 48 2 IR RS AL 5T
g It DN T OAH AR A ) Kl 2 D) i A R N T A
SR 22 PR R R N I HLRI T P 2 4 28 1Y 8% 1)
T3, Wl B JR R A R P S DC R 2, 58 T
Ji R B AT Ry 08 [ U A 784 48 06 20 A FH BR A R [ 4, T
AN e AR A Kl 1) A2 A AH B 1 34T Bl 2 TR AR 1) JR) B
P 88027 3 i # 3 (fine tuning, FT), il i 5 2 3046
FR B A 3 1 27 2] U R I ) I 4R I [R), 5 B SACHE
M LLIEEAGE . U THESACH) 77 2, B
PTG 2 — AN, A — M. — A AL
BN ORI AE F AN RN R 32 27 A ] g
S ZA RIS 7= A, RS2 G DL T, 2R
FH X BRI 2 10— AN A 1) B 5 3 [ D AR TR e AN
OR824, DR 2 ) R 30 0 12 220 TS e g A 4.

4 X525 (Comparative experiment)

EXFLE S, FEOE R AL T A A MM
2 18[9 = 77 v A T00 VI 28 9% B % 77 1T, MIGARCH,
ARMA, MLP(BPSIL I 25 1 2 J22 B an &%), KL H
MM W% Ik, 72 KM 8CR It
S BT FH I OHE 2 1 B A S LR B R, 36
TG g B, 3 J0 6 B T, 36 TR HE & AR e
A7(2500 3 2L AT Sy HDI H 5 e 4 25048 ok U
PACIFIC - Z ¥ ZEsauder school of bussiness, UBC,
http: //fx.sauder.ubc.ca/). A [ [P0 2% 2 22 KoY
T8RS 53 TR IR [) 4408 72 A1 58 JCHE B 1R, By DAFI L B
F B e B ) B8 AN H &8 16 mT L.

S R ] 220 B, S N FH AN B ous ) B
A H7 SR R 56, 3 0 4 1R AR O0) B2 R AT
i, e b 00 RS 1 TE BB, R PEBICHK B i
[l A HE AL 2. SR )5 A HHGARCH(p, o) 58 B9 i3k 47 %
YER AL TH UL P AR PR GARCH T A5 2 1] U1 45
M R B IRZEN T 2 DAk
J£ % 3)) % 1 (rolling window){ — 4k 1) 77 2 [ 51 #%
AR B 4 4 RO i) B HE S 1 % L B JE R AR
SCHE 3T 2 2 2 % 1 (R U A AR
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Wk, I MIGARCHEE B 15 £ 15 1 T8, K
FHARMA, MLP, [ 2230025 ) 2% 7 3 (1 443 21 1) Tl
WA G AE LA SCHE HH ESOMARAS 24 A1 HoAth
FHRNARER) A, Hor ARMARIMLP 2 % 42 R
74, % FHGARCHAL R (AR 7 7= A= H SR (PR ZE 1 T
ZE AT R A A P B 2R A AL & N 25 A Bt m]
AR (R U 458 28 Ak B B 1] e 271 B s, 6 FHGARCHASR
TUAR) BB 7= A H R AR 22 1) 5 25 R SR k14T
(Y537, 338 1T 7 280 FU00 38 5 .

L& J0 0 S5 g i, FH 2000357 $ 4k 3817 2% )
Wk, JE20030 54 AT sz ae. ¢ 56 30 5L AN A AR
WL aR, FHBICHE ) 4k H fe 4 [ A 7Y [ S AR= 4.
LLE 56 KUt p, g I 251, FHGARCH((p, q) il H I 25 54
PR 2, TR 5 GARCHAR 2 5% 2 51 5 2 R 3
Mol Re, ~ N(0,0,) A I & Brqft, 5 R 2
TR I 1R B B 3 sh v G B4 BT .
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Fig. 4(a) The AR modeling errors of USD to GBP return
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Fig. 4(b) The corresponding volatilities

X LGB, mT AR AR SCHE HA 1 Rl YA
RS2 8

Sy T 54 B AL ESOMARKE Y (1) Y5 45 5., 7
£1, 2, 30 B T N A B 2 9] R34 7 ZMSE,
FUFGMAL 1) )7 2 (varia-nce) PN FE . 48 H 7 25 1 i
D] 3 S 1 L ) TR Ay J LR A ST S 5 R R 3R
NI ZE BN NG R P A . R HPNGR R4
4%, MSE{E M. x 1073, Varfi . x 1076,

A1 RULEE

Table 1 USD vs GBP

MSE  Var MSE  Var
ESOMAR 4.231 2.142 || SOMAR 4.342 2.201
ARMA 4.823 2.793 || MLP 4710 2.534
GARCH 4.532 2.238 || NG 4.602 2.348

A2 R
Table 2 USD vs EURO
MSE  Var MSE  Var
ESOMAR 3.223 2.013 || SOMAR 3.514 2.203

ARMA 4.037 2.672 || MLP 4.001 2.641
GARCH 3.871 2.216 || NG 3.724 2.41
A3 ELED
Table 3 USD vs HKD

MSE  Var MSE  Var

ESOMAR 5.176 2.562 || SOMAR 5.310 2.612
ARMA 5.993 2982 || MLP 5.815 2.986
GARCH 5.551 2.863 || NG 5.761 2.699
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5 R45R4%E 18 (Summary and conclusion)
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