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MOTIVATION
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WE ARE SURROUNDED BY MACHINE LEARNING & 
ARTIFICAL INTELLIGENCE
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MARKETS RECOGNIZE THE BENEFITS FROM AI

Global AI software market size 2018-2025 | 

Statista

iShares Automation & Robotics UCITS ETF | 

2B76

https://www.statista.com/statistics/607716/worldwide-artificial-intelligence-market-revenues/
https://www.ishares.com/de/privatanleger/de/produkte/284219/ishares-automation-robotics-ucits-etf
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IMAGE RECOGNITION WITH THE HELP OF DEEP LEARNING
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DEVELOPING IMMUNOTHERAPIES BY LEVERAGING
ARTIFICAL INTELLIGENCE AND MACHINE LEARNING 

BioNTech to Acquire InstaDeep to Strengthen Pioneering Position in the Field 

of AI-powered Drug Discovery, Design and Development | BioNTech

https://investors.biontech.de/news-releases/news-release-details/biontech-acquire-instadeep-strengthen-pioneering-position-field
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DATA DRIVEN INSURANCE AND ARTIFICAL INTELLIGENCE

Wie Versicherungen mit künstlicher 

Intelligenz arbeiten - Wirtschaft -

SZ.de (sueddeutsche.de)

Künstliche Intelligenz: So heben 

Versicherungen ihr Potenzial -

Netzwelten - Versicherungsbote.de

https://www.sueddeutsche.de/wirtschaft/versicherung-versicherer-kuenstliche-intelligenz-diskriminierung-1.5611660
https://www.versicherungsbote.de/id/4902968/Kunstliche-Intelligenz-So-heben-Versicherungen-ihr-Potenzial/
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APPLICATIONS IN INSURANCE

▪ Claims management by using AI techniques, e.g. image recognition

▪ Risk management, e.g. SCR calculation by an internal model based on 

Machine Learning techniques

▪ Fraud detection

▪ High data quality by anomaly detection

▪ Classification of documents and extraction of data from documents

▪ Prediction of purchasing probabilities and price sensitivity models

▪ Customer communication via chat bots

▪ Robo-adviser for sales & distribution

▪ Churn prediction to monitor customers

▪ etc. 
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STRATEGY AT GENERALI
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WHY ARE MACHINE LEARNING, ARTIFICAL INTELLIGENCE
AND BIG DATA ANALYTICS SO IMPORTANT?

▪ Implementation costs are relatively cheap

▪ Knowledge transfer is very high (open source and well-connected community); 

with some quantitative background techniques can be learned in short time 

▪ Lead to competetive advantages

▪ Data is the lifeblood of all business (abundant resource)

▪ Many powerful & successful applications in several domains

▪ …
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ARTIFICIAL INTELLIGENCE VS. MACHINE LEARNING VS. 
DEEP LEARNING

Artificial Intelligence

Machine Learning

Deep Learning

• Founded in 1956

• Getting a computer to mimic human behavior

• “Computer is doing something intelligent“

• Subset of artificial intelligence (AI)

• Techniques that enable computers to figure things

out from the data and deliver AI applications

• Ability to learn without being explicitly programmed

• Subset of machine learning

• Enables computers to solve more complex

problems

• Based on artifical neural networks
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MAIN TYPES OF PROBLEMS IN MACHINE LEARNING

Regression

Classification

Clustering
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OVERVIEW OF METHODS

Regression:

▪ Ordinary Least Squares

▪ Ridge/Lasso Regression

▪ K-nearest Neighbor

▪ Decision Tree Regressor

▪ Random Forest

▪ Support Vector Machines

▪ Neural Networks 

▪ …

Classification:

▪ K-Nearest Neighbors

▪ Decision Tree

▪ Naive Bayes

▪ Logistic Regression

▪ Support Vector Machines

▪ Neural Networks 

▪ Random Forest

▪ …
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MACHINE LEARNING WORKFLOW

Model Creation
incl. training & 

hyperparameter tuning
Data

New Data

Model Development

Predictions

Go Live
Model
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SOLVENCY II INTERNAL MODEL 
BASED ON NEURAL NETWORKS 
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SOLVENCY II INTERNAL MODEL

▪ Determination of solvency capital requirement (SCR) for an insurance company

by an internal model (Solvency II)

▪ In terms of open science we provide a comprehensive data set for the actuarial

community, such that practitioners and researchers are able to apply modern data

analytics methods for a realistic problem, namely the SCR calculation.

▪ Data set consists of comprehensive evaluations of Own Funds for three fictive but 

realistic insurance portfolios (life and health), which have been derived on the basis

of advanced actuarial projection models (mapping of assets and liabilities, 

management rules, regulatory requirements, …) and well-defined scenarios. 
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DISTRIBUTION OF OWN FUNDS AT RISK HORIZON

𝑀𝑉𝐴0

𝑂𝐹0

𝐵𝐸𝐿0

base case

balance

for scenario 1

balance

for scenario 2

balance

for scenario 3

balance

for scenario 4

balance

for scenario 5

scenario 3

S
C

R

D
is

trib
u

tio
n

 o
f

O
w

n
 

F
u

n
d

s

probability 99.5%

probabilty 0.5%

➢ Nested stochastic problem
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FURTHER DESCRIPTIONS

▪ Each scenario is the realisation of D risk factors 𝑅𝐹1, … , 𝑅𝐹𝐷 (e.g. longevity, 

lapse, interest rate, equity, among others) and represents a possible development

at the risk horizon (1 year); D=12 resp. D=13 in our data set

▪ The calculation of the market value balance sheet items (for base case and 

stress scenarios) requires comprehensive (stochastic) simulations by adequate

projection models due to complex dependencies and asymmetries

→ Monte Carlo simulation

➢ This leads to a nested stochastic problem with exploding computational effort

(simulation in a simulation)

➢ Apply data analytics techniques to avoid massive run time issues
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DATA SET

3. Base Case and SCR region

- Base point with 16k simulations

- 129 resp. 50 outer scenarios around

the 0.5% quantile scenario (SCR 

region), each with 4k simulations

SCR

⋮

1. Training Set

t=1 t=Nt=0

215 outer

scenarios, each

with 2 inner

scenarios
⋮

⋮

⋮

⋮

⋮

28 outer

scenarios, each

with 1k inner

scenarios

2. Validation Set

t=1 t=Nt=0

SCR region

base case
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ORDINARY LEAST SQUARES METHOD

𝑓 𝑅𝐹1, … , 𝑅𝐹𝐷 = σ𝑚=1
𝑀 𝑎𝑚𝜑𝑚(𝑅𝐹1, … , 𝑅𝐹𝐷)

▪ Practical model function is given by a simple linear combination of basis functions

𝜑𝑚(∙) 𝑚=1
𝑀 with coefficients 𝑎𝑚:

▪ For 𝑛 = 1,… ,𝑁, by denoting 𝑃𝑉𝑛 as Own Funds samples and 𝑅𝐹1𝑛 , … , 𝑅𝐹𝐷𝑛 as N

simulated vectors of risk factors (outer scenarios), we are able to determine the function

𝑓 via Least Squares:

min
𝑎∈𝑅𝑀

1

𝑁


𝑛=1

𝑁

(𝑃𝑉𝑛 − 𝑓(𝑅𝐹1𝑛, … , 𝑅𝐹𝐷𝑛))
2
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STRUCTURE OF NEURAL NETWORKS

𝑅𝐹1

𝑅𝐹2

𝑅𝐹𝐷

𝑦 = 𝑓 𝑅𝐹1, … , 𝑅𝐹𝐷

Input Layer Hidden Layers Output Layer

FeedforwardRisk Factors Own Funds

⋯

⋯

⋯

⋯

⋮
⋮⋱
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LET‘S GO

➢ Architecture:

▪ Number of hidden layers: 2-10

▪ Number of nodes for each hidden layer: 16-128

▪ Activation functions (inner nodes): Sigmoid, Rectified Linear Unit (ReLU), 

Leaky ReLU with 𝛼 values between 0 and 0.1

▪ Activation function (output): Linear, Sigmoid

➢ Optimization:

▪ Algorithm: Adam, Adamax, Nadam

▪ Learning rate: 0.0005 – 0.005 

▪ Dropout rate: 0 – 0.4

▪ Batch size: 100 – 1600 

▪ Initialisation weights: random Normal, random Uniform, Glorot Uniform
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THE PROOF IS IN THE PUDDING
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CREATING EFFICIENT NEURAL NETWORKS
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CRÈME DE LA CRÈME
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#TEAMWORK
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USE (THIS SOLVENCY II) CASE!

Python code 

and data

Seiten - Anwendungsfall 2 (aktuar.de)

https://aktuar.de/unsere-themen/big-data/anwendungsfaelle/Seiten/anwendungsfall2.aspx
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CASE STUDY – EUROPEAN ACTUARIAL JOURNAL

Neural networks meet least squares Monte Carlo at 

internal model data | SpringerLink

https://link.springer.com/article/10.1007/s13385-022-00321-5
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PRICING AMERICAN OPTIONS 
WITH NEURAL NETWORKS
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PLAIN VANILLA OPTIONS

An option is a contract giving the buyer the right (but not the obligation) to buy or sell an

underlying asset at a specific price (strike) on a certain time point 𝑇 (European) or before

a certain time point t ≤ 𝑇 (American/Bermudan)

strike K

value V

strike K

value V

max(𝑆𝑇 − 𝐾, 0) max(𝐾 − 𝑆𝑇 , 0)

stock price Sstock price S

➢ Options are used for trading strategies as hedging or speculation
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EXOTIC OPTIONS

Non-standard options belong to the class of exotic options such as barrier options,

lookback options, options on several stocks, among others.

max(0,max(𝑆1, 𝑆2 ) − 𝐾) max(0, 𝑆1𝑆2−𝐾)
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OPTIMAL STOPPING PROBLEM

The fair value of an American or Bermudan option time 𝑡0 is given by

sup
τ∈Τ0,𝐿

𝐸0 𝐷0,τ𝑍τ

where Τ0,𝐿 is the set of all stoppping times with values in 0,… , 𝐿 , (𝑍𝑙)0≤𝑙≤𝐿 is an

adapted payoff process, 𝐸𝑡 = 𝐸 ∙ |𝑆𝑡 = 𝐸 ∙ |𝐹𝑡 is the expectation conditional on the

information available until time date t, (𝑆𝑡)0≤𝑡≤𝑇 is a Markov process, 𝐹 = {𝐹𝑡|0 ≤
𝑡 ≤ 𝑇} is the filtration with the σ-Algebra 𝐹𝑡 at time date 𝑡, 𝐷𝑠,𝑡 is the discount factor

(𝐷𝑠,𝑡 = 𝑒−𝑟(𝑡−𝑠) in the special case of a constant risk-free rate r).
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DYNAMICAL PROGRAMMING PRINCIPLE

𝑉𝐿 = 𝑍𝐿
𝑉𝑙 = 𝑚𝑎𝑥 𝑍𝑙 , 𝐸𝑙[𝐷𝑙,𝑙+1𝑉𝑙+1] , 𝑙 = 𝐿 − 1,… , 0

Many algorithms for calculating option prices are based on this DPP,
e.g. the binomial tree

𝑆0

𝑆0𝑢

𝑆0𝑑

𝑆0𝑑𝑢

𝑆0𝑢𝑢

𝑆0𝑑𝑑

𝑉0

𝑉11

𝑉12

𝑉22

𝑉21

𝑉23

𝑝

1 − 𝑝

𝑝

𝑝

1 − 𝑝

1 − 𝑝

Solution:

This optimal stopping problem can be solved via the dynamical programming

principle (DPP) for the value process (𝑉𝑙)0≤𝑙≤𝐿:



35

EARLY EXERCISE CURVE

𝑆𝐾

𝑉

𝑡

𝑇

0
𝐾 𝑆
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EARLY EXERCISE REGIONS – MAX CALL OPTIONS
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EARLY EXERCISE REGIONS – MAX PUT OPTIONS
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DYNAMICAL PROGRAMMING PRINCIPLE – OPTIMAL 
STOPPING TIMES

τ𝐿 = 𝐿

τ𝑙 = ቊ
𝑙 , 𝑍𝑙 , ≥ 𝐸𝑙[𝐷𝑙,τ𝑙+1𝑍τ𝑙+1]

τ𝑙+1 , 𝑠𝑜𝑛𝑠𝑡
, 𝑙 = 𝐿 − 1,… , 0

For any stopping time 

we receive a lower

bound

Alternative Solution:

Alternatively, the DPP can be formulated in terms of the optimal stopping times:

Then, the continutation value at time point 𝑡𝑙 is given by

𝐶𝑙 ≔ 𝐸𝑙[𝐷𝑙,τ𝑙+1𝑍τ𝑙+1]

and we get the fair option value by

𝑉0 = 𝐸0[𝐷𝑙,τ0𝑍τ0]
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LONGSTAFF SCHWARTZ METHOD

▪ Approximation of continuation value

𝐶𝑙 ≔ 𝐸𝑄 𝑒−𝑟(τ𝑙+1−𝑙)∆𝑡𝑍τ𝑙+1|𝑆𝑙 ≈ 

𝑚=1

𝑀

ω𝑚ϕ𝑚 𝑆𝑙 =: ሚ𝐶𝑙

▪ Ordinary Least Squares

min
ω∈𝑅𝑀

𝐸𝑄 𝐶𝑙 − ሚ𝐶𝑙
2
≈ min

ഥω∈𝑅𝑀

1

𝑁


𝑛=1

𝑁

𝐶𝑙,𝑛 − ҧ𝐶𝑙,𝑛
2

▪ Option price today at 𝑡0

𝑉0 = 𝑚𝑎𝑥 𝑍0,
1

𝑁


𝑛=1

𝑁

𝑒−𝑟τ1,𝑛∆𝑡𝑍τ1,𝑛
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MONTE CARLO SIMULATION FOR TWO STOCKS
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FUNCTIONALITY OF REGRESSION-BASED APPROACH
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APPROXIMATION OF CONTINUATION VALUE FOR MAX CALL 
OPTION

Idea: Determine continuation value by neural networks! 
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STRUCTURE OF NEURAL NETWORK FOR OPTION PRICING
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CONVERGENCE ANALYSIS FOR BERMUDAN MAX CALL 
OPTION ON 2 ASSETS

• Underlying-Modell & Optionscharakteristika: Geometrisch-Brownsche-Bewegung mit T = 3, ∆t =
1

3
, K = 100, r = 0,05, δ1 = δ2 = 0,1, σ1 = σ2 = 0,2, S0

1 = S0
2 = 100.

• Pol1: Polynom mit Basis 1, 𝑠1, 𝑠2, (𝑠1)
2 , (𝑠2)

2 , 𝑠1𝑠2, (𝑠1)
3 , (𝑠2)

3 , wobei 𝑠𝑑 der realisierte Wert der Aktie d ist, Pol2: Polynom mit Basis 

1, 𝑥1, 𝑥2, (𝑥1)
2 , (𝑥2)

2 , 𝑥1𝑥2, (𝑥1)
3 , (𝑥2)

3 , wobei 𝑥𝑑 der 𝑑-höchste Aktienkurs ist.

• NNES_1.1: Neuronales Netz mit einer Schicht (16 Neuronen), Payoff zusätzlicher Input, Early Stopping, ReLU Aktivierungsfunktion, NNGS: Neuronales Netz mittels 

Grid-Search-Ansatz mit k-fold Cross Validation und verschiedenen Hyperparameter-Kombinationen, sh. Artikel
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LOWER BOUNDS FOR MAX CALL OPTION ON 5 ASSETS

• Underlying-Modell & Optionscharakteristika: Geometrisch-Brownsche-Bewegung mit T = 3, ∆t =
1

3
, K = 100, r = 0,05, δd = 0,1,

Σ =

0,22 0,2 ∙ 0,35 ∙ (−0,1)

0,2 ∙ 0,35 ∙ (−0,1) 0,352
0,2 ∙ 0,08 ∙ (−0,2) 0,2 ∙ 0,5 ∙ 0,05 0,2 ∙ 0,4 ∙ 0,0
0,35 ∙ 0,08 ∙ 0,4 0,35 ∙ 0,5 ∙ 0,1 0,35 ∙ 0,4 ∙ 0,25

0,2 ∙ 0,08 ∙ (−0,2) 0,35 ∙ 0,08 ∙ 0,4
0,2 ∙ 0,5 ∙ 0,05
0,2 ∙ 0,4 ∙ 0,0

0,35 ∙ 0,5 ∙ 0,1
0,35 ∙ 0,4 ∙ 0,25

0,082 0,08 ∙ 0,5 ∙ 0,2 0,08 ∙ 0,4 ∙ 0,25

0,08 ∙ 0,5 ∙ 0,2
0,08 ∙ 0,4 ∙ 0,25

0,52 0,5 ∙ 0,4 ∙ 0,15

0,5 ∙ 0,4 ∙ 0,15 0,42

• Pol3: 1, sd d=1
5 , (sd)

2
d=1

5
, Pol4: 1, xd d=1

5 , (xd)
2

d=1

5
, (xd)

3
d=1

5
, x1x2, x1x3, x2x3, (x1)

2 x2, x1(x2)
2 , NNGS: Neuronales Netz mit Grid-Search-Ansatz, sh. Artikel 
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FURTHER MATERIAL
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WRAP UP, DISCUSSION, Q&A
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WRAP UP

▪ Neural networks are powerful for modelling and prediction tasks

▪ Architecture, parameter choice and learning method are essential for successful

applications

▪ Neural networks might be very complex and the training might take long (be

computationally intensive) such that common approaches are more efficient (this

highly depends on the underlying problem to be solved)

▪ Machine Learning has been used for a long time in industry and the development is

ongoing

▪ Data Science is an important field, also for financial engineering, and more and 

more companies apply these techniques to improve processes and predictions

▪ Actuaries should learn these techniques and build up knowledge

▪ Feel free and be motivated to apply Machine Learning techniques for your own 

applications

▪ Python, R and Matlab provide very good development environments for neural

networks (in general for Machine Learning)
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DISCUSSION, Q&A



MANY THANKS AND STAY HEALTHY


