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ABSTRACT

Next-generation function approximation using deep neural network (DNN) and GPUs will be shown in this
presentation

Based on Universal Approximation Theorem for neural networks

As an example, new no arbitrage SABR approximation method to interpolate and extrapolate
volatilities is prototyped

Foreign exchange option is a target transaction type (if no negative rate, could also be applied to interest rate option)

Training data for DNN is generated by Monte Carlo (MC) simulation with GPUs

These data imitate FX market volatilities
GPU can rapidly generate a large number of MC paths for a short time.

DNN produce calibrated SABR parameters and no arbitrage SABR approximation function through
training

Numerical result will be shown later in this document

Then, user can easily calibrate SABR parameters to the market and quickly get volatilities they need by
using this technology
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Outline
Universal Approximation Theorem says that neural networks can approximate any function.
Brief procedure on how to operate DNN
Training data generation
GPU generates a large amount of training data which obey SABR model using MC simulation?
A lot of combinations of SABR variables and parameters compose computational elements for DNN training
Range of variables and parameters should cover real market volatility smile
Learning

DNN learns relation between feature and label data? by analyzing generated data above and produces SABR
approximation formula through DNN regression

In the case of SABR model approximation, SABR model —
dF. = a.FEdw. Approximation formula f() _
feature data : a,,8,p,v, strike, tenor, forward rate R P f(ao,B,p,v, forward rate, strike, tenor)
da, = vadW, i
= dW. dW- — “black
label data : Oy p 1dW;

Inferring
Infer and check values with other data generated by GPU and market data

If no problem, let’s golive!
1 If you have another method which is faster and more accurate to compute a volatility obeying SABR model than MC by GPU, you should use such a methB

Parallel FDM can be a candidate?
2 Both feature and label data compose training data.
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+ Upfront work

Generate |RERSEE. Check Store DNN
- DNN optimized parameters in
training

learning DNN your

data h parameters database

DNN Checked DNN SABR DNN

Training data
9 parameters parameters parameters

+ Valuation in practice

Get Compute

volatility
smile

market
volatilities
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Interpolation / extrapolation for FX implied volatility
Calibration
There are two calibrating options.
SABR function approximation (DNN Approx.)

SABR parameters are calibrated to market volatilities® by using both this approximation which is produced
from DNN and a non-linear optimization tool, such as Levenberg—Marquardt algorithm.

Direct calibration (DNN Calib.)

DNN can directly infer SABR parameters from market volatilities® by learning relation between volatilities and
SABR parameters through training. The parameters are used as the initial value of the calibration by DNN
Approx above.

Interpolation/extrapolation
The parameters and the strike are substituted into DNN Approx. tool.
Implied volatility at the strike is calculated.

1 They are called as 10%-delta-put, 25%-del-put, ATM, 25%-delta-call, and 10%-delta-call. e
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+ Schematic view in terms of the relation between DNN Approx. and DNN Calib.

-

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, agy,p,v

forward rate

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

HVery good fast
E Good fastest of the three

Good? slow




HOW TO DRAW SMILE CURVE USING NEW METHOD (5/15)

Generating training (feature and label) data (1/2) SABCTFmZdE' B
: da, = va.dW,
Using GPU p“z dv;fdwz
By using GPU, Black implied volatility (IV) obeying SABR model is rapidly computed through Monte Carlo

simulation
To cover possible strike range and as training data, Greeks-delta should be calculated simultaneously

Training data contents

DNN Approx. * SABR parameters a, f(fixed)1, p, v Implied volatility » Tenors are matched to market
» Strike convention.
* Tenor » Strike and IV are generated
« Forward rate by GPU
DNN Calib. * Five imitated market volatilities SABR parameters > Imitated market volatility data
010-D—Put» 925-D—Put» OATM> 025-D—Call» 010-D—cCall ~ %0, PV are generated by GPU. The
*  SABR parameter p(fixed)?! data are also useful for
 Tenor calibration test for DNN
+ Forward rate Approx.
» Tenors are matched to market
convention.

1 Bis fixed according to market convention e
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Generating training (feature and label) data (2/2)
Feature data
Random distance - by random numbers, easy to increase data densely later
or
Equal distance - easy to generate, but difficult to increase data densely later
Label data

Every implied volatility o, IS generated to coincide to every combination of feature data

SABR parameters Monte Carlo
For DNN Approx. . gg;iﬁk'é"v - simulation Implied volatility
Tenor on GPU per strike
Forward rate
: +  SABR parameters Monte Carlo
For DNN Calib. , bpv — simulation Implied volatility
Tenor on GPU per delta

Forward rate
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* Monte Carlo simulation for SABR model

Time discretization ... Euler-Maruyama method
Fip1 = F; + aFP VAT w,
Aiy1 = a; +va;VAT (pw1 ++1-— p2w2) < fast, but not so accurate

day = va,dW,
or
S aw,aw, T
p 1 2 iy = @; - exp [—%VZAT + vWAT (pw1 +41- pzwz)]
or < accurate, but very slow

log(ajs,) = log(a;) + [—%VZAT + vwWAT (pw1 + 41— pzwz)]

dF, = a,FF dw,

M
. ForwardValueg = %Z[max(}'}j —K,0)]
- Computing deltas ]

search O'Black’deltaand KdeltaJ delta = {10—Dput' 25_Dput,ATM, 25_Dcau, 10_Dcau}
that satisfy
Fo 1 ,
log % + 2 JBlack,deltaT

AF;pips =N JT ={0.9,0.75,0.5,0.25,0.1} Find delta points on
OBlack,delta SABR distribution

subject to

FVsiack,aeita(Fo, Kaeitar Tr O1ack.aeita) = FVsapr aeita (For Kaeitas T @0, B, P, V)

on Monte Carlo paths.
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Technique for reduction of generating trading data

Training data of DNN Calib. can be shared for currency pairs which are the same delta type and have the same

B.
FX option quote types in market convention
Premium unadjusted ... EUR/USD, GBP/USD, AUD/USD, and so on
Premium adjusted ... most other currency pairs

Four types of market convention delta.

___ jdewa W lFomua__________

Tenor <1 year > 1 year ) log (%) n %O.ZT
. . S 1 =
Premium unadjusted pe "' TN(¢pd,) ¢N(¢d,) oNT
K K
Premium adjusted qbe‘rdT—N(qbdz) ¢ —N(¢d,) d; =d; —oVT
So Fo Fod
SO = FOe(T -r )T
Transformation :E4Mn9 = o — 1 g gtraining — E,ngmmg =20 = 1 & Ktraining = X a M = 20
0 Fo Fo So So FAP

By means of these transformations, only four type of training data can cover all currency pairs and both tenor
< 1 year and tenor > 1 year.
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- DNN Learning setting (1/2)

»~ DNN regression analysis

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 Multiple outputs

» Both data volumes should be at lest 10 thousands? Not sure.

DNN Approx. DNN Calib.

“‘Label” data are equal to independent
variable of regression analysis.

Feature
data ** DNN **

Analyze relation
between two data

** DNN **
Produce function approximation

» Certain ratio of training data should be allocated to validation data to check overfitting.

» Certain ratio of training data should be allocated to test data to check validity of DNN model
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- DNN Learning setting (2/2)

» Machine learning setting

Machine learning parameters

Loss function Mean squared error * There are a lot of manners to populate DNN
Activation function ReLU, linear, tanh, ... parameters.

Optimization RMSProp, ADAM, ...

Number of layers 3-

Number of nodes 32 -

Batch size 64 -

Learning rate 0.001 -
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Accuracy and precision about Monte Carlo simulation

To show accuracy and precision of MC, some example charts in terms of comparison with other SBAR
computing methods below will be shown on the following page.

Comparison with two tools
Hagan approximation
Finite Difference Method (FDM)

FDM setting:
using Quantlib FdSabrVanillaEngine

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

The other parameters are not changed.

The Hagan approximation is not changed.
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Smile example

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

0.26
0.24 parameter value
— e MC Forward rate 1.0
0.22 alpha 0.123888
Hagan

beta 0.5

0.2 @ F DM rho -0.28931

nu 0.555744

0.18 tenor 1.5Y

MC discrete time 1Y/250

0.16 MC number of paths 10,485,760
0.14
0.12
0.1

0.4 0.6 0.8 1 1.2 1.4 1.6
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<Example> MC Accuracy per time discretization

1.03

1.01

0.99

0.97

0.95

0.93

0.91

0.89

0.87

0.85
0.05

left side

—e— FDM
—e— MC100/y
—8— MC250/y
—a— MC1,000/y

—&— MC10,000/y

0.1 0.15 0.2

Implied volatility

1.8

1.6

0.8

0.6

0.4

0.2

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

—— MC10,000/

0.199

0.198

0.197

0.196
1.07 1.095 1.12 1.145
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<Example> FDM error

Implied volatility

Upper and lower boundary for variable is indispensable in FDM.
Then on the near boundary, computed value is often wrong.
Comparison among Hagan, FDM and MC on
the same SABR parameters

1.8
1.6 Forward rate 1.0
alpha 0.2 Detail view
bet 0.5
14 et 6.00E-01
Hagan rho -0.4
12 nu 15 5.00E-01
FDM tenor 15
>
. discrete time 1y/250 £ 4.00E-01
—e—MC =
MC paths  1,048,576,000 5
0.8 > 3.00E-01
©
Q
o
06 Qe -1 £ 2.00E-01 FDM —MC
\\
0.4 1.00E-01

0.2 1%-delta call point 0.00E+00

2 3 4 5 6

strike /

strike
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<Example> MC Precision

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
9  0.006
LI, =05 tenor 15
= Discrete time 1Y/250
il )
= 000 Lz MC paths 10,485,760
G>) _,~pu=(t57 . 1%-delta call
5 0004 5 /o-feslta call nu=1.5
[ nu=1.
© 5%-delta 5%-delta call
2 put nu=1.0
g 0.003 w=05 '
w0 | ATM 1%-delta call
1%-delta
0.002 pu(t] almost the same i;/rl-delta nu=1.0
. = trik Il th
nu=1.5 Sirike on al ree nu=0.5
5%-delta
0.001 call
5%-delta nu=0.5 @
put
0 nu=1.5
0 0.5 1 15 2 25 3 3.5 4 4.5
5%-delta put .
Seto strike
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Setting for generating training data (1/2)

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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Setting for generating training data (2/2)

Data image

Input data example
e e R e N 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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Setting for DNN learning

| 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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Executing TensorFlow
Every parameter should be being modified until some important indices of DNN show good values.

It needs to accumulate experiences.

<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




PROTOTYPE TEST (5/19)

DNN result of DNN approx.
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DNN result of DNN Calib.
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The causes of error are the same as DNN approx. in the last page.
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Numerical result — drawing smile by DNN Approx. (1/2)

Data example

Case 1 Case 2 Case 3 Case 4

Sett| ng 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 15 15

Numerical result --- these are also shown graphically in the next page.

Case 1 Case 2 Case3 Case 4
. DNN .

strike FDM ADp:;lr'Zl)x difference strike FDM A?)gr':)lx 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 2001997 0.300515 0.30145 000003496  200r37 0559591 0.595245  0.035653
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* Numerical result — drawing smile by DNN Approx. (2/2)

Case 1 Case 2
0.16
0.15 0.13
0.14 0.125
—e—DNN approx. ——FDM
20.13 0.12
g 012 0.115
)
> 0.11 0.11
0-1 0.105
0.09
0.1
008 0.75 0.85 0.95 1.05
0.7 0.8 0.9 1 1.1 1.2 1.3
strike —— DNN approx.
This strike point is near 5%- Case 4
delta-put point. Then DNN 0.7
0.75 approx. accuracy is not :
0.65 good because lower limit of 0.6
training data is 5%-delta-put 05
0.55 point and near there,
0.45 training data density is low. 0.4
0.3
0.35
0.2
0.25
0.1
0.15 0
0 0.5 1 1.5 2 2.5 0 05 1 15

——DNN approx. —e—FDM —— DNN approx.

1.15

——FDM

2

——FDM

2.5

1.25

1.35

This difference is
caused by both FDM
error and DNN

approx. error. FDM

often cannot do well
at far area on a smile
wing.
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Numerical result — Calibration and drawing smile curve (1/7)
Calibrating «ay, p, v to real market volatility data and drawing smile curve

Comparing calibration results with other interpolation/extrapolation methods

Interpolation/extrapolation | Setting / optimization tool
methods

Vanna volga « 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

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

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

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




PROTOTYPE TEST (10/19)

Numerical result — Calibration and drawing smile curve (2/7)
Calibrating real market data

Currency pair EUR/USD

Tenor 18M
........... FDatadateFeb192010Mar132013N0v262014Sep172018 Volatilities are calculated using simple
SN e W srike W sk v kel w | arithmetic, ‘market strangle.
Catapt Oéica = T + 7 KR Bl
hdstapn | 1ooers 013976 1204 0102263 ustio = AT 5 R Rusite - Blacia

Extrapolation 2 - 1.670741 - 1.561183

Intepolation / extrapolation

Six strikes are picked arbitrarily as interpolation and extrapolation points from between each delta point, under
“10-delta put” strike and over “10-delta call” strike. | V|V V] Yy | VIV |

5-dp 10-dp 25-dp ATM 25-dc 10-dc 5-dc
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Numerical result — Calibration and drawing smile curve (3/7)

Calibrated SABR parameters

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

Residual sum of squares at five market delta points

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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Numerical result — Calibration and drawing smile curve (4/7)

0.17

0.165

0.16

0.155

0.15

0.145

Volatility

0.14

0.135

0.13

0.125

0.12

11

EURUSD Volatility smile Feb. 19, 2010

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

1.2 1.3 1.4
Strike

15

1.6

1.7
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Numerical result — Calibration and drawing smile curve (5/7)
EURUSD Volatility smile Mar. 13, 2013

0.13
0.125
vanna-volga
0.12 —e—Hagan' approximation
0.115 —l— DL approx.
—o— DL calib.
> 0.11
E X Market volatility - 10-delta Put, 25-delta Put, ATM, 25-delta Call, 10-delta Call
o
> 0.105
0.1
0.095
0.09
0.085
1 11 1.2 1.3 1.4

Strike

15

1.6
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Numerical result — Calibration and drawing smile curve (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

1.2 1.3 1.4 1.5
Strike
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Numerical result — Calibration and drawing smile curve (7/7)

0.105

0.1

0.095

0.09

Volatility

0.085

0.08

0.075

1.05

EURUSD Volatility smile Sep. 17, 2018

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

—e— DL calib.

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

1.1 1.15 1.2 1.25 1.3 1.35 1.4 1.45 1.5
Strike
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Performance (1/2)

Generating training data

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

DNN learning?

T

DNN Approx. 1 epoch 1.34 seconds
DNN Calib. 1epoch 2.16 seconds

1 By using tf.data.Dataset, 5-10 times faster than before
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Performance (2/2)

Calibration?
. JTme
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 it is known that tf.model.predict_on_batch is slow because it' language is Python.
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Machine environment for prototyping

Generating Training data

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




PROTOTYPE TEST (19/19)

Performance comparison between the prototyping GPUs and the latest GPUs

The latest GPUs win overwhelming victories over the prototyping ones! The performance must be
improved significantly if such high-speed GPUs are populated in the computers for generating test
data and DNN learnings.

As of the last day of Oct. 2022

______| Prowtyping Prototyping

Model
FP32
FP64
Remarks

RTX2070Super RTX4090 Tesla K20C

7.066 TFLOPS 73.073 TFLOPS 3.5 TFLOPS

0.2 TFLOPS 1.142 TFLOPS 1.2 TFLOPS

« Sale date Jan. 2019 « Sale date Sep. 2022 » Sale date Nov. 2012

* Used for prototypingto « For consumer » Used for prototyping to
generate training data execute TensorFlow

For consumer

* For business

Tesla H100
66.9 TFLOPS
33.5 TFLOPS

 Sale date Mar. 2022
* For business



APPLICATION EXAMPLE (1/2)

Risk measure
Volatility surface transition as risk factor for FRTB-IMA
Sensitivity using numerical differentiation
Accounting
Pricing options for both administrative and financial accounting
Pricing xVA for both administrative and financial accounting
Front pricing
Alternative to vanna-volga interpolation
R&D
To check existing SABR interpolation
For comparing another interpolation method

And so on.




APPLICATION EXAMPLE (2/2)

<example> volatility surface transition as risk factor for FRTB-IMA

Generate, for example, 250 volatility smiles on the risk horizon at every market convention tenor, such as 1D,
1w, ..., 1Y, 2Y, 3Y, ....

Calibrate SABR parameters to every smile using DNN Calib.

Calculate volatilities on every option instrument in portfolios in every risk scenario using DNN Approx. with
DNN Calib. result as initial value.

Other usages of Universal Approximation Theorem outside SABR
Apply to compute probability on multivariate normal distribution for credit related measurement
Portfolio management
Calculating hedge amount

And so on. It can cover a lot of ground.




CONCLUSION

Numerical result are not bad, and performance is also not so bad albeit using poor hardware.

Using DNN and GPU are probably super practical for financial institutions because the financial models
which are hard to compute so far will be in practical use by means of them.

This method is not a black-box because all values used for learning are theoretically made by oneself.

And inferring from theoretical consideration,

Residual error is relatively big in some cases. Far strike from ATM, big p and big v, and son. As a possible solution,
expansion range of strike, increasing MC paths and increasing number of time-discretization are effective.

The issue above may be easily improved by using the latest hardware.

Furthermore, by increasing training data, DNN estimation accuracy and precision may be also improved.




TO CLOSE

Thank you for reading this document.

What do you think about this presentation? You think GPU and DNN have infinite possibilities, don’t
you? If you think so, eigenView Inc. will give you support to your consideration of the introduction.

If you would like to know more or have any questions, please email to the address below.
And | can show you an actual example to compute volatility in an online meeting.

Furthermore, if you provide me with some real market volatility values at that moment, | will
calibrate the SABR parameters to them at once.

Best regards,
Kumagai, Masatoshi

kumagai.masatoshi@eigenview.co.jp

eigenView Inc.
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