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The banks’ role in the economy
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The “Banks”

COMMERZBANK *

Photo source: © NH1977 / PIXELIO d*l"ine
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New players — Fintecs try to disrupt the banking industry

!\Iew qpportunltles arise from dls.ruptlng_old and 250 TIvestitionen von Risikokapitalgebern
inefficient processes in the banking business: in Deutschland in Finanz-Startups (in
» Use of Blockchain technologies contemplated in: Millionen Euro)

200

> Money (Bitcoin etc.)

» Stock exchange
» Account management 150
» Interbanking transactions
» Title register... 100
» Brokerage of fix rate invest in foreign countries
» Assistance in changing the bank-account 50 |
» Support of collection services
» Credit rating with the help of user profiles/social | | | | | | | |

network data (currently not legal in Germany) 20151 201511 20151l 20151V 20161 2016 I
» First Fintechs in Germany are in possession of a bank licence

» Established banks take notice - Cooperation with or acquisition of Fintechs

} Digitalization of the banking business is a trend for years to come

Quelle: Barkow-Consulting dT"ine
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Banking landscape in Germany

three
pillars

Universalbanken (1.635)

266 |Kreditbanken 4|Grol3banken
155|Regionalbanken und sonstige
Kreditbanken
107|Zweigstellen auslandischer Banken
963|Genossenschaftliche 963 |Kreditgenossenschatften
Kreditinstitute
406 | Offentlich-rechtliche 397 |Sparkassen
Kreditinstitute 9|Landesbanken

Spezialbanken (54)

20

Bausparkassen

14

Realkreditinstitute

20

Banken mit Sonderaufgaben

Source: Bankenstatistik, Statistisches Beiheft 1 zum Monatsbericht, Deutsche Bundesbank, September 2017, S. 106

Stand: Juli 2017
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The banks’ role — Transforming money

€€

Capital demand:
big, long term demanded capital
amounts

Transformation:
» Quantity
» Term
» Risk

Capital supply:
many small, rather short term
supplied capital amounts

} Transformation is at the heart of banking business

Photo source: © segavax, Andreas Hermsdorf / PIXELIO
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The banks’ role — Transforming money

Transformatiun:
Capital demand: » Quantity Capital supply:
big, long term demanded capital » Term many small, rather short term
amounts » Risk supplied capital amounts

} Transformation is at the heart of banking business

Photo source: © segavax, Andreas Hermsdorf / PIXELIO dT"ine
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Traditional tasks of a bank

Capital / Liquidity Risk taking Information
transformation offset

Both forms of transformation hold specific risks for the
bank which need to be quantified and controlled:

Volume
transformation

» Volume transformation | — Credit Risk

Term
transformation

» Term transformation | < Liquidity Risk and
Interest Rate Risk

» Currency [transformation |« FX Rate Risk

» Equity Prices, Stock Exchange Rates, ...

} Transformation is at the heart of banking business

dTine
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German saving behaviour

» Germans still invest the largest part of their capital in savings- / sight- / term-
deposits and cash, as well as insurances

6.000,00 . . . .
Geldvermdgen privater Haushalten in Deutschland in Mrd. Euro
5.000,00
| 198,70 |
WIS -2mé9 1[6- 299,50

4.000,00 -%611],'715- 'ng)ilf}g)‘ 221,50

| o et 1.468,90 1.551,70
3.000,00 1.190,70 1.215,00 1.284,80 1.284,80 A

2.000,00

1.000,00 1.602,80 1.737,50 1.788,10 1.860,80 1.927,50 2.014,90 2.082,20
0,00
2007 2008 2009 2010 2011 2012 2013
B Spar-, Sicht-, Termineinlagen und Bargeld = Investmentzertifikate m Festverzinsliche Wertpapiere
Geldanlagen bei Versicherungen Aktien m Sonstiges

} We have savings of about 5 trillion EUR

Source: Deutsche Bundesbank, September 2014
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The ten biggest banks in Europe

Total Assets of European Banks in trillion € (30.06.2016)

2.500
2.000
1.500
1.000

500 I
0

HSBC BNP Paribas Deutsche Credit Barclays PLC  Societe Banco Groupe Royal Bank Lloyds

Holdings Bank Agricole Generale Santander BPCE of Scotland Banking

Group Group Group

Source: http://www.relbanks.com/, http://www.xe.com dT"ine
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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)

A

yield curve

/

1y 2y 3Y 5Y 7Y 10Y 11Y 12Y 13Y 14Y 15Y

»
»

term (1)

} Term transformation, i.e., transformation in time, is a major transformation

dTine
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The yield curve

interest rates (i)

A

yield curve
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1y 2y 3Y 5Y 7Y 10Y 11Y 12Y 13Y 14Y 15Y

»
»

term (1)

} Term transformation, i.e., transformation in time, is a major transformation
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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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Interest rates and their dynamics

10Y

} The change in interest rates follows no simple statistics
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Interest rates and their dynamics
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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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Interest rates and their dynamics
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} The change in interest rates follows no simple statistics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics
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Interest rates and their dynamics

1M

} The change in interest rates follows no simple statistics
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Phenomenology of financial time series

Data are heteroscedastic, i.e., there are alterations of
volatile and tranquil periods
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Phenomenology of financial time series

Data are leptocurtic, i.e., the empirical distribution is more pronounced / steeper in
the middle of the distribution as the normal distribution and it has more mass in the
tails as a normal distribution (fat tails).
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How to “explain” the curves — Different approaches
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Can we see patterns?
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How to “explain” the curves — Different approaches

75 BEISFIEL .. 75 Symmetrisches Dreieck
113,568 1=1@ 1 D|"||r|d El‘lda‘r Das symmetrische Dreieck zeigt die Unsicherheit von Qptimisten u. Pessimisten im
e | ‘-'""H . Markt.
el 93 |1 Bci=] .l'!'J.ISE'rC hLIﬁLII'Il; Die Kraft der Baren |asst nach, und die Tiefs liegen immer haher. Auf der anderen
TE | TE Seite trauen, auch die Bullen sich derzeit nicht viel zu, und die Hochs liegen immer
ein Stiick tiefer.
! II|Il Alle warten auf den entscheidenden Ausbruch.
|
1
== | 1 ==
KapitalmaRnahmean I
|
|
=5 N | =5} Steigendes Dreieck
Kﬂ.l.lﬂ“‘"e | Das steigende Dreieck zeigt an, dal die SBullen ihre Krafte sammeln.
| Noch konnen die Kurse einen bestimmten Widerstand nicht durchbrechen.
Doch nach unten lassen sie sich auch nicht mehr ziehen. So liegen die Tiefe immer
1 ein wenig hiher.
55 : =55 Dieses Kraftesammeln kann zwischen 6 u. 12 Wochen dauern.
|
|
|
!

SA 5@

Fallendes Dreieck
Ein fallendes Dreieck entsteht, wenn es in einer Abwartstbewegung immer wieder zu
Z'f\-\schenerhclungen kemmt.

45 45 Die Hochpunkte dieser kurzen Aufwartsbewegung liegen jewsils immer ein wenig
| niedriger las das worangegangene Hach.
Auf der anderen Seite ist der Abwartsdruck nicht sehr stark.
| Die neuen Tiefpunlkte liegen gleichauf mit den worherigen, so dal3 eine horizentale
| Unterstitzung entsteht.
|
48 ! 4@
| Bullisher Keil
] Der bullishe Keil ist eine Bodenbildungs-Formation, die am Ende sines Abwéartstrend
1 1 entsteht.
Gleitende Der Abwartsdruck lasst nach, und die untere Trendlinie wird flacher.
H Auf der anderen Seite kinnen sich die Bullen noch nicht durchsetzen.
]
35 .. Durchschritte 35 A dicser Kombimation entsteht eine Kei-Formation mit einem postiven Ausbruchs-
Charakter.
|
|
|
|
E |
| | |
34 I | I 28 Rechteck
1 1 1 1 Das Rechteck wird auch als Konsolidierungsphase oder Trading-Range bezeichnet.
| | | | Die Kurse legen nach einer starken Trendbewegung eine Pause ein u. bewegen sich,
fir eine Zeit zwischen einer festen Widerstands- und Unterstiitzungslinie seitwarts.
| | | | In dieser Phase wird Kraft getankt, um dann die Trendbewegung wieder
| | | | aufzunehmen.
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| | | |
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The “Euclidean geometry” approach
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How to “explain” the curves — Different approaches
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The fractal geometry approach
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How to “explain” the curves — Different approaches

Welche Kurve ist die gefalschte?

ie gut konnen Multifraktale echte W folgen einer Irrfahrt (random walk); dazu
Preis-Charts wiedergeben? Verglei- ' i T gehort die Glockenkurve, womit das Modell

chen wir mehrere historische Preisverlaufe
mit ein paar kinstlichen Maodellen.

Die erste Kurve ist offensichtlich noch
weit von der Realitat entfernt. Sie ist au-
Berordentlich einformig und lauft auf ei-
nen konstanten Hintergrund kleiner Preis-
anderungen hinaus, wie das Rauschen
beim Radioempfang. Die Volatilitat bleibt
gleichférmig, ohne plétzliche Spriinge.
Wenn das die Aufzeichnung eines histori-
schen Preisverlaufs wére, wirden sich die
Veranderungen zwar von Tag zu Tag unter-
scheiden, aber die Monate wiirden insge-
samt doch sehr gleichartig verlaufen.

Die ziemlich einfache zweite Kurve ist
schon besser, denn sie zeigt viele plotzli-
che Zacken. Aber die stehen isoliert gegen
einen unveranderlichen Hintergrund, in
dem die Variabilitdt der Preise ungefédhr gleich bleibt. Das ist
bei der dritten Kurve besser getroffen; dafiir zeigt sie keine
urplétzlichen Spriinge.

Alle drei Diagramme sind mit bloBem Auge als unrealistisch
zu erkennen. Woher stammen sie? Kurve 1 folgt einem Modell,
das der franzosische Mathematiker Louis Bachelier (1870 bis
1946) im Jahre 1900 eingefiihrt hat. Die Preisveranderungen

auf die Portfolio-Theorie hinauslauft. Die
Kurven 2 und 3 ergeben sich aus Verbesse-
rungsversuchen von Bacheliers Arbeiten.
Die eine entspricht einem Modell, das ich
1963 vorgeschlagen habe (basierend auf
Lévy-stabilen Zufallsprozessen) und einem,
das ich 1965 publiziert habe (basierend
auf fractional Brownian motion). Beide
sind nur unter sehr speziellen Marktbedin-
gungen sinnvoll.

Von den — wichtigeren — funf unteren
Diagrammen beruht wenigstens eines auf
echten Marktdaten, und wenigstens ein
weiteres ist ein computergeneriertes Bei-
spiel meines letzten multifraktalen Modells.
Bevor Sie weiterlesen, versuchen Sie, diese
Charts richtig zuzuordnen! Ich hoffe, daB
auch Sie auf die Falschungen hereinfallen.

BENOIT B. MAMDELEROT
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The fractal geometry approach

Source: B. B. Mandelbrot, Bérsenturbulenzen neu erklart, Spektrum der Wissenschaft, Mai 1999, 74-77 dT"ine
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How to “explain” the curves — Different approaches

Beschreibende SDE | Parameterspezifikation | Stationire Verteilung |
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The stochastic approach

dTine
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How to “explain” the curves — Different approaches

Stochastnc Calculus
| dW, dt | It6 Formula

d W, clt 0 | df(X¢) = f/(Xe)de
dt 0 0 F2 f7 (X)) (dX, )~
varW; = t; Cov(W,, W) = min((, s)
It6-Tanaka Formautla for Local time

L (%) = |4y — u|l — | %o —al| — / sgn(Zy —a)dZy  (63)
Jo

oo % v ; PRy y " X L TS

J (%) = j(,c(,)—_/” N aZ + 5./,,, LE(Z), u(da)  (64)
1} is the left-hand side derivative of f, measure
p = [ in the sense of distributiom

Girsanoo With diP £ exp(cWr — Lo*T)dIP

W, —olisa Blowman motion und(‘l r )
American Option Vi, = sup, IlH[e ™" g(S,)]
payoff g (maximize over all stopping times T)
Rogers: Vo = infps IE[sup, (e "tg(S,) — M,)]
minimize over all martingales with My = 0
and sup, |M,| € L'

Doob-Meyer  Decomposition  Supermartingale
Y, = Yy + M; — Ay, M a martingaleand A T
Brownian Bridge B;|(W,,, Wy)onr < s =t

i~ ) (7 — f;)
m

Wit 2T = W) 4 N(0,1)
E—r \ L
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: et A
Reflection Principle Mp = maxp<y<p Wy
P[Myp = m, Wy < b = WP[Wy > 2m — b (65)
PMpr>m] = 2P[Wgp>m] (66)

Martingale Representation Theorem (A-Hedge)
Each mar tingale X can be represented by
Xp= Xg + j“ u) dW,, for an adapted §
Lévy's Characterization A continuous martingale
M with M? — t being a martingale is a Brown-
ian motion
[t6-Process: dX;, = b, dt + o, dW, for adapted b
and o
Semimartingale: Xy = M, ++ Ay, where M is
a local martingale and A is a cadlag adapted
process of locally bounded variation
Dambis / Dubins- bchwmz A continuous lo-
cal (F;)-martingale is a time-changed
Brownian motion' My = W, where
Ty = inf{t: (M); >u} and W, is an (Fp,)-
Brownian mohon
Bessel Process Ry — |[W¢|, the Euclidean norm of
an n-dimensional Brownian motion

7 — 1 :
ARe = AW+ 1’3?‘_ dt (67)
dR? = 2/R2awi 1 ndt (68)
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How to “explain” the curves — Different approaches

| dW,
clt 0
dt 0 0

varW; = t; Cov(W,, W) = min((, s)

It6-Tanaka Formula for Local time

Ité Formula
('U'.( )(t) — j.’( /\/f)(:l ,(\;f
b f7 (X ) (dX,)?

dt |

dw,

-

LE(Z) = |2, = @] = |Zo = n| = / (2 — @) A% (65)

Jo

J(/)—j(/u)—/' f((/ )ll/.‘?—/ [;‘ '_, H(t
/] is the left-hand side derivative of f, m
i — [ in the sense of distributions
Girsanov With diP £ exp(eWr — 50°T)d
W, —olisa Blowman motion under
American Option Vi, = sup, e "™
payoff g (maximize over all stopping times 7)
Rogers: Vo = infps IE[sup, (e "tg(S,) — M,)]
minimize over all martingales with My = 0
and sup, |M,| € L'

Doob-Meyer  Decomposition  Supermartingale
Y, = Yy + M; — Ay, M a martingaleand A T
Brownian Bridge By|(W,,Wi)onr £ s <t

~ Wi + :(nq = P Y / (:).u N(0,1)
{ g \I l pe

P. Malliavin, A. Thalmaier, Stochastic Calculus of Variations in Mathematical Finance, Springer
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P. Malliavin, A. Thalmaier,

Stochastic Calculus of
Variations in Mathematical

Finance,

Springer

Reflection Principle M- = maxpe< (<1 W,
P[Myp = m, Wy < b = WP[Wy > 2m — b (65)
IP[Mp > m)] JIP[H'T = m] (66)
Martingale Representation Theorem (A-Hedge)
Each martingalc X can be represented by
Xp= Xg + j“ u) dW,, for an adapted §
Lévy’s Characterization A continuous martingale
M with M? — t being a martingale is a Brown-
tion
cess: Xy = by dt + o, dW, for adapted b

irtingale: Xy = M, + Ay, where M is‘
martingale and A is a cadlag adapted
5 of ]()cally bounded variation

/ Diubins- bchwmz A continuous lo- |
f,,) martingale is a time-changed ‘
row ndan. motion: ."\’.[[ - W (MY s where

7y = inf{t : (M),
Brownian motxon
Bessel Process Ry — |[W¢|, the Euclidean norm of
an n-dimensional Brownian moti(m ‘

> 'H} a]1d 1‘ |S an (fr”)—

dR: = dW; + (67) |

— dt
;_Rt ‘

dR? = 2/R2awi 1 ndt
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How to “explain” the curves — Different approaches

Modelling the logarithmical price change

7,00 0.2
6.00 - S(t A dt) _ S(t) -0 o In(S) ol
S(t

5,004 ( ) - 0,1
4.00 - - 0,05
3.00 H - 0
2.00 H - -0,05
1.00 - -0.1
0.00 T T T T T T T T T T T | -0.15

- - o0 o0 o0 o0 pen o o o = —
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Interest rate models
» Basic model: X, = o, Z, with

{Z.} is IID with mean O, variance 1, e.g. N(0,1)
very simple: fixed o, more advanced: {0, } is a volatility process

7,00 0,2
6,00 A T 0,15
5,00 A

4,00 A

3,00

2,00 A

1,00 1 +-0,1
0100 T T T T T T T T T T T T -0‘15
I T T T S = - R S B ==
wy =] — ol w == — o™ w =] — o w
< < — (=) < [==] — [e=] [==] < — (=) <
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Interest rate models

» GARCH model

X =0 Z;
GARCH(p,q) process (General AutoRegressive Conditional Heteroscedastic)

2 2 2 2 2
Oy =Co+C X+ +C X, +fo ++ [0, -

Special case ARCH(1)

th — (Co + Clxtz-l)ztz
= Clztzxtz-l + CoZt2
=A X2, +B,

dTine
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Interest rate models

» Stochastic volatility models

X =0y Z
0, is a second process, independent of Z,

Model for the volatility (Taylor 1986)

logo! =a, +a,logo’, +a,e,, {3~ 1IDN(O,1)
Stochastic recurrence model

X, = Xy& +n, mit{e, .}~ 11D

dTine
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Interest rate models

» Extensions to the basic GARCH model

General formula:; I = 0.¢,
Bilinear (Granger / Andersen 1978): Jtz = rt—12
ARCH(1, 1) (Engle 1982):
GARCH(1, 1) (Bollerslev 1986):

EGARCH (Nelson 1990):

2 2
O, =Cy+Cliy

2 2 2
0, =C+Cl, +C,0,

Créiq re, ‘gt—l‘ _ 2

O O, T

log(o,) =c, +¢, log(o, )+

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

dTine
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Options in finance

Suppose we have a stock that is worth 100$ today. Tomorrow we have two scenarios: the stock
can go up to 130% with empirical probability of 60% or it can go down to 70$ with empirical
probability of 40% .

} What is the fair price of such a contract today?

dTine
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Options in finance

Suppose we have a stock that is worth 100$ today. Tomorrow we have two scenarios: the stock
can go up to 130% with empirical probability of 60% or it can go down to 70$ with empirical
probability of 40% .

Now define the following contract: The holder of the contract has the right to buy the stock
tomorrow for 100$. If the price tomorrow is 130$, the holder can buy the stock for 100$ and
immediately sell it for 130$, thus making a profit of 30$. If the price tomorrow is 70$ the holder
will not use his right to buy the stock for 100$ since he can buy it in the market for 70$.

t=0 t=1 Payoff att =1
30%

0$

0%

} What is the fair price of such a contract today?

dTine
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Options in finance

Suppose we find somebody who pays us
the expected profit of (60%*30%$) 18$ for
such a contract.

} What is the fair price of such a contract today?

dTine
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Options in finance

We could then accept the 18% and do the following: we buy ¥z of the stock today for 50$ and wait until
tomorrow. If the stock goes up we have to deliver one stock for the price of 100$, so we have to buy another
Y, for 65%. Having spent a total of 115$ and received a total of 118% we make a profit of 3$. If the stock goes
down we don’t have to deliver the stock and can sell our %z stock for 35$, adding the 18$ we got for the
contract and subtracting the 50$ we paid for the %2 stock at t = 0 again gives us a profit of 3$.

Money spent Money received Profit

130% "

» BuyY2stockatt=0: -50% » Initial contract: 18%

» Buy ¥ stock att = 1: -65% » Delivery of 1 stock: 100%

» Total -115$% » Total 118% 3%
100$ e

» BuyY2stockatt=0: -50% » Initial contract: 18%
. » Sell%2stockatt=1: 35%
70% » Total -50$ » Total 53% 3%

} We make a profit of 3%, no matter what happens tomorrow!

dTine
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Options in finance

We could then accept the 18% and do the following: we buy ¥z of the stock today for 50$ and wait until
tomorrow. If the stock goes up we have to deliver one stock for the price of 100$, so we have to buy another
Y, for 65%. Having spent a total of 115$ and received a total of 118% we make a profit of 3$. If the stock goes
down we don’t have to deliver the stock and can sell our %z stock for 35$, adding the 18$ we got for the
contract and subtracting the 50$ we paid for the %2 stock at t = 0 again gives us a profit of 3$.

Money spent Money received Profit

130% "

» BuyY2stockatt=0: -50% » Initial contract: 18%

» Buy ¥ stock att = 1: -65% » Delivery of 1 stock: 100%

Total -115% Total 118% 3%

100$ — ot

» BuyY2stockatt=0: -50% » Initial contract: 18%
. » Sell%2stockatt=1: 35%
70% » Total -50$ » Total 53% 3%

} We make a profit of 3%, no matter what happens tomorrow!
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Options in finance

We could then accept the 18% and do the following: we buy ¥z of the stock today for 50$ and wait until
tomorrow. If the stock goes up we have to deliver one stock for the price of 100$, so we have to buy another
Y, for 65%. Having spent a total of 115$ and received a total of 118% we make a profit of 3$. If the stock goes
down we don’t have to deliver the stock and can sell our %z stock for 35$, adding the 18$ we got for the
contract and subtracting the 50$ we paid for the %2 stock at t = 0 again gives us a profit of 3$.

Money spent Money received Profit

130% "

» BuyY2stockatt=0: -50% » Initial contract: 18%

» Buy ¥ stock att = 1: -65% » Delivery of 1 stock: 100%

Total -115% Total 118% 3%

100$ — ot

» BuyY2stockatt=0: -50% » Initial contract: 18%
. » Sell%2stockatt=1: 35%
70$ Total '50$ Total 53$ 3$

} We make a profit of 3%, no matter what happens tomorrow!

dTine
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Options in finance

Expected values based on empirical
probabilities do not give the fair price!

} We make a profit of 3%, no matter what happens tomorrow!

dTine
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One thousand scenarios for the U.S. treasury curve

Distribution of 1 Year Government Bond Yields, USA, 1962 - 2015

7.000%

» 23,117 daily observations on 1 year

6 000% government yields in the USA and Japan show
that rates bunch near the zero yield level and
can go negative.

5.000% » 1,000 scenario simulation benchmarked in
today's yields so that the Monte Carlo

-E simulation correctly prices the entire current
5 4.000% Treasury curve.
S
ke
S 3.000%
2.000%
- I u“ ‘ hi h
mmﬂ-ﬂﬂwmﬂﬂwwﬂ?ﬁw“‘wwﬁ?aa:%%mﬁ%ﬁ 4 9 ":‘”

1 Year Government Bond Yield (Percent)

dTine

2017-10-09 | From Physics to Finance | Time series in finance — non-linearity and prediction of the future (39/55) © d-fine — All rights reserved | 51



One thousand scenarios for the U.S. treasury curve

Kamakura Corporation
{ - U.S. Treasury Risk Neutral 1 Year Zero Coupon Yields
Simulated 119 Quarterly Periods Forward
Using 9 Factor HIM Rate Dependent Volatility Model
S March 11, 2015
8]
o C == —— /_’_’_\__,_/""/

Number of Period Simulated

150

Minimum Simulated 1st Percentile
25th Percentile 50th Percentile
75th Percentile 90th Percentile
Maximum Simulated —— Forward Rate

10th Percentile
Mean

99th Percentile

Source: Kamakura Corporation, U.S. Department of the Treasury

} Good models are the essence of strategy and planning!

dTine
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One thousand scenarios for the U.S. treasury curve (2/2)

Kamakura Corporation ‘
{ - U.S. Treasury Risk Neutral 1 Year Zero Coupon Yields
Simulated 119 Quarterly Periods Forward |
Using 9 Factor HIM Rate Dependent Volatility Model .
g - oneygpent | 2015 ney received
130 2 _ ~
g8 » Buy¥%stockatt= » Initial contract: 18%
_ »  Buy % -65% »  Delivery of 1 itgck: 100%
Fotal -115 o ues IR
1003 O =====moo=—— o e ———-
| | |
0 1 =0 50- iti -
‘ » Buy %2 stock att = 0: 50%umberof S §imu||a@'§'al céntract: 18%
»  Self ¥ stockatt=1:
Minimum Simulated
70$ Total

35%
1et Parcaentile
-50%

10th Percentila

Mean 53% -

99th Percentile

25th Percentile

B0th D;I;pptn’rl-lc-
75th Percentile

90th Percentile

Maximum Simulated Forward Rate

Source: Kamakura Corporation, U.S. Department of the Treasury

} Good models are the essence of strategy and planning!
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Physical models applied to financial markets

» 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

dTine
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Physical models applied to financial markets - Hamiltonians

Stock markets and quantum dynamics: a second
quantized description

F. Bagarello

il

https://www.flickr.com/photos/bankenverband/9930916773, Jochen Zick dTp] ne

2017-10-09 | From Physics to Finance | Time series in finance — non-linearity and prediction of the future (43/55) © d-fine — All rights reserved | 55



Physical models applied to financial markets - Hamiltonians

Stock markets and quantum dynamics: a second
quantized description

F. Bagarello

» Toy model of a stock market based on the following assumptions:

)

)

)

Article: F. Bagarello, J. Phys. A, 6823-6840 (2006)

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.

dTine
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Physical models applied to financial markets - Hamiltonians

» The formal Hamiltonian of the model is the following operator:
H=H,+ H;,where

L L
Hy,= Z a, a}Lal + z B c}Lcl +ofo+p'p
=1 1=1

= ‘ t £\ te.cN ) + otp + pt
H, =z__ Py aia]-(c,-cj) +a;a;(cjc;) |+o'p+plo
ij=
» where P =p'p and the following commutation rules are used:
» lapal] =[cpcl] = 81l [p,pT] =00 =1
» All other commutators are zero.
» We further assume that pi;; =0
» Number, price, cash and supply operators: ait,pH, cit, o™
» The states of the market are: w{n};{k};o;M(.) = <(P{n};{k};0;M: (P{n};{k};O;M>
» Where {n} =Nnqn, .., ng, {k} = kl,kz, ,kL and
1 UL K1 XL o M
oo (@) (@)D () D ()
;{0 Jnln k! kO M
» @ is the vacuum of the model: @j®o = ¢;j@o = PPo = 09 =0,forj=1,2,..,L

0

dTine
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Physical models applied to financial markets - Hamiltonians

» The time evolution for the observables, e.g., the price

dX(t)
dt

"

Article: F. Bagarello, J. Phys. A, 6823-6840 (2006), Foto: https://www.flickr.com/photos/bankenverband/9930916773, Jochen Zick

= ief'[H, X]e tHt = i[H, X (¢t)]

dTine
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How to “explain” the curves — different approaches

Crossing Stocks and the Positive Grassmannian |I: The Geometry behind Stock
Market

Ovidiu Racorean

Removals of crossings in the permutation associated to stock market reside in the
decomposition of the positive Grassmannian G ¥(2,4) labeled by the stock market polytope in

positroid cells as is depicted in the figure 11.

1=AXP B~ /1 [ )

2=HD

3=WMT R R N 7N K K A
Iy “, [_- ) J) ( ] (I 7 J )
\_/ \ ey R Y 0¥ X # " "

4=PG B S g Y

RV YU N ey .
( | ( ] | |: | | :, [ ) l:. | l |
® = \. & 2 L J \T" -.—_" ™Y o o _
— e S
Og .' 1 "’. .. " ..' ‘, .' lg ‘ 0
/ \ 5 /
0 ® .1 < s [ L g . o ? 1 = 0

} The combinatorial approach

Pictures from O. Racorean, Geometry and Topology of the Stock Market, 2013 dT"ine
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Physical models applied to financial markets - A string model in phynance

From the currency rate quotations onto strings and brane world

scenarios
D. Horvath R. Pincak

We are currently in the process of transfer of modern physical ideas into the neighboring
field called econophysics. The physical statistical view point has proved fruitful, namely, in
the description of systems where many-body effects dominate. However, standard, accepted
by physicists, bottom-up approaches are cumbersome or outright impossible to follow the
behavior of the complex economic systems, where autonomous models encounter the intrinsic

variability.

} The “cosmological” approach

Article Physica A 391 (2012) 5172-5188 d-fine
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Physical models applied to financial markets — Selected books

R. Mantegna, H. Stanley

Correlations and Complexity in
Finance

Cambridge University Press

B. Mandelbrot
Fractals and Scaling in Finance

Discontinuity, Concentration,
Risk

Springer

L. Wille

New Directions in Statistical
Physics

Econophysics, Bioinformatics,
and Pattern Recognition

Springer

O. Racorean

Geometry and Topology of the
Stock Market

Quantum Computer generation
of quants

CreateSpace

M. Small
Applied Nonlinear Time Series

Applications in Physics,
Physiology and Finance

World Scientific Series on

Nonlinear Science, Series A Vol.

52

H. Kleinert

Path Integrals in Quantum
Mechanics, Statistics, Polymer
Physics, and Financial Markets

World Scientific

F. Abergel, B. Chakrabarti, A.
Chakraborti, A.Ghosh (Ed)

Econophysics of Systemic Risk
and Network Dynamice

Systemic Risk and Network
Dynamics

Springer

B. Baaquie
Quantum Finance

Path Integrals and Hamiltonians
for Options and Interest rates

Cambridge
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Known models in different domains of science

Chapman, Hall
Computational Neuroscience
A Comprehensive Approach

CRC Mathematical Biology and
Mediscience Series
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Mathematical/physical models in finance — The “patient” financial markets

Parallels between Earthquakes, Financial crashes and epileptic seizures
Didier Sornette

offset = 1.0mv : Didier Sornette
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} Our models “fit” in different areas of research — mathematical structures can by analysed by analogies
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The “patient” financial markets
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Our models “fit” in various fields of science
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The “patient” financial markets
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Our models “fit” in various fields of science
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The “patient” financial markets
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Our models “fit” in various fields of science — exploring mathematical structures via analogy
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Physical models applied to financial markets — Implementation

CHAIR OFEN RE‘PRENEUHAL‘RJSK, :

ETH Zurich - D-MTEC - Welcome to the Chair of Entrepreneurial Risks - Financial Crisis Observatory S & =

Financial Crisis Observatory
Financial Crisis ; —
Observatory ’ E_ni'reprgheurlal
Description T_he Financi_al Crisis Ohs_enratory (FCO) is a scientific platform ?imed at tes?ing and quanti_fy_ing ! qd ."'\M‘“ S Risks
Highlight rigorously, in a systematic way and on a large scale the hypothesis that financial markets exhibit a ¥

'ghlights degree of inefficiency and a potential for predictability, especially during regimes when bubbles
Is there an oil bubble? develop.
Pertinent articles FCO Blog
Websites and Blogs The ECO blog discusses how
predictions the system approach allows
. one to develop diagnostic
Market Anxiety Measures methods and predictions of
RSS Feed crises.
The Financial Crisis: How FCO Cockpit Syntheses
Much Longer and Deeper?
FCO RSS Feed
2015

- 1st February 2015: Synthesis report
- 1st January 2015: Synthesis report

2014

- 1st December 2014: Synthesis report

- 1st November 2014: Synthesis report

- 1st October 2014: Synthesis report and detailed calculations
- 1st April 2014

- 1st February 2014

Rerngromrpr ) |
Negative bubble !

Price 5 December 2013: Financial crisis risk monitoring and positive and negative
Posithen and-bubble bubble risk maps become available from the Financial Crisis Observatory.
s

S T,
]
Megative ant-bubbin

30 September 2012
The graph prepared on 27 September 2013 shows subsequent evolution of TSLA stock price and our LPPL indicator.
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The mechanics of the balance sheet — an engineers approach
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Inflows and outflows

Mechanics of the balance sheet

Assets Liabilities

Total

Averaged balance sheettotal ofthe big
German banks: 490 bn Euros R

gy 1Y 10Y
Source: Bundesbankstatistik, July 2011 ow 7o we T
dine
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Counting and labelling monetary units in time

Consolidation: The ball model

= Purpose: Simultaneous consideration of interest rate risk and liquidity risk

Liquidity Gaps
4

4
3/ @ ¢ @ @ 0 0 0o o © . nr
credits2| ® ®¢ ® O O O . | :L
11 ®# # o © @ o o o @ ’ | ‘ O 0O 0O O O
> time 4
1l @ @ \ Interest Rate Gaps
bonds 2| ® © 0o 0o © © O O O O .
3/ ® @ @ 0 O .
1
0 . | | rf | | |
T [T T 1T 0

" O... capital commitment, no interest rate commitment

= @... capital and interest rate commitment
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The “bow wave” of the balance sheet

Consolidation: The ball model
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The “bow wave” of the balance sheet

Consolidation: The ball model
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Cost reduction via canceling “waves”

» How can we achieve an optimal match between business structure, liquidity structure, and
interest rate structure while taking into account their dynamics?

Photo source: www.Rudis-Fotoseite.de / pixelio.de dT"ine
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Cost reduction via canceling “waves”

LY 4
R L),

ol :z‘;.c';"';.l"h,
# lF; i 17 SR .

» How can we achieve an optimal match between business structure, liquidity structure, and
interest rate structure while taking into account their dynamics?

Photo source: FotoHiero / pixelio.de dT"ine
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Cost reduction via canceling “waves”

» How can we achieve an optimal match between business structure, liquidity structure, and
interest rate structure while taking into account their dynamics?

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

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
» 2014: 21.9 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

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

296,5 billion EUR in 2014

Bundeshaushalt 2014 - Ausgaben im Uberblick

Sonstiges

Entwicklungszusammenarbeit 34,7 Mrd. Euro

6,4 Mrd. Euro 11,7 %
2,2% \
Familie
8,0 Mrd. Euro
2,7 %
Gesundheit
11,1 Mrd. Euro

Arbeit und Soziales
_— 122,0 Mrd. Euro
41,1%

3,7%

Bildung und Forschung ——__
14,1 Mrd. Euro

4,7 %

Ausgabevolumen:
296,5 Mrd. Euro*
S
Allgemeine Finanzverwaltung
16,3 Mrd. Euro

55%
| <
Verkehr und digitale Infrastruktur
22,9 Mrd. Euro / \
7.7 % Verteidigung
Bundesschuld 32,4 Mrd. Euro
28,6 Mrd. Euro 10,9 %
9,6 %

*Zahlen wurden auf die erste
Nachkommastelle gerundet. Differenzen durch Rundungen méglich.

Source: Bundesministerium fur Finanzen, Auf den Punkt - Bundeshaushalt 2014, August 2014 dT"ine
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Visualizing US debt - 1

100 dollars

Source: Die Welt/ August 2011 d*l"ine
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Visualizing US debt — 2

10.000 dollars — average years income world wide

Source: Die Welt/ August 2011 dT"ine
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Visualizing US debt — 3

1 million dollars

Source: Die Welt/ August 2011 d*l"ine
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Visualizing US debt — 4

100 million dollars — This amount can be transported on a europallet

Source: Die Welt/ August 2011 dT"ine
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Visualizing US debt -5

1 billion dollars — 10 europallets, not easy to transport

Source: Die Welt/ August 2011 dT"ine
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US debt -6

izing

Visual

i
,_\5\\\\\\\\&@

)
)
%m\
\\\
§\\\

T

\
7

i
i
o

w,
\‘
)
i
\v\\\.\\. 7

',

%\

\\ :
)
\x W
@_

\\

i,
\ ) \\\\\\\
/) /

)
o
7
iy
7
o

i
o
\\\\\\.
7
i
//

Football field or a

ICan

to an Ameri
Boeing 747

IN comparison

1 trillion dollars —

dTine

Source: Die Welt/ August 2011

o
()
=
=
Y=
o
(]
=
(2]
o
o
()
1=
T
[}
(&S]




Visualizing US debt — 7

15 trillion dollars — represents the forecasted national
debt of the USA at the end of 2011

Source: Die Welt/ August 2011 dT"ine
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Visualizing US debt — 8

—114,5 trillion dollars —
sum of all unsecured obligations of the
USA —i.e. national debt, including
pensions, social services and private debt

5 trillion dollars (5 trillion dollars held
by foreigners, 1,2 trillion dollars held
by China)

Source: Die Welt/ August 2011 dT"ine
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Visualizing US debt — 8

114.5 trillion dollars —
There are 10*! stars in the galaxy. That
used to be a huge number. But it's only a
hundred billion. It's less than the national
deficit! We used to call them astronomical
numbers. Now we should call them

economical numbers.

Richard Feynman (1918-1988)

5 trillion dollars (5 trillion dollars held
by foreigners, 1,2 trillion dollars held
by China)

Source: Die Welt/ August 2011 dT"ine
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Cost of science (budget)

Forschung in Zahlen:
Big Science

Mammutprojekte wie der Large Hadron Collider (LHC) des
CERN gelten vielen als Symbole fiir den Willen des Men-
schen, die Geheimnisse der Natur zu entschlisseln. Aber
welchen Stellenwert raumen wir der Wissenschaft tat-
sachlich ein? Diese Frage ist nicht leicht zu beantworten;
einige Daten geben immerhin Anhaltspunkte.

USA
453544 Millionen US-Dollar*
2002

Human-Brain-Projekt
1630 Millionen US-Dollar

*Die Ausgaben aller hier aufgefinrten tdnder fiir Forschung und Entwickiung
sind in Us-Doliar-Kaufkiaftparitdt angegeben — einer Wahrungs-

Manhattan-
Projekt

23-27000 Millionen
US-Dollar

Die Bombe

Das Manhattan-Projekt zur
Entwicklung der ersten
Atombomben kostete mehr
als 23 Milliarden US-Dollar
und beschiftigte 130 000
Menschen. Wohl oder iibel
wurde es zum Modell dafir,
was Grogforschungsprojekte
emelchen kbnnen.

BRAIN-Initiative
mindestens 300 Millionen US-Dollar
staatliche 2015

westitionen |
Start 2013

Hirnforschung

Eines der groBten noch
ungeldsten wissenschaft-

umrechnung, weiche die unterschiedlichen Lebens- gehitaete dinty lichen Ritsel ist, wie in un.
haltungskosten beriicksichtigen soll 01 serem Kopf Bewusstsein
D Genom entsteht. Mehrere groBe,

finanziell gut ausgestatte-

Das 4,7 Milliarden US-Dollar teure, iber | te Vorhaben wie das
Humangenomprojekt — 13 Jahre laufende Hi europilsche H Bral
4730 Millionen US-Dollar ! schloss im April 2003 die Sequenzierung | Projekt und die BRAIN-Initi-
Gesamikosten des Profekts des gesamten menschlichen genetischen | ative in den USA versuchen
1990-2003 Kodes ab. Zu den Nadl B
Ausgaben fiir Wissenschaft ( gehort das 100000-Genome-Projekt, das | zu entwickeln, um Forscher
100000-/ den genetischen Ursachen von Krank- bei der Beantwortung

Kein Datensatz umfasst alle Gelder,
die weltweit In die wissenschaftliche
Forschung gesteckt wurden. Aber ein
Blick auf die Ausgaben der groBten

Genome-Projekt
47 Millionen US-Dollar
laufende |

20

estitioner:

helten auf der Spur st

geplanter Teilchen-

dieser Frage und der
Hellung von Gehirnkrank-
heiten zu unterstitzen.

Brasilien Italien
27430 Millionen US-Dollar 26321 Millionen US Dollar
0m 2012
Indien
36196 Millionen US-Dollar
2010
Internationale Raumstation (ISS)

Russland
37854 Millionen
Us-Dollar

etwa MO 000 Millionen US-Dollar
elnschlieBlich Entwicklung, Montage
und laufenden Kosten fiir 10 Jahre
Start des ersten Abschnitts 1998

Bemannte Raumfahrt

2012

ufenthalt

dort zu etmaglichen—, war eines der kosten-und

rojekte In der

L
Wissenschaft. Im Vergleich dazu ist der Einsatz

GroBbritannien
3910 Millionen US-Dollar
2012

Frankreich

54 680 Millionen US-Dollar
2012

von Robotersonden wie dem Mars Sclence.
Laboratory Peanuts.

Riesenteleskope
Die derzeit groBten in Entwicklung befind
lichen Teleskope, insbesondere das fast 8 Mil-
liarden US-Dollar teure James-Webb-Welt-
raumteleskop, konkurrleren beziiglich Kosten
und Anspruch mit Teilchenbeschleunigern,

|

ALMA —
1430 Millionen
US-Dollar
amte Baukoster
2013

Indonesien  Siidfrika
795 Millionen 3986 Millionen
Kanada US-Dollar US-Dollar
2009 2010
24801 Millionen
US-Dollar Saudi-Arabie
2012 503 Millionen
2009
Mexiko
8058 Millionen
< US-Dollar
Australien 201
20469 Millionen Tiirkei
US;‘?“’(""‘ 11302 Millionen
Us-Dollar
201
Pluto-Mission
—~»New Horizons«
700 Millionen US-Dollar
Entwicklung der onde
und ihrer Instrumente
Trigerrakete, Missions
durchfiihrung, Dater
Apollo-Programm analyse und Offent
104270 Mill US-Dollar lichkeitsarbeit
gesamte Haushaltsmittel HAEIURE
1960-1973
Mars-Mission
»Mars Science Laboratory«
2650 Millionen US-Dollar Gesamtkosten
Start 2011
_— James Webb Weltraumteleskop
7998 Millionen US-Dollar
Kosten der NASA fiir Bau, Start und B Jung

anvisierter Starttermin: 201

Erniichternder Vergleich

ITER
19660 Millionen
US-Dollar
geschatzte Baukosten
Zieltermin fiir die
Fertigstellung,

LGO —
620 Millionen

Das groBte Problem der Menschhelt: sich mit geniigend Neben Militirt

Energle 2u versorgen, ohne den Planeten zu zerstoren. Es ist
dringend genug, um enorme Mammutaufgaben wie ITER
2u rechtfertigen, ein Gemelnschaftsprojekt von China, der
Europaischen Union, Indien, Japan, Siidkorea, Russland und
den USA. Nach seiner Fertigstellung wird ITER der groRte
Kemfusionsreaktor sein, der jemals gebaut wurde.

Avatar

2788 Millionen US-Dollar

US-Dollar

‘Wirtschaftsnationen vermittelt uns 12 n7 ! = . Teilchent hleuniae
ein Gefiih fiir das AusmaB der beschleuniger in China ilchenbe unige
globalen Forschung, *in US-Doflar 3020 Millionen US-Dollar | Sie sind teueg riesig und fr Physiker
von 2015 seschatzte Baukosten unverzichtbar: Es gibt keine Moglich-
umgerechnet R aah Kelt, bestimmte Theorien 2u testen,
noch aus ohne die unmittelbar auf den Urknall
Large Hadron — | folgenden Bedingungen nachzu
Collider (LHC) stellen. Der 27 Kilometer lange
e 5370 Millionen US-Dollar LHC In der N3he von Genf
China pladat ity Ist derzelt der weltwelt
243293 Millionen US-Dollar Forschung und Entwicklung, grafte. China plant =
2012 RAVeRstthastEn Jedoch schon einen kSud-
o Teilchenbeschleuniger orea
Betrieb selt 2008
Lt 5 'lirrowlsc“e Ess) | Yonungefahrder 58380 Millionen
pallationsquelle (ESS) | yoppeiten Grose US-Dollar
2260 Millionen US-Dollar 2011
veranschlagte Baukosten
Srundsteinlegung 204
Japan
148389 Millionen US-Dollar Deutschland
201 100248 Millionen US-Dollar
62 SPEKTRUM DER WISSENSCHAFT - APRIL 2016

Spektrum der Wissenschaft April 2016

-09 | From Physics to Finance | The costs of the crisis (11/11)

nvestitionen bis 2

alkoholische Getrinke

174314 Millionen US-Dollar

WALIS LNESC) 00 (4J5CARENFOR RORSCHLNG UMD ENTVOCHLUNG MICKLANDT STNE 00 THE
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F-35 Kampfflugzeug

91100 Millionen US-Dollar
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|s the financial complexity manageable?
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High frequency trading

. . Zahl der gehandelten Aktien Anteil des Hochfrequenzhandels
» HFT Incorporates proprietary Index 1993 =100 am Aktienhandel in Prozent
trading strategies carried out ™, -
by computers = Dax
- ETSE Europa
» Electronic exchanges were = Dow Jones Japan
first authorized by the U.S. Nikkel Deutschland/Xetra
Securities and Exchange L
Commission in 1998 ..
» Execution times have fallen Brasilien

from several seconds in the 1993 201 Asien (ohne Japan)
year 2000 to milliseconds on
modern systems

Source: Handelsblatt 2012 d*ﬁ]’]e
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Volume of high frequency trading

Number of transactions in

» Portion of HFT in U.S. equity trades DAX titles
has increased from less than 10 % in -
2000 to over 70% in 2010
» About 40% of Xetra transactions are 41 billion
carried out by HFT systems v
1 billion
. 1993 2011
Rasante Beschleunigung
Nikkei Zahl der 2011 gehandelten Aktien
225 Werte
FTSE Portion of U.S. Portion of equity
100 Werte trading firms order volume these
engaging in HFT firms account for

Dow Jones Dax

30 Werte 30 Werte W
%6

Mrd. Stiick

Source: Handelsblatt 2012 d*ﬁ]’]e

Handelsblatt
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Role of high frequency trading in the crisis

» In 2010 the Dow Jones Index
experienced its largest one-
day point decline in history
tPlash 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.

Source: Handelsblatt 2012

Der Trick der Hochfrequenzhandler

Sie schieBen massenweise Auftrage flr US-Aktien in die Bérsensysteme,
ziehen sie dann aber blitzschnell zurtick. So suggerieren sie kurstreibende
Nachfrage, die aber nicht vorhanden ist. Gehandelt wird nur ein Bruchteil.

= tagliche Kursanfragen = tdaglich ausgefiihrte Auftrage
(in Milliarden) (in Milliarden)

2007 2_008 2009 2010 20M 2012

Quellen: Bloomberg, Celent, Deutsche Borse, Nanex Research/Wirtschaftswoche

dTine
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Role of high frequency trading in the crisis

» |n 2010 the DOW Jones Index Der Trick der Hochfrequenzhandler

Sie schiefBen massenweise Auftrage fir US-Aktien in die Bérsensysteme,

experienced its Iarg est one- ziehen sie dann aber blitzschnell zurtick. So suggerieren sie kurstreibende
day point deCIine in history Nachfrage, die aber nicht vorhanden ist. Gehandelt wird nur ein Bruchteil.
|:> “Flr\r\lf\ Nve~ch” = tdgliche Kursanfraaen = tAalich ausaefiihrte Auftrage
S. Patterson (in Milliar M. Lewis
» The Dark Pools Flash Boys
EXCI’ Crown Business 1d Norton & Company
the (
Trad
conc
investigation that the actions of | A |
HFT firms largely contributed 2007 2008 2009 2010 201 2012
tO VOlat|||ty dunng the CraSh. Quellen: Bloomberg, Celent, Deutsche Borse, Nanex Research/Wirtschaftswoche

Source: Handelsblatt 2012 d*ﬁ]’]e
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Network topologies of interbank payments

CHAPS: Clearing House Automated Payment
System

CHAPS offers same-day sterling fund transfers
Many flows are routed through settlement banks

Source: Becher, Millard, and Soraméaki, The network topology of CHAPS Sterling, Bank of England, Working Paper 355 dT"ine
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Network topologies of interbank payments

CHAPS: Clearing House Automated Payment
System

CHAPS offers same-day sterling fund transfers @0

Many flows are routed through settlement banks Q=L 25T

eSS e AN

» The settlement banks form a 2t
complete network N

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

Source: Becher, Millard, and Soraméaki, The network topology of CHAPS Sterling, Bank of England, Working Paper 355 dT"ine
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Network topologies of interbank payments

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!

Source: Becher, Millard, and Soraméaki, The network topology of CHAPS Sterling, Bank of England, Working Paper 355 dT"ine
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Economics and banking — a complex network of dependencies

Expenses TRt
P&l Profitability

Earnings
Growth / /_/
/\> Off-balance Capital
positions Cash flow apia Rating /

Balanqe_ sheet . \ Solvency
positions Balance

. Downside
'\ sh&et, Derivative sk

Optionalities Hedge — Investor

/ ;p/inion

Risk  Liquidity Ve Cash flow “~— Eyiernal funding
levels Investment
Liquidity — opportunities

risk

From: Managing Liquidity in Banks, R. Duttweiler, 2009 dT"ine
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Complexity and networks: Economy and insurance companies

Income

Tr

Insurance companies

Assets Liabilitics
Capital Households
wn Assets
Commit-
p(l:ﬂ]:]f:ﬂft ment.s to
securities, POIICF
rzl]":g:i;__ | Holders—]
K in.ﬁ-lstrqc‘tnre Largely stable,
e . ﬁ:::;lm.u)g, I]-:]'gi!di'ctlble '
Do not constitute
ECB cuts interesg rates Debt
7 i
\l/ r//\j
/ SHU’FUH'FJ\
} Insurance companies form a vital part of the macroeconomic flow chart
dine
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Complexity and networks: All of us are affected

Fate: SAN RONYADY WAHARFESS

S s -~
BT e o PEN
Galtg bis Samstag, 18.4,2015 W.

Wiy

Wegen Mini-Zins! IWF warnt vor Zahlungsunfahigkeit

Geht meine Lebens-

Versicherung pleite?

Der Intemationale Wéhrungs mit einem aktuellen Bericht existentielle Probleme" be- n versprochen haben, | schaften kénnen. Ob Varsicherarn | fiir Kunden bedeutet, wi
fonds (IWF) schockt Verbraucher Lebenswersicherer kénnten | kommen, weil sie Kunden mehr nls > tatsachlich erwirt sogar die Pleite droht, was das jetzt tun kénnen

Lebensversicherung in Zahlen dle Luft wird dunner

Bestand an Policen Chronischer Renditeschwund Vorzeitige Ausschiittungen
Zahl der Vertrage®* in Millicnen Garantierte und tatsdchliche Zinsen von Lebenspolican, in Prozent Entwicklung des Stornovelumens in Mrd. Eura
Art der Versicherung: Il Kapital Il Renten Risiko 7,24
942 M Laufende Verzinsung (Durchschnitt) 14,8
- 88,3 Il Garantiezins
8,2
- ) - | | | ) I I I 0
1990 1995 2000 05 06 07 0B 09 10 M 2 13 204 1898 2000* 2005 2010 2015 2000 2005 2010 2014

Handelsblatt | *Hauptversicherungen; **2000: bis Juni 4 %, ab Juli 3,25 %
Fota: blickwinkel | Quellen: GOV, Morgen & Morgen

Source: bild, Handelsblatt

dTine
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Complexity and networks: All of us are affected

Sinkende Zinsen schmalern die Altersvorsorge - was tun?

Beispiel 1: 30-Jahriger Beispiel 2: 45-Jahriger
Einkommen: 70000 € jahrlich, Rentenziel: 3929 € monatlich, Einkommen: 70000 € jahrlich, Rentenziel: 3143 € monatlich,
Zinsen fir die private Altersvorsorge sinken von 5% auf 3% Zinsen fir die private Altersvorsorge sinken von 5% auf 3%

Entweder
langer arbeiten:

Oder mehr Entweder Oder mehr
privat vorsorgen: langer arbeiten: privat vorsorgen:

+165 € B 1626

Lebensv

v 2 Jah

Zaeh?:earllert?ﬁr; + a re

" Rente mit 69 statt 67 Jahren Monatlich 484 € statt 319 € Rente mit 68 statt 67 Jahren  Monatlich 684 € statt 542 €

Annahmen: Reatenzied: 70 Prozeal vom létzien Nettoesskommen vor dem Rubestand. Einkommen, private Realenzabiong und Inflation steigen um 1S Prozent im Jahr, Verznsung def privaten Allersversorge im Ruhestaed: 3,5 Prozent. Gesstzliche
72,4 Rente steigh um 1 Prozent wm Jabe, Quetie: Institut fur Yorsaege ued Finanzplanung / FAL-Gaafik Niedel

304

1380 1995 2000 '05 '06 07 DB D9 10 M 12 13 204 1898 2000 2005 2010 2015 2000 2005 2010 2014

Handelsblatt | *Hauptversicherungen; **2000: bis Juni 4 %, ab Juli 3,25 %
Fota: blickwinkel | Quellen: GOV, Morgen & Morgen

Source: bild, Handelsblatt, FAZ d{ine
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Collecting and processing information

} Digital economy is founded on data

Photo source: en.wikipedia.org g
diine

2017-10-09 | From Physics to Finance | Is the financial complexity manageable? (12/23) © d-fine — All rights reserved | 100



Combating the crisis: When does financial instability become so widespread
that it impairs the functioning of a financial system?

» Need a robust measure for systemic financial stress, here: CISS = Composite Indicator of Systemic Stress

» CISS includes 15 individual stress indicators in five segments:

Money market Bond market Equity market Financial intermediaries FX market
3M Euribor realised vola. German 10Y Bond realised vola. \':lOFIaS. stock market index realised SReegI(i)sreigd\g(la. equity return of bank FX rate EUR - USD realised vola.
Iflgel\rﬂels;tréacthe_rs_griﬁsad: 3M Euribor \élc;erlltél-ss(p?r%ald: A-rated NFC vs. gov. g:ssersgi;g:;ry \(/:vLiJr:ZL(J)IV?/ted index :gfég-ﬁgrc(a%c(l): A-rated NFC vs. A- EX rate EUR - GBP realised vola.
MFI emergency lending 10Y interest rate spread Stock-bond correlation Efmelj]l:g dnt])(a):;i tprrri](?(;(igttij(r)n(ZY-win d) FX rate EUR - JPY reailsed vola.

» On basis of the raw stress indicators x;, transformed stress indicators z; are calculated with the following
empirical CDF:

> (X[1], X[2), --» X)) denotes the ordered sample with x[1) < x[3) < ... < X[y

T
— f <x < , e{12,....n—-1 .
y oz = {n O Xz < X¢ < X{rv1)y 7 €4 "~ 1 for values running from Jan. 1999 — Jan. 2002

1 for x; > X[n]

to update CISS with near real time data

_ nr? for xp < Xpyr <xXpg1, r€{12,..,n—1,..,n+T -1}
’ Zn4T
1for Xp4r > X1

» In every segment, the stress factors are aggregated by the arithmetic average, denoted s;;,i € {1, ..., 5}.

» The CISS for time t (CISS;) is computed with methods from portfolio theory:
» CISS; =3 (W-s); Cpij (wW-sp)j, with weights w = (0.15,0.15,0.25,0.3,0.15), and (w - s); the component wise multiplication

lfori=j . aij — - ~2 ~
pu . else W|th pij,t = ﬁ, O-ij,t = A. o-ij,t—l + (1 - A) Si,t Sj,t! o-i?t = )1 o-i?t—l + (1 - A) Si,t ,Si’t = Si,t - 05,}. =~ 093

> And the cor.-matrix C;; ; = {

» CISS puts relatively more weight on situations where stress prevails in several market segments.

Source: European Systemic Risk Board (ESRB) Risk Dashboard, Hollo, D., Kremer, M. and Lo Duca, M., “CISS - A composite indicator of systemic stress in the financial system”, Working Paper Series, No 1426, ECB, di
March 2012, MFI: Monetary Financial Institution, NFS: Non-Financial sector, (N)FC: (Non-)Financial corporation 'ne
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Combating the crisis: Is the financial and European debt crisis over?

» CISS = Composite Indicator of Systemic Stress

—— correlation —— forex market
—— money market equity market
financial sector -_— CISS

——  bond market SovCISS
1.0 1.0
0.8 0.8
0.6 0.6
0.4 04

0.2

.¢ki‘

0.0

04 I | I

Co e b L
2011 2012 2013 2014

S T T S S NS S S BN
2007 2008 2009 2010

2014 2015

Source: European Systemic Risk Board (ESRB) Risk Dashboard, Hollo, D., Kremer, M. and Lo Duca, M., “CISS - A composite indicator of systemic stress in the financial system”, Working Paper Series, No 1426, ECB, dT"ine
March 2012

2017-10-09 | From Physics to Finance | Is the financial complexity manageable? (14/23) © d-fine — All rights reserved | 102



Watson, we need your help!

Source: WELT KOMPAKT, March 2012

WATSON

‘“\‘\\ |

{1} 1 [ g
Mensch gegen Computer: Bei der populdren US-Quizshow ,Jeopardy!“ siegte diz IBMEMaschine, Jetzt hat sie einen neusn Job

Wall Street heuert ,,Watson“ an

Super-Computer aus der TV-Quizshow ,Jeopardy* macht jetzt Banker arbeitslos

= Citigroup setzt schlaue
IBIM-IMaschine bereits fiir
Risikoanalysen und zur
Kundenberatung ein

dTine
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Watson, we need your help!

IBM

Watson wertet Daten von Apple-
Nutzern aus

IBM will mit semem selbst lernenden Computersystem Watson
die Gesundheitsdaten von iPhone- und Apple-Watch-Nutzern
analysieren — und die Ergebnisse Dritten anbieten.

von Patrick Beuth | 14. April 2015 - 11:35 Uhr

© Philippe Merle/AFP/Getty Images

iPhone und Apple Watch

Source: ZEIT Online d{i]’le
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Has physics caused the crisis?

» 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

dTine
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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.

dTine
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When things fall apart

Vienna,
May 9th, 1873

New York, October
25th, 1929

Dy Y R,
2'4"'(‘ ] \

o8

Northern Rock,
September 18th, 2007

_northern rock

Photo source: en.wikipedia.org
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Economics and banking — a complex network of dependencies

L (labour supply)
S PPy
WORKFORCE LD (Labour demand)
Wage MARKET

I¥., Tk
Inp ]
(Household Corporation }
| A‘ A
Saving
Tax Yield
'ransfer
(& (government
expenditures)
, COMMODITY
Foreign MARKET
X (export)

Consumption

dTine
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Can human brains handle the amount of information?

Profitability

\

Earnings

Expenses
> P&L
~ -

—— correlation forex market

—— money market equity market Bursts and Seizures
financial sector - CISS
—— bond market SovCISS :
1.0 1.0 5040

et i ating /
5070 f=d- 4.+ 1t Al ‘ b Olvency

04t g ades " 200e 20 U 2ont gz gt 0m 20’]4 R c R TR Q§01;0‘4/ N g : : d : , 3 1

Risk . Cash flow <+— -
Liquidity /" External funding

levels

A

[
-

o Investment
Liquidity opportunities
risk

From: Managing Liquidity in Banks, R. Duttweiler, 2009; European Systemic Risk Board (ESRB) Risk Dashboard; Didier Sornette, Neuron, Reviews on Cognitive Architectures, Vol. 86, Number 1, Oct. 2015 dT"ine
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The four “business dimensions”

Business Acumen
Global bank Liquidity risk
management
Greed C}V Fear
Modelling Interest rate risk

Risk
duty of due care

dTine
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Has physics caused the crisis?

» 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

Physics has not caused the crisis >

Ignoramus et ignorabimus
versus

We have to know. We will know.

D. Hilbert

Everything which is not forbidden
IS compulsory.
M. Gell-Mann

dTine
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