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A=

Z1-IIRY NI 0ERITINEIRCE D ESABRDBEEUTIZ VERK

DNNICLDFEDEERRER A
BlfRT — 2Rk

GPU (L&D ESTHINOS 21 —23 I TSABRET U TAVTAT -2 REE K,
ZE2NDSABROZE. \IA—HIDEHEDRICLDEHRT —H%Z1ERk

BRI \SA-HDEE EH5 CEAIENSRSTUT1Z DI\ —FDLIERK

A4 535

+ B9

DNN (345 #ET —HLEET — 2O FReFEU. [MFHEEICLDSABRET )L OREFAIATZ LR

SABRET I OBSELEAUDIZE

BEE © ay,B,p,v, Strike, tenor, forward rate
%&Eﬂig_\‘_g . Gblack

SABR model
dF, = a,FFaw,
day = va,dW,
p - dWldWZ

HEST

2

Approximation formula f()
f(ao,B,p,v, forward rate, strike, tenor)

= Opjack

SIFRICAVZEOLEBIDT —FTRSTAUTA DT 21TV EEDT — 9L — T DR

FEDIAREED £ EIERIINESERS(CTHERBIEETULS !

1 BOERKIEERBRFENMHGNIETESTHNOCIEDZBEIRV. GPUZRVWLRREDEEZH ?

2 CORFIXDNTI, IRT —HAFHET —FEF BT —HID RIS

=5
a1 W)
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- SHI%E

Generate
training
data

Get
market
volatilities

Training data

DNN

learning

DNN
parameters

Compute

volatility
SullE

Check
optimized
B\I\
parameters

Checked DNN
parameters

Store DNN
parameters in
your
database

SABR DNN
parameters
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BEATSA>DA>T54 R NST )T 18R / 5
Fv)IL—>3>
2D0DFE
SABR BEZ0A{EL (DNNUTA)

TIBDONSTAUTAUIIT L. DNNICEDAE RSN IZSABRBEZUA{TNE Levenberg—MarquardtDiRAAEZ1— hiE%
fHHENDESABRONSA—5=HEST

AL REv)TIL—23> (DNNFPUIL—330)
DNNICED 5 BDOTIBRITAVT11EDBEIZESABR/INS XA -5 % HEET
CDINTA=H(E_ESCODNNITLUD#IEREE L TEER T &E

fifel /45t

HEETENIZ/\SA—HEITAEMMISZ DNNUTLTUICARA.
HEATEMARICE T D1 > T 51 FRSTAUTAhETEEND

1 10%-delta-put, 25%-del-put, ATM, 25%-delta-call, and 10%-delta-call® 5 F&4A e
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- DNNiE¢E and DNNFvUTL—23>0ORBEM&%M.

-

SABR parameters parameters, ao,p,v
o ’p vV

DNN Callib. DNN Approx. Quasi-Newton

Market volatilities method

010-D—-Put» 925-D—-Put’
OAaTM» O25—-D—Calls
010-D—Call

DNN Approx.

Implied
volatility

SABR variables
B,strike, tenor ,

parameters, a,,0,v
forward rate

uasi-Newton '
DNN Approx. e | Jaccuracy] __speca |

HVery good fast
E Good fastest of the three
Good? slow
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- SI#RT—YDERK (feature and label) (1/2) SABSFTidthFBdwl
- GPUDIEF 0" awaw,

¢ GPUICLDSABRETILICAESBlackDA> T34 R-R3F4)7 ¢ (IV) ZE>THILO- 221l — 33U TRIRICER
¢ SABR/\SX—A(SARISRIREN R TEMIBZ2EH I 51, MSEREFCTILIDETEITS
» SERT —5D53%8

DNN3TAU «  SABR parameters a,, f(fixed)1,p,v Implied volatility > Tenors(&mMiZEiTE—EEES
Strike > Strike & IVIZGPUICEDAERK
 Tenor
Forward rate
DNN+vUJL—>3> « Five imitated market volatilities SABR > SEDONST1UT14T—%(EDNN
010—D—Putr 025—D—Put» OATM> O25—D—call» O10-D—cqu  PArameters IELADFPIIL—23>FTANCE
SABR parameter g(fixed)?! gy, P,V {EFAIRE
« Tenor

Forward rate

1 Bis fixed according to market convention °
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AT —ADAERK (feature and label) (2/2)

Feature data

A LR - ELEICEDER . BNST—IDEBIINESS.

or

ERbE - FRRICERTDIOTT —FEMNEZ . —HRNISOT —FENCEEH N,

Label data

12T R-NSFAUT(FESTHIOS - 22— 30 TERK

DNNaT{}

DNNx++UJ
L—>3>

SABR parameters
@, B,p,v

Strike

Tenor

Forward rate

SABR parameters
ao, B, p,v

Delta

Tenor

Forward rate

—

—

Monte Carlo
simulation
on GPU

Monte Carlo
simulation
on GPU

Implied volatility
per strike

Implied volatility
per delta
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- SABRETILOE>THILO->Z1L—>3>

dF, = atp;:ﬁdwl B DBERNME -+ Euler-Maruyama method
da, = va,dW, Fip1 = F; + aFP VAT w,

, = (- , — N2
p = dWldWZ al+;T a; + va;VAT (pw1 +1—p w2) < fast, but not so accurate

l iy = @; - exp [—%VZAT + vWAT (pwl + 41— pzwz)]
or < accurate, but very slow
log(ajs1) = log(a;) + [—%VZAT + vWAT (pwl + 41— pzwz)]
L&
- FIADETE ForwardValueg = MZ[max(Fj,T —K,0)]

]
SearCh aBlack,deltaand Kdeltar delta = {1O—Dput' 25_Dput,ATM, 25_Dcau, 1O—Dcall}

that satisfy

F 1
log (Kd (; ) + fo-lglack,deltaT
Arp.pips = N elta ={0.9,0.75,0.5,0.25,0.1}

o, T .
. Blac"'delm\/— Find delta points on
subject to SABR distribution

FVsiackaeita(Fo» Kaeitar T Oiack.aeita) = FVsapr aeita(For Kaeitar T @0, B, P, V)

on Monte Carlo paths.
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ERMIDN—Z2T7—HDFERE - BEXRVBINERKRT DN ?
TIWADTEAE. 77—, BENEICEDIERE— N -0 57 —4%F | FHul 6
BEATSA>DIA—NCHIFEZTIEET
Premium unadjusted --- EUR/USD, GBP/USD, AUD/USD, &4
Premium adjusted --- ZOMMRFDEERY
hiZIEITOT IV I4TELE

___ jdera W Fomua___________

Tenor <1 year > 1 year log(F)+la T
d 2
Premium unadjusted pe~""TN(pd,) PN (¢d,) ! = T
K K
Premium adjusted qbe‘rdTS—N(qbdz) ¢F—N(¢d2) d; =d; —oVT
0 0 SO = Foe(Tf—Td)T
)(jJ_z_'ﬂf,O)E_;O) }ﬁ Ftrammg —1 &Ktrammg ,Straining _ 5_0 -1 &Ktraining _ E’atraining _ “__o
Fo Fo’ ™0 So So’ 0 FrA

COZEHCED, EROMODIATZEICH1TEOEILADIES. RUNERT —5% LR,
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- DNN ZF&E:EE (1/2)

~ DNN [El/F534F

SABR parameters

Feature Label
Fixed Fixed
Feature Label
Feature Label

Forward rate Not used (due to all value is 1) Not used

Strike Feature Not used

Tenor Feature Feature

Implied volatility Label Feature

Interest rate Not used Feature (< 1 year)

Remarks

TSR LA L ?
> T -AIOAN, —EEF/N\VFT—23>FT—FICEIDHET
» [BEERICERLT —YOR, —EZ@FTAM —FICEIDHT

Multiple outputs

“Label” 7 —4(3EIFDITOIEEZELL
(C%=

Feature
data ** DNN **

Analyze relation
between two data

** DNN **
Produce function approximation
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- DNNZBHTE (2/2)
- W ERE

Machine learning parameters | Detail _________|Remarks

Loss function Mean squared error o JUSX-ADFRTERNSTLTER
Activation function RelLU, linear, tanh, ---

Optimization RMSProp, ADAM, -

Number of layers 3 -

Number of nodes 32 -

Batch size 64 -

Learning rate 0.001 -
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E>FH0-223L—23>DfEE
SABRODIVZETE I 2MDIFELLLE T EICKD, BT HINOFEDIEE 2 R
FEE TSR
HaganiT Uzt
BIRZE4>% Finite Difference Method (FDM)

FDM setting:
using Quantlib FdSabrVanillaEngine

Parameter Value Remarks

tGrid 100 Number of time discretization
fGrid 400 Number of underlying price discretization
xGrid 100 Number of volatility of volatility discretization

DI\SA-HIEEET
FlcHagan I AUS FHIL O FF{FEH
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AXAIOA

0.26

0.24

0.22

0.2

0.18

0.16

0.14

0.12

0.1

0.4

Difference of volatility smile between MC and Hagan approx.
on the same parameters

parameter value
—e—MC Forward rate 1.0
alpha 0.123888
Hagan
beta 0.5
@ EDM . -0.28931
nu 0.555744
tenor 1.5Y
MC discrete time 1Y/250
MC number of paths 10,485,760

0.6 0.8 1 1.2 1.4 1.6
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2T HIVODIEREE DA

1.03

1.01

0.99

0.97

0.95

0.93

0.91

0.89

0.87

0.85
0.05

1.8
1.6
left side
—e— FDM
—e— MC100/y
—=m— MC250ly >
—a— MC1,000/y o]
g
—e— MC10,000/y - 038
@
o
E 06
0.4
0.2
0.1 0.15 0.2
0

BBt LDIEXEE

Discretization error on a volatility smile - comparison among
some time-discretization kinds in MC

condition
Forward rate 1.0
alpha 0.2
Beta 0.5
Rho -0.4
Nu 1.5
Tenor 15

MC paths

1,048,576,000

Hagan approximation
—— FDM
—— MC100/y
—=— MC250/y
——MC1,000/y
—e— MC10,000/y

right side

0.43
0.425

0.42

0.415 —e— FDM

—e— MC100/y

0.41 —m— MC250ly

—a— MC1,000ly

gees —e— MC10,000/y

0.4

Around ATM
0.202
0.201 —— FDM
—e— MC100ly
2 —=— MC250ly

—a— MC1,000/y
—e— MC10,000}

0.199

0.198

0.197

0.196
1.07 1.095 1.12 1.145
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FDM error O

FDMTI(F/\SX=AD L T ROEEN WZE
ZORs. TN REN (NEW) ECOER (FR) (CEVEUENIES
Comparison among Hagan, FDM and MC on
the same SABR parameters

1.8
1.6 Forward rate 1.0
alpha 0.2 Detail view
1.4 beta U 6.00E-01
Hagan rho -0.4
1.2 nu 1.5 5.00E-01
>
= FDM tenor 15
< >
o) ! discrete time 1y/250 £ 4.00E-01
> —e—MC b=
'8 MC paths 1,048,576,000 °
= 0.8 > 3.00E-01
°
e 2
S N N R 5 e i S S g 2.00E-01 FDM  ——MC
I g
|
0.4 : : 1.00E-01
‘ |
|
0.2 : 1%-delta call point 1 0.00E+00
i : 2 3 4 5 6
|
0 s //' strike
0 1 2 T 7 S O 6~ 7
strike
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2T HIODFEEHN

MC deviation - unbiased standard deviation of implied volatility

0.009

0.008 Forward rate 1.0
> e v alpha 0.15

nu=1.
(@)]
£ 0.007 nu=1.5 beta 0.5
-]
g— nu= 10 rhO '04
Q 0.006
LI, NU=05 tenor 1.5
= Discrete time 1Y/250
il )
= 000 Lz MC paths 10,485,760
q>, '”',,pu_—_Otsi . 1%-delta call
5 0004 5 /o-feslta call nu=1.5
fus nu=1.
© 5%-delta 5%-delta call
2 put nu=1.0
g 0.003 w=05 '
] | ATM 1%-delta call
1%-delta |
0.002 pu(t] almost the same i;/rl-delta nu=1.0
. — trike on all three
nu=1.5 Stri n al re nu=0.5
| 5%-delta
0.001 o) call
5%-delta nu=0.5 @
put
0 nu=1.5
0 0.5 1 15 2 2.5 3 35

5%-delta put .
nu=1.0 strike
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AfET —ADETE (1/2)
S eoogesetng Remake

PGM language CUDAv.11.7
Tenor 1.5 year For 1 or less year, interest rate is needed to compute delta. It is
troublesome for this prototype.
This value means 375/250, business day base.!
Currency pair EUR/USD
Delta 7 quoted deltas Adding 5%-delta put and 5%-delta call as loger/upper limits of strikes
Strike range 5%-delta put < strike < 5%-delta call Extremely small or big strike value is omitted. Most users mightn’t prefer
extrapolation in far wings.
a 0.05-0.3 Using random number generator
B Fixing to 0.5
p -0.9-0.9 Using random number generator
v 0.05-1.5 Using random number generator
MC Discrete tool Euler-Maruyama
MC Discrete time 1y/250

MC Number of paths 10 million

Data precision Float32 (single precision) Significant digits of market volatility is covered enough by float32.

1 In practice, it is needed to generate data per business days or calendar days, or “tenor” should be as feature data instead of fixed value. @
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SR — A PR DERTE (2/2)
Data image
i W T

Y

[N

1.5 0.065315357
1.5 0.242011988
1.5 0.165297476
1.50.156737171

1.5 0.284696963
1.5 0.243779974

0.5 -0.35811 0.525657
0.5 0.863899 1.260464
0.5 0.180486 0.989391
0.5 -0.03611 0.054857

0.5 0.183503 0.858997
0.5 -0.71787 1.42026

Output data description

Output

output data example
| o5dp | 010dp | 025dp | oATM | 025dc | o10dc | o5dc | K5dp | Kiodp | K25dp | KATM | K25dc | Kiodc | K5dc | Strike |Volatility
0.095434 0.085922 0.074367 0.066575 0.063093 0.063264 0.064822 0.830754 0.878689 0.944325 1.00333 1.056652 1.107715 1.143092 1.063823 0.062926

0.25222 0.213786 0.212114 0.289299 0.467208 0.754917 0.97634 0.631036 0.739874 0.868074 1.064782 1.73267 5.014514.61181 13.2204 0.957622
0.285801 0.23774 0.193168 0.184423 0.213578 0.272548 0.323987 0.597805 0.718378 0.876704 1.025837 1.234473 1.621734 2.078002 1.836106 0.298777

0.16994 0.166625 0.161354 0.156006 0.151172 0.147252 0.14508 0.72565 0.786072 0.892468 1.018421  1.1526 1.280673 1.360776 1.219458 0.149054
0.447552 0.382823 0.322718 0.309517 0.341956 0.404549 0.455178 0.471716 0.612042 0.828217 1.074495 1.447999 2.133395 2.922271 2.669083 0.440883
0.605392 0.466604 0.308858 0.214163 0.180222 0.190915 0.210938 0.388796 0.566046 0.832272 1.034998 1.189148 1.386789 1.581401 1.293205 0.18271

o5dp - o5dc Seven volatilities, » As training data for DNN Approx. and DNN-calibration
O59%d put, 910%d put, 925%d put, OATM, 025%d call, 910%d call, AN T5044d call except both 5% put and call
» For calibration test for DNN Approx.
K5dp - K5dc Seven strikes, For checking smile curve to draw
Ksooa put, K10%d put, K25%d put, Katm, K25%d cait, K10%d catt, and Ksoq calt
Strike Chosen any value from Kso,q put t0 Ksoq caur As feature data for DNN Approx.
Volatility Black implied volatility coincided with the strike above. As label data for DNN Approx.
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| DNNApprox | DNNCalib

Machine learning library TensorFlow 2.8.0 TensorFlow 2.8.0

Loss function MSE MSE

Activation function RelLU RelLU, linear,...

Optimization ADAM ADAM

Epochs 5,000 5,000

Bach size 8,192 4096 Using tf.data.Dataset

Number of training data 720,000 144,000

Number of validation data 80,000 16,000

Number of test data 200,000 40,000

Number of layers 6 9 Details are confidential matter
Number of nodes Max 256 Max 512 Details are confidential matter
Number of inputs 4 5 Tenor, B, and forward rate are fixed.
Number of outputs 1 (implied volatility) 3 (ag, p, V)
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TensorFlowZE1T
5 BIENHFNIS DL KEMEICR D E T, Tensorflow CfER I 3Z4E) \ A\ —)\SA—5%4EDIRUE B UREE
ZROBEINBE

<tensorFlow log example - learning DNN regression of calibration>

Epoch 1/5000

INFO:tensorflow:batch_all_reduce: 30 all-reduces with algorithm = nccl, num_packs =1

INFO:tensorflow:Reduce to /job:localhost/replica:0/task:0/device:CPU:0 then broadcast to ('/job:localhost/replica:0/task:0/device:CPU:0",).

INFO:tensorflow:Reduce to /job:localhost/replica:0/task:0/device:CPU:0 then broadcast to (‘/job:localhost/replica:0/task:0/device:CPU:0',).

INFO:tensorflow:Reduce to /job:localhost/replica:0/task:0/device:CPU:0 then broadcast to (‘/job:localhost/replica:0/task:0/device:CPU:0',).

INFO:tensorflow:batch_all_reduce: 30 all-reduces with algorithm = nccl, num_packs =1

6/6 [ ] - 9s 429ms/step - loss: 0.8472 - alpha_loss: 1.7812 - rho_loss: 0.2859 - volvol_loss: 0.3798 - alpha_mae: 1.3328 - alpha_mse: 1.7812 - rho_mae:
0.4624 - rho_mse: 0.2859 - volvol_mae: 0.5365 - volvol_mse: 0.3798 - val_loss: 0.8261 - val_alpha_loss: 1.7473 - val_rho_loss: 0.2529 - val_volvol_loss: 0.3741 - val_alpha_mae: 1.3200 -
val_alpha_mse: 1.7473 - val_rho_mae: 0.4353 - val_rho_mse: 0.2529 - val_volvol_mae: 0.5321 - val_volvol_mse: 0.3741

Epoch 2/5000

6/6 [ ]- 1s 194ms/step - loss: 0.8108 - alpha_loss: 1.7230 - rho_loss: 0.2328 - volvol_loss: 0.3660 - alpha_mae: 1.3108 - alpha_mse: 1.7230 - rho_mae:
0.4166 - rho_mse: 0.2328 - volvol_mae: 0.5236 - volvol_mse: 0.3660 - val_loss: 0.7932 - val_alpha_loss: 1.6897 - val_rho_loss: 0.2075 - val_volvol_loss: 0.3601 - val_alpha_mae: 1.2981 -
val_alpha_mse: 1.6897 - val_rho_mae: 0.3918 - val_rho_mse: 0.2075 - val_volvol_mae: 0.5188 - val_volvol_mse: 0.3601

Epoch 3/5000
LO-le*S
081 <Example>
Loss rate chart for DNN
0.6 1

regression of DNN Approx.

loss

0.4 1

0.2 1

0.0 T T T T
o] 1000 2000 3000 4000 5000

Epoch




Histogram
Residual error — Implied volatility
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Strike is so far from ATM
Both nu and rho are big

* Alphais big
® Frequency

The major driver of error

0.000540799
0.000352098
0.999973592

RMSE
MAE
RZ

7000 -
6000 -
5000 -
4000 -
3000
2000
1000 -

>

ouanbaig

Residual error
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3

DNNF+vUJL—

Histogram
Residual error - nu

Histogram
Residual error - rho

Histogram
Residual error - alpha

RMSE 0.011044

0.007295

MAE

0.998672

R2

Frequency
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Residual error

The causes of error are the same as DNN approx. in the last page.
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SABEFREE —~DNNUTUCLDANAIL (1/2)
51

Case 1 Case 2 Case 3 Case 4

a2 ;B Forward rate 1.0 1.0 1.0 1.0
tenor 1.5 1.5 1.5 15

a 0.1 0.1 0.2 0.2

B 0.5 0.5 0.5 0.5

p -0.5 0 -0.5 0.5

v 0.5 0.5 1.5 1.5

&R - RR=J(JFT8

Case 1 Case 2 Case3 Case 4
. DNN .

strike FDM ADp:;lr'Zl)x difference strike FDM Alzgr':x difference strike FDM Approx difference SHfIG FOM ADp’p\)IrEx ClE G
0.744988 0.15273 0.153583 0.000853345 0.781724 0.127177 0.127106  -7.17E-05 D:0100067 REDEHC NUToSTOTE BEO0N0S 0 0.429082 0.434533 0.432679  -0.00185373
0.817327 0.135825 0.135751  -7.39E-05 0.839064 0.117714 0.117754  4.07E-05 0.501761 0.466258 0.470156  0.00389779 0.631139 0.314932 0.321948  0.00701639
0.860714 0.12647 0.12625 -0.000220031 0.874329 0.112842  0.112663 -0.00017932 0.642868 0.374972 0.376667  0.00169501 0.741561 0.264958 0.271092  0.00613421
0.892419 0.120033 0.119972 -6.19E-05 0.900848 0.10973  0.109248 -0.00048204 0.745378 0.317491 0.319065 0.00157374 0811164 0.239924 0.244146 0.00422134
0.917862 0.115139 0.115228 8.99E-05 0.922784 0.107551 0.107548  -2.73E-06 0.822366 0.278126 0.279773  0.00164709
0.93947 0111193 0.111505 0.000311844  0.942018 0.105956 0.106147 0.00019082 0.882052 0.249899 0.250678  0.00077982 Goefedel] Gaite) GZEAANY  WLERGIAY
0.958557 0.10789 0.10805 0.000160024 0.959581 0.104769 0.104866  9.72E-05 0.929849 0.229145 0.229794 0.00064841 0.899608 0.221371 0.227595 0.00622414
0.97593 0.105047 0.105023  -2.45E-05 0.97613 0.103891 0.104042 0.00015128 096952 0.213738 021421  0.00047167 0.934303 0.220558 0.226351  0.00579239
0.992136 0.102552 0.102595 4.30E-05 0.992136 0.103264 0.103422 0.00015758 1.003868 0.202357 0.203814 0.00145756 0.968813 0.223799 0.229645 0.00584607
Lop2611 00%6s2 0096631 000000965 1024023 0100648 01005 ooootaze  -OSSLSE 0194167 OISRNS  000LLLAL  L00TOGS 0231095 0236724 00056269
1.037527 0.096496 0.096737 0.000240341 1.040625 0.102641  0.10245 -0.00019132 : : : : : : : :
1.052655 0.094825 0.094995 0.000169508 1.058229 0.102846  0.10278  -6.53E-05 1.097674 0.185705 0.18688  0.00117552 1116006 0.261097 0.264906  0.00380808
1.068381 0.093291 0.093606 0.000314832 1.077415 0.103294 0.103285  -9.09E-06 1.134424 0.185409 0.186307  0.00089839 1.205923 0.28721 0.29144  0.00423074
1.085222 0.091886 0.092194 0.000307918 1.099035 0.104043  0.104378 0.0003352 1.180995 0.188433 0.189262  0.00082877 1.34777 0.324801 0.331852 0.00705174
1.103983 0.090616 0.090717 0.000100926 1.124495 0.105203  0.105413 0.00021067 1.246842 0.196195 0.197011  0.00081591 1.59667 0.379176 0.388411 0.009235
1.126118 0.089512 0.089784 0.000271902 1.156453 0.106989  0.106679 -0.00031014 1.352948 0.211606 0.213127  0.00152114 By Wy I R —
1.154866 0.08868 0.08888 0.000199206 1.201044 0.10991 0.109848  -6.23E-05 1.557525 0.241021 0.24142  0.00039996

1.200745 0.088558 0.088498  -6.05E-05  1.278944 0.115646  0.11543 -0.00021568 2091097 0.300515 0.30145 000003496 20037 0.559591 0.595245  0.035653
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- BUBHEER —DNNUTACLDANAI (2/2)

Case 1l Case 2
0.16
0.15 0.13
0.14 0.125
—— DNN approx. —— FDM
2013 0.12
B 012 0.115
(@]
> 011 0.11
0.1 0.105
0.09
0.1
0.08 0.75 0.85 0.95 1.05 1.15 1.25 1.35
0.7 0.8 0.9 1 1.1 1.2 1.3
strike —e—DNN approx. —e— FDM
Case 4
5% OF NEiZE 0.7
0.75 F—HLLTHERL TS, & :
0.65 DI T L H5WFFT I IR 0.6
s ?‘_?@ﬁgﬁi‘%Q IEfife 05
0 H TR TS, 04 ZD7EIIFDMD IE fife
0.45 ' FEL . DNNUT L~
e 0.3 ZCOEREEE, RO
0.2 EIZHE A,
0.25 R E R
0.1
0.15 0
0 0.5 1 15 2 2 0 05 1 15 2 25 3

——DNN approx. —s—FDM ——DNN approx. —e— FDM
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BUBFER - FvUIL—23>EXRMIVA—TVER (1/7)
@y, p, VERN—TYNDORSTTAVTACFYUT L -2 30 UAR A IV h— T %Rk

fDFEEFERLEER

R/ FE BIE / ERY-I

Vanna volga .
HaganiT{X, .
DNNT/ 0
DNN&vUIJL—23> .

Strike < 10% delta put - using 10% delta put/call volatility
10%delta put < strike < 25% delta put - using proportion of both
10% delta put volatility and 25% delta put volatility

25%delta put < strike < 25% delta call - using 25% delta put/call
volatility

25%delta call < strike < 10% delta put - using proportion of both
10% delta call volatility and 25% delta call volatility

Calibration: least_square() function in scipy
Interpolation/extrapolation: Hagan’ approximation

Calibration: least_square() function in scipy
Interpolation/extrapolation: DNN Approx.

Calibration: keras model.predict_on_batch function
Interpolation/extrapolation: DNN Approx.




JORIATFTAKR(10/19)

BUEFER - FYVIL—2a ERARAIVH—TVER(2/7)

EROThizT —
WWERY EUR/USD
T — 18M
.............. Datadate Feb. 19,2010 Mar.13,2013 Nov.26,2014 . Sep.17,2018 |  yjgjatilities are calculated using simple
Forward rate : 3 : : 2 : .

arithmetic, “market strangle.”

(o —
Odelta = Oatm t ERRdelta + BF4eita

P —
Odelta = OATM — ERRdelta + BF4eita

Extrapolatlon 2 © 1. 670741? : 1 5611835 : 1 5052635 0 4632655

fifE / #hoh

5OOMIBNTTA T4 Z TN I 56 DDITRHMMSZAERIEIR, #5193 (E7 )L 5%put/call RIS

e v

5-dp 10-dp 25-dp ATM 25-dc 10-dc 5-dc
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EBUBFER - FvUTL—2a>EANAIVH—TVER (3/7)
SHEANT/(5A—5

a p v a P v a p v a p v

Hagan’ approximation 0.124432 -0.17889 0.537617 0.07532101 -0.30901 0.506137 0.091739 -0.22419 0.524591 0.083126 -0.18343 0.553797
DNN Approx. 0.122935 -0.17374 0.556933 0.07415797 -0.31312 0.521621 0.090861 -0.23239 0.552005 0.081958 -0.18969 0.584813
DNN Calib. 0.12295 -0.17647 0.564586  0.074331 -0.31199 0.541931 0.091146 -0.22764 0.565128 0.082298 -0.18846 0.596481

5DDOTHZINSTTAI)TA (XTI 25 A= 5 F]

Vanna-volga 3.11E-17 1.06E-17 1.07E-16 5.24E-17 Pass surely on the delta points
Hagan’ approximation 4.31E-06 4.42E-06 5.19E-06 5.39E-06 Calibration hard
DNN Approx. 5.83E-07 2.85E-07 7.64E-07 3.25E-07 Pretty good?

DNN Calib. 1.14E-06 3.56E-06 2.89E-06 1.5E-06 Not bad?
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Volatility

BUERER - FvUIL—2a AR D—TVERL (4/7)

0.17

0.165

0.16

0.155

0.15

0.145

0.14

0.135

0.13

0.125

0.12

11

EURUSD Volatility smile Feb. 19, 2010

1.2

vanna-volga
—e— Hagan' approximation
—&— DL approx.

—&— DL calib.

X Market volatility - 10-delta Put, 25-delta Put, ATM, 25-delta Call, 10-delta Call

1.3 1.4
Strike

15

1.6

1.7
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BBER - FvUIL -3 EAXRAMID—TERK (5/7)
EURUSD Volatility smile Mar. 13, 2013

Volatility

0.13

0.125
vanna-volga

0.12 —e—Hagan' approximation

0.115 —i— DL approx.
—o— DL calib.
0.11
X Market volatility - 10-delta Put, 25-delta Put, ATM, 25-delta Call, 10-delta Call
0.105
0.1

0.095

0.09
0.085

1 11 1.2 1.3 1.4 15

Strike
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FUERER - FrUIL—2a AR D—TYERK (6/7)
EURUSD Volatility smile Nov. 26, 2014

0.12
0.115
vanna-volga
0.11 —e— Hagan' approximation
—&— DL approx.
0.105
—&— DL calib.
=
Z‘_E 0.1 X Market volatility - 10-delta Put, 25-delta Put, ATM, 25-delta Call, 10-delta Call
o
>
0.095
0.09
0.085
0.08
1 1.1 1.2 1.3 1.4 L5

Strike
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EUBFER — Fv)TL—2aEANAIVA—TVERK (717)
EURUSD Volatility smile Sep. 17, 2018

0.105
0.1
vanna-volga
0.095 —e— Hagan' approximation
—il— DL approx.
2
E 0.09 —o— DL calib.
S
X Market volatility - 10-delta Put, 25-delta Put, ATM, 25-delta Call, 10-delta Call
0.085
0.08
0.075
1 1.05 1.1 1.15 1.2 1.25 1.3 1.35

Strike

1.4

1.45

15
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INIA=N>VR (1/2)

alllERT — 5 4 Bk
. vaue/numper
MC condition
Number of MC path 10,000,000
Number of time discretization 2501y
Output data o05dp, 010dp, 025dp, cATM, 025dc, c10dc, o5dc,
K5dp, K10dp, K25dp, KATM, K25dc, K10dc, K5dc,
Arbitrary Strike, Volatility ... 16 data
Elapsed time a MC simulation 3.25 seconds
Elapsed time for generating 1 million 3.25 x 1,000,000 / 8 = 4.70 days
volatilities
DNNZF&E!
. JTme
DNN Approx. 1 epoch 1.34 seconds
DNN Calib. 1epoch 2.16 seconds

1 tensorflowfsEDtf.data.DatasetilEez{E A I3 ET, 5-10BERIE
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INIOA—=X>2R (2/2)
FrUIL—33>

T

DNN Approx. using scypy’ least_square() About 1 seconds
and tf.model.predit_on_batch() 1 datum
DNN Calib. 1 datum About 0.1 seconds

1 #EEHIERL TLStf.model.predict_on_batch ([FPythonTERRENTW2 &, STEEBENEL,
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Machine environment for prototyping

BllRT — 5 ARk
OS Windows 11 Professional
Memory 32GB
CPU Core i7-10750H
GPU RTX2070 Super x 1
DNN
OS Ubuntu 18.04.6
Memory 64GB
CPU Xeon(R) CPU E5-2650 v2 x 2

GPU Tesla K20C x 2
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TORIA T TERUEGPULRHTOGPUD) (T4~ > A LS
SHOGPUETONA T TERLREGPUREAN(C_EEB/ T4 - >R, BHOGPURERTNEIIET - 94 mRE

DNNZBEINC/N\TA-Y AN HE |

2022F10AKRFTE

_______| Prootyping Prototyping

RTX2070Super
7.066 TFLOPS
0.2 TFLOPS

Model
FP32
FP64

Remarks

Sale date Jan. 2019
Used for prototyping to
generate training data
For consumer

RTX4090 Tesla K20C

73.073 TFLOPS 3.5 TFLOPS

1.142 TFLOPS 1.2 TFLOPS
Sale date Sep. 2022 « Sale date Nov. 2012
For consumer » Used for prototyping to

execute TensorFlow
* For business

Tesla H100
66.9 TFLOPS
33.5 TFLOPS

e Sale date Mar. 2022
 For business
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<{ERAHI> IMA-FRTBICBIFBARTTAUT( - H—TJ1X
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