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Deep Hedging, which uses deep learning and price time-series simulations to optimize

option hedging, has recently been in the spotlight because it enables more realistic hedging that

can take into account frictions such as transaction fees (imperfect market). However, the situation

of hedging an option by other options has never been addressed by deep hedging because of its

simulation difficulties. In that situation, pricing for tradable options should also be performed

via deep hedging in simulations for realizing imperfect market simulations, which has required

unrealizable enormous computational resources because of the nested architecture of deep hedging.

Thus, in this study, we proposed a new deep-hedging mechanism for learning hedging strategies
under such a nested situation. As a result, we showed better hedging via proposed deep hedging

with multiple tradable options.
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e NN @ Optimizer: Adam (learning rate= 10~3)

B, FEITH 5T, pthedged® W7z,

6 R

K1, WE[aRX 2RSS EILGED, F74> >
TOMRERT. 25, A7 a v EHEYDATAY Y
THIRM =K AT arviet Ty ary e BT
ANy IFZ2R ML —K—DF T ay SO T3
TIAT Y TREBT 5, TRTOFMTBNT2X

Shttps://github.com/pfnet-research/pfhedge

LB IIBE|FTRER A TS a v DT IV P RITD 1R L—
= I3 BN R 225, HEHE 1R ML —X— 2R,




x 1 Ny URER.

SIG-FIN-028

ZZ T PL Tkl Mit8ERZaX b LTHRRLTWEDT, HEARMIEDHEERS.

INEWHHEOAY DTH B Z e ERT. %72, CVaR0.1 577D 90%HS (Il 10%HA) M EDFHTH 3 DI
ML, Ny PaR b EHEITHERDOEEER TR 2, AMUDHOEHT AMBEEZZITVWIDEEZ
bND. 20D, Ny I aX MO MEP NS K BEZDIFHPETH S.

RE F7var S DF54> 7 (CVaR0.1) ANy Pazx hEY

53 A b EHEE (co, ¢;) IXbL—&— 2R L —K— IXFL—&K— 2RbPL—K—
0 0.031021 0.025074 0.022386 0.022324
0.0001 (0.01%) 0.031085 0.026803 0.022524 0.022381
0.0005 (0.05%) 0.031788 0.027130 0.023189 0.022654
0.001 (0.1%) 0.032733 0.027546 0.023963 0.023099
0.005 (0.5%) 0.038718 0.029559 0.028565 0.024922
0.01 (1%) 0.045051 0.031568 0.033116 0.027135
co =0,¢; = 0.01 (B%) 0.031021 0.024350 0.022386 0.022250
co = 0.0001,¢; = 0.01 (B%) 0.031085 0.027239 0.022524 0.022605

M —X—DABRWHERTHE ZeBbrbd. ¥k,
BB B ERZIZONT, N JhrPbaR D
EhhostFary SO DS54 07 ERLTY
5 Z DR T E . SRR Y LT, CVaR0.1
PEALEDT, Ny Y ax bDEn BN 10%D
EFEHH-TWR ZEIZRDD, Ny Y aR bDHEMEE
WOWTHER LIz 25, DR BEMEIT A M
KELLBRVBEITIE IR —K—2 2R L —&—
TREREZRI - T,

PnL

first
second

2501

200 A

150 4

100 4

50 4

0

T T T T T T
—0.06 —0.05 —0.04 —0.03 —0.02 —-0.01

B 4: 1K -2XbL—&—® PL 5. (512X bk
0.0001) Ny YD PL 2 LTHRRLTWVS (Ay YR
L EREDH) o, FICADEEL S, KEW (H)
W EDIERIDLELSBOAYy YRS, BT ER
ZRD5HD CVaR0.1 Dfi (—S™) ¥ —F).

X 4T, X5ICFMR PL OOAHICOWTHERT 3.
X 4 Tl&, NvJZ»r»ro/-PLZ2AELTED, &

B, AN I LEWH SH oAy DiIzBLTIiE, 2 X b
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Db, ZDi=D, Ny IWZrnrb PLIZAEICK?
2, D REWVEDIZS ANy PaR +BVRVWEN
ANy UMW TETVWEZIIZRhD. M4zRTHE, &
LI TREBEINTVDS, £ 72 ardbAy Iy —
NELTHZIZ 2R ML —X—DIEHD, £ TRV
IRXRPL—=X=EDHIDROAYIERETNSEZ
Lbhb. AT, PLOSHD, FHHIKRELED
5V b5, CVaR0.1 DFFEICKE K 2o
Do TL 2 THOT A% XDRRNCERHTETY
5 DHERTE 5.

X512, AETIREEZELTVWEN, R—+r7+VUF
D greeks ICDOWTHHER Lz 25, 1 RPL—X—
YHE LT, 2R ML —&—DIE S BIERFINIC gamma,
vega, theta % 012D 2 Z LTI LTV,

7T ER

T3, R1OBRIZOWTEETS. R1O754
YRR T AR D TIE 2K P L —X =D FH CVaR0.1
EMZZZWCHILTWReEZLNS. /2, O
ZMB0DHEIL, IRPL—F—L 2R L —&F—D
ANy T AR NEER 03NBEDENRZN b, 1
R —X—OWEAHEL 7> a> SW(i=1,---,0)
KT BTIATTH, 2R L —K—I28 > TH
ERRERIE TR0 72 Z L ZRLTWBEEZD
Nz, ThorEBETZE, 2R —&—I3HHik
BEMED oI b b, VAZES %X
BTN TETWEIEEZLNS. IN5DH
Rix, H4r»58EMTIoNn3.

/e, R LT, YVRZEYTT 4 77 CVaRO0.1
Db DIz &2 — > EHD Entripic Risk Measure % F
WEBR BT o720, 2556 TEA TS a v EREIA]
BEIZT 5 Z L IC Kk 2 MEREIA RIARERR C 2 o 1.

-
—



X, BEMESLRVWZ 2 BEMOD2ERTH D,
X olZ, A7 a rzEEIAEEZ Deep Hedging D12
RIZED, VAT ZMRINCEMT 2 2 & OADA]HE
WHRoTWRZEeZRLTWAETRS.

A=+ 74 VLD greeks DFEFICEAL TIE, 1 X+
L—&—Tb%, A7 arrBYHOmEIEZITY,
delta-free Z3ERAJRETH 5720 TH 35—/ T, gamma,
vega, theta IZBHL TWX, TWZ1F Tld greeks-free 12
T20O0RETH 2720, F 7> a v EHRGIARER 2
RV —=K—DHDbLdbLORELENTH S0
THD, 2RI —F=DBZD7 KAV T —I%jEHY]
WIEHTETWAREEZRB7EAD.

INLOMREREZ 2, ETFIRCKD, 7
YavEATTarEROTAy YT IR,
ZORERE LT, RNV ATZDFEWMNTETNS
tEZLNS.

SHDOFEL LTIE, European Option HIA D Ex-
otic Option 72 ¥ FlWHHE D7 4 —~ ¥ ATEFER,
X DR EEFEOME, RED L D BFERHE
MG TOMEREDEZOLNS.

8 ihim

AETIE, A7 arvezrFoaryz2HOTAY
D5 B5725D Deep Hedging FiERIRRE L. Ao Y
V=L LTHWSF 7Y a VI LT ALY
TTDTIAT U TBBIRINRETHDLLEVIEZ
Dby, ZEOD Deep Hedging it % Fr OB EIC
LIS TEXBFEEFEZIRR TS 2L T, itHEDE
FeEBEL, [ERERTERP oA T a2t
avERHWTAYITEREWVWH Y FaT—Talk
WOKZ B LDz, MEFEEZHAVIA T 3
Ik BA T ardANy DL, HERD Deep Hedging
TERINTOIAY DL HIRLT, $FMcY 22
EEMTETVD Z L DMRTE .
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