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Mind Map P H
Shock

Banking System — Systemic Risk
Optimal Systemic Risk Bailout

max | f(x) GAP: no closed form
(P) st. g(x) <0
h(x) =0,

4 N\

Neural A
max | f(z) Network max f(z) Vf(x) . .
(P) st. g(@) <0 \ (P) st g(x) <0 ——, Optimal Systemic
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Overview: Background

&
SEN U

On October 14, 2008, the Treasury Department used|$105 billion rn TARP funds to
launch the Capital Purchase Program, which purchased preterred stock in the eight

leading banks. By the time TARP expired on October 3, 2010, Treasury had used the
funds in four other areas:[2!

Bailout: costly but necessary!

How to find out optimal systemic risk bailout ?

|
E-N Models

Source: https://www.thebalance.com/what-was-the-bank-bailout-bill-3305675
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How to find out optimal systemic risk bailout ?

E-N +Default E-N + Market E-N +Multiple
Model E-N model costs value/Cross hold | illiquid assets
Source of | Eisenberg & Rogers & Feinstein (2017)
Model Noe (2001) Veraart (2013) | 777 Ma et.al(2021)
: Nor.l—. . Objective
Linear deterministic . .
Property . N function with no
Programming | Polynomial hard closed form
(NP hard)
Jackson & Demange and
Pokutta Pernou'd (2020): Gabrielle(2018): Mg et.al('20.21):
Research A simple . A heuristic
et.al(2011) ) A threat index .
algorithm (by index) algorithm
(by order) Y
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How to find out optimal systemic risk bailout ?

E-N +Default E-N + Market E-N +Multiple
Model E-N model costs value/Cross hold | illiquid assets
Source of | Eisenberg & Rogers & Feinstein (2017)
Model Noe (2001) Veraart (2013) Explore the Ma et.al(2021)
black box !
: Nor.]_. : Objective
Linear deterministic : i
Property . N function with no
Programming | Polynomial hard closed form
(NP hard)
Jackson & Demange and
Pokutta Pernou'd (2020): Gabrielle(2018): Ma et.al(.20.21):
Research A simple . A heuristic
et.al(2011) ) A threat index .
algorithm (by index) algorithm
(by order) Y
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Bailout Measurement
Definitions of the Financial System

o T o e —

___________________________

external | OUtside [EEREE
assets1 0b||19ee ||ab1|l|ty
_Bank1_
Inter- .
asset1 Equity1
Outside | Inter- ||
21
external | (i | liability |
assets?2
2 2
My Bank2_
Inter- _
asset2 Equity2

Interbank Relationship

_______

E-N Model

e - ———

Eisenberg & Noe(2001)

e e e mm mm Em o o EE EE EE O EE EE e EE EE EE EE EE EE EE Em Em Em o



Bailout Measurement é

* Definitions of the Financial System
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I ! Outside | Inter- ||
I ! external : | 21
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Ma et.al (2021)
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Bailout Measurement

* Definitions of the Financial System

E-N Model

Interbank Relationship

Interbank Relationship

/Extended E-N Model A

Fixed-point System

Fixed-point System

+ Portfolio Overlappin
N PP 8j

—
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Clearing Vector [l*

g

Clearing Vector l*

Price Vector p*
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Bailout Measurement
* Definitions of the Objective Function
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4 )
Payq, = 171 (¢)
Savey; = ¢+ N [1@) — ' ()] + (1T —1"ID[I*(©) — I*(s)] + A[p*(©) — p*(s)]
S
Ratio = e
T
\ J

l*: Clearing Vector
p*: Price Vector

II: The relative liability matrix

C: The bailout vector

A: The portfolio holdings

s = (s;) € R%: The initial shock

12
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Bailout Measurement
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* Definitions of the Objective Function
1.5 h 1.5
1 - 1
= =
> >
= @
o. o,
0.5 7 @®  Payall(true value) 057 ®  Payall(true value)
©  Payall(lay2 prediction) “  Payall(lay5 prediction)
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0 0.2 0.4 06 08 10 0 0.2 0.4 0.6 08 10
C C
Cl 2 Cl 2
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34 3
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=
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b
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=] Saveall(lay2 prediction) ] Saveall(lay5 prediction)
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1 1
0 Q /‘O/S\ ’ Q/{—
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C C
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Framework: “Prediction-Gradient-Optimization” (PGO) &9 wwranw.,

min | f(x) GAP: no closed form
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Framework: “Prediction-Gradient-Optimization” (PGO)

min f(x)
(P) st. g(x)<0
h(x) =0,

Financial Networks & Shock
. . Neutral Network
Simulation | A
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Prediction Paired Samples (¢, f(€)) )
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Framework: “Prediction-Gradient-Optimization” (PGO)

min f(x)
(P) st. g(x)<0
h(x) =0,

Financial Networks & Shock
. . Neutral Network
Simulation | A
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Prediction Paired Samples (¢, f(€)) ‘
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Framework: “Prediction-Gradient-Optimization” (PGO)

min f(x)
(P) st. g(x)<0
h(x) =0,

Financial Networks & Shock

Neutral Network

A

(@)

Simulation

Prediction Paired Samples (¢, f(€))

Optimal
Bailout

Gradient
Projection

Optimization
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Algorithm 1 The Prediction-Gradient-Optimization

Input: Training set of (x, f(x)) generated by black-box system; Times of training 7; Inequality

constraint g(a); Equality constraint A(z); Initial point zq

Output: =~

1:

10:
11:
12:
13:
14:
15:
16:

Initialize W and b randomly;
while the times in 7 do

According to the optimization of the loss function based on (z, f(x)), update W and b;
end while

function PrEDICTION(W, b, o)

According to the forward-propagation process, predict f (x);
return f(z);
end function

function GRADIENT(W, b, x)

According to Eq.(Al), compute Vf(a:)
return Vf(z);
end function

function OPTIMIZATION(f(x), Vf(x), g(x). h(zx). o)

Starting from xg, use one constrained optimization algorithm to optimize x;
return x*.

end function
20
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__

q:1loss function

Framework: “Prediction-Gradient-Optimization” (PGO)

Algorithm 1 The Prediction-Gradient-Optimization

Input: Training set of (x, f(x)) generat;y’

constraint g(x); Equality constraint

Output: =~ oW 0db

. Initialize W and b randomly; . i‘
v N
rTes

f—

(
I
I
I
I
I
I
I
I
I

2: while the times in 7 do x4 \
3: According to the optimization of K /2 ‘\v'vl’ s\“(/
KT =RRIT—RK
1 end while x2 ﬁ;@"«&\?@‘& .
5. function PREDICTION(W , b, x) ' /)“\H;‘&#,'\\ L
6: According to the forward-propa & .2 L
7 return f(z); Wa b | :
s end function < I:\ f J objective function
9: function GRADIENT(W b, x) /
10: According to Eq.(Al), compute Vf(a:)
11: return Vf(z);
12: end function
13: function OPTIMIZATION(f(x), Vf(x), g(x), h(zx), o)
14: Starting from xg, use one constrained optimization algorithm to optimize x;
15: return x*.
16: end function

21
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Algorithm 1 The Prediction-Gradient-Optimization

Input: Training set of (x, f(x)) generated by black-box system; Times of training 7; Inequality

constraint g(a); Equality constraint A(z); Initial point zq

Output: =~

1:

10:
11:
12:
13:
14:
15:
16:

Initialize W and b randomly;
while the times in 7 do

According to the optimization of the loss function based on (z, f(x)), update W and b;
end while

function PrEDICTION(W, b, )

According to the forward-propagation process, predict f (x);
return f(z);
end function

function GRADIENT(W, b, x)

According to Eq.(Al), compute Vf(m);

return Vf(x); Gradient Projection]
end function

function OPTIMIZATION( f(x), V f(x), g(x), h(x), =

Starting from xg, use one constrained optimization algorithm to optimize x;
return x*.

end function
22
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Simulating Results
* Two cases

Table 1: A brief summary of two cases.

Case Model Method Objective Function Decision Variable
LP Pﬂ*yalf E} c
Case 1 E-N Model )
PGO Payan c
Heuristic Pay.n c
C J Extended ~
ase 2 E—N h’iOdel PGO Pa'yﬂ.ﬂ &
PGO Savey c
Order:
i T 11) —~ (lz) g Payqau
Heuristic: c; = (m = Pay,;, = ¢1 +Ac = SR Payg,,=>c* = {Saveau
—_— A — A T H Pa
PGO: C,=>f(cp)=c1=f(c])>c = {S Yall
aveé,u

25
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Simulating Results: Casel(E-N Model)

max 171
~ l,é
max  Payau(c) st. é+c—s+TT1>1
st. 1Tée<r 0<I<l
c >0, 1Tée < 7
é>0

Table 2: Results of LINPROG and PGO in Case 1.

PGO
n LINPROG
lay=2 lay=3 lay=4 lay=>5
3.979 4.059 4.136 4.046
n =10 4.146
95.98% 97.89% 99.76% 97.58%
27.932 28. 27. 28.751
= 100 98,859 7.93 8.787 7.785 8.75
96.79% 99.75% 96.281% 99.63%
311.030 311.852 311.553 311.936
n = 1000 312.853 >
99.42% 99.68% 99.58% 99.71%

26
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Simulating Results: Case2(Extended E-N Model)
e Case2.1 Known Budget

max  Payau(épr) = 115, (épr)

Heuristic ¢pl
(Objective Function: Payg;) st. 1Tép <7
cpr > 0,
PGO mgx Pagan(c)
(Objective Function: Payq) st. 1Tée<r
é>0.
max Savey (€
PGO é (©)
(Objective Function: Savey) st. 1le<r

27
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Simulating Results: Case2.1 Known Budget

Budget = min{budget, Ty ax}

Table 3: Results of the Heuristic and the PGO in Case 2 with the known budget.

Different Approach Result n =10 n = 100 n = 1000
Pay, A 59. 22.31
Initial State AYall 0.487 55.308 522.313
Budget 0.076 3.080 54.237
- Payq 5.600 59.765 290.471
euristic
(Objective Function: Payy) Saveg 0.644 16.930 261.939
Ratio 8.472 5.497 4.830
Pay,y 5.600 59.477 290.471
PGO - .
(Objective Function: Payazz) Savea;; 0.719 15.876 303.902
Ratio 9.458 5.155 5.603
Pay.y 5.600 59.420 090.471
PGO : -
(Objective Function: Savegy) Saveql 0.719 16.525 307.152
Ratio 9.458 5.365 5.663

28
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Simulating Results: Case2.2 Unknown Budget

B udg €lmax = Tmax

Table 4: Results of the Heuristic and the PGO in Case 2 with the unknown budget.

n =10 n = 100 n = 1000

Sample PGO Ratio Sample PGO Ratio Sample PGO Ratio

0.17Tmax 0.851 0.875  9.608 3.237 3.303  3.619 31.801 32.095  3.553
0.2Trax 1.278 1.278  7.021 9.944 10.018  5.489 63.603 63.931  3.539
0.3Tmax 1.369 1.369  5.014 13.872 14172  5.176  100.962 100.227  3.698
0.4Tmaz 1.460 1.460  4.010 17.646  19.079 5.227  210.075 212494 5.881
0.5Tmaz 1.551 1.551  3.408 21.202  20.895 4.579  257.300 257.760  5.707
0.6Taz 1.642 1.642  3.007 23.700  23.354 4.265  280.043 281.901  5.201
0.7Trmaz 1.733 1.733  2.720 26.024  25.808 4.040  299.973 300.155  4.747
0.8Tmax 1.824 1.824  2.505 28.107  27.931 3.826  313.486 313.895 4.344
0.9 4z 1.915 1.915 2.338 30.0564  29.535 3.596  326.595 327.472  4.028
Tinaz 2.006 2.006 2.204 31.145  30.940 3.390  340.400 340.812 3.773

29
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Simulating Results: Case2.2 Unknown Budget

The Highest Ratio

Save,,

Ratio =
T

14

—@—n=10 - 8 -n=100 A n=1000

Ratio

0 20 40 60 80 100
Percentage of Using Funds to Total Budget(%)
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Simulating Results: Case2.3 More Constraints

* Budget = 0.1T %
& ¢ :a parameter(=1.5)

* The number of bailout funds for each bank < 2 Tmax g the number of banks bailed out

Table 5: Results of the random generation and the PGO in Case 2 with 0.17,,,, budget and more
constraints.

n =10 n = 100 n = 1000
Sample PGO Sample PGO Sample PGO
Savey 0.260 0.327 5.037 6.209 31.793 32.094
Time(s) 0.66 0.87 3.18 3.27 457.97 283.22
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E-N model + Multiple asset  Banking System

Fire Sale
shock — T 7T —f\ ———————— — — — — — > i i
ocC Liability Systemic Risk
Neural | . A
max | f(x) Network max  f(z) Vi(z) Optimal Systemic
(P) st g(®)<0 ! > (B) st g(@) <0 Risk Bailout
h(z) =0 Back- h(x) = 0,

Propagation
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Discussion

* Generalization

* NP-hard & Combinatorial Optimization

E-N +Default E-N + Market E-N +Multiple
Model E-N model costs value/Cross hold | illiquid assets
Source of | Eisenberg & Rogers & Feinstein (2017)
Model Noe (2001) Veraart (2013) | 777 Ma et.al(2021)
: Nor.]_. : Objective
Linear deterministic : i
Property . T function with no
Programming | Polynomial hard closed form
(NP hard)
LBt Demange and
Pokutta Pernou'd [AORE Gabrielle(2018): Ma et.al('20.21):
Research A simple . A heuristic
et.al(2011) . A threat index .
algorithm (by index) algorithm
(by order) Y
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Thanks for your listening!
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