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» The banks’ role in the economy 

 

» Time series in finance – non linearity and the prediction of the future 

 

» The mechanics of the balance sheet – an engineers approach 

 

» The costs of the crisis 

 

» Is the financial complexity manageable? 

Agenda 
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The banks’ role in the economy 
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The „Banks“ 

Photo source: © NH1977 / PIXELIO 
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The banks’ role – Transforming money  

Photo source: © segavax, Andreas Hermsdorf / PIXELIO 
 

Bank 

Mediator 

Capital demand:  

big, long term demanded capital 

amounts  

Capital supply:  

many small, rather short term 

supplied capital amounts 
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Transformation is at the heart of banking business 

Big / slow 

Small 
/ fast 

Small 
/ fast 

Transformation: 
» Quantity 

» Term 

» Risk 
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Traditional tasks of a bank 

Capital / Liquidity 

transformation 

Information 

offset 
Risk taking 

Volume 

transformation 

Term 

transformation 

Both forms of transformation hold specific risks for the 

bank which need to be quantified and controlled: 

 

» Volume transformation  ↔ Credit Risk 

 

 

 

» Term  transformation  ↔ Liquidity Risk and 

           Interest Rate Risk 

 

» Currency transformation  ↔ FX Rate Risk 

 

» Equity Prices, Stock Exchange Rates, … 
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Transformation is at the heart of banking business 
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German saving behavior 

Germans still invest the largest part of their capital in savings- / sight- / term-deposits 
and cash, as well as insurances 
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Source: Deutsche Bundesbank, September 2014 
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We have savings of about 5 trillion EUR 
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Banking landscape in Germany 

Source: Bankenstatistik, Statistisches Beiheft 1 zum Monatsbericht, Deutsche Bundesbank, September 2014 
 

Universalbanken (1.813) 

297 Kreditbanken 4 Großbanken 

179 Regionalbanken und sonstige 

Kreditbanken 

114 Zweigstellen ausländischer Banken 

1.083 Genossenschaftliche 

Kreditinstitute 

1.081 Kreditgenossenschaften 

2 Genossenschaftliche Zentralbanken 

433 Öffentlich-rechtliche 

Kreditinstitute 

417 Sparkassen 

9 Landesbanken 

Spezialbanken (59) 

22 Bausparkassen 

17 Realkreditinstitute 

21 Banken mit Sonderaufgaben 

three 

pillars 
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Big banks in Europe 

Source: FTD, 04.10.2012 
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Banks process money in various ways 
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Time series in finance – non-linearity and prediction of the 

future 
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The yield curve 

interest rates (i) 

term (t) 
1Y 2Y 3Y 5Y 7Y 10Y 11Y 12Y 13Y 14Y 15Y 

yield curve 

3 

6 

3 

Term transformation, i.e., transformation in time, is a major transformation 
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Interest rates and their dynamics 
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05.97  05.98  05.99  05.2000 05.97  05.98  05.99  05.2000 

The interest rate curve change in various ways 
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Interest rates and their dynamics 
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The change in interest rates follows no simple statistics 
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How to “explain” the curves – different approaches 
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The “Euclidean geometry” approach 
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How to “explain” the curves – different approaches 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (5/24) 

The fractal geometry approach 
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How to “explain” the curves – different approaches 

Source: B. B. Mandelbrot, Börsenturbulenzen neu erklärt, Spektrum der Wissenschaft, Mai 1999, 74-77 
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The fractal geometry approach 
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How to “explain” the curves – different approaches 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (7/24) 

The combinatorial approach 
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How to “explain” the curves – different approaches 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (8/24) 

The stochastic approach 

Mean−Reverting−Process 
𝒅𝑿𝒕 = 𝝁 𝑿𝒕 𝒅𝒕 + 𝝈 𝑿𝒕 𝒅𝑩𝒕 
𝒇𝒐𝒓 𝒕 ≥ 𝟎, 𝑿𝟎 = 𝒙𝟎 ∈ 𝑰 
𝝁 𝒙 = 𝜷 + 𝜶𝒙, ∀𝒙 ∈ 𝑰, 𝜶 ∈ 𝑹−, 𝜷 ∈ 𝑹 
𝝈 𝒙 > 𝟎, ∀𝒙 ∈ 𝑰 

𝑂𝑟𝑛𝑠𝑡𝑒𝑖𝑛 − 𝑈ℎ𝑙𝑒𝑛𝑏𝑒𝑐𝑘 − 𝑃𝑟𝑜𝑐𝑒𝑠𝑠 
𝒅𝑿𝒕 = 𝝁 𝑿𝒕 𝒅𝒕 + 𝝈 𝑿𝒕 𝒅𝑩𝒕 
𝒇𝒐𝒓 𝒕 ≥ 𝟎, 𝑿𝟎 = 𝒙𝟎 ∈ 𝑹 
𝝁 𝒙 = 𝜶𝒙,∀𝒙 ∈ 𝑹, 𝜶 ∈ 𝑹− 
𝝈 𝒙 = 𝝈, 𝝈 ∈ 𝑹+ 

𝑉𝑎𝑠𝑖𝑐𝑒𝑘 − 𝑀𝑜𝑑𝑒𝑙 
𝒅𝑿𝒕 = 𝝁 𝑿𝒕 𝒅𝒕 + 𝝈 𝑿𝒕 𝒅𝑩𝒕 
𝒇𝒐𝒓 𝒕 ≥ 𝟎, 𝑿𝟎 = 𝒙𝟎 ∈ 𝑹 
𝝁 𝒙 = 𝜷 + 𝜶𝒙, ∀𝒙 ∈ 𝑹, 𝜶 ∈ 𝑹−, 𝜷 ∈ 𝑹 
𝝈 𝒙 = 𝝈, 𝝈 ∈ 𝑹+ 

𝐶𝑜𝑥 − 𝐼𝑛𝑔𝑒𝑟𝑠𝑜𝑙𝑙 − 𝑅𝑜𝑠𝑠 − 𝑀𝑜𝑑𝑒𝑙 
𝒅𝑿𝒕 = 𝝁 𝑿𝒕 𝒅𝒕 + 𝝈 𝑿𝒕 𝒅𝑩𝒕 
𝒇𝒐𝒓 𝒕 ≥ 𝟎, 𝑿𝟎 = 𝒙𝟎 ∈ 𝑹

+ 
𝝁 𝒙 = 𝜷 + 𝜶𝒙,∀𝒙 ∈ 𝑹+, 𝜶 ∈ 𝑹−, 𝜷 ∈ 𝑹+ 
𝝈 𝒙 = 𝝈 𝒙,∀𝒙 ∈ 𝑹+, 𝝈 ∈ 𝑹+, 𝟐𝜷 ≥ 𝝈𝟐 
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How to “explain” the curves – different approaches 

𝒅𝑾𝒕 

𝒅t 

𝒅𝑾𝒕 𝒅t 

𝒅t 𝟎 

𝟎 𝟎 

∗ 

𝒅𝒇(𝑿𝒕) = 𝒇
′ 𝑿𝒕 𝒅𝑿𝒕 +

𝟏

𝟐
𝒇′′ 𝑿𝒕 𝒅𝑿𝒕

𝟐 

Ito′s formula 

𝒗𝒂𝒓 𝑾𝒕 = 𝒕 𝑪𝒐𝒗(𝑾𝒕,𝑾𝒔) = 𝒎𝒊𝒏(𝒔, 𝒕) 

𝑳𝒕
𝒂 𝒁 = 𝒁𝒕 − 𝒂 − 𝒁𝟎 − 𝒂 − 𝒔𝒈𝒏 𝒁𝒖 − 𝒂 𝒅𝒁𝒖

𝒕

𝟎

 

Ito Tanaka formula for local time 

𝒇(𝒁𝒕) = 𝑭 𝒁𝟎 + 𝒇𝒕
′ 𝒁𝒖 𝒅𝒁𝒖

𝒕

𝟎

+
𝟏

𝟐
 𝑳𝒕

𝒂 𝒁 , 𝝁(𝒅𝒂)
 

𝑹

 

𝒅𝑿𝒕 = 𝒃𝒕𝒅𝒕 + 𝝈𝒕𝒅𝑾𝒕 

Ito Process 

The stochastic approach 
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How to “explain” the curves – different approaches 

𝑩𝒔 = 𝑾𝒓 +
𝒔 − 𝒓

𝒕 − 𝒓
𝑾𝒕 −𝑾𝒓 +

𝒔 − 𝒓 𝒓 − 𝒕

𝒕 − 𝒓
𝑵(𝟎, 𝟏) 

Brownian Bridge 

𝒅𝑹𝒕 = 𝒅𝑾𝒕 +
𝒏 − 𝟏

𝟐𝑹𝒕
𝒅𝒕 

𝒅𝑹𝒕
𝟐 = 𝟐 𝑹𝒕

𝟐𝒅𝑾𝒕 + 𝒏𝒅𝒕 

Bessel Process 

𝒅𝑷 ≜ 𝒆𝒙𝒑 𝝈𝑾𝑻 −
𝟏

𝟐
𝝈𝟐𝑻 𝒅𝑷 

𝑾 𝒕 − 𝝈𝒕 is a Brownian motion under𝑷  

Girsanov 

The stochastic approach 

Semimartingale: 𝑿𝒕 = 𝑴𝒕 + 𝑨𝒕 



 © d-fine — All rights reserved  |  20 

Interest rate models 

Basic model: Xt = σt Zt  with  

{Zt} is IID with mean 0, variance 1, e.g. N(0,1)  

very simple: fixed σ, more advanced: {σt } is a volatility process 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (10/24) 
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Interest rate models 

GARCH model 

Xt = σt Zt  

GARCH(p,q) process (General AutoRegressive Conditional Heteroscedastic) 

 

 

 

 

Special case ARCH(1) 
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Interest rate models 

Stochastic volatility models 

Xt = σt Zt  

σt is a second process, independent of Zt  

Model for the volatility (Taylor 1986) 

)1 N(0, IID~}{  ,loglog 2

2

110

2

tttt   

Stochastic recurrence model 

IID~},{mit  1 tttttt XX   

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (12/24) 
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Interest rate models 

Extensions to the basic GARCH model 

General formula:       

Bilinear (Granger / Andersen 1978):   

ARCH(1, 1) (Engle 1982):   

GARCH(1, 1) (Bollerslev 1986):   

EGARCH (Nelson 1990): 

 

 

 

 

Further: ARCH-M, AARCH, NARCH, PARCH, PNP_ARCH, STARCH, SWARCH, Component-ARCH, 

IARCH, multiplicative ARCH 

For weather derivatives e.g. the ARFIMA-FIGARCH approach is used 
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Physical models applied to financial markets - A string model in Phynance 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (14/24) 

The “cosmological” approach 
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Physical models applied to financial markets 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (15/24) 

» The application of stochastic methods to questions from the world of finance is nowadays an 

established standard. 

» Many well understood paradigms from physics can be applied to problems arising in a financial 

context. Time will tell which of them will also have practical relevance. 

» Ising models, chaos theory, fractals, etc. 

 

The statistical physics approach 
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Physical models applied to financial markets 

Photo source: La-Liana  / pixelio.de 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (16/24) 

» The application of stochastic methods to questions from the world of finance is nowadays an 

established standard. 

» Many well understood paradigms from physics can be applied to problems arising in a financial 

context. Time will tell which of them will also have practical relevance. 

» Ising models, chaos theory, fractals, etc. 

 

The statistical physics approach 
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Physical models applied to financial markets - Hamiltonians 

Tim Reckmann  / pixelio.de 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (17/24) 
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» Toy model of a stock market based on the following assumptions: 

› Our market consists of L traders exchanging a single kind of share; 

› The total number of shares, N, is fixed in time; 

› A trader can only interact with a single other trader: i.e. the traders feel only a two-body interaction; 

› The traders can only buy or sell one share in any single transaction; 

› The price of the share changes with discrete steps, multiples of a given monetary unit; 

› When the tendency of the market to sell a share, i.e. the market supply, increases then the price of the 

share decreases; 

› For our convenience the supply is expressed in term of natural numbers; 

› To simplify the notation, we take the monetary unit equal to 1. 

 

Physical models applied to financial markets - Hamiltonians 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (18/24) 
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» The formal hamiltonian of the model is the following operator: 

 

 

 

 

» where               and the following commutation rules are used: 

»   

» All other commutators are zero. 

» We further assume that  

» Number, price, cash and supply operators:  

» The states of the market are:  

» where            and 

 

 

» 𝜑0 is the vacuum of the model:                  

 

Physical models applied to financial markets - Hamiltonians 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (19/24) 

𝑯 = 𝑯𝟎 +𝑯 𝒍, 𝒘𝒉𝒆𝒓𝒆 

𝑯𝟎 = 𝒂𝒍
𝑳

𝒍=𝟏
𝒂𝒍
†𝒂𝒍 + 𝜷𝒍

𝑳

𝒍=𝟏
𝒄𝒍
†𝒄𝒍 + 𝒐

†𝒐 + 𝒑†𝒑 

𝑯 𝒍 = 𝒑𝒊𝒋 𝒂𝒊
†𝒂𝒋 𝒄𝒊𝒄𝒋

†
𝑷 

+ 𝒂𝒊𝒂𝒋
† 𝒄𝒋𝒄𝒊

† 𝑷
 𝑳

𝒊,𝒋=𝟏
+ 𝒐†𝒑 + 𝒑†𝒐 

𝑷 = 𝒑†𝒑 

𝒑,𝒑† = 𝒐, 𝒐† = 𝑰 𝒂𝒍, 𝒂𝒏
† = 𝒄𝒍, 𝒄𝒏

† = 𝜹𝒍𝒏𝑰 

𝒑𝒊𝒊 = 𝟎 

𝒂𝒍
⌗, 𝒑⌗, 𝒄𝒍

⌗, 𝒐⌗ 

𝝎 𝒏 ; 𝒌 ;𝑶;𝑴 . = 𝝋 𝒏 ; 𝒌 ;𝑶;𝑴, 𝝋 𝒏 ; 𝒌 ;𝑶;𝑴  

𝒏 = 𝒏𝟏, 𝒏𝟐, … , 𝒏𝑳, 𝒌 = 𝒌𝟏, 𝒌𝟐, … , 𝒌𝑳 

𝝋 𝒏 ; 𝒌 ;𝑶;𝑴 =
𝒂𝟏
† 𝑛1 … 𝒂𝑳

† 𝑛𝐿 𝒄𝟏
† 𝑘1… 𝒄𝑳

† 𝑘𝐿 𝒐†
𝑶
… 𝒑†

𝑴

𝒏𝟏!…𝒏𝑳! 𝒌𝟏! …𝒌𝑳! 𝑶!𝑴!
𝝋𝟎 

𝒂𝒋𝝋𝟎 = 𝒄𝒋𝝋𝟎 = 𝒑𝝋𝟎 = 𝒐𝝋𝟎 = 𝟎, 𝒇𝒐𝒓  𝒋 = 𝟏, 𝟐,… , 𝑳 
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» The time evolution for the observables, e.g., the price 

 

 

 

 

 

Physical models applied to financial markets - Hamiltonians 

Tim Reckmann  / pixelio.de 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (20/24) 

𝑑𝑋(𝑡)

𝑑𝑡
= 𝑖𝑒𝑖𝐻𝑡 𝐻,𝑋 𝑒−𝑖𝐻𝑡 = 𝑖 𝐻, 𝑋(𝑡)  
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Physical models applied to financial markets – Selected books 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (21/24) 
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The “patient” financial markets 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (22/24) 

Our models “fit” in various fields of science 
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The “patient” financial markets 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (23/24) 

Our models “fit” in various fields of science 



 © d-fine — All rights reserved  |  34 

The “patient” financial markets 

Photo source: © NH1977 / PIXELIO 
 

2014-10-06  |  From Physics to Finance  |  Time series in finance – non-linearity and prediction of the future (24/24) 

Our models “fit” in various fields of science – exploring mathematical structures via analogy 
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The mechanics of the balance sheet – an engineers approach 
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Inflows and Outflows 

2014-10-06  |  From Physics to Finance  |  The mechanics of the balance sheet – an engineers approach (1/8) 
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Counting and labeling monetary units in time 

2014-10-06  |  From Physics to Finance  |  The mechanics of the balance sheet – an engineers approach (2/8) 
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The “bow wave” of the balance sheet 

2014-10-06  |  From Physics to Finance  |  The mechanics of the balance sheet – an engineers approach (3/8) 
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The “bow wave” of the balance sheet 

2014-10-06  |  From Physics to Finance  |  The mechanics of the balance sheet – an engineers approach (4/8) 
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» How can we achieve an optimal match between business structure, liquidity structure, and 

interest rate structure while taking into account their dynamics?  

Cost reduction via canceling “waves” 

Photo source: www.Rudis-Fotoseite.de  / pixelio.de 

2014-10-06  |  From Physics to Finance  |  The mechanics of the balance sheet – an engineers approach (5/8) 
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» How can we achieve an optimal match between business structure, liquidity structure, and 

interest rate structure while taking into account their dynamics?  

Cost reduction via canceling “waves” 

Photo source: FotoHiero  / pixelio.de 

2014-10-06  |  From Physics to Finance  |  The mechanics of the balance sheet – an engineers approach (6/8) 
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» How can we achieve an optimal match between business structure, liquidity structure, and 

interest rate structure while taking into account their dynamics?  

Cost reduction via canceling “waves” 

Photo source: FotoHiero  / pixelio.de 
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The costs of the crisis 
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SoFFin (Sonderfonds Finanzmarktstabilisierung)  

Source: SoFFin Jahresberichte, http://www.fmsa.de/de/fmsa/soffin/Berichte/index.html 

Financial Market Stabilization Fund 

guarantees of up to 400bn Euros 

recapitalize or purchase assets for up to 80bn Euros 
 

Accumulated losses of the SoFFin: 

» 2009: 4.3 billion Euros 

» 2010: 4.8 billion Euros 

» 2011: 13.1 billion Euros 

» 2012: 23 billion Euros 

» 2013: 21.5 billion Euros 

 

Equity recapitalizations (30.06.2012) : 

» Aareal Bank AG: 0.3 

» Commerzbank AG: 6.7 

» Hypo Real Estate:  9.8 

» WestLB AG:   3.0 
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National budget 

Source: Bundesministerium für Finanzen, Finanzplan des Bundes 2013-2017, August 2013 

295 bn EUR in 2014 (estimate) 

2014-10-06  |  From Physics to Finance  |  The costs of the crisis (2/11) 



 © d-fine — All rights reserved  |  46 

Visualizing US debt – 1 

Source: Die Welt / August 2011 
 

100 dollars 
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Visualizing US debt – 2 

Source: Die Welt / August 2011 
 

10.000 dollars – average years income world wide  
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Visualizing US debt – 3 

Source: Die Welt / August 2011 
 

1 million dollars 
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Visualizing US debt – 4 

Source: Die Welt / August 2011 
 

100 million dollars – This amount can be transported on a europallet 
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Visualizing US debt – 5 

Source: Die Welt / August 2011 
 

1 billion dollars – 10 europallets, not easy to transport 
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Visualizing US debt – 6 

Source: Die Welt / August 2011 
 

1 trillion dollars – in comparison to an American Football field or a 

Boeing 747 
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Visualizing US debt – 7 

Source: Die Welt / August 2011 
 

15 trillion dollars – represents the forecasted national 

debt of the USA at the end of 2011 
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Visualizing US debt – 8 

Source: Die Welt / August 2011 
 

114,5 trillion dollars –  

sum of all unsecured obligations of the 

USA – i.e. national debt, including 

pensions, social services and private debt 

15 trillion dollars (5 trillion dollars held 

by foreigners, 1,2 trillion dollars held 

by China) 
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Public debt in percentage of GNP 

Source: Eurostat, June 2011 
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Is the financial complexity manageable? 
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High frequency trading 

Source: Handelsblatt 2012 
 

» HFT incorporates proprietary 
trading strategies carried out 
by computers 

» Electronic exchanges were 
first authorized by the U.S. 
Securities and Exchange 
Commission in 1998 

» Execution times have fallen 
from several seconds in the 
year 2000 to milliseconds on 
modern systems 
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Volume of high frequency trading 

Source: Handelsblatt 2012 
 

» Portion of HFT in U.S. equity trades 
has increased from less than 10 % in 
2000 to over 70% in 2010 

» About 40% of Xetra transactions are 
carried out by HFT systems 

Portion of U.S. 
trading firms 

engaging in HFT 

Portion of equity 
order volume these 

firms account for 

1 billion 

41 billion 

1993 2011 

Number of transactions in 

DAX titles  
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Role of high frequency trading in the crisis 

Source: Handelsblatt 2012 
 

» In 2010 the Dow Jones Index 
experienced its largest one-day 
point decline in history 
    “Flash Crash” 

» The U.S. Securities and 
Exchange Commission and the 
Commodity Futures Trading 
Commission concluded in a joint 
investigation that the actions of 
HFT firms largely contributed to 
volatility during the crash. 
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Network topologies of interbank payments 

Source: Becher, Millard, and Soramäki, The network topology of CHAPS Sterling, Bank of England, Working Paper 355 
 

CHAPS: Clearing House Automated Payment 

System 

CHAPS offers same-day sterling fund transfers 

Many flows are routed through settlement banks 
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Network topologies of interbank payments 

Source: Becher, Millard, and Soramäki, The network topology of CHAPS Sterling, Bank of England, Working Paper 355 
 

CHAPS: Clearing House Automated Payment 

System 

CHAPS offers same-day sterling fund transfers 

Many flows are routed through settlement banks 

 

» The settlement banks form a 
complete network 

» 4 settlement banks account for 
almost 80% of the payments, 
measured by value or volume! 
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Collecting and processing information 

Photo source: en.wikipedia.org 
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Digital economy is founded on data 
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Collecting and processing information 
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Watson, we need your help! 

Source: WELT KOMPAKT, March 2012 
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» Risk management depends heavily on 

sophisticated models 

» Developed models were too complex to be 

understood intuitively 

» Computerexperts construct “financial 

hydrogen bombs” as already suspected by 

Felix Rohatyn in 1998 

Has physics caused the crisis? 

Photo source: stock-clip.com 
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Physical models applied to financial markets 

The main problem is: Our models have in fact become extremely complex but 

are still too simple to be able to incorporate the whole spectrum of variables 

that drive the global economy. A model is necessarily an abstraction without 

all details of the real world. 
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Economics and banking – a complex network of dependencies 

From: Managing Liquidity in Banks, R. Duttweiler, 2009 
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Macroeconomic modelling 
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When things fall apart 

Photo source: en.wikipedia.org 

Northern Rock,  

18.9.2007 

New York, 

25.10.1929 

Vienna, 

09.05.1873 
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Economics and banking – a complex network of dependencies 

From: Managing Liquidity in Banks, R. Duttweiler, 2009 
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The four “business dimensions” 

Business Acumen 

Greed Fear 

Risk 

duty of due care 

Liquidity risk 

Interest rate risk 

Global bank 

management 

Modelling 
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» Risk management depends heavily on 

sophisticated models 

» Developed models were too complex to be 

understood intuitively 

» Computer experts construct “financial 

hydrogen bombs” as already suspected by 

Felix Rohatyn in 1998 

 

 

Ignoramus et ignorabimus. 

versus 

Wir müssen wissen. Wir werden wissen. 

Has physics caused the crisis? 

Photo source: stock-clip.com 
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