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The global financial crisis in 2008 has raised concerns on the events so called “the
Balck Swans”. Evaluating value at risk and conditional value at risk using the extreme
value theory can produce the asset loss and the corresponding expected asset loss at
certain confidence level under extreme circumstances. This paper uses the synthetic data
characteristic of financial returns as research targets, and in this way, we can avoid the
drawbacks of analyzing the real market data which are affected by ambiguous variables.
There are two types of synthesized data: static data and dynamic data. Static data are
asset losses which are randomly sampled from the normal distribution, the Student’s t
distribution and the log normal distribution, respectively. Dynamic data are time series
generated by using the autoregressive moving average model, the autoregressive
conditional heteroscedasticity model. There are two methods to evaluate the value at
risk and the conditional value at risk using the extreme value theory: the static method
and the dynamic method. The static method includes the block maxima method and the
peaks over the threshold. The dynamic method integrates the dynamic model, the peaks
over the threshold and the bootstrap sampling to evaluate the risk. For static data, there
is no definite relation between statistics calculated from samples, theoretical values and
the results calculated by the static method. For the dynamic data, there is a definite
relation between the results calculated by the dynamic method, statistics calculated from
samples, theoretic values and the results calculated by the dynamic method.

Keywords: extreme value theory, value at risk, conditional value at risk, block maxima
method, peaks over the threshold, autoregressive moving average model, asymmetric

power ARCH model
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VIR FP SR R TERDEHEE 0 A PRPRT OGRS
o p i€ 2008 & > 1k & gk 5 % (Global Financial Crisis; GFC) [15]2 t& » #73)
12 % 48 (The Black Swan; TBS) ¥ #[16] » % i B4 fffRehifpp & § Rigt ¥
B K2 M Al g R T T R ke R
#8323 (Extreme Value Theory; EVT) [5]d #c3Z #04] 14 > % 4 245 P
AAH - WA F PRIV E NS B R 2 S i i
b ' & (Value at Risk; VaR ) [1][9] 4~ =iz - kBT hGenB B R EFT A ¥
BEHNEFIPIFIFTAFANEKE > RTAPEY Y UHEEFILES - b

AT ARE KR MAE % 5 iE2 R 'k & (Conditional Value at Risk; CVaR) [13]

NR-BWFTHOTAFAYPHE TRIAGEOF NI E AT AF L
FL 2o ¥

D AR RS AP AF LAY R B RERES R R BR
g RHCA peil (fitting) =02 5 5 Lo SEis A~ F B Nahihfien HE A F A
Pl Bt F R LI REEG FA LG EL FRL G BNl 2
[3-4,6-8,10-11]» ¥ *t > » 3 3%~ AR FE I FMBELR G Edf £ &0 &[2]
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¥-% &3

A2 1% &2 (Extreme Value Theory ;EVT) &kdf #i k3R jic o d 3T
EVT Edyiftesp® 28 2 anp 303 FIt > 360 - B & B 3%k '
3 E 0 A - R ARPEFR ARG~ F 5 £ & (heavy tailed) FH ik b
Yoo FFFY s Foenf 3R[11] - b & B (Value at Risk; VaR ) 4ri% i b *% & ( Conditional
Value at Risk; CVaR or Expected Shortfall; ES) £ &% * &k & it & ik *& chdp i > 3%
PEE O BETEFAEOR G VEEEVT BRI E R E O E e -

EVT 5 s fA* 0> 2 o % - &> Z2 H 5 %k <~ 2 (Block Maxima
Model;BMM ) » v 4] * & 3z Gumbel ~ Fréchet & Weibull ei& g &~ # & iz = —*Ffm
- 4 it 4@~ # (Generalized Extreme Value Distribution; GEVD) i% % if fie fi-7)
(fitting models) > @ % = f&=> 2 fL 5 7 &M # @2 (Peaks Over The Threshold,;
POT) > v f1* - 4k i 0 3=~ # (Generalized Pareto Distribution; GPD ) ¥ % if fie
A - POT $2 BMM L Fdlenid * 5 s > i3 8 %] 5 POT & & 9733 T BMM
TR BN T EAER @ (Threshold) shF AL ¥R 5 E > 2 2 BMM 2 &
- gl R ROER e LR ER - BiRE T POT A7 * P72 Ao

¥-& EHEL;2 (Block Maxima Model; BMM)

Bk G -t A E S F AL P EBREA ] X, X, 0 4

Mn :maX(Xl,...,Xn) o Mn/J‘%,\E\;g%,\Xmﬁ&:‘ P :.; .
P(M, <x)=P(X; <X,...X, <x)=][P(X, <x)=F"(x) >

d TR IFT e M 3 20X FP s e w S ieEs* G(X) -



%32 1. (Fisher & Tippett » 1928 ; Gnedenko - 1943)

P XX - mp P AR A R REA T E G Ao BT

(normalizing) % # a,>0 * b, eR » & ¥
nghfmmﬂ&ywxp—qgsﬁzeu),

Bl430 = 2321 0 F 38 G(X) > G(X) BT S|z AR e A T ol -

1. Fréchet :

0, X<0
D, (X)=1 _ .« a>0
e x>0
2. Weibull :
~(~x)*
Y (x) = € ’ x<0 a>0
1 x>0
3. Gumbell :

A(X)=e*" xeR o

N ,u;‘g;j -t KB IR 1 ¢ h fAREA T Sl S - R REA
# (GEVD) &i# (Von Mises » 1936 ; Jenkinson » 1955) 4c*

G )-%

G.(x=:¢ ° . ¢#0,

e,e%xw)/n § -0

2
>

B o xBE 1+ E(x—p)/o>0 - F 3¢ o f&iE iy dc (extreme value index) 27

& %% (shape parameter) £i% & —wo<&E <o » ¢ & %#k (scale parameter) o /%

¥ o>0 - =% %4 (location parameter) u o 1335775k S8 & chid > G, # k> =

e AT



1. £>0% 5 Fréchet % » H B30 R fic ke | o
2. £=0%75 Gumbell # # » B &80 dp o ek o
3. £<0™ 5 Weibull »# » H L sh k3G =48 .
Fpt o 4% GEVD &k #Hf &g B B iFpeif (fitting) 7 @ 34k 4 gig

EAT o BB 2T Y kg E£M-KT (return level))» £3-KT 5 5 &5 K

B € IR RAE S LMK T R BFET T B Ggl(l—%) eIV

P

Rk TH R G BN B E - A d MERKT RF G Yo R

RELERAT R 1o Y I RaRBEE A RN LRk

4
Feacs

LEN LGk c=1- Y Tam Rk (FR ) S

KL o g S [14] :

VaR = “_(%](1_(409(1—0))5) , &#0
p-olog(-log(l-c)) L E=0

¥- 8  ZaxpPiEEi: (Peaks Over the Threshold ; POT)

Fa#cF(X)eRV, ¥ &£>0- 47 - ¥ %% (slowlyvarying) shandic L >
FX)=1-L(X)x™"* - Bk $ - d fak 2 % S F 4 2 jb = T %A 7

» F(X)eRV, * &30 %2 x5 F2 (4 & E) Logsgm > &

X0 X

Xo =supix e RiF(X) <1lj<oo o T HABMHEE UeR 2 A4 A4 F ol ¢

F,(x)=P{X —u<x|X >u}= F(xln:u;(—u)l:(u)’ O T R (1)
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FO)Z2TLEIFLAREREUPE IFLF 5 EXPIF o IIW2FMRIFA T h

U F G — ALY ke 42 o # 3Bk (the generalized Pareto distribution; GPD) -

7 32 2. (Balkema & de Haan » 1974 ; Pickands > 1975)

Giou T i iag e o Sl B & mde™

7%
Gg,g(u)(x)z l_(l+§X/O-) 6’ 5750 S (2)

1-exp(-%/),  &=0
R RICRE 0>0 0 FAREH £20 0 RIXZ0 5 FAR Rk £<0 0 B

OSXS—Ueg c¥f- 2% ZF > FeRV, ¥ £>0 F2vag i hoU)>0 & F

lim sup

U=>X 0<x<xy—u

I:u (X) _Gg,o(u) (X)‘ =0 -

dar X ZAZEEE (excess)  UZRE > 74 y=u+X 2REBER EUFR XD

Bl 2 uSy<x o RIG ()T & 5 ¢

1- @YYy £20
Gg,o-(u),u(y) = o u R LTI (3)
1-exp(——), =0
o

Rk S8 EaniE > 5 = 1% IGPD :

1. &>0 F & € k&~ % (heavy-tailed distributions) » H £ 3812 % S #c ( power
function) % /& > &4 > Pareto ~ Student’s t ~ Cauchy ~ Burr ~ log gamma {= Fréchet
A

2. £=0 F H E3vu #ﬁﬁzﬁ #c % 7 0 Bl4e > normal ~ exponential ~ gamma fr

lognormal ~ # -



3. ¢<0- FAEEG Ut fghehimk & # » Blde > uniform - beta ~ # o
¥ y=u+x H=r (1) ¥
FY)=@=FU)F,(X)+F(U) 7 e (4)
£ N, FAREFIEEU DR A B R
F(u):l—% e (5)

#R)~(B)E A (4) s TEEIAF B A[14]

1—&{1%3@}%, E#0
Fy)=¢ " o RO (6)
1—ﬁexp(—;u), £=0
n o

Flpt o w4 GPD %3t ¥ k' & (Value at Risk; VaR ) £ i% i b *% & ( Conditional
Value at Risk; CVaR # Expected Shortfall; ES) « 44>t y>u » B3R5 F(y) & °

F(y)=P(X >u)P(X > y| X >u)
=FU)P(X —u>y-u|X >u)
=FUu)Fu(y-u)

o

E(u)(lJrcf y_”J%, £#0

Fujep>—), =0

—
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) s ko T ek T S 8% o T GPD ¢

o (1—05}5
+—||=——| -1} £=#0
5[ F(u)

u—alog(%} =0

VaR, =0 (a) =




ﬁ #P?]L}f%mu 1~ xﬁ I/Ef—;» .

VaR, ,o-el ks
CVaRa:—jVaR Il 1-¢ @ 1-¢
VaR, +0, E=0
& BLE

B2 H(EVT)® g * a# i3] (dynamic model ) [10]# » R, 5 PFRF t 2.
FERp o R AAERAPER B B R eT

R.=u +¢ ,
& =0,

He » y AR t FPaifh PS> o AFF t FoRi > o 4R t fFen
hbF o Z ARt PRREF, ()~ F e ik

Bk p s s (p,q) fhp 2w fFEd s T oH0A] (autoregressive moving
average model of order (p,q) s ARMA(p,q)) & o.is &sdic (p,q) P24l
Badp ;wg&r; g R R B B3] (asymmetric power ARCH model of order
(p,q)) PIF GHAI7T - A & 5

Ri=u +é&

& =0\Z,

p q
= Z(Di/‘t—i + zejgt—l' +é ’
i=1 j=
p q
ol =w+ Zai (|5t_i| ~ &) + Zﬂjatﬁ—i
i=1 =

e 5waBf>0 2 |y<l-

AP b e A ki £ AT X P E ISR BRFL



o POT A w$Z chs # SlicF, (2) 2+ ~ 23 E3%peig I GPD $-#ici@ » » %] 5
GPD({?, B9) f=GPD(E @, B?) -

4] * 4 ¥ ( bootstrap ) % fv F,(z) 7 B % fe i &) 0 GPD(E®, @)
GPD(¢@, pP)Y % #42 Z,,,..., Z,,, (Danielsson £ de Vries » 1997¢) > 113+ % h>1

2 h'eiE > €8

E\’H: m/:ﬁ\-’—nlz R L

=

BRF nBARIFER BB ED PP A B G 2y Zgg0e 0 L0 2
A - m Az

2. F17>74,  BII* GPD(ED, BY) # it - g E y® o £ 2=z, +y? -

3. F 1<y, > BIfI* GPD(EP, pP) ik d - Agpe y? o £ z=7,,,+y? -

4, FRl>z2=12 -

FPEEE MR L 2T oo B2 oA F e T [10] ¢

oo
(1 ol
o) )
H 1+¢& ,B(Z) , <2y
1 n
F,(2)= Hzl{zisz} ’ Ziniy STSZjyy

i=1l

=~

n

z-2 &
£ (k+1)
1-=[1+& S| P

q__@_é_ &L‘b’fih—k\w’ %f,’— ﬁé.;’thBIQLfFﬁJ’JO‘é_?}';"1+ﬁ71F1000"

#-rri2. 1000 e h pofs 2 gF e POT e > 1% A F % - 972 2 - 38 &

ok g T s 4E Y2 VAR fo CVAR -



REEE L A TR AT A E B LS TR L FAS LS B

FREITHREI G BogprEpsF (d)aiEd B E s 2 FRME T
135 2SRRI TR clicdf A r 0 p 2006 EA= T 2013 # ok 0 FE X

2B PTIYL 286 APERFRYF e £ T E B L L TR O AR
1000  © % f&— 5 # 0 & & T Datal-3 huEHs A F HE03% 2~ Sdcim i & st
FR o TAMEA LR A LA Y 0 Pl ok Datal 2 *h > Data2 - Data 3

Gk AA T LG L EEM

Data 1 Data 2 Data 3
AR o Normal Student’s t Log Normal
Ak 1000 1000 1000
¥ | T3E 0 EBEL 11pd R 2100004 T35E 10 L 1]
SR
B B —3.8676857 —4.0130858 0.0193746
A ;3 -0.0501418 0.0362514 1.031124
A 3.2333201 4.3018314 24.61767
T iaE —0.0473285 0.0270547 1.645078
A 1.0290541 1.0551507 2.044874
1% A = #c —2.4281244 —2.5835362 0.0961076
5% A i+ dk —1.7596587 —1.6812342 0.1939124
95% A ¥ 1.5964619 1.7200769 5.1459189
99% 4~ i 2.2157278 2.6731476 8.8826206

it - FEASTREERATRE

2R LB LS TN Data 4-6 GpE R A SRCAIK T SHE R PR

»

£ > Data4-6 35 G p A fFengrit P RER LS 4 F T A Student’s t e o
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Data 4 22 Data5 1% * % B #ic8_% #cid > F|pt 7 SEPF e % > Data 6 «hif =+ % B #ic

B AR T DA F T o

Data 4 Data 5 Data 6
A~ ¥ 1000 1000 1000
I 58 17 ARMA(2,0) ARMAC(1,0) ARMA(1,0)
S PR T (22_: (()), 0011576;1036 ¢,=0.0354501 | ¢ =0.0631909
% B B GARCH(0,0) GARCH(0,0) APARCH(1,1)
o =0.0002010
o, =0.9999998
S¥K T | ©=0.0001572 ©=0.0001135 | /,=0.6676622
7,=—0.0528787
0 =0.8363420
A il Student’s t Student’s t Student’s t
FEEK T 2.1000000 2.1000000 2.1000000
BRI R
B B —4.988509¢—02 —4.248082¢—02 —5.251681e—02
LA e —1.282438e—04 —9.261252¢—05 —1.381030e—05
Bk B 5.973905¢—02 5.086999e—02 5.961762e—02
T g —9.206700e—05 —8.051886¢—05 4.448447¢—05
e 6.353634¢—03 5.405311¢—03 5.456616e-03
1% % i~ # —1.79073e—02 —1.544724¢—02 —1.404707¢—02
5% & =% | —7.756171e-03 —6.831265¢—03 —4.44739¢—03
95% 4 i+ #k 7.710881e—03 6.536045¢—03 3.344346e—03
99% 4 i+ #ic 1.727889e—02 1.476519¢—02 1.617252e—02

it - FREATHEAES AT
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¥ - & R'GERFERGE
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AEHR-A TR B E (BMM) &2 54 igE 2 (POT) #7 7 B

bt HImAE

[EREN: LR

AEZ LR o A= I FH B~ 2y Data 1-3

g eng e > Datal feif B3 enajk Sodics f > H 45 BT e 7 57

>

AGET SLE -

N

Data 1 Data 2 Data 3

TS ik Normal Student’s t LogJNormaI
(+ &)
EE: Rt 10 10 10
=% %8| 1.2578403 1.45919513 3.4367301
R R %#c| 0.4764328 0.58583832 1.9259280
A5k 28 | —0.1652787 | 0.03382198 0.4621842
2H O RABRLZOREES

d A4 » v Datal frData2 4% Fesdb * 2978 M ‘g Efoif 2R 'k i@
ﬁjf—é’-ﬁ; E?K-ﬁiﬂ;% ©-] > @ Data 3’? | % T BBk AT 7E'-r IR % E ‘f‘f'""' b % B

Bl BFREAHES - ¥ - 26 > Data 1{-Data 2 {1* % s 4 % 518 D enh %

-t

BEfeiE PR E G BN AE < > @ Data3 fi ok 095 T ek e EE )

N ABEZG o BN E B L EAEBE L o
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| Datal | Data2 | Data3
THE K E R EE

VaR>M 2.376091 3.289652 15.71399

VaRZH, 2.792760 4.375096 34.19867

CVaRgy | 2.629309 3.968846 30.08258

CVaRgy | 2.984345 5.085328 64.31384
#AE

VaR, 2.185469 3.302413 17.61461

VaR 2.683588 3.997241 27.77107

CVaR,4 | 2.539559 3.766499 23.48106

CVaR,, | 2.932827 4.680861 29.54723
B

VaR 2.567875 9.064028 13.03809

VaR 3.088890 19.82683 21.95270

CVaR,, | 2.888189 17.53800 18.91264

CVaR,, | 3.366435 37.95408 30.15263

2R or s BFRBAZSORERE

ot T AAI* BH B EAeip Data 1-3 {6977 Plengdeid - ¥ 13 3 Data

1-2 ehajhk Sdcd 5 f @0 @ Data3 feif (7 5] ehd) )k S8Rt R -

Data 1 Data 2 Data 3
AR IS S Normal Student’s t Log Normal

[y

4 4 1.0 2.1 7.5

i = 0.6107301 0.756037 6.833295
i

7 4k

e —0.2301586 —0.270565 | 1.075773e—07

¥

A I FARMPEER P e %

d & 2 7 g DatalfeData 3% FAXPAERZ AT B 0 ek R B8

AT E > ¥ Data 3 ih

BB A2 E > & Data2 {1 7oA

13

SR TR R PR GBS ERRE S F 0 k095 TR g B2 v
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Bk | TR o ¥ - % d o Datal-3 % AR R R TR B 0 ik gl

R Ed <> EAE - 29 sData3 @iz B E kA Ed 5 oo

| Datal | Daa2 | Data3
AR R ®

VaRgo 2.321903 3.651899 27.97073

VaR} % 2.734118 4,090502 38.9685

CVaRo; 2.571043 3.916462 34.80402

CVaR %! 2.90613 4.26166 45.8018
BAE

VaR, 1.583641 1.842208 4.781287

VaR 2.087136 2.795539 13.36124

CVaR,, | 1.915886 2.454667 9.532688

CVaR,, | 2.334944 3.406972 19.80156
W

VaR, 1.644854 2.827332 5.180252

VaR, 2.326348 6.530806 10.24047

CVaR,, | 2.062713 5.723482 8.557227

CVaR,, | 2.665204 12.61582 15.22796
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FzE FANAGERGEAGERAE

AERAIR T B T IR GE  FER G A HEAE AL

AZE o AP LR - T ERA] R EEA SR L ST Sdks
Data 4-6 {7 i if » #-Feif {4 7 F|eHiB B v A LA 24 & (FGPD fieif (7 Fldrd # =

PN~ C R B AR SR

Data 4 Data 5 Data 6
T 3008 7 ARMA(2,0) ARMA(1,0) ARMA(1,0)
% 2 i) GARCH(0,0) GARCH(0,0) APARCH(1,1)
I SRS TS - Student’s t Student’s t Student’s t
+ k& GPD feif %3
=¥ S8k 0.65 0.4 1.25
R R S 0.4754582 0.3463844 0.9891233
ik FBK 0.3807341 0.4274878 0.3621177
< & GPD fieif %
=¥ Sk 0.7 0.45 1.75
R S 0.5183988 0.3516828 1.0668650
254k 5 0.2404024 0.3560271 0.3595357

¥ - B EARE LA L R GPDjﬁaiﬁé/&&

LR R GE R e B e R R 0 AP T A

B A G F o F 6 ErE R RS 0 L R

=

* POT B h "%k BBt h'eE > A ZEH/MNTERAIERGEEELL S

B AR E AT £ TS RRA R A LA Sl B g
PRUGERADEL G EREERGE o APRE TIPS PRYGE

(VaR"™) grig 2 p ' (CVaR"™ ) H b kdod o A 9% o b fade G0

§enih gt oA @A R Data -6 117 $ {4211 K ek 'k B IF 2 D 5

15



HE BT EERERAG TR R 2EEY FOEPRGA T o
Z POT ek A £:172%5 @ -
Data 4 Data5 | Data6
B i B3
VaRge | 0.0434507 0.0328840 0.0025929
VaRgs | 0.0669701 0.0582264 0.0052407
CVaRgy: | 0.0585616 0.0498168 0.0044469
CVaRyy | 0.0856590 0.0829288 0.0083634
HAE
VaRge | 002182674 | 0.0188037 | 0.001461294
VaRgs | 0.04088665 | 0.03550512 | 0.003634361
CVaRgy: | 0.03302242 | 0.02866820 | 0.003044188
CVaRge | 0.05216540 | 0.04607359 | 0.006661762
BB
VaRgz: | 0.0953288 0.0831061 0.0541113
VaRgs | 0.1924434 0.1677148 0.2071283
CVaRyy: | 0.1689549 0.1468922 0.7504487
CVaRgy | 0.3372686 0.2915243 3.256589

MBI Y Ao k09522 0.99 T ik tk BB IR R
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Sr i 2%

hAHm P > APRYIEEES (EVT) N#EFELEHF L2 GEET &
T HRFEDESTHRLIAGEEFERGE S YILREENDREERAE
BHEMaZ B @R T ndd o34 ~F 5 ¥ &4 # (normal distribution)
g Student’st & # e i T U BHE S Z RN DRGELFEER G E A
BAELRBITERAHE > CHEFLLF L HEY L4 % (lognormal distribution )

FRTOR O A g ARBIhE o $NE A AT S B EHEFEELTR fIr

FAAFIEEE G R R G EACEILH o R A F

N

Student’s t 4 # ¢ i T4 0 AR RS B 3h ek G S E 2 R G ] IR

I

o BT R R ETARPEER T R A g el - il
Foo ¥V - 25 > AL EE Nk g EEIEER f"kp# 55\‘?"5%“‘;”41"%
BARPER A 3 E RBEEIALT S U PROTHR A ERTEHER ]

WG L f - R
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ot

7% 1. h *% & (valueatrisk ; VaR) (Jorion » 1997)

FEZe kel BHPFLPE Gk EFaTHT ARG ELdpd] o
keR > #EFA AN i 4 LAgA&RKe B F S 1-a o b ' Berdc® 47 ¢
VaR, (L) =inf{leR:P(L>I)<1-a}=inf{leR:F (I)>a} -

B9 5 PL>)AAFAFLLA leR hiF o F(I)RLFAFL L)

WREN LeR i A Sk

T_& 2. i R % i (conditional value at risk ; CVaR )( Rockafellar & Uryasev 2002 )
EERREX FLG EIRR % E (tail VaR) ~ #7 ¢ £ %F (expected shortfall ) & & 324g

TE4E 4 (meanexcess loss)o 1345 2 & 1o APT LR EKEE R G EAHE LT 5
1 ¢ 1 ¢
CVaR =——|VaR dx=——|F*(x)dx >
a l—ai X 1—0(;': L ( )

He o bk FYX) 5 FALA Lefdd A+ 5 ficehs Sfic A s

#c (quantile functions ) -
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