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CALIBRATION OF ROUGH VOLATILITY MODELS USING DIFFERENTIAL MACHINE LEARNING
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In this study, we propose an integrated deep calibration method incorporating Differential
Machine Learning (DML) and apply it to the calibration of the rBergomi rough volatility model.
While traditional deep calibration suffered from issues such as unstable training and overfitting,
we demonstrate that by incorporating derivative information along with option prices into the
neural network training, both the calibration accuracy and the stability of the training process

can be significantly improved.
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FNRDADEE % AT 2 DML_S0 23 @G E o5&
B HEBIESIZ oM 2 22, EHBCBIF25 7R
ST 4 VT 4ETNVEARZEGICTS. EEOL TS a v
BTk, ST —X0BERENEDHIN - 2+ 74 ZHHC
FoTER 20, REBTOERE 7 4v FBRERGE
PRER NI A 7HOAEMT 25E7% EIRBUIH L 7203
DML_S0 2 HMICEHAfEr ZZ 5N 3

—7, DML_ALL %, ®REIC X b AROBAME (kg
EHOWBHAPLMET D) BiEPT I eATENR, X
LICERENTERERX YV 7L — 2 YRFEHTE 36
WndH 3., SHRIFERERRy N —Z7EEDRBELICK S
EADBBEL LTEIToNR 3.

7. $EER

AFETIE, F7RF7 T4V T4 ETND—FETH 3 rBer-
gomi EFLIIN L, DML FiEZEEH L 7z @d oSk E
BEYVITL—a yFiEEHELE.

ERROMR, FAEMKCNT 280 (FArR) ois%
BEH T % DML_S0 D EP O EREEICHE A 7 a Afitg
A7 4v bL, BEfED DNN EFARLTRTOLEZH S
DML_ALL €7V & b dENMREERLUTZ. ZhET LR
TEHRAMEAS HHE D TEIR Y 2 5B 32 Z 8 R EIK L,
EBIHE X P BEOANS V22 H&E(LT 2 ETEH
TH5.

4#1%, DML_ALL 2 & EMER T 372D 0 ERIELS
Fy bV —rEFrOWE, TBREIECE U EAMN TR Y
DISHANRENE 2. ZhTdRB, DMLIZZ 7RI T 4
V54 EFATDOXFY Y TL— a VEKRBISHRILL, B
HIZEEE BER LAV AZEE - Y a VBB %
VA BB TEZ2ENFRETHIEZLNS.
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